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ABSTRACT 

George Henry Allen: The global abundance and morphology of rivers and streams 

(Under the direction of Tamlin Muir Pavelsky) 

 

The abundance and morphology of rivers control the rates of hydraulic and 

biogeochemical exchange between rivers, groundwater and the atmosphere. However, current 

knowledge of the abundance and morphology of Earth’s rivers and streams is based on a series 

of highly unconstrained hydrologic, geomorphic, climatic, and fractal river network scaling 

extrapolations. These extrapolations are the source of significant uncertainty in many large-scale 

hydrologic, geomorphic, and biogeochemical applications. In this dissertation, I characterize the 

global abundance and morphology of rivers and streams using fieldwork and global-scale 

satellite remote sensing observations. In Chapter 1, I use field surveys to characterize the 

distribution of stream widths in thirteen small headwater stream networks across North American 

and New Zealand. I show a strikingly consistent lognormal statistical distribution of stream 

width in all surveys, including a characteristic most abundant stream width of 32±7 cm 

independent of physiographic or hydrologic conditions. I propose a framework showing that, as 

stream networks expand and contract within the geomorphic channel network in response to 

changes in streamflow, the most abundant stream width remains approximately static. In Chapter 

2, I present the Landsat-derived North American River Width (NARWidth) dataset, the first fine-

resolution, continental-scale river centerline and width database. NARWidth contains 

measurements of >240,000 km of rivers wider than 30 m at mean annual discharge. I find that 

conventional digital elevation model-derived river width datasets underestimate the abundance of 
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wide rivers. In Chapter 3, I present the Global River Widths from Landsat (GRWL) Database, 

the first global survey of river planform geometry at mean discharge. GRWL contains 

measurements of river geometry of >2.1 x 10
6
 km of rivers. GRWL is being used by other 

researchers to improve the representation of river water resources, hazards, and hydrological 

processes at large scale. I use GRWL, and the results presented in Chapter 1, to estimate the 

global distribution of rivers and streams. Using geographic information science and a novel 

statistical method, I constrain the total surface area of all rivers and streams to 745,000 km
2
, or 

0.55% of Earth’s unglaciated land surface.  
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CHAPTER 1: SIMILARITY OF STREAM WIDTH DISTRIBUTIONS  

ACROSS HEADWATER SYSTEMS
1
 

 INTRODUCTION 1.1

Headwater streams (stream order 1-3) (Strahler, 1957; Vannote et al., 1980) comprise an 

estimated 89% of the global fluvial network length (Downing et al., 2012; Raymond et al., 2013) 

and are the source of water, sediment, nutrients and organic matter for downstream systems 

(Gomi et al., 2002). They exhibit highly variable physical, chemical and biotic attributes; as a 

result, they contribute to significant biodiversity within watersheds (Meyer et al., 2007). They 

are also more hydraulically coupled to hillslope and groundwater processes compared to larger 

streams and thus are hotspots for biogeochemical activity (Bencala et al., 2011; Butman et al., 

2016; Gomi et al., 2002; Hotchkiss et al., 2015; Raymond et al., 2013). High rates of hyporheic 

exchange expose transported solutes to unique biogeochemical environments, with subsequent 

impacts on whole stream metabolism (Findlay, 1995), nutrient cycling (Triska et al., 1989) and 

contaminant uptake and export (Fuller and Harvey, 2000). Small streams are also a significant 

source of greenhouse gas to the atmosphere. In fact, over half of the greenhouse gas emitted from 

the fluvial network originates from small headwater streams (Butman et al., 2016; Raymond et 

al., 2013). This biogeochemical activity is, in part, a function of stream surface water geometry.  

Stream width, defined as the wetted width of flowing water within a channel, reflects 

natural heterogeneities along a stream such as channel margins, eddies behind large woody 

                                                      
1
 This chapter is in review as a research letter in the journal Nature. Some of the supplementary figures and text 

have been integrated into the main text and the formatting has been changed. The publication citation is as follows: 

Allen, G.H., Pavelsky, T.M., Barefoot, E.A., Lamb, M.P., Butman, D., Tashie, A., Gleason, C.J., (in review), 

Similarity of stream width distributions across headwater systems. Nature.  
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debris and hyporheic exchange flow paths (Bencala et al., 2011; Harvey and Bencala, 1993; 

Kasahara and Wondzell, 2003). These heterogeneities are important because they serve as micro-

environmental patches that impact temporary solute storage, material erosion and deposition, 

biological and ecosystem processes and ultimately large-scale biodiversity (Allen et al., 2013; 

Vannote et al., 1980; Wondzell, 2011). Where it has been studied, planform stream 

hydromorphology is often quantified by measuring width at uniformly-spaced intervals along 

stream centerlines (Allen et al., 2013; Allen and Pavelsky, 2015; Gleason and Smith, 2014; 

Hankin and Reeves, 1988; Kiel and Cardenas, 2014). Stream width data are used in a broad array 

of applications including studies of hyporheic flow (Kasahara and Wondzell, 2003; Kiel and 

Cardenas, 2014), open-channel hydraulics (Gleason and Smith, 2014), material transport and 

erosion (Allen et al., 2013), lotic habitat (Hankin and Reeves, 1988) and stream-atmosphere gas 

exchange rates (Butman et al., 2016; Hotchkiss et al., 2015; Raymond et al., 2013). Stream width 

is also a core variable in the River Continuum Concept, an important conceptual framework that 

relates lotic ecosystems to stream size (Vannote et al., 1980).  

Despite their wide-ranging importance, there has been no published characterization of 

the distribution of stream widths within an entire headwater catchment. Instead, static, 

topographically-derived flowlines are typically used to represent stream networks and infer their 

geometry (Butman et al., 2016; Kiel and Cardenas, 2014; Raymond et al., 2013). However, 

active drainage networks (ADNs) typically expand and contract with changing streamflow 

conditions, causing temporal fluctuations in catchment drainage density and stream surface area 

(Godsey and Kirchner, 2014). Temporal change in drainage density has been studied (Godsey 

and Kirchner, 2014; Gregory and Walling, 1968), but the simultaneous spatial dynamics of 

headwater stream widths remains undocumented. Instead, studies requiring stream geometry in 
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headwater catchments usually estimate stream width distributions using hydraulic scaling 

principles developed for larger river systems (Allen and Pavelsky, 2015; Butman et al., 2016; 

Raymond et al., 2013). These scaling principles produce a Pareto (or power-law) distribution of 

stream width that may be inappropriate for smaller stream networks (Anderson et al., 2004; 

Gomi et al., 2002).  

 METHODS  1.2

1.2.1 Field Methods  

To characterize stream width distributions in a range of headwater systems, we conducted 

the most comprehensive field survey to date of stream hydromorphology (wetted width and 

length) within seven headwater catchments (Figure 1.1). The study catchments spanned a wide 

range of sizes, environments, geomorphologies and streamflow conditions (see Figure 1.2 for 

field photos and Appendix Table A1.1 for site-specific attributes). In each of the seven 

physiographically contrasting study catchments, we paced along all streams within the stream 

network and measured wetted stream width every 5 m (after Schiller et al., 2011). Additionally, 

in a 48 hectare subcatchment of Stony Creek Research Watershed in North Carolina, we 

repeatedly surveyed stream width over a range of hydrologic conditions (Appendix Table A1.2). 

For the repeat surveys in the Stony Creek subcatchment, we flagged streams every 5 m and 

surveyed wetted stream widths at each flag over a range of hydrologic conditions. For the repeat 

surveys in Stony Creek subcatchment, we only analyzed surveys that were collected while 

streamflow was below the 90
th

 percentile of the streamflow record in order to remove the 

potential influence of overbank flooding.  
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 a, K1B tributary, North Branch of Kings Creek, 

KS; b, Sagehen Creek subcatchment, CA; c, 

Upper Elder Creek, CA; d, C1 tributary of 

Caribou Creek, AK; e, V40 Stream 

subcatchment, NZ; f, Blue Duck Creek 

subcatchment, NZ; g, Stony Creek Research 

Watershed, NC. h, Stony Creek subcatchment 

repeat surveys with the basin-averaged runoff 

values in bold. Lengths of north arrows represent 

200 m. 

 

Figure 1.1 - Stream width maps in study 

catchments 
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We defined a stream as flowing water within a channel (after Shaw, 2016), including 

transient channels formed in leaf litter and other debris. We measured wetted stream width with a 

standard tape measure or, where a tape measure was not practical, with a laser range finder. In 

multichannel streams, we added the stream widths from all channels together or we visually 

approximated the percentage of the total width that was dry. We quantified measurement error 

by repeatedly surveying stream width along a 175 m long stream segment located at the 

lowermost segment of the Stony Creek Subcatchment. We surveyed the segment five times 

within 1.5 hours and then compared the width measurements to calculate standard error of 3 cm.  

In each catchment, we collected between 160 and 1,797 (mean N=672) stream width 

measurements. We mapped ADNs with a continuous tracking GPS device, or where necessary, 

by hand on a topographic map or on optical remotely sensed imagery. We removed 36 survey 

points (2.5%) from our analysis of Sagehen Creek where snow completely or partially obscured 

the stream surface We approximated relative hydrological conditions in each physiographically 

contrasting study catchment by calculating the streamflow percentile and catchment-averaged 

runoff during the day(s) we surveyed streams relative to the entire gage record (Appendix Table 

A1.1). Stream gages were often located nearby or downstream from the study catchments and 

thus the runoff and discharge percentiles presented in Appendix Table A1.1 indicate a general 

characterization of catchment wetness.  
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Figure 1.2 - Photographs of study catchments and streams 

a-h We surveyed supply- and transport-limited bedrock streams, streams with alluvial substrates 

(clay, sand, glacial till), and streams impacted by vegetation and woody debris. Study sites also 

included perennial spring-fed streams, intermittent or ephemeral streams, and streams flowing 

over permafrost. 
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1.2.2 Statistical Methods 

We described the statistical distribution of stream widths within each study basin by 

fitting lognormal, gamma, Weibull, and Pareto distributions to the stream width data using 

maximum likelihood estimation. We quantified model goodness of fit using the Pearson’s chi-

square goodness of fit test (Venables and Ripley, 2002) and the nonparametric two sided one 

sample Kolmogorov–Smirnov goodness of fit test (Venables and Ripley, 2002) (Appendix 

Figure A1.1, Appendix Table A1.3).  Using a Gaussian density kernel with a bandwidth of 10 

cm, we calculated the mode stream width in each basin. Kernel bandwidth was determined using 

the Normal Reference Distribution optimal bandwidth selection technique (Venables and Ripley, 

2002). We correlated the mode width to physical conditions between physiographically 

contrasting catchments using the coefficient of determination (R
2
) and p-value with significance 

level, α=0.05. We calculated total stream surface area by summing the product of each stream 

width and length measurement within a catchment.  

1.2.3 Stream Width Model 

To understand the origin of the observed distributions of stream widths, we model stream 

width in each catchment using relationships between stream channel shape, hydraulic resistance, 

drainage area and discharge. While this model shares some conceptual similarities to preceding 

studies (Dingman, 2007; Ferguson, 1986; Neal et al., 2015; Parker et al., 2007), it is, to our 

knowledge, a novel synthesis of downstream hydraulic geometry, at-a-station hydraulic 

geometry, and natural variability in stream channel cross sectional geometry. Our model begins 

with the analytical relationship for at-a-station hydraulic geometry presented in by Dingman 

(2007). The cross sectional shape of stream channels has been modeled as a variety of 

geometries including triangular, parabolic, trapezoidal, and rectangular (Chow, 1959). Here we 
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simulate these channel shapes by varying a single shape parameter, 𝑠, such that for any wetted 

depth less than bankfull depth, 

 ℎ = ℎ𝑏𝑓 (
𝑤

𝑤𝑏𝑓
)

𝑠

, (1.1) 

where ℎ𝑏𝑓 is bankfull depth, 𝑤 is wetted stream width, and 𝑤𝑏𝑓 is bankfull channel width 

(Figure 1.3a; Dingman, 2007; Neal et al., 2015). Setting 𝑠 = 1 yields a triangular cross section, 

and increasing its value beyond 1 yields an increasingly concave (or flat-bottomed) parabolic 

channel shape (Figure 1.3b).  

 

 

Figure 1.3 - Stream width model schematic 

a, Schematic channel cross section; b, schematic relationship between the shape parameter, 𝑠, 

and channel cross sectional shape (modified from Neal et al., 2015).  
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Within a channel, the law of conservation of mass relates stream discharge to channel 

shape,  

 𝑄 = 𝑢𝐴𝑠, (1.2) 

where 𝑢 is mean streamflow velocity and 𝐴𝑠 is the cross sectional area of the stream and is 

calculated as, 

 𝐴𝑠 =  ℎ𝑤(1 −
1

𝑠+1
). (1.3) 

Flow velocity is modeled using a form of the Manning-Strickler relation for flow resistance 

(Parker, 1991),  

 𝑢 = 8.1(𝑔ℎ𝑆)
1

2 (
ℎ

𝑘
)

1

6
, (1.4) 

where 𝑔 is gravitational acceleration, 𝑆 is channel bed slope, and 𝑘 is a roughness length scale 

equivalent to, 

 𝑘 = (8.1𝑔
1

2𝑛)
6

, (1.5) 

where 𝑛 is the Gauckler–Manning friction coefficient (Manning, 1891). Combining Equations 

(1.1-1.4) yields a relationship, similar to a generalized relationship presented in Dingman (2007), 

between stream width and other hydraulic and geomorphic parameters:  

 𝑤 = 𝑄
3

5𝑠+3 𝑤𝑏𝑓

𝑠−1

𝑠+3 5⁄ (8.1(𝑔𝑆)
1

2𝑘−
1

6  (
𝑤𝑏𝑓

ℎ𝑏𝑓
)

−
3

5
(1 −

1

𝑠+1
))

−
3

5𝑠+3

. (1.6) 

Bankfull stream width scales with upstream drainage area (𝐴) as a power law,  

 𝑤𝑏𝑓 = 𝛼𝐴𝛽, (1.7) 

where α and β are empirical constants (Golden and Springer, 2006; Trampush et al., 2014; 

Wilkerson et al., 2014; Williams, 1978). We calculate the values of α and β to be 0.008 and 0.42, 

respectively, using least squares regression on a global compilation of 307 paired log-
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transformed 𝑤𝑏𝑓 and 𝐴 measurements (R
2
 = 0.68, p < 0.001; Trampush et al., 2014), values 

similar to previous work (Golden and Springer, 2006; Wilkerson et al., 2014; Williams, 1978). 

Note that using the empirical 𝛽 value of 0.42, rather than the dimensionally consistent 𝛽 value of 

0.5, propagates a minor imbalance in the dimensions of Equation (1.6). We use the same global 

database from Trampush et al. (2014) to find that the median bankfull width to depth ratio 

ℎ𝑏𝑓 𝑤𝑏𝑓⁄  is 14 in Equation (1.5), for streams with upstream drainage areas within the range we 

surveyed in this study. Previous studies have reported ℎ𝑏𝑓 𝑤𝑏𝑓⁄  ratios varying from 1.5 to 35 

(Petersen, 1992; Wohl and Merritt, 2008; Wohl and Wilcox, 2005; Zimmerman et al., 1967), and 

the value we use falls within this range.  

At each stream width observation site, 𝑖, we calculate stream width by combining 

Equations (1.6) and (1.7),  

 𝑤𝑖 = 𝑄𝑖

3

5𝑠𝑖+3 (𝛼𝐴𝑖
𝛽)

𝑠𝑖−1

𝑠𝑖+3 5⁄  (8.1(𝑔𝑆𝑖)
1

2𝐷−
1

6  (
𝑤𝑏𝑓

ℎ𝑏𝑓
)

−
5

3
(1 −

1

𝑠𝑖+1
))

−
3

5𝑠𝑖+3

. (1.8) 

We compute 𝐴𝑖 and 𝑆𝑖 from DEMs listed in Appendix Table A1.1 (O'Callaghan and Mark, 

1984). Slope is calculated over the length scale of the resolution of the DEM used. To estimate 

𝑄𝑖 at each survey location, we use conservation of mass within a drainage basin,  

 𝑄𝑖 = 𝑄𝑔
𝐴𝑖

𝑐

𝐴𝑔
𝑐,  (1.9) 

where 𝑄𝑔 and 𝐴𝑔 are the discharge and drainage area at the stream gage (Appendix Table A1.1) 

and set 𝑐 = 1 (Hack, 1957). We set the Gauckler–Manning friction coefficient, 𝑛 = 0.04, as 

commonly assumed for mountain streams with gravel/cobble beds (Allen et al., 2013; Chow, 

1959). To represent natural diversity in stream channel shape, we randomly vary the value of 𝑠𝑖 

in Equation (1.8) between 1 and 10, and thus capture channel geometries ranging from a triangle 

to a function approaching a rectangle (Figure 1.3b). In a separate analysis, we drew values of 𝑠𝑖 
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from a normal distribution (μ = 5, σ = 2), rather than a uniform distribution, which yielded 

similar results.  

Classic hydraulic geometry relationships are reflected in the exponents of Equation (1.8). 

The first factor in Equation (1.8), 𝑄𝑖, represents the at-a-station hydraulic geometry (Leopold and 

Maddock, 1953) component of the model, the second, 𝑎𝐴𝑖
𝛽

, represents the downstream changes 

in channel width, rather than wetted stream width, and the remaining factors encapsulate the 

influences of flow resistance and channel geometry. If 𝑠 = 2, then  𝑤𝑖 ∝ 𝑄𝑖

3

13 =  𝑄𝑖
0.23

, which is 

similar to typical power-law relations for at-a-station hydraulic geometry (Leopold and 

Maddock, 1953). Similarly, for downstream hydraulic geometry, if 𝑠 = 2, then 𝑤 ∝

𝑄𝑖
0.23𝐴𝑖

𝛽5/13
, and if 𝐴𝑖 ∝  𝑄𝑖 and 𝛽 = 0.42, then 𝑤𝑖 ∝ 𝑄𝑖

0.39
.  

 RESULTS 1.3

1.3.1 Field Results 

The stream widths of all surveys are well characterized by lognormal distributions and 

exhibit a mode of 32±7 cm (all confidence intervals 1σ, Figure 1.4). The mode width, determined 

using a Gaussian density kernel, is strikingly similar across all basins and does not significantly 

correlate with hydrologic conditions (R
2
=0.15, p=0.39), basin relief (R

2
=0.23, p=0.28), 

catchment area (R
2
=0.04, p=0.69), or drainage density (R

2
=0.19, p=0.33). Gamma and Weibull 

distributions also effectively describe the spread of stream width data (Appendix Figure A1.1, 

Appendix Table A1.3). The median first-order stream width is 32±8 cm. No instances of 

overbank flooding were observed during the surveys but disconnections in the ADN were 

common, particularly in first-order streams.  
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Figure 1.4 - Headwater stream width distributions. 

a-h, Stream width histograms with lognormal fits for each survey. Length values indicate the 

mode stream width in each catchment. i, Composite probability density functions of lognormal 

fits with mean fit in black. µ and σ are the lognormal location and scale parameters in Equation 

(1.10). N: measurement frequency; w: stream width. 

1.3.2 Stream Width Model Results  

Caribou and V40 catchments were excluded from the analysis because their available 

digital elevation models (DEMs) were of insufficient quality to produce accurate stream 

networks at the scales observed. The model produces stream widths that are spatially realistic 

(Figure 1.5a) and are distributed similarly to the observations (Figure 1.5c-f). The model, which 

closely matches observations in four of the five catchments examined, indicates that stream 

widths are primarily set by discharge and random variability in the channel geometry, from V- to 

U-shaped, represented by 𝑠 in Figure 1.3b. The differences between the model outputs and the 

observations likely stem from simplifying assumptions regarding runoff yield, bankfull channel 

widths, hyporheic zone transmissivity (Godsey and Kirchner, 2014) and hydraulic resistance 

(Parker, 1991), none of which were measured in the field.  
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Figure 1.5 - Origin of the lognormal stream width distribution 

a, map of modeled stream widths in example study catchment. Length of north arrow is 200 m. 

b-f, the distribution of modeled stream widths compared to field observations. N: measurement 

frequency.  

 DISCUSSION  1.4

The insensitivity of stream width distributions to changes in catchment runoff stems from 

the counteracting processes of stream widening and ADN expansion (see Section 1.4.1). With 

increasing discharge, streams will simultaneously widen in place and extend upstream such that 

individual stream segments will increase in stream order as tributary channels are reactivated
 

(Godsey and Kirchner, 2014). As a result, the proportional abundance of narrow streams remains 

roughly constant (Figure 1.6). Thus, if the cumulative length (𝐿) of an ADN is known, the total 

stream surface area (𝑆𝐴) may be approximated using the mean lognormal fit in Figure 1.4i,  
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 𝑆𝐴 =  ∑
𝐿

𝑁
𝑒𝜇+𝜎𝑋, (1.10) 

where 𝑁 is the number of observations, 𝑋 is a standard normal variable of length 𝑁, 𝜇 
= ln(32 

cm) and 𝜎 = ln(2.3 cm). We anticipate that this model may break down with the initiation of 

overbank flooding or when the channel network is completely occupied by the ADN.  

 

 

Figure 1.6 - Conceptual model of relationship between changing streamflow conditions 

(Q1<Q2<Q3) and the stream width distributions 

As discharge increases: a, wetted width increases at a representative channel cross section; b, the 

ADN extends into narrower lower-order channels, increasing the total length of narrow streams 

(dotted lines represent channels without flow); and c, the phenomena described by panels a and b 

manifest in the similar width distributions independent of streamflow conditions.  

1.4.1 Theoretical Derivation of Observed Stream Width Similarities 

The Horton-Strahler ordering system (Strahler, 1957) is commonly used to organize 

stream network structure. In context of the ADN, stream segments that originate at flowheads are 

assigned a stream order, 𝜔 = 1 and where two segments of the same order join, the resulting 

segment is of order 𝜔 = 𝜔 + 1. If two stream segments of a different order join, the higher order 

segment continues through the junction and the lower-order segment terminates at the junction. 
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Horton’s law of stream numbers states that with increasing stream order, the number of stream 

segments of that order, 𝑁𝜔, decreases geometrically,  

 
𝑁𝜔

𝑁𝜔+1
=  𝑅𝐵 or 𝑁𝜔 =  𝑅𝐵

𝛺−𝜔, (1.11) 

where 𝛺 is the highest stream order of the stream network and 𝑅𝐵 is the bifurcation ratio, 

typically equal to 4, but can vary between 3 and 5 (Horton, 1945; Kirchner, 1993; Strahler, 

1957). Assuming that streams occupy the entire length of their channel, Horton’s law of stream 

lengths states that the mean length of a stream segment varies by order such that,  

 
�̅�𝜔

�̅�𝜔−1
=  𝑅𝐿 or �̅�𝜔 =  �̅�1𝑅𝐿

𝜔−1
, (1.12) 

where �̅�1 is the mean length of a first-order stream segment and 𝑅𝐿 is the length ratio that can 

range from 1.5 to 3, with a typical value of 2 (Horton, 1945; Kirchner, 1993; Strahler, 1957). The 

product of Equation (1.11) and (1.12) shows that the total length of all streams of order 𝜔 

geometrically decreases with stream order, 

 𝐿𝜔 =  𝑁𝜔�̅�𝜔 =  �̅�1𝑅𝐵
𝛺−𝜔

𝑅𝐿
𝜔−1.  (1.13) 

Setting 𝑅𝐵 = 4 and 𝑅𝐿 = 2, Equation (1.13) becomes,  

 𝐿𝜔 = �̅�122𝛺−𝜔−1,  (1.14) 

which can be written in terms of base 𝑒, 

 𝐿𝜔 = �̅�1(𝑒2𝛺−𝜔−1)
ln(2)

ln(𝑒), (1.15) 

or 

 𝐿𝜔 = 𝐾𝐿𝑒− ln(2)𝜔, (1.16) 

where  

 𝐾𝐿 = �̅�1𝑒ln(2)(2𝛺−1).  (1.17) 



16 

 

Equation (1.16) indicates that total stream length of order 𝜔 decreases geometrically with stream 

order at rate of -ln(2), or -0.69 and thus first-order streams occupy the most length within the 

stream network. However, due in part to stream disconnections, first-order streams typically 

occupy only a portion of their channel lengths and thus have decreased abundance relative the 

rest of the stream network length. Regardless, together, first- and second-order streams comprise 

the greatest length of stream networks. 

The law of stream areas states that the mean drainage area of a stream segment of order 

𝜔, increases geometrically with stream order,  

 
�̅�𝜔

�̅�𝜔−1
=  𝑅𝐴 or �̅�𝜔 =  �̅�1𝑅𝐴

𝜔−1
, (1.18) 

where �̅�1 is the mean area contributing to a first-order stream segment and 𝑅𝐴 is the area ratio, 

which generally ranges between 3 and 6 (Kirchner, 1993; Schumm, 1956). Stream discharge and 

drainage area scale according to,  

 𝑄 = 𝐾𝑟𝐴𝑐, (1.19) 

where 𝐾𝑟is a basin-averaged runoff coefficient and c = 1 (Hack, 1957). Combining Equation 

(1.18) and (1.19) shows that the mean stream discharge of a segment (�̅�𝜔) increases 

geometrically with stream order,  

 �̅�𝜔 = 𝐾𝑟�̅�𝜔
𝑐
. (1.20) 

Stream width scales spatially with discharge in the framework of downstream hydraulic 

geometry, 

 𝑤 = 𝑎𝑄𝑏, (1.21) 

where 𝑎 and 𝑏 are empirical constants and 𝑏 is typically equal to 0.5 (Leopold and Maddock, 

1953). Combining Equation (1.18-1.21) yields a relationship between mean stream width within 

a segment of order 𝜔, (�̅�𝜔) and stream order,  
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 �̅�𝜔 = 𝑎 (𝐾𝑟 (�̅�1𝑅𝐴
𝜔−1

)
𝑐

)
𝑏

. (1.22) 

Setting 𝑅𝐴 = 4, Equation (1.22) becomes,  

 �̅�𝜔 = 𝑎𝐾𝑟
𝑏�̅�1

𝑏𝑐
22𝑏𝑐(𝜔−1) (1.23) 

which when written in terms of base 𝑒 becomes,  

 �̅�𝜔 = 𝑎𝐾𝑟
𝑏�̅�1

𝑏𝑐
(𝑒2𝑏𝑐(𝜔−1))

ln(2)

ln(𝑒), (1.24) 

or 

 �̅�𝜔 = 𝐾𝑤 𝑒2 bc ln(2)𝜔, (1.25) 

where 

 𝐾𝑤 = 𝑎𝐾𝑟
𝑏�̅�1

𝑏𝑐
𝑒−2ln (2)𝑏𝑐. (1.26) 

Setting 𝑏 = 0.5 and c = 1, Equation (1.25) indicates that the average stream width of order 𝜔 

increases geometrically with stream order at rate of ln(2) or 0.69, the opposite rate that stream 

length scales with stream order.  

Solving for 𝜔 in Equation (1.16) and (1.25) and setting each equation equal to each other 

yields the relationship between stream width and length by order, 

 𝐿𝜔 =
𝐾𝐿𝐾𝜔

�̅�𝜔
. (1.27) 

This equation implies that stream width is inversely proportional to stream length with respect to 

stream order, and thus the total stream surface area of each stream order is approximately equal. 

Equation (1.27) also implies that the stream width is Pareto distributed with a shape parameter, α 

= 1, or in other terms, a power-law relationship with an exponent of -1. This theoretical α-value 

observed from the 13 surveyed streams is α = 1.17±0.29 (Appendix Table A1.3).  

As a relatively dry stream network (𝑡=1) expands into previously dry channels (𝑡=2) due 

to increasing catchment runoff, first-order streams become second-order, second-order streams 
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become third-order and the highest stream order of the network, 𝛺, increases by 1 (Godsey and 

Kirchner, 2014). As the stream network expands, the total length of first-order streams 

(𝐿1) increases,  

 𝐿1,𝑡=2 = �̅�1,𝑡=1 (
𝑅𝐵

𝑅𝐿
),  (1.28) 

and the mean drainage area of first-order streams decreases,  

 �̅�1,𝑡=2 = �̅�1,𝑡=1/𝑅𝐴  (1.29) 

(Figure 1.6). Equation (1.29) would suggest that with increasing discharge the mode of stream 

width should decrease, but we observed that the mode width was roughly static, independent of 

runoff conditions. Thus, for stream networks to maintain the observed fixed distribution of 

stream widths during changes in discharge, the decrease in first-order drainage area must be 

balanced by a corresponding increase in runoff yield,  

 𝐾𝑟,𝑡=2 = 𝐾𝑟,𝑡=1𝑅𝐴. (1.30) 

This theoretical framework suggests that increasing catchment runoff causes the total length of 

each ADN stream order to geometrically increase while simultaneously, the mean stream width 

of each order remains constant. Thus, the total length of first- and second-order streams, which 

are the primary source of stream widths remain proportional to each other and their absolute 

average widths remain equal. This equilibrium results in the static width distribution observed in 

Figure 1.4h. We expect the natural variability in values of 𝑅𝐵, 𝑅𝐿, 𝑅𝐴, 𝑏, and 𝑐 can cause 

deviations from a perfect equilibrium real-world stream systems.  

1.4.2 Implications for Carbon Efflux Estimates 

These results hold significant implications for understanding hydrological, ecological and 

biogeochemical processes occurring in headwater streams. For example, previous evaluations 

(Butman et al., 2016; Raymond et al., 2013) of greenhouse gas emissions from rivers and 
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streams estimated stream surface area using Pareto scaling laws on static USGS and international 

DEM-derived flowlines, which significantly underestimate the abundance of headwater streams 

(Benstead and Leigh, 2012). These studies assume that median first-order stream width ranges 

from 160±110 cm to 315 cm (Butman et al., 2016; Downing et al., 2012; Raymond et al., 2013), 

an order of magnitude greater than observed in this study.  

To evaluate the impact of these differences, we compare our observations against an 

existing flowline datasets currently used in biogeochemical studies to calculate surface emissions 

of CO2 (Butman et al., 2016; Raymond et al., 2013) (see Carbon efflux estimates Appendix 

Section A1.1). We find that the dynamic expansion and contraction of ADNs causes significant 

temporal variability in greenhouse gas emissions in headwater stream networks. In the repeat 

stream width surveys, estimated CO2 efflux quadruples in response to a doubling in runoff 

(Appendix Table A1.4). Among the physiographically contrasting catchments, we find that CO2 

efflux calculations based of the USGS flowline datasets differ from our observation-based 

estimates by as much as 100% (RMSE=17.7 Mg-C/Yr). Using Equation (1.10) to estimate water 

surface area yields CO2 efflux values that are more similar to observation-based estimates than 

the USGS flowline based estimates (RMSE=4.17 Mg-C/Yr). The differences between CO2 efflux 

estimates arise from the dissimilarity of stream network length and width distributions between 

our observations, Equation (1.10), and the USGS flowline datasets.  

 CONCLUSIONS 1.5

Our observations suggest that stream widths in headwater networks are lognormally 

distributed, rather than Pareto distributed and that the most common stream width is substantially 

narrower than previously assumed. This lognormal distribution can be used to more accurately 

estimate stream surface area in small headwater catchments if the total length of the stream 
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network is estimated, with implications for stream-atmosphere gas exchange estimates. We find 

that the dynamic nature of ADNs causes significant variability in greenhouse gas emissions in 

headwater stream networks. Significant work remains to understand how stream width and 

network length is controlled by groundwater interactions. Our limited dataset of thirteen surveys 

likely does not describe the full range of width distributions in headwater stream networks, 

especially in arid and humid tropical environments. This study’s observation of a characteristic 

modal stream width suggests the existence of a most abundant depth and velocity within ADNs, 

a new hydrologic framework that may yield greater knowledge of stream generation processes 

and habitat distributions in headwater stream systems.   
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CHAPTER 2: PATTERNS OF RIVER WIDTH REVEALED  

BY THE SATELLITE-DERIVED NORTH AMERICAN  

RIVER WIDTH (NARWIDTH) DATASET
2
 

 INTRODUCTION  2.1

Rivers are fundamental to Earth’s hydrological and biogeochemical cycles, they are 

biodiversity hot spots, and they provide vital water supply to human civilization. Despite their 

widespread importance, relatively limited empirical information on river channel form is 

available at continental scales to constrain river system models. These models commonly use 

spatially distributed measurements of river width, centerline location, and/or braiding index to 

estimate discharge (e.g. Gleason and Smith, 2014), flooding extent (e.g. Neal et al., 2012), 

landscape evolution (e.g. Lague, 2014), or biogeochemical processes (e.g. Gomez-Velez and 

Harvey, 2014; Kiel and Cardenas, 2014; Raymond et al., 2013). As models increase in spatial 

resolution, extent, and sophistication, they require high-resolution, large-scale river width 

datasets.  

A key application of these river width datasets is estimation of the surface area of rivers 

at different scales. Globally, rivers are significant emitters of greenhouse gas and are estimated to 

outgas ~1.8 Pg C yr
-1

 of carbon dioxide (Raymond et al., 2013) and ~1.5 Tg CH4 yr
-1

 of methane 

(Bastviken et al., 2011). Among other parameters, the surface area of rivers is a primary control 

on gaseous efflux and is used to estimate global emission rates. Presently, the most sophisticated 

                                                      
2
 This chapter has been published as a research article in the journal Geophysical Research Letters. The formatting 

has been changed to be consistent with the rest of the dissertation. The publication citation is as follows: Allen, 

G.H.,  Pavelsky, T.M., (2015), Patterns of river width and surface area newly revealed by the satellite-derived North 

American River Width (NARWidth) data set. Geophysical Research Letters. 42(2), 395-402. 

doi:10.1002/2014GL062764. 
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evaluations of global river surface area rely on: 1) calculating river width from digital elevation 

models (DEMs) by scaling width to upstream drainage area via downstream hydraulic geometry 

(DHG) relationships (Leopold and Maddock, 1953); 2) extrapolating river width and length from 

large to small river basins using Horton ratios (Horton, 1945); and 3) extrapolating empirical 

relationships between climate and percentage water cover from low- to high-latitude basins 

where high-resolution hydrologically conditioned topographic data does not exist (Raymond et 

al., 2013). Because this method relies on DHG scaling, which cannot account for anthropogenic 

modification of riverways, it may not accurately capture the true river surface area (Wehrli, 

2013). Further, geographical variability in physical conditions including climate, tectonic 

deformation, and sediment supply and characteristics can also lead to a breakdown of DHG and 

climate-percentage water cover scaling (Ferguson, 1986; Park, 1977; Wohl, 2004).  

Recent advances in image-processing algorithms have yielded large-scale, high-

resolution river width surveys containing hundreds of thousands of measurements (e.g. Allen et 

al., 2013; Miller et al., 2014; O'Loughlin et al., 2013; Pavelsky et al., 2014a; Yamazaki et al., 

2014). These compilations fall within a new class of fluvial geomorphology datasets that directly 

quantify river width continually downstream. Such datasets are facilitating new approaches for 

understanding river processes in much the same way that DEMs revolutionized analysis of 

fluvial systems. Here we present the North American River Width (NARWidth) dataset, the first 

continental survey of river width at mean annual discharge for rivers wider than 30 m. We 

analyze the continental-scale frequency distribution of river widths and compare the results to a 

DEM-derived width distribution. We then use the strong statistical relationship between river 

width and total river surface area of all rivers at that width to estimate the total surface area of 

North American rivers at mean annual discharge.  
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 METHODS 2.2

We measured river width at mean discharge from a total of 1,756 Landsat scenes 

covering North America (see Appendix II for in-depth methods). For each Landsat path-row 

combination, we calculated the time of year when the observable rivers were most likely to be at 

mean discharge by analyzing mean monthly discharge records from the Global Runoff Data 

Center (GRDC) (Appendix Figure 2.1; GRDC, 2017). After acquiring cloud- and river ice-free 

imagery from the Global Land Cover Facility (glcf.umd.edu) and the USGS 

(earthexplorer.usgs.gov), we applied the Modified Normalized Difference Water Index formula 

(Xu, 2006) to Landsat reflectance values and created a binary land-water mask using dynamic 

thresholding (Li and Sheng, 2012). We visually inspected and corrected the land-water masks 

and calculated a channel centerline for all river reaches longer than 10 km using RivWidth 

software (Pavelsky and Smith, 2008). RivWidth computes the river width and braiding index at 

each centerline pixel and outputs the data as a georeferenced vector (Appendix Figure A2.2). We 

then flagged measurements of lakes and reservoirs included in the NARWidth dataset using GIS 

methods and existing water body datasets (Appendix Section A2.1.3).  

Landsat-derived river width measurements were validated using 1,049 geographically 

distributed stream flow and river width records from the United States Geological Survey 

(USGS) and the Water Survey of Canada (WSC). We included only gauges with records that: (1) 

span at least 10 complete years of discharge measurement; (2) drain basins larger than 1,000 

km
2
; (3) are located within 1 km of a RivWidth centerline; (4) are not immediately adjacent to 

reservoirs or river confluences, and (5) have river width data available. We used daily discharge 

measurements to calculate the in situ mean annual discharge for each location (Kimbrough et al., 

2003) and then compared the corresponding in situ width to the mean of the five spatially closest 

RivWidth measurements (Appendix Figure A2.3).  
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To assess conventional width datasets built using DHG, we compared NARWidth to a 

DEM-derived river width dataset. The DEM-derived dataset was produced by Pavelsky et al. 

(2014b) to evaluate the spatial distribution of rivers observable by the planned Surface Water and 

Ocean Topography (SWOT) satellite mission. The dataset was created using methods similar to 

those developed by Andreadis et al. (2013), except the HYDRO1k DEM (USGS, 2014; Verdin 

and Verdin, 1999) was used to calculate river width rather than the HydroSHEDS DEM (Lehner 

et al., 2008). This DEM-derived width dataset was built by using drainage area from HYDRO1k 

and mean annual discharge from the GRDC in combination with a global averaged width-

discharge equation (Moody and Troutman, 2002) to estimate mean annual river width along 

HYDRO1k DEM streamlines (see Pavelsky et al. (2014b) for a detailed methodology 

description).  

For both the Landsat- and DEM-derived datasets, we analyzed the distribution of river 

length and surface area binned by river width from 100 to 2000 m, excluding measurements of 

reservoirs, lakes, and Greenland rivers. River length was calculated using the Euclidean distance 

between each centerline pixel and the next adjacent centerline pixel. River surface area was 

calculated by summing the product of river width and length at each centerline pixel (Appendix 

Figure A2.2). We established a minimum width threshold of 100 m because we are not confident 

that NARWidth includes all rivers with widths below this threshold (Miller et al., 2014). We 

excluded rivers wider than 2000 m because they only account for 0.6% of all measurements but 

significantly skew the results of the analysis.  

 RESULTS 2.3

2.3.1 Dataset and Validation  

The North American River Width (NARWidth) dataset contains 6.7×10
6
 georeferenced 
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measurements of river width ≥30 m and an additional 1.3×10
6
 flagged width measurements of 

reservoirs and lakes that are connected to the fluvial network (Figure 2.1). In total, NARWidth 

measures 2.39×10
5
 km of rivers with widths ≥30 m corresponding to a water surface area of 

4.43×10
4
 km

2
 and 1.1×10

5
 km of rivers wider than 100 m (3.64×10

4
 km

2
 of water surface area). 

NARWidth includes rivers ranging from ~4
th

 to 10
th

 Strahler stream orders (Downing et al., 

2012; Strahler, 1957). The dataset includes measurements of rivers above 60°N where high-

quality river centerline and width data is largely unavailable, but excludes very large lakes (e.g. 

the Great Lakes), ephemeral streams, deltaic systems, and human-made canals. Additionally, 

NARWidth includes a braiding index field, defined as the number of channels at each river cross 

section. The braiding index only includes river channels wider than 30 m, a limitation imposed 

by the spatial resolution of Landsat imagery. NARWidth is the first continental-scale 

morphometric survey of rivers at mean discharge and is available for download at 

http://gaia.geosci.unc.edu/widths/na/NARWidth.  

NARWidth width measurements show very little mean bias (-0.35 m) relative to in situ 

width measurements at mean discharge, suggesting the Landsat scenes were sampled at times 

that, on average, matched mean discharge timing. The RMSE between NARWidth and in situ 

widths is 38.0 m, a length similar to the minimum theoretical uncertainty of Landsat-derived 

river widths calculated from a binary water mask (Pavelsky and Smith, 2008). The RMSE value 

also incorporates several other sources of error, including differences in discharge between the 

remotely sensed and in situ measurements and error in the in situ width measurements.  
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Figure 2.1 - Map of North American River Widths 

Inset boxes show levels of detail available at finer spatial resolutions. Note the color bar is 

stretched geometrically to accent width variability.  
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To avoid bias from outliers, we used the Theil-Sen median estimator (Sen, 1968) to 

derive a robust linear regression between NARWidth and in situ width measurements (Figure 

2.2). Regression of in situ widths ≥100 m yields a slope that deviates by 3% from unity, but 

inclusion of all river width data (≥30 m) produces a slope that deviates by 16%. This deviation is 

expected because NARWidth is more likely to include overestimates of river width compared to 

underestimates where river width approaches the resolution of the Landsat imagery. For 

example, NARWidth never includes underestimates of 30 m wide rivers because they are 

narrower than one Landsat pixel, but it will include overestimates of these rivers. Goodness of fit 

(rs = 0.83) was characterized using Spearman’s nonparametric correlation coefficient (Spearman, 

1904). Overall, comparison with in situ measurements suggests that NARWidth provides, on 

average, an accurate representation of river widths at mean annual discharge to the extent that 

this is possible from Landsat imagery.  

 

 

Figure 2.2 - NARWidth river width validation 

NARWidth widths were compared to USGS and WSC in situ river width measurements at 1,049 

locations.  



28 

 

2.3.2 River width distributions  

The NARWidth dataset allows for the first analysis of the frequency distribution of river 

width measurements on a continental scale. The distribution of average river length binned by 

river width closely follows a power law of river width such that,  

 Length = C × Width 
-α

 (2.1) 

where C = 3.24×10
10

 m
α+1

 and α = 2.18 (Figure 2.3a). C and α were calculated using maximum 

likelihood estimation to avoid assumptions associated with regression analysis of binned data 

(Clauset et al., 2009; Gillespie, 2014). While other functions may also characterize the 

distribution of river widths, we use a power function because power laws are regularly used in 

hydraulic scaling and the curve closely fits the length of rivers from 100 to 2000 m wide (r
2 

> 

0.996, p < 0.001). Outside of this range, the function overestimates the length of rivers, 

particularly for the widest observed rivers where the distribution of river width appears to deviate 

from a power-law spectrum. The upper tail, defined here as widths greater than 2000 m, is 

composed primarily of measurements from large, multichannel rivers. Sixty-three percent of 

river widths greater than 2000 m are from multichannel rivers compared to only 23% of rivers 

between 1000 and 2000 m wide. Geographically, multichannel rivers greater than 100 m wide 

make up 26.2% of all rivers north of 60° N, while only composing 14.9% of rivers south of 60° 

N.  

Although the river width distributions derived from the HYDRO1k DEM and NARWidth 

both closely fit power law functions, there are two key differences between them. First, the 

DEM-derived width distribution is characterized by a higher exponent (α = 2.64 in equation 1) 

than the NARWidth distribution (α = 2.18), signifying that the DEM-derived dataset contains a 

lower proportion of wide rivers (Figure 2.3b). Second, the DEM-derived dataset does not include 
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rivers wider than 894 m, resulting in a frequency distribution with a relatively truncated upper 

tail (Figure 2.3b inset).  

 

 

Figure 2.3 - River width distributions from 100 to 2000 m 

Insets show the full range of observed data in log space. Width distributions are described by a 

power function (equation 1) with r
2
 values estimated using a linear regression of binned logged 

data (White et al., 2008). a, NARWidth-derived distribution where C = 3.24×10
10

 m
-1.18

. c, 

HYDRO1k DEM-derived distribution where C = 3.67×10
10

 m
-1.64

.  

2.3.3 Total surface area of North American streams and rivers  

We used the distribution of total river surface area binned by width to estimate the overall 

surface area of all streams and rivers in North America (Figure 2.4). A power function closely 

describes the distribution of surface area of rivers 100 to 2000 m wide (r
2
 > 0.996, p < 0.001) 

and is used to extrapolate surface area to rivers narrower than 100 m. The predictable surface 

area versus width relationship observed here is also likely to persist for these small streams 

because Horton ratios relating stream order to stream width and total length apply down to first 

order perennial streams (Downing et al., 2012; Morisawa, 1962). As surface area is the product 

of stream length and width, it should also scale as a power law down to first order streams.  
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A considerable unknown is the appropriate lower width boundary of the surface area 

extrapolation. Studies that use DEMs to extract fluvial networks typically assume a critical 

threshold drainage area (or support area) ranging from 0.1-1 km
2
, which correspond to river 

widths of ~0.8 m to 2 m (Beighley and Gummadi, 2011; Butman and Raymond, 2011). Instead 

of a threshold in drainage area, we use a threshold in river width directly. The value of this lower 

width threshold substantially influences the surface area calculation because of the non-linear 

relationship between river width and total channel length. The relationship between the lower 

width threshold (m) and the total surface area of North American rivers (km
2
) is described by 

 Total Surface Area = 183683 × Lower Width Threshold 
–0.175

 – 44468. (2.2) 

This relationship only applies for lower width thresholds below 1000 m because above this 

width, equation (2) begins to deviate from the observed data. Downing et al. (2012) compiled a 

list of stream order vs. mean width data from 46 perennial first order stream segments worldwide 

and found the median stream width is 1.6 ± 1.1 m (1σ confidence intervals). Using these widths 

as the lower width threshold in equation (2), the total surface area of permanently flowing North 

American rivers and streams is 1.24−0.15
+0.39×10

5
 km

2
 or 0.55−0.07

+0.17% of the terrestrial land surface. 

This surface area value is likely an underestimation of total river surface area because: 1) it is 

based on the average width of first order streams rather than the average width at stream heads 

(streams as narrow as 0.18 m have been observed by Zimmerman et al., 1967); and 2) it excludes 

the surface area contribution of ephemeral streams, estimated to account for 2-3% of global river 

surface area (Downing et al., 2012; Raymond et al., 2013).  
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 DISCUSSION 2.4

2.4.1 Distribution of river widths  

Differences between NARWidth and the DEM-derived width dataset likely arise from 

bias in measuring river width at gauge stations and oversimplifications involved in DHG scaling. 

The width-discharge relationship used to produce the DEM dataset was developed using 

measurements largely collected at gauging stations (Moody and Troutman, 2002). Stream gauges 

are typically located at stable, single channel sites, often near bridges or other fixed structures, 

leading to a possible negative bias of measured river widths relative to the true width distribution 

(Park, 1977). Because multichannel rivers tend to be wider and because their widths are more 

sensitive to changes in discharge than are single channel rivers (Smith et al., 1996), average river 

widths away from gauge stations may be underestimated if only widths at gauge stations are 

used. Given the non-linear frequency distribution of river widths (equation 1, Figure 2.3), this 

systematic underestimation of river width may result in an artificially high α value for the DEM-

derived width distribution relative to the NARWidth distribution.  

Additionally, DHG predicts that the maximum river width within a basin is located 

wherever discharge is greatest, usually at the basin outlet. Direct observations from Landsat 

imagery do not fully support this model. The widest width measurements in NARWidth are 

primarily from large, braided river systems flowing through floodplains (e.g. the Yukon and 

Mackenzie rivers, Figure 2.1). These locations are examples of river form impacted by unusual 

physical conditions such as, in the case of braided rivers, abundant sediment supply (Rosgen, 

1994). Such physiographic conditions can result in substantial deviation from strict width-

discharge relationships that are not captured by DHG. Thus, applying generic DHG scaling over 

large scales and differing river morphologies should be done with caution.  
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2.4.2 River surface area estimation 

We estimated the total surface area of North American rivers by developing a 

relationship between river width and total surface area binned by width for rivers 100-2000 m 

wide, which we then use to extrapolate surface area for rivers narrower than 100 m (Figure 2.4). 

We based this extrapolation on classic Hortonian analysis which predicts that the distribution of 

river surface area will display statistical self-similarity at different spatial scales, indicating that 

similar processes act on river form over a wide range channel sizes (Rodríguez-Iturbe and 

Rinaldo, 2001). With decreasing basin size, however, hillslope processes begin dominating and 

the fractal relationships between total stream length and width must inevitably break down 

(Benda et al., 2005). We propose that the lower width threshold should be the geometric mean 

width at stream heads, but we are unaware of any robust quantitative information to constrain 

this value. Headwater stream networks are highly dynamic, largely dependent on changing 

hydrologic conditions (Godsey and Kirchner, 2014). Further work is needed to quantify the 

distribution of river length, width, and discharge in headwater catchments to better constrain the 

frequency distributions of small streams that cannot be measured from remotely sensed datasets.  
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Figure 2.4 - River surface area binned by river width 

A power function was fit to data from widths 100 to 2000 m (solid line) and used to extrapolate 

total surface area of rivers less than 100 m wide (yellow polygon). Error bars denote the upper 

and lower width threshold used in the surface area extrapolation (1.6±1.1 m). The extrapolated 

surface area was then added to observed surface area (gray bars) to estimate total river surface 

area of North America.  

Previous estimates of river surface area across a large range of scales and physiographic 

conditions vary between 0.3% and 1.5% of watershed area, and our estimate of 0.55−0.07
+0.17% falls 

within this interval (Davidson et al., 2010; Downing et al., 2012; Welcomme, 1976). In the 

contiguous United States, past estimates range from 0.52 to 0.56%, closely matching our 

estimate for the entire North American continent (Butman and Raymond, 2011; Downing et al., 

2012; Leopold, 1962). Analyses of total global stream and river surface area estimate that rivers 

cover 0.30–0.56% of land surface (Downing et al., 2012; Raymond et al., 2013). These studies 

rely on a relatively limited number of width measurements (N < 1.0×10
3
) to conduct stream 

order-scaling analysis. We avoid depending on potentially biased width-order analysis by 
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building an extensive continental inventory of river width and length and analyzing the 

frequency distribution of surface area itself.  

As part of a pioneering global carbon efflux study, Raymond et al. (2013) estimated that 

the total surface area of North American rivers is 0.46% of continental surface area. Raymond et 

al. estimated that, on average, 14% of global surface area is frozen, and this fraction is removed 

from their analysis. They acknowledge that the impact of river ice on carbon efflux rates is 

poorly understood, and we do not attempt to account for the proportion of river surface area that 

is frozen. Noting this limitation of comparability between the surface area estimates, our likely 

conservative estimate of 0.55−0.07
+0.17%, which excludes streams narrower than 1.6±1.1 m, is 

20−15
+38% larger than the Raymond et al. value. Further, Raymond et al. extrapolated width-order 

relationships down to streams with a drainage area of ~0.1 km
2
, amounting to a lower width 

threshold of less than 1 m (Beighley and Gummadi, 2011). The discrepancy between river 

surface area estimates may arise from the DHG-based extrapolation methods employed by 

Raymond et al. Their evaluation relies on a global DHG formula that scales river width with 

regional discharge. Thus, many of the same problems in estimating river width discussed in 

Section 2.4.1 may also apply to their estimate (e.g. underestimating the abundance of wide 

rivers). Our estimation of North American river surface area indicates that gaseous emissions 

from rivers should likely be revised upwards compared to most recent estimates.  
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CHAPTER 3: THE GLOBAL ABUNDANCE OF RIVERS AND STREAMS  

DERIVED FROM SATELLITE IMAGERY
3
 

 INTRODUCTION  3.1

Rivers are the chief source of renewable water to humans and freshwater ecosystems 

(Vorosmarty et al., 2010) and are also responsible for some of the largest natural disasters in 

history (Hough, 2014). Through downstream transport of sediment, solutes, and other material, 

they organize landscapes and play a key role in biogeochemical cycling. Rivers outgas 

significant quantities of greenhouse gasses to the atmosphere including methane (Bastviken et 

al., 2011), nitrous oxide (Beaulieu et al., 2011), and carbon dioxide (Raymond et al., 2013). For 

example, the global river network is estimated to emit ~1.8 PgC yr
-1

 of carbon dioxide to the 

atmosphere (Raymond et al., 2013), approximately equivalent to one fifth of fossil fuel emissions 

(Peters et al., 2013).  

Despite the importance of rivers, there exists a dearth of observational information on 

river abundance, morphology, and discharge globally. Global river gage data is highly 

fragmented and publicly unavailable in most regions, impeding understanding of Earth’s river 

water resources (Pavelsky et al., 2014c). Further, the location, morphology and size of Earth’s 

rivers are commonly simulated using flow routing algorithms based on static digital topography 

and network scaling principles (Andreadis et al., 2013; O'Callaghan and Mark, 1984). 

Assumptions involved in these simulations are the source of error in many large-scale hydraulic, 

                                                      
3
 This chapter is in preparation for submission to the journal Nature. Some of the supplementary figures and text 

have been integrated into the main text and the formatting has been updated to conform to the other chapters in this 

dissertation. The publication citation is as follows: Allen, G.H.,  Pavelsky, T.M., (in prep.), The global abundance of 

rivers and streams derived from satellite imagery. Nature. 
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hydrologic, and biogeochemical applications (Andreadis et al., 2013; Pavelsky et al., 2014c; 

Raymond et al., 2013; Wehrli, 2013).  

Remote sensing offers a compelling solution to many of the limitations facing large-scale 

river hydrology. Satellite images can be used to quantify river planform geometry (e.g. spatial 

variations of river width along a river network), which then can be used in an inverse problem 

framework to solve for complex processes occurring at the earth’s surface. Many modern 

hydrologic, geomorphic, and biogeochemical models include river geometry as a fundamental 

predictor variable (e.g. Allen et al., 2013; Gleason and Smith, 2014). While other empirical river 

width datasets exist, their coverage is not global, or coarse spatial resolution inhibits their 

usefulness to river system models (Allen and Pavelsky, 2015; Miller et al., 2014; Pavelsky et al., 

2014a; Yamazaki et al., 2014).  

Global-scale evaluations of fluvial biogeochemical processes rely on the accurate 

representation of river and stream abundance and morphology (Butman et al., 2016; Downing et 

al., 2012; Raymond et al., 2013; Richey et al., 2002). Current knowledge of the size distribution 

of the world’s rivers and streams is based on a series of highly unconstrained hydrologic, 

geomorphic, and fractal river network scaling extrapolations (Downing et al., 2012; Raymond et 

al., 2013). These approaches have led to estimates of global river area ranging from 485,000 km
2
 

to 845,000 km
2
, a difference in area equivalent to the size of Germany (Downing et al., 2012; 

Raymond et al., 2013). This unconstrained area is a significant source of uncertainty in global 

river-atmosphere biogeochemical flux evaluations (Raymond et al., 2013; Wehrli, 2013). 

 METHODS  3.2

To characterize the global abundance and morphology of rivers, we built the Global 

River Widths from Landsat (GRWL) Database, the first global database of planform river 
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geometry at a constant frequency discharge (Figure 3.1). We used a global compellation of 3693 

gage station data (GRDC, 2017) to determine during which months rivers were commonly near 

mean discharge and acquired 7376 Landsat TM, ETM+ and OLI scenes during the most likely 

months (Appendix Section A2.1.1, A2.1.2). We applied previously published image processing 

techniques (Allen and Pavelsky, 2015; Pavelsky and Smith, 2008) to classify rivers and measure 

river morphology (Appendix Section A2.1.3). At a 30-m spatial resolution, GRWL contains 

width measurements of >2.1M km of rivers 30 m or wider at mean annual discharge. GRWL also 

contains river centerline location, braiding index, river network topological information, and 

over 7.6M measurements of flagged lakes/reservoirs and canals connected to the fluvial network.  

 

 

Figure 3.1 - The Global River Widths from Landsat Database (GRWL) contains over 58M 

measurements of river planform geometry.  
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We validated GRWL width data using river width measurements from the United States 

Geological Survey and the Water Survey of Canada at 1146 gaging stations (Figure 3.2, 

Appendix Section A2.2). GRWL width measurements show little mean bias (1.71 m) compared 

to in situ width measurements at mean discharge, suggesting the Landsat scenes were sampled at 

times that, on average, matched mean discharge timing. The RMSE between GRWL and in situ 

widths is 38.2 m, a length similar to the minimum theoretical uncertainty of Landsat-derived 

river widths calculated from a binary water mask (Pavelsky and Smith, 2008). The RMSE value 

also incorporates several other sources of error, including differences in discharge between the 

remotely sensed and in situ measurements and error in the in situ width measurements. 

Regression of in situ widths ≥100 m using the Theil-Sen median estimator (Sen, 1968) yields a 

slope that deviates by 2% from unity, but inclusion of all river width data (≥30 m) produces a 

slope that deviates by 16% (Figure 3.2). This deviation is expected because GRWL is more 

likely to include overestimates of river width compared to underestimates where river width 

approaches the resolution of the Landsat imagery. We characterized goodness of fit using 

Spearman’s nonparametric correlation coefficient, rs = 0.82 (Spearman, 1904). Overall, 

comparison with in situ measurements suggests that GRWL provides, on average, an accurate 

representation of river widths at mean annual discharge to the extent that this is possible from 

Landsat imagery.  
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Figure 3.2 - GRWL validation with 1146 in situ width measurements from the United 

States Geological Survey and the Water Survey of Canada.  

 RESULTS 3.3

GRWL provides the most direct and comprehensive quantification of river area 

worldwide to date. By summing the product of each river width measurement and the 

downstream distance between each width measurement (Figure 3.3a), the total area of rivers 

measured by GRWL is 415,000 km
2
, or 0.31% of Earth’s land surface (Antarctica was removed 

in this analysis). We exclude from our river area analysis lakes and canals, we and remove rivers 

with elevations less than 1 m above sea level to reduce tidal influence on river morphology. The 

sum of surface area of rivers wider than 100 m, where GRWL data is most complete and 

accurate, is 344,000 km
2
, a value consistent with a previous aggregate estimate of 360,000 km

2
 

for rivers wider than 90 m (Lehner and Döll, 2004). However, these river area estimates exclude 

small rivers and streams that occupy a significant portion of the fluvial network.  

To account for rivers and streams <100 m wide, too narrow to be accurately measured 
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with Landsat imagery, we use a statistical extrapolation technique. In all global river basins 

(Lehner and Grill, 2013) containing >5000 river measurements >100 m wide (N=415), we fit a 

Pareto distribution to the raw width data using maximum likelihood estimation (Figure 3.3b). On 

average, the Pareto distribution fits the data well (mean Kolmogorov-Smirnov D=0.14±0.07, 

p<0.001, all confidence intervals 1σ), as predicted by theory (Allen et al., in review; Horton, 

1945; Kirchner, 1993; Strahler, 1957) and other empirical evidence (Downing et al., 2012; 

Morisawa, 1962; Trampush et al., 2014). While in Chapter 1 we found that stream widths in 

headwater networks are lognormally distributed, we find that in large river systems, river area, 

and hence river width, is Pareto distributed. The departure from the Pareto distribution at the 

upper tail, seen in Figure 3.3b, is an expected result of the finite-size effect, or, in other words, 

the limiting consequence of basin size on maximum river width (Rodríguez-Iturbe et al., 1992). 

In Chapter 1, we find that first-order streams exhibit a highly consistent median wetted width of 

0.32±0.08 m (mean of the medians), largely independent of physiographic and hydrological 

conditions. By extending the GRWL-derived Pareto distribution to a river area corresponding to 

this median first-order stream width, we calculate total river area in each basin by adding the 

estimated stream and river area to the observed river area (Figure 3.3b, Figure 3.4a)  
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Figure 3.3 - Estimating surface area of rivers and streams within a basin 

a, Discretized river area measurements. b, River area extrapolation from satellite-measured wide 

rivers to narrower rivers and streams in an example basin (Amazon shown). Pareto scale (χm) and 

shape (α) parameters.  

 

The addition of the total stream and small river area estimate to the observed river area 

sums to a global total of 672,000 km
2
. This value is similar to 687,000 km

2
, or the river area 

calculated when all the basins are combined and a single Pareto curve is fit to the collective data, 

as has been done in previous studies (Allen and Pavelsky, 2015; Downing et al., 2012). 

However, many basins do not contain >5000 river width measurements >100 m (basins with 

hatched lines in Figure 3.4a), because their climates are arid or because their accumulated 

drainage areas are insufficient to generate wide rivers. To represent rivers and streams located 

within these basins, we use basins with areas >100,000 km
2
 (N=146) to develop an empirical 

relationship between average basin aridity (Zomer et al., 2008), basin size, and percent basin 

occupied by rivers (R
2
=0.71, p<0.001, Figure 3.5). Larger basins tend to have a larger river area 

because they contain higher-order channels. Greenland is excluded from this analysis. Including 
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these basins in the total increases the global river area at mean annual discharge to 745,000 km
2
, 

or 0.55% of Earth’s land surface (Figure 3.4a).  

 

 

Figure 3.4 - Percentage of global basins occupied by rivers and streams 

a, GRWL estimate; b, Previous best estimate (Raymond et al., 2013). Rivers are significantly 

more abundant in tropical regions than previously thought. Large discrepancies in high latitude 

river area likely stem from the incorporation of the effect of river ice on effective river area in 

Raymond et al. Hatch lines show basins with climate-based surface area estimates in both studies 

(Figure 3.5).  
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 DISCUSSION AND CONCLUSIONS 3.4

The global river area presented here is greater than previous estimates, but falls within 

the range of their uncertainty. Downing et al. (2012) estimates that the global river surface area is 

between 485,000 and 662,000 km
2 

by assuming globally invariant scaling relationships between 

stream order and river length and width. Raymond et al. (2013) uses DEM-derived flow paths, 

simulated discharges, stream order scaling extrapolations, and climate extrapolations to estimate 

that river area is 540,000 km
2
. A significant source of unknown in these previous studies 

originates from estimating the area of intermittent and ephemeral streams. We significantly 

reduce this uncertainty by relying on the observed consistency of headwater stream widths and 

the observed length-width relationships in the mean discharge of large rivers.  

 

 

Figure 3.5 - River area-climate relationship between global basins 

Multiple linear regressions of log-transformed basin percent river area (%SA) against Aridity 

Index (AI) and basin area (BA). Regression weighted by basin area. Dashed lines are 1σ error 

bounds. 
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We find substantial basin-to-basin spatial variability in our river area estimates (Figure 

3.4a). For example, rivers occupy 1.9% of the Amazon Basin at mean annual discharge, an area 

~48-86% greater than previous estimates (Beighley and Gummadi, 2011; Raymond et al., 2013) 

but less than total inundation area estimates of the wet-season flood (Coe et al., 2008; Hess et al., 

2003). Compared to the only other existing region-by-region global estimate of river area 

(Raymond et al., 2013), we estimate a greater abundance of river area in the tropics and less river 

area in temperate and desert regions (Figure 3.4). Tropical rivers emit a greater amount of 

greenhouse gas to the atmosphere per unit river area, and thus our results indicate that estimates 

of total river outgassing rates should likely be revised upwards.  

Our new satellite based estimate of river area can be used to improve the accuracy of 

current estimates of outgassing from the fluvial network. Further, the GRWL Database has 

significant potential to improve representation of fluvial processes and understanding of river 

water resources globally (Clark et al., 2015). GRWL is being used to improve hydrologic 

models, and organize remote sensing surface water observations. GRWL will be used to identify 

rivers segments observable by the Surface Water and Ocean Topography Mission (SWOT), 

scheduled to launch in 2021 (Biancamaria et al., 2016). GRWL can also be used to organize 

large multitemporal datasets of surface water dynamics (Pekel et al., 2016) to study fluvial 

geomorphology and changes in river discharge through time and space at the global scale 

(Gleason and Smith, 2014).  
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 HEADWATER STREAM WIDTH DISTRIBUTION  APPENDIX 1:

METHODS AND RESULTS 

A1.1 Carbon efflux estimates methods 

To estimate carbon efflux within each North American catchment, we used 

topographically derived USGS flowlines to estimate stream surface area and stream gas transfer 

velocity, and CO2 efflux methods described in detail by Butman et al. (2016). We did not 

conduct this analysis in the New Zealand watersheds because no suitable flowline dataset was 

available in this region. In the conterminous United States, we used NHDPlus V2 flowlines 

(http://www.horizon-systems.com/nhdplus/NHDPlusV2_home.php) to calculate carbon efflux, 

and in the Caribou Creek catchment in Alaska, where NHDPlus data are unavailable, we used 

EDNA flowlines (http://edna.usgs.gov). NHDplus V2 and EDNA flowlines are derived from 

merging the Nation Hydrology Dataset (NHD) with the National Elevation Dataset (NED). The 

NHD contains perennial, intermittent, and ephemeral streamlines that were field mapped by the 

USGS. Thus, the exact conditions in which the NHDplus V2 flowlines represent are poorly 

constrained. 

In each study catchment, we used the median (5th and 95th percentile ranges) dissolved 

CO2 concentrations and temperatures for first-order stream systems in the larger 2-digit USGS 

hydrologic unit code (HUC) region. For each HUC, we used established hydraulic geometry 

equations
3
 to estimate first-order stream velocity from the stream slope and the median discharge 

values provided by the USGS flowline datasets. Using these stream velocities, we estimated the 

median CO2 gas transfer velocity for first-order streams in each HUC after Raymond et al. 

(2013). For the Stony Creek Research Watershed where no NHDPlus flowlines exist, we used 

the discharge measurements taken at the catchment outlet to directly estimate velocity. We 

calculated the amount of stream surface area using three different methods: 1) field measured 
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surface area; 2) Equation 1.10-derived surface area; and 3) USGS flowline-derived surface area 

(Raymond et al., 2013). Then we ran a Monte Carlo simulation to estimate the median and 5th-

95th percentile ranges of potential CO2 efflux (Appendix Table A1.4). 
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Table A1.1 - Attributes of the seven physiographically contrasting study catchments. 
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Table A1.2 - Attributes of the six repeat stream width surveys in the Stony Subcatchment 

Stream gage is located at the outlet of the surveyed subcatchment. The Stony Subcatchment has a 

drainage area of 48 ha and an elevation ranging from 163 to 210 m. 
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Figure A1.1 - Fitted distributions to stream width data 

a-h, The upper panels show histograms with probability density functions and the lower panels 

show cumulative distribution functions. Unimodal distributions (lognormal, gamma and 

Weibull) describe stream width data better than the Pareto distribution in all study catchments. 

See Appendix Table A1.3 for statistics of fits. To improve goodness of fit, Pareto distributions 

were fit to data greater than the median first-order stream width after Allen and Pavelsky (after 

Allen and Pavelsky, 2015). 
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Table A1.3 - Statistics of distribution fits 

Lognormal, gamma, Weibull, and Pareto distribution maximum likelihood estimated statistical 

parameters with Pearson’s Χ
2
 statistic and corresponding p-value, and with two sided one sample 

Kolmogorov-Smirnov (K-S) statistic (D) and corresponding p-value.  
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Table A1.4 - Carbon dioxide efflux calculation attributes 

Values of CO2 efflux are calculated using three metrics of stream surface area: 1) the observed 

surface area measured in the field; 2) the surface area calculated by applying Equation (1.10) on 

the observed stream lengths; and 3) the surface area derived from DEM flowline datasets. 

Numbers in parentheses represent 5th and 95th percentile ranges from Monte Carlo simulations 

(see Appendix Section A1.1).  
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APPENDIX 2 : DEVELOPMENT AND VALIDATION  

OF NARWIDTH AND GRWL 

A2.1 Methods for developing NARWidth and GRWL 

A2.1.1 Determining the time of year when rivers are at mean discharge 

NARWidth and GRWL are composed of planform morphometric measurements of rivers 

at approximately mean discharge. While bankfull discharge usually represents the channel-

forming flow (Wolman and Miller, 1960), mean discharge occurs much more often and is thus 

more consistently observable from limited remotely sensed imagery. Studies of fluvial hydrology 

suggest that geomorphic relationships relating width to discharge or drainage area are similar 

regardless of the discharge frequency used (Leopold and Maddock, 1953; Stewardson, 2005). 

Temporal fluctuations in discharge are a combined result of unpredictable events (e.g. storms 

and droughts) and more predictable seasonal variability in runoff. Unfortunately, no high-

density, global-scale, daily discharge datasets exist to track the specific days that rivers are at 

their mean discharge. Instead, we approached the problem by determining the time of year that 

rivers in different parts of the globe are most likely to be at mean discharge.  

To determine the optimal time of year to measure rivers, we used an international archive 

of long-term (>10 years) mean monthly discharge measurements (GRDC, 2017) composed of 

1920 gauges in North America and 3693 gauges globally. For each station with a complete 

record (i.e. no missing data values), we constructed a mean monthly hydrograph and calculated 

the mean and standard deviation (1σ) for all monthly measurements (Appendix Figure A2.2). All 

months with discharges that fall within one standard deviation of the mean received a download 

score,  

 score(m) = Qμ – ½ Qm – ¼ (Qm-1 + Qm+1), (A2.1) 
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where m is a given month being scored, Qμ is the mean of all monthly discharges, Qm is the mean 

monthly discharge of the given month, Qm-1 is the mean monthly discharge one month before 

month m, and Qm+1 is the mean monthly discharge of the month after month m. River discharge 

is more likely to be at or near the overall mean value during months with lower scores. Thus at 

each gauge station we produced a list of months that were ranked by the probability that the river 

was at mean discharge. To assign the monthly rankings from the gauge stations to each Landsat 

tile (landsat.usgs.gov), we considered both the proximity to gauge location and the monthly 

ranking. For example, the highest ranked month from the nearest gauge station has the greatest 

weight in setting the monthly preference order at a given Landsat tile. Each Landsat footprint is 

assigned at least one monthly preference and up to five ordered preferences (Appendix Figure 

A2.1b).  
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Figure A2.1 - Method for determining the time of year to analyze rivers 

a, Example mean monthly hydrograph (George River, CN). Months with discharges within one 

standard deviation (gray box) of the mean discharge (dashed horizontal line) are ranked (blue 

numbers) based on their discharge and that of their two neighboring months (Equation A2.1). 

The best month to measure river width is September. b, Month that rivers are most likely to be at 

mean discharge for each Landsat tile. 
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To evaluate the validity of this method, we used in situ records to determine the 

variability of river width within each of the top ranked months. We restricted the analysis to 

United States Geological Survey (USGS) and the Water Survey of Canada (WSC) stream gauge 

records that were used to validate NARWidth/GRWL and that contained river width 

measurements during the top ranked month  (N = 1,026). For each stream gauge, we calculated 

the standard deviation of (a) all recorded width measurements and (b) widths collected only 

during the top-ranked month. The median standard deviation of all width measurements was 

30.0% of the mean annual river width while the standard deviation of width from the top ranked 

month was 17.3%. Thus, this method reduces the degree of variability associated with measuring 

rivers from satellite imagery by 42.3% relative to random sampling of rivers year round.  

A2.1.2 Landsat imagery acquisition 

Landsat TM, ETM+ (SLC-on), and OLI scenes were acquired from two data sources. We 

automatically downloaded 1,071 of from the Global Land Cover Facility (GLCF, glcf.umd.edu) 

over North America. The 6,261 remaining scenes were downloaded manually from the USGS 

website, (https://earthexplorer.usgs.gov/). The highest ranking scene was downloaded first. Upon 

download, each scene was visually inspected for flaws (e.g. clouds, river ice, shadows, flooding, 

no rivers) and either kept for use or discarded. If discarded, the next highest ranking scene was 

automatically downloaded. Four hundred and forty three Landsat tiles, located primarily in the 

tropics, had no cloud-free scenes available. To address this problem, we developed a program in 

IDL (version 8.0) that identified clouds based on their spectral signature and splices two or more 

complementary scenes together to eliminate clouds (Martinuzzi et al., 2007). Fourteen tiles 

located high in the Canadian Archipelago had no scenes free of cloud and ice available during 
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any of the monthly preferences listed. These scenes most likely have few if any wide rivers 

because they are located on relatively small and glacially dominated islands. Apart from these 

fourteen tiles, we successfully acquired imagery for all observable rivers on Earth.  

A2.1.3 Image processing and GIS 

We visually inspected several water classification methods including: the normalized 

difference water index (McFeeters, 1996), the modified normalized difference water index (Xu, 

2006), the normalized difference vegetation index (Rouse, 1973), Monitoring the vernal 

advancement and retrogradation of natural vegetation), and the tasseled cap wetness index (Crist 

and Cicone, 1984). We found that the best performing classification method was the modified 

normalized difference water index, 

 MNDWI = (green-MIR)/(green+MIR), (A2.2) 

where MIR is the middle infrared band (e.g. TM Band 5) and green is the green band (i.e. TM 

Band 2) (Xu, 2006). We applied the MNDWI formula to all Landsat scenes, mosaicked, and 

clipped images to 4° Latitude by 6° Longitude tiles. We then created a binary water mask by 

applying a dynamic threshold (Li and Sheng, 2012) which was visually inspected and corrected 

for any gaps in continuity and classification errors. These errors stem from sources including 

river view obstruction by topographic shadows, bridges, or dams, or the erroneous inclusion of 

swamps, large lakes, or deltas in the river network. RivWidth (version 0.4) calculated a channel 

centerline for all river reaches longer than 10 km (Appendix Figure A2.2). After RivWidth runs 

on a mosaic image, we visually inspected the RivWidth output for errors. 
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Figure A2.2 - The RivWidth program calculates a river centerline (blue) from a binary 

river mask (black) derived from Landsat imagery (modified from Miller et al., 2014) 

At each centerline pixel, RivWidth computes the river width and braiding index. A river length 

was computed at each width measurement by calculating the Euclidean distance between each 

centerline pixel and the next adjacent centerline pixel. 

 

Reservoirs and lakes connected to the fluvial network were labeled using GIS methods 

and several water body datasets: 1) the Global Lakes and Wet Lands Database (Lehner and Döll, 

2004); 2) the Global Reservoir and Dam Database (Lehner et al., 2011); 3) the U.S. and Canada 

Water Polygons dataset (TomTom North America, 2012); and 4) the Mexico Water Bodies 

dataset (Sistemas de Información Geográfica, 2008). The locations of lakes and reservoirs were 

then visually inspected and corrected in ArcGIS.  

A2.2 Database validation Image processing and GIS 

We validated Landsat-derived river width measurements using 1,049 stream flow and 

river width records from the USGS (http://nwis.waterdata.usgs.gov/nwis) and the WSC 

(http://www.ec.gc.ca/rhc-wsc/). At each gauge location, we estimated the river width at mean 

annual discharge and compared this value to the average of the five spatially closest RivWidth 
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measurements (Appendix Figure A2.3). We excluded river width measurements that: 1) were 

taken more than 200 m upstream or downstream from the gauge station; 2) were taken when 

river ice was observed; or 3) were labelled as “Poor” measurements. We then took the mean of 

all width measurements that were taken when river discharge was within 10% of the mean 

annual discharge (red dots, Appendix Figure A2.3) and compared mean in situ width with the 

mean width of the five nearest NARWidth/GRWL river width measurements. The residuals 

between in situ and remotely sensed width measurements show the effect of Landsat’s 30 m 

resolution on the validation analysis (Appendix Figure A2.4). The residuals show 

heteroscedasticity, are uncorrelated, and are unbiased with changing in situ width.  

 

 

Figure A2.3 - Example in situ river discharge-width rating curve used to validate 

NARWidth and GRWL 

Mean annual discharge was calculated using daily discharge over at least a 10 year period 

(vertical line). The corresponding river width (red line) was then compared to the mean of the 

five nearest Landsat-derived NARWidth and GRWL measurements at that location (blue line). 
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Figure A2.4 -- In situ and remotely sensed river width residuals 

Landsat’s spatial resolution of 30 m excludes any residuals below the dashed blue line, 

demonstrating the influence of Landsat’s resolution on the regression analysis of the full range of 

width data (blue line in Figure 2.2). 

 

A2.3 NARWidth river and stream surface area calculation  

River surface area was computed at each centerline pixel by multiplying river width and 

length. To characterize the relationship between river surface area and width, we binned surface 

area by width using 100 m width intervals (Figure 2.4). We then multiplied the binned surface 

area data by the bin interval (100 m) and performed a least squares linear regression of the data 

in log space. We calculated the total surface area of rivers and streams with widths narrower than 

100 m by taking the definite integral of this curve from 1.6±1.1 m (estimated by Downing et al., 

2012) to 100 m. Finally, we summed this extrapolated surface area and all measured surface 

areas in rivers wider than 100 m to estimate the total surface area of all rivers and streams in 

North America.  
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A2.4 GRWL river and stream surface area calculation  

To calculate the surface area of rivers and streams from GRWL, we used a similar 

strategy as we did with NARWidth, but using a more rigorous statistical method. The statistical 

extrapolations of river surface area are based on principles of fractal river network scaling theory 

within basins (Allen et al., in review; Horton, 1945). We isolate individual river networks by 

clipping GRWL to each highest order basin in the HydroBASINs global hydrography database 

(Lehner and Grill, 2013). Observed river area is calculated by multiplying GRWL widths by the 

downstream distance between GRWL measurements (Figure 3.3a). In basins with >5000 river 

width measurements greater than 100 m, we apply a Pareto distribution using maximum 

likelihood estimation (MLE) in R. We determine the variance of the Pareto shape parameter, α, 

using MLE (dashed diagonal lines in Figure 3.3b). We then extend this statistical fit to narrower 

rivers and streams, down to a surface area of 11.6±2.9 m
2
, corresponding with the mean of the 

medians of first order stream width, 0.32±0.08 m. We combine the river area error associated 

with fitting α and the error of the extrapolation minimum by assuming that both populations are 

normally distributed and multiplying the probability densities.  

To estimate the surface area in small and/or dry basins, we develop a relationship 

between basin percent river area (%SA), basin area (BA) (Lehner and Grill, 2013), and aridity 

index (AI) (Zomer et al., 2008). We use a basin area weighted multiple linear regression of log-

transformed data weighted by basin area (Figure 3.5). We weight basin area because larger 

basins have higher quality river width data. We use Monte-Carlo error propagation (N=10,000) 

to estimate uncertainty associated with the Pareto extrapolation and the multiple linear regression 

shown in Figure 3.5.  
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