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ABSTRACT 

 

 The relative importance of infrequent, episodic geomorphic events (e.g. floods, 

landslides, debris flows, earthquakes, tsunamis, etc.) in the evolution of the landscape has 

been a long-discussed question in the geomorphology community. These events are large 

in magnitude, but low in frequency, posing the complex question of how effective these 

events are at shaping the landscape. Unfortunately, the frequencies of these events are so 

low that it is extremely difficult to observe these events over human time scales. Also, the 

dangerous nature of these events makes them extremely difficult to observe and measure. 

However, the last few decades have brought new technology and techniques that provide 

a way to measure and calculate the magnitudes of these events more accurately and 

completely. In the present study, we use Next-Generation-Radar (NEXRAD) 

precipitation products, LiDAR tools, and multiple denudation-rate techniques to approach 

the magnitude and frequency of episodic events in different ways.  

 Using NEXRAD precipitation products in conjunction with flow-routing 

algorithms, we were able to improve upon the traditional flood-envelope curves used to 

estimate the largest possible flood for a given basin area within a region. Improvements 

included adding frequency and uncertainty information to curves for the Upper and 

Lower Colorado River Basin, which in turn makes these curves more informative for 

flood hazard and policy applications. This study allowed us to improve upon a known 

flood-analysis method for identifying the distribution of the maximum floods with basin 

area.  
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 Both airborne and terrestrial LiDAR methods were used to measure the 

magnitude and time scale of the post-wildfire erosional response in two watersheds after 

the Las Conchas fire of 2011 in the Valles Caldera, NM. We found that sediment yield 

(measured by differencing LiDAR-derived DEMs) decreased exponentially with time in 

one watershed, while sediment yield in the other watershed decreased in a more complex 

way with time. Both watersheds had a recovery time (i.e. time interval over which 

sediment yields recovered to pre-wildfire levels) of one year. LiDAR was also used to 

understand the complex response of, and the processes on, the piedmonts adjacent to the 

watersheds. Overall, LiDAR proved to be extremely useful in measuring the magnitude 

and time scale of post-wildfire geomorphic response and observing the piedmont 

dynamics associated with elevated sediment yield.  

 To understand the effects of wildfire on the long-term evolution of the landscape, 

techniques ranging from the relatively simple, traditional techniques (i.e. suspended-

sediment-load sampling and paleosurface and modern surface differencing) to more 

complex and new techniques (i.e. 10Be and LiDAR) were used to measure the volumes 

and rates of denudation over multiple time scales in the Valles Caldera, NM. Long-term 

denudation rates were higher than short-term, non-wildfire-affected denudation rates, but 

lower than short-term, wildfire-affected denudation rates. Wildfire-affected denudation 

rates occurring at previously predicted frequencies (occurring <3% of the time interval) 

were found to account for the majority of long-term denudation, attesting to the 

importance of these episodic and extreme events in the evolution of the landscape.  
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1. INTRODUCTION 

 

 As the climate conditions continue to change, the frequency and magnitude of 

episodic geomorphic events are projected to increase and become more extreme, 

respectively (Melillo et al., 2014). The effect of climate change on the magnitude and 

frequency of episodic events is important because these two characteristics determine the 

geomorphic effectiveness (i.e. the amount of work done on the landscape) of each event 

(Fig 1.; Wolman and Miller, 1960). The three studies in this dissertation focus on 

quantifying and understanding the frequency and magnitude of two types of episodic 

events common in the western U.S.: floods and post-wildfire erosion. All three studies 

approach frequency and magnitude in different ways that improve upon previous 

methods and/or major studies within geomorphology. 

 Appendix A focuses on improving and understanding flood-envelope-curve 

methodology. The traditional flood-envelope curve is one of the oldest methods of flood 

analysis, dating back to the late 19th century (Kirby and Moss, 1986). Many flood-

envelope curves have been published for the U.S. (Jarvis, 1925; Crippen and Bue, 1977; 

Costa, 1987) and for specific regions, such as the Lower Colorado River basin (Enzel et 

al., 1993). These traditional flood-envelope curves allow the relationship between the 

maximum observed flood and drainage basin area to be compared for a given region. Our 

study described in Appendix A improves upon the flood-envelope methodology by 

incorporating frequency information and by exploring the hydro-meteorological causes of 

the maximum floods for a given drainage basin area. We incorporate frequency 

information using simpler approaches than more statistical, flood-frequency-analysis-
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based methods used in the past (Castellarin et al., 2005; Castellarin et al., 2007; 

Castellarin et al., 2009). By incorporating frequency information the flood magnitude 

data becomes more easily applied to hazard and policy decisions that typically use the 

100-year and 500-year floods as a way of estimating risk. Lastly, the hydro-

meteorological characteristics of the rainstorms causing the maximum flood discharges is 

important for understanding how flood risk varies in time. House and Hirschboeck (1997) 

found that although we observe large summer, convective-storm-caused floods in 

Arizona, the largest and rarest floods are caused by winter, frontal-type storms. In our 

research in the Lower Colorado River basin we find that the largest floods are caused by 

short-duration, high intensity storms (i.e. convectional storms) over small to intermediate 

basins, but over large basins less intense, longer duration storms (i.e. frontal storms) 

cause the largest floods. Therefore, frontal storms may cause the largest floods in large 

basins as House and Hirschboeck showed, but in small basins convectional storms cause 

the largest floods.  

 Appendix B investigates airborne and terrestrial LiDAR methods to measure post-

wildfire erosion magnitudes and recovery times by creating DEMs of Difference 

(Wheaton et al., 2010) of watersheds and their adjacent piedmonts in the Valles Caldera, 

NM following the 2011 Las Conchas fire. Traditionally, the magnitude of post-wildfire 

erosion is measured in the field by surveying or collection pond techniques (Shakesby 

and Doerr, 2006; Moody et al., 2013), but here we use the much newer technology of 

multi-temporal LiDAR. By using multi-temporal LiDAR we were able to record the 

exponential decline of sediment yield over time proposed by Swanson (1981) and record 

the dynamics of piedmont surface changes described in many flume experiments (i.e. 
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incison, aggradation, and avulsion; Schumm et al., 1987; Reitz et al., 2010). Recently, 

empirical models have been used to predict the magnitude and probability of occurrence 

of post-wildfire erosion, specifically debris flows (Cannon et al., 2010). The models of 

Cannon et al. (2010) are based on field observations from a large number of basins and 

empirical relationships between response characteristics and forcing factors (i.e. 

precipitation, relief, burn severity, etc.). These models are useful in assessing hazard risks 

after a wildfire, but need to be verified. The Cannon et al. (2010) model was applied to 

the Las Conchas fire burn area by Tillery et al. (2011) shortly after the fire. By comparing 

the findings of Tillery et al. against our results we were able to verify that results for the 

magnitude of the post-wildfire erosion of the Cannon et al. (2010) model for the field 

area were correct within an order-of-magnitude.  

 The study described in Appendix C aims to understand the geomorphic 

effectiveness, and/or importance, of post-wildfire erosion in the long-term evolution of 

the landscape. This objective was completed by quantifying and comparing wildfire-

affected and non-wildfire-affected denudation rates over the short term (<10 years), and 

denudation rates over longer time periods (~104 to 106 years), in order to calculate the 

average frequency of large post-wildfire erosional events and the percentage of 

denudation associated with these events. This study follows upon a previous study by 

Kirchner et al. (2001) that compared non-wildfire-affected denudation rates over multiple 

time scales in the Idaho Batholith. To explain why short-term denudation rates were 

lower than long-term denudation rates, Kirchner et al. proposed that short-term 

denudation rates are highly episodic and therefore his short-term denudation rates did not 

include larger episodic events that were included within the long-term denudation rates. 
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He postulated that these large episodic events (and denudation rates) could be larger 

recurrence interval events (e.g. the 100-year flood) or could be more catastrophic in 

nature (e.g. wildfire). We address these hypotheses in Appendix C and find that post-

wildfire erosion occurring at independently verified frequencies explain the long-term 

denudation rates. 

 Although these three separate studies do not address the exact same topics, all 

three improve upon past methods and provide information towards understanding the 

geomorphic effectiveness of different episodic events. In addition, these studies not only 

provide frequency and/or magnitude information, but also in many cases address the 

underlying causes and controls of large floods and post-wildfire erosion events. In the 

next section I describe the results of each study.  
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2. PRESENT STUDY 

 

 The methods, results, discussions, and final conclusions of this dissertation are 

presented as three papers formatted for publication in separate professional journals. Each 

appendix includes one manuscript formatted to the guidelines of specific journals. My 

primary advisor and I coauthored all three articles. I am the senior author on all three 

manuscripts. 

 This dissertation presents research that addresses different aspects of the 

frequency and magnitude of geomorphically effective events, specifically precipitation-

induced flooding and post-wildfire erosion and debris-laden flows within the 

southwestern U.S. This dissertation focuses on quantifying both the frequency and 

magnitude of these events and by doing so, interpreting the complex relationships 

between the causes and importance of erosion in each case. The first study (Appendix A) 

used a new technique to update the traditional flood-envelope curve methodology used in 

previous studies in flood hydrology (Costa, 1987; Enzel et al., 1993). In this study we 

used Next-Generation-Radar (NEXRAD) precipitation products to relate the frequency 

and magnitude of floods over a range of basin sizes within the Upper and Lower 

Colorado River Basins. By doing so we improved traditional flood-envelope curves (i.e. 

curves recording the maximum flood discharges per basin area) by adding recurrence 

interval and uncertainty information to curve estimates. Additional information on the 

storm characteristics and hydroclimatology were also provided from this study, 

specifically, that intermediate basins (~103 to 104 km2) produce the largest floods of 

record during short-duration (~1 hr), high-intensity convective storms.  
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 The second study (Appendix B) quantified the magnitude and time scale of post-

wildfire geomorphic response of two watersheds within the Valles Caldera, New Mexico, 

following the Las Conchas fire of 2011. This study used bi-annual terrestrial laser 

scanning (TLS) over a 2-yr period and repeat airborne laser scanning (ALS) over a 1-yr 

period to measure sediment yield following the fire. Sediment yield was calculated by 

creating DEMs of Difference (DoDs) by differencing bare-earth DEMs created using 

ALS and TLS for the watersheds and the adjacent piedmonts. We found that sediment 

yield decreased exponentially in one watershed, while the other watershed had a delayed 

and more complex response to the wildfire and subsequent rainfall events. Although the 

watersheds responded differently through time and in magnitude (one watershed exported 

twice the volume as the other), they both had a recovery time (i.e. the time period over 

which sediment yield remains elevated following a fire) of approximately 1 yr. Field 

observations in the watersheds suggested that the short recovery time could be explained 

by the regrowth of vegetation and/or the decrease of available sediment. Observations on 

the adjacent piedmonts made with the TLS data showed the response to increased 

sediment yields to the piedmonts, including (1) incision of the proximal portion of the 

piedmont and associated distal deposition, (2) avulsion to one side of the main 

depositional zone, and (3) incision of the distal piedmont and connection of channels to 

form a channel across the piedmont. These observations of incision and aggradation on 

the piedmont, as well as avulsions, are important in understanding how these distributary 

surfaces react to increased sediment loads and have important implications for post-

wildfire hazard assessments.  
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 Building upon the post-wildfire sediment yield information from Appendix B, 

Appendix C integrates multiple measurements of denudation rates over 100 to 106 yr time 

scales to understand the relative magnitude and importance of episodic wildfire events 

versus gradual background erosion and the associated effects on the long-term evolution 

of the landscape. Short-term background and episodic denudation rates in this study were 

calculated using suspended sediment load and LiDAR methods. Long-term denudation 

rates were calculated using 10Be cosmogenic radionuclides and paleosurface estimation 

methods. To our knowledge this is only the second time (the first being Kirchner et al., 

2001) that denudation rates over multiple time scales have been compared using these 

methods. We improved on the first study by incorporating short-term denudation rates 

from post-wildfire erosion studies (Appendix B) in order to explain long-term denudation 

rates being higher relative to short-term denudation rates. By comparing the denudation 

rates and applying a simple weighted average technique, we were able to calculate that 

the majority of denudation on the landscape could be explained by wildfire occurring on 

the landscape at frequencies that agree well with those reported in the dendrochronology 

records. The conclusions of this study point to the importance of quantifying both the 

magnitude and frequency of events in order to understand their geomorphically 

effectiveness.  
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Figure 1.1. Conceptual plot of the relationship between the frequency and magnitude of 

an event and the amount of geomorphic work that is completed. After Wolman and 

Miller, 1960.  
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APPENDIX A: CONSTRAINING FREQUENCY-MAGNTITUDE-AREA 

RELATIONSHIPS FOR PRECIPITATION AND FLOOD DISCHARGES USING 

RADAR-DERIVED PRECIPITATION ESTIMATES: EXAMPLE APPLICATIONS IN 

THE UPPER AND LOWER COLORADO RIVER BASINS, U.S.A 
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Constraining frequency-magnitude-area relationships for precipitation and flood 

discharges using radar-derived precipitation estimates: Example applications in the Upper 

and Lower Colorado River Basins, U.S.A. 

Caitlin A. Orem, Jon D. Pelletier 

 

Abstract 

Flood-envelope curves (FEC) are useful for constraining the upper limit of possible flood 

discharges within drainage basins in a particular hydroclimatic region. Their usefulness, 

however, is limited by their lack of a well-defined recurrence interval. In this study we 

use radar-derived precipitation estimates to develop an alternative to the FEC method, i.e.  

the frequency-magnitude-area-curve (FMAC) method, that incorporates recurrence 

intervals. The FMAC method is demonstrated in two well-studied U.S. drainage basins, 

i.e. the Upper and Lower Colorado River basins (UCRB and LCRB, respectively), using 

Stage III Next-Generation-Radar (NEXRAD) gridded products and the diffusion-wave 

flow-routing algorithm. The FMAC method can be applied worldwide using any radar-

derived precipitation estimates. In the FMAC method, idealized basins of similar 

contributing area are grouped together for frequency-magnitude analysis of precipitation 

intensity. These data are then routed through the idealized drainage basins of different 

contributing areas, using contributing-area-specific estimates for channel slope and 

channel width. Our results show that FMACs of precipitation discharge are power-law 

functions of contributing area with an average exponent of 0.79 ± 0.07 for recurrence 

intervals from 10 to 500 years. We compare our FMACs to published FECs and find that 

for wet antecedent-moisture conditions, the 500-year FMAC of flood discharge in the 



 

 

28 

UCRB is on par with the U.S. FEC for contributing areas of ~102 to 103 km2. FMACs of 

flood discharge for the LCRB exceed the published FEC for the LCRB for contributing 

areas in the range of ~102 to 104 km2. The FMAC method retains the power of the FEC 

method for constraining flood hazards in basins that are ungauged or have short flood 

records, yet it has the added advantage that it includes recurrence interval information 

necessary for estimating event probabilities.    

 

1.  Introduction  

1.1  Flood-Envelope Curves 

 For nearly a century, the flood-envelope curves (FEC), i.e. a curve drawn slightly 

above the largest measured flood discharges on a plot of discharge versus contributing 

area for a given hydroclimatic region (Enzel et al., 1993), have been an important tool for 

predicting the magnitude of potential future floods, especially in regions with limited 

stream-gauge data. FECs assume that, within a given hydroclimatic region, maximum 

flood discharges for one drainage basin are similar to those of other drainage basins of 

the same area, despite differences in relief, soil characteristics, slope aspect, etc. (Enzel et 

al., 1993). This assumption enables sparse and/or short-duration flood records over a 

hydroclimatic region to be aggregated in order to provide more precise constraints on the 

magnitude of the largest possible (i.e. long-recurrence-interval) floods. 

 FECs reported in the literature have a broadly similar shape across regions of 

widely differing climate and topography. For example, FECs for the Colorado River 

Basin (Enzel et al., 1993), the central Appalachian Mountains (Miller, 1990; Morrison 

and Smith, 2002), the 17 hydrologic regions within the U.S. defined by Crippen and Bue 
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(1977), the U.S. as a whole (Costa, 1987; Herschy, 2002), and China (Herschy, 2002) are 

all concave-down when plotted in log-log space, with maximum recorded flood 

discharges following a power-law function of contributing area for small contributing 

areas and increasing more slowly at larger contributing areas (i.e. the curve “flattens”).  

 The use of FECs to quantify flood regimes is limited by the lack of recurrence-

interval information (Wolman and Costa, 1984; Castellarin et al., 2005) and by the short 

length, incomplete nature, and sparseness of many flood-discharge records. Without 

recurrence-interval information, the data provided by FECs are difficult to apply to some 

research and planning questions related to floods. In the U.S. for example, the 100- and 

500-year flood events are the standard event sizes that define flood risk for land planning 

and engineering applications (FEMA, 2001). FECs also have the potential problem that 

the maximum flood associated with smaller drainage basins may be biased upward (or 

the floods of larger drainage basins biased downward) because there are typically many 

more records of floods in smaller drainage basins relative to larger drainage basins 

(because there are necessarily fewer large drainage basins in any hydroclimatic region). 

That is, the largest flood of record for small drainage basins within a hydroclimatic 

region likely corresponds to a flood of a larger recurrence interval compared with the 

largest flood of record for larger drainage basins. In this paper we present a method that 

includes recurrence-interval information and avoids any sample-size bias that might exist 

as a function of contributing area.  

 In this study, a new method for estimating flood discharges associated with user-

specified recurrence intervals is introduced that uses radar-derived precipitation 

estimates, combined with the diffusion-wave flow-routing algorithm, to create frequency-
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magnitude-area curves (FMACs) of flood discharge. Our method (i.e. the FMAC method) 

retains the power of the FEC approach in that data from different drainage basins within a 

hydroclimatic region are aggregated by contributing area, thereby enabling large sample 

sizes to be obtained within each contributing-area class in order to more accurately 

constrain the frequencies of past extreme flood events and hence the probabilities of 

future extreme flood events within each class. The method improves upon the FEC 

approach in that the complete spatial coverage of radar-derived precipitation estimates 

provides for large sample sizes  of most classes of contributing area (larger contributing 

areas have fewer samples). The precipitation estimates are then used to predict flood 

discharges associated with specific recurrence intervals by first accounting for water lost 

to infiltration and evapotranspiration using runoff coefficients appropriate for different 

contributing areas and antecedent-moisture conditions, and then routing the available 

water using a flow-routing algorithm. Predicted flood discharges are presented as FMACs 

on log-log plots, similar to traditional FECs, except that the method predicts a family of 

curves, one for each user-defined recurrence interval. These plots are then compared to 

FECs for the study region (Enzel et al., 1993) and the U.S. (Costa, 1987).   

 

1.2  Study Area 

 This study focuses on the Upper and Lower Colorado River Basins (UCRB and 

LCRB, respectively; Fig. 1) as example applications of the FMAC method. Although the 

methods we develop are applied to the UCRB and LCRB in the western U.S. in this 

study, the methods are applicable to any region of interest where radar-derived 

precipitation estimates are available (i.e. the entire U.S. and at least 22 countries around 
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the world; Li, 2013; RadarEU, 2014). We focus on the UCRB and LCRB because they 

have been a focus of flood-hazard assessment studies in the western U.S. and hence the 

FECs available for them are of especially high quality. In addition, the distinctly different 

hydroclimatic regions of the UCRB and LCRB (Sankarasubramanian and Vogel, 2003) 

make working in these regions an excellent opportunity to test and develop the new 

methods of this study on different precipitation patterns and storm types.  

 Precipitation and flooding in the LCRB are caused by convective-type storms, 

including those generated by the North American Monsoon (NAM), and frontal-type and 

tropical storms sourced from the Pacific Ocean and the Gulf of California (House and 

Hirschboeck, 1997; Etheredge et al., 2004). In the UCRB, the influence of the NAM and 

tropical storms is diminished and floods are generally caused by Pacific frontal-type 

storms (Hidalgo and Dracup, 2003). In both regions, the El Niño Southern Oscillation 

(ENSO) alters the frequency and intensity of the NAM, tropical storms, and the Pacific 

frontal systems, and can cause annual variations in precipitation and flooding (House and 

Hirschboeck, 1997; Hidalgo and Dracup, 2003). Winter storms in both regions are also 

intensified by the occurrence of atmospheric rivers (Dettinger et al., 2011), which can 

cause total winter precipitation to increase up to approximately 25% (Rutz and 

Steenburgh, 2012). The radar-derived precipitation estimates used in this study record 

this natural variability in precipitation in the two regions. 

 The methods used in this study to calculate precipitation and flood discharges of 

specified recurrence intervals from radar-derived precipitation estimates require a few 

main assumptions. The first assumption is that of climate stationarity, i.e. the parameters 

that define the distribution of floods do not change through time (Milly et al., 2008).  
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Climate is changing and these changes pose a challenge to hazard predictions based on 

the frequencies of past events. Nevertheless, stationarity is a necessary assumption for 

any probabilistic analysis that uses past data to make future predictions. The results of 

such analyses provide useful starting points for more comprehensive analyses that 

include the effects of future climate changes. The second assumption is that the sample 

time interval is long enough to correctly represent the current hydroclimatic state (and its 

associated precipitation patterns and flood magnitudes and risks) of the specified study 

area. Our study uses data for the 1996 to 2004 water years and therefore may be limited 

by inadequate sampling of some types of rare weather patterns and climate fluctuations 

within that time interval. To address whether or not the sample time interval used in this 

study includes major changes in circulation and weather patterns, and therefore is a good 

representation of climate in the CRB, we investigated the effect of the El Niño Southern 

Oscillation (ENSO) on precipitation intensity within the UCRB and LCRB. ENSO is a 

well-known important influence on the hydroclimatology of the western U.S. (Hidalgo 

and Dracup, 2003; Cañon et al., 2007). In general, winter precipitation in the 

southwestern U.S. increases during El Niño events and decreases during La Niña events 

(Hidalgo and Dracup, 2003). The opposite effects are found in the northwestern portions 

of the U.S. (including the UCRB; Hidalgo and Dracup, 2003). The last assumption of the 

method is that all basins of similar contributing area response similarly to input 

precipitation, i.e. that they have similar flood-generating and flow-routing mechanisms. 

Specifically, the method assumes that basins of similar contributing area have the same 

runoff coefficient, flow-routing parameters, basin shape, and channel length, width, and 

slope. This assumption is necessary in order to aggregate data into discrete contributing-
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area classes so that the frequency of extreme events can be estimated from relatively 

short-duration records. In this study, high-recurrence-interval events (i.e. low frequency 

events) can be considered despite the relatively short length of radar-derived-

precipitation-estimate records because the number of samples in the radar-derived record 

is extremely large, especially for small contributing areas and small duration floods. For 

example, for a 1-h time-interval-of-measurement and a contributing area of 4,096 km2 

event in the UCRB, there are approximately 40 (number of spatial scale samples) times 

55000 (number of temporal scale samples in nine years of data) samples of precipitation 

values (and associated modeled discharges obtained via flow routing). As contributing 

area and time intervals of measurement increase there are successively fewer samples, 

within any particular hydroclimatic region, thus increasing the uncertainty of the resulting 

probability assessment for larger areas and longer time periods.  

 

2.  Next-Generation-Radar (NEXRAD) Data  

 The specific radar-derived precipitation estimates we use in this study come from 

the Stage III Next-Generation-Radar (NEXRAD) gridded product, which is provided for 

the entire U.S., Guam, and Puerto Rico. NEXRAD was introduced in 1988 with the 

introduction of the Weather Surveillance Radar 1988 Doppler, or WSR-88D, network 

(Fulton et al., 1998). The WSR-88D radars use the Precipitation Processing System 

(PPS), a set of automated algorithms, to produce precipitation intensity estimates from 

reflectivity data. Reflectivity values are transformed to precipitation intensities through 

the empirical Z-R power-law relationship, 

          (1) 



 

 

34 

where Z is precipitation rate (mm h-1), α and β are derived empirically and can vary 

depending on location, season, and other conditions (Smith and Krajewski, 1993), and R 

is reflectivity (mm6 m-3; Smith and Krajewski, 1993; Fulton et al., 1998; Johnson et al., 

1999). Precipitation intensity data are filtered and processed further to create the most 

complete and correct product (Smith and Krajewski, 1993; Smith et al., 1996; Fulton et 

al., 1998; Baeck and Smith, 1998). Further information and details about PPS processing 

are thoroughly described by Fulton et al. (1998).  

 Stage III NEXRAD gridded products are Stage II precipitation products mapped 

onto the Hydrologic Rainfall Analysis Project (HRAP) grid (Shedd and Fulton, 1993). 

Stage II data are hourly precipitation intensity products that incorporate both radar 

reflectivity and rain-gauge data (Shedd and Fulton, 1993) in an attempt to make the most 

accurate precipitation estimates possible. The HRAP grid is a polar coordinate grid that 

covers the conterminous U.S., with an average grid size is 4 km by 4 km, although grid 

size varies from approximately 3.7 km (north to south) to 4.4 km (east to west) in the 

southern and northern U.S., respectively (Fulton et al., 1998).  

 

3.  Methods 

3.1  NEXRAD Data Conversion and Sampling 

  NEXRAD Stage III gridded products (hereafter NEXRAD products) for an area 

covering the Colorado River basin from 1996 to 2005 were downloaded from the NOAA 

HDSG website (http://dipper.nws.noaa.gov/hdsb/data/nexrad/cbrfc_stageiii.php) for 

analysis. The data files were converted from archived XMRG files to ASCII format (each 

data file representing the mean precipitation intensity within each 1 h interval) using the 
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xmrgtoasc.c program provided on the NOAA HDSG website. The ASCII data files were 

then input into a custom program written in IDL for analysis.   

 We quantified hourly precipitation intensities (mm h-1) over square idealized 

basins (i.e. not real basins, but square basins as shown schematically in Fig. 2) of a range 

of areas from 16 km2 to 11,664 km2 (approximately the contributing area of the Bill 

Williams River, AZ, for readers familiar with the geography of the western U.S.) by 

successively spatially averaging precipitation-intensity values at HRAP pixel-length 

scales of powers of two (e.g. 4, 16 pixel2, etc.) and three (e.g. 9, 81 pixel2, etc.; Fig. 2). 

Spatial averaging is done by both powers of 2 and 3 simply to include more points on the 

FMACs than would result from using powers of 2 or 3 alone. The number of samples 

within each contributing area class limited the range of contributing areas used in this 

study.  

 UCRB and LCRB boundaries from GIS hydrologic unit layers created by the 

USGS and provided online through the National Atlas site 

(http://www.nationalatlas.gov/atlasftp.html#hucs00m) were projected to HRAP 

coordinates using the methods of Reed and Maidment (2006). These boundaries were 

used to delineate the region from which precipitation data were sampled from the 

NEXRAD products, i.e. when averaging precipitation data by powers of two and three a 

candidate square drainage basin was not included in the analysis if any portion of the 

square fell outside of the boundaries of the UCRB or LCRB (Fig. 2). Throughout the 

analysis, the HRAP pixel size was approximated by a constant 4 km by 4 km size despite 

the fact that HRAP pixel sizes vary slightly as a function of latitude (Reed and Maidment, 

2006). Our study basins span latitudes between approximately 31°N and 43°N resulting 
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in a maximum error of 15%. However, by keeping the pixel size constant, all pixels could 

be treated as identical in size and shape allowing us to sample the NEXRAD products in 

an efficient and automated way over many spatial scales.  

 For larger contributing areas, necessarily fewer samples are available within a 

given hydroclimatic region, thus increasing the uncertainty associated with the analysis 

for those larger contributing-area classes. For the UCRB and LCRB specifically, the 

uncertainty in the analysis becomes significant for contributing-area classes equal to and 

larger than ~104 km2. Of course, if the hydroclimatic region is defined to be larger, more 

samples are available for each contributing-area class and hence larger basins can be 

analyzed with confidence.  

 In addition to computing precipitation intensities as a function of spatial scale, we 

averaged precipitation intensities as a function of the time interval of measurement 

ranging from 1 to 64 hours in powers of two by averaging contiguous hourly precipitation 

intensity records over the entire 9-year study period. This range in time intervals was 

chosen in order to capture precipitation events that last on the order of ~1 hour 

(convective-type storms) to days (frontal-type storms).  

 

3.2  Precipitation and Flood Calculations  

 Two types of variables were calculated from the precipitation intensities sampled 

over the contributing-area and time-interval-of-measurement classes: (1) precipitation 

discharge, Qp, and (2) peak flood discharge, Qfd. The variable Qp is defined as the 

average precipitation intensity over a basin and time interval of measurement multiplied 

by the contributing area, resulting in units of m3 s-1. The variable Qfd is the peak flood 
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discharge (m3 s-1) calculated via the diffusion-wave flow-routing algorithm for a 

hypothetical flood triggered by a precipitation discharge, Qp, input uniformly over the 

time interval of measurement to idealized square basins associated with each 

contributing-area class. 

 The flow-routing algorithm we employ does not explicitly include infiltration and 

other losses that can further reduce Qfd relative to Qp. In this study we modeled 

infiltration and evaporation losses by simply removing a volume of water per unit time 

equal to one minus the runoff coefficient, i.e. the ratio of runoff to precipitation over a 

specified time interval, for three antecedent-moisture scenarios. We estimated runoff 

coefficients for each contributing-area class and each of three antecedent-moisture 

scenarios using published values for annual runoff coefficients for large basins within the 

UCRB and LCRB (Rosenburg et al., 2013) and published values for event-based runoff 

coefficients for small basins modeled with a range of antecedent-moisture conditions by 

Vivoni et al. (2007) (Fig. 3). On average, estimated runoff coefficients are higher for 

smaller and/or initially wetter basins. We found the dependence of runoff coefficients on 

contributing area and antecedent moisture to be similar despite the large difference in 

time scales between event-based and annual values. Despite the difference in geographic 

region between our study site and that of Vivoni et al. (2007) (they studied basins in 

Oklahoma), the runoff coefficients they estimated are likely to be broadly applicable to 

the LCRB and UCRB given that basins size and antecedent moisture are the primary 

controls on these values (climate and soil types play a lesser role except for extreme 

cases).  
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 The flow-routing algorithm routes flow along the main-stem channel of idealized 

square basins with sizes equal to the contributing area of each contributing-area class. 

The choice of a square basin is consistent with the square sample areas (see Section 3.1) 

and it allows for basin shape to remain the same (and therefore comparable) over the 

range of contributing areas used in this study. The main-stem channel, with a length of L 

(m), was defined as the diagonal distance from one corner to the opposite corner across 

the square basin (i.e. L is equal to the square root of the two times the area of the square 

basin). This main-stem channel was used in conjunction with a normalized area function 

to represent the shape of the basin and the routing of runoff through the drainage basin 

network. By including the normalized area function, we can account for geomorphic 

dispersion (i.e. the attenuation of the flood peak due to the fact that precipitation that falls 

on the landscape will take different paths to the outlet and hence reach the outlet at 

different times) in our analyses. The normalized area function, A(x) (unitless), is defined 

as the portion of basin area, AL(x) (m2), that contributes flow to the main-stem channel 

within a given range of distances (x) from the outlet, normalized by the total basin area, 

AT (m2; Mesa and Mifflin, 1986; Moussa, 2008). The normalized area function is 

assumed to be triangular in shape with a maximum value at the midpoint of the main-

stem channel from the outlet. The use of a triangular area function is common and such a 

shape has been shown to approximate the average area function of basins in general 

(Rodriguez-Iturbe and Valdes, 1979).  

 A 1-dimensional channel with simplified width and along-channel slope 

appropriate for channels in the CRB is used to approximate the geometry of the main-

stem channel of the idealized basin in the flow-routing algorithm. In addition, values for 
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channel slope, S (m/m), and channel width, w (m), are assigned based on the contributing 

area of the idealized basin and the results of a least-squares regression to channel-slope 

and channel-width data from the CRB. We assume here that the assigned channel slopes 

and widths represent the average value for the entire idealized basin. To find the best 

approximations for channel slope and width values, we developed formulae that predict 

average channel slope and channel width as a function of contributing area based on a 

least-squares fit of the logarithms of slope, width, and contributing area based on 

approximately 100 sites in the Colorado River Basin (CRB; Fig. 4). The data used in 

these least-squares regressions included slope, width, and contributing area information 

from all sites in the LCRB and southern UCRB presented in Moody et al.’s (2003) and 

additional sites from USGS stream-gauge sites from across the CRB.  

 The assigned channel slope and width values, together with the values of Qp, were 

used to calculate the depth-average velocities, V (m s-1), in hypothetical 1D main-stem 

channels of idealized square drainage basins corresponding to each contributing-area and 

time-interval-of-measurement class. In this study, flow velocity is not modeled over 

space and time, but rather is set at a constant value appropriate for the peak discharge 

using an iterative approach that solves for the peak depth-averaged flow velocity, uses 

that velocity to compute the parameters of the diffusion-wave-routing algorithm, routes 

the flow, and then computes an updated estimate of peak depth-averaged velocity. To 

calculate the depth-averaged velocity, V, we used Manning’s equation, i.e. 

,          (2) 

where nM is Manning’s n (assumed to be equal to 0.035), and R is the hydraulic radius 

(m) calculated with the assigned channel width, and S (m/m) is the assigned channel 
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slope. In order to calculate R, water depth, h, of the peak discharge needed to be 

determined. In this study h was iteratively solved for based on the peak-flow conditions 

(i.e. the depth-averaged velocity, V, associated with the peak-flood discharge, Qfd) with h 

set at 1 m for the first calculation of the flow-routing algorithm. At the end of each 

calculation, h is recalculated using Manning’s equation. These iterations continue until 

the water depth converges on a value (i.e. the change from the last calculation of h to the 

next calculation of h is ≤ 0.1 m) corresponding to a specific recurrence interval, 

contributing-area class, and time-interval-of-measurement class.  

 The method we used to model flow through the main-stem channel is the 

diffusion-wave flow-routing algorithm. This approach is based on the linearized Saint-

Venant equations for shallow-water flow in one dimension. To find a simpler, linear 

solution to Saint-Venant equations, Brutsaert (1973) removed the acceleration term from 

the equations, leaving the diffusion and advection terms that often provide a reasonable 

approximation for watershed runoff modeling (Brutsaert, 1973).  Leaving the diffusion 

term in the flow-routing algorithm includes hydrodynamic dispersion of the flood wave 

in the calculation of the flood hydrograph. In the case where the initial condition is given 

by a unit impulse function (Dirac function), the cell response function of the channel, qd 

(units of s-1), is given by: 

€ 

qd =
x

(2π)1/ 2btr
3 / 2 exp −

(x − atr )
2

2b2tr

⎡ 

⎣ 
⎢ 

⎤ 

⎦ 
⎥        (3) 

where x is the distance along the channel from the location where the impulse is input to 

the channel, tr is time since the impulse was input into the channel, and the drift velocity 

a (m s-1) and diffusion coefficient b2 (m2 s-1) are defined as  
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          (4)

         (5) 

where F is the Froude number, g is the acceleration due to gravity (m s-2), and a0 is a 

constant equal to 2/3 when using Manning’s equation (Troch et al., 1994). The large 

floods modeled in this study are assumed to have critical-flow conditions and therefore 

the Froude number is set to a constant value of 1.  

 The unit response discharge, qfd (m2 s-1), at the outlet of a drainage basin can be 

computed from equations (3)-(5) by integrating the product of the cell response function 

qd(x,t) corresponding to a delta-function input of the normalized area function, A(x), i.e. 

the spatial distribution of precipitation input. The integral is given by 

€ 

qfd (tr ) =
Qp

w
dt ' qd (x, tr − t ')A(x)dx

0

L

∫
0

tp

∫       (6) 

where tp is the time interval of measurement over which the unit impulse input (i.e. Qp) is 

applied to the idealized square drainage basin, and tr is the time after the input of the unit 

impulse that is long enough to capture the waxing the waning portions and the flood peak 

of the flood wave. The final peak discharge value, or Qfd (m3 s-1), was calculated by 

multiplying the unit discharge qfd (m2 s-1) by the channel width found through the formula 

derived from CRB data in Figure 4, and then selecting the largest value from the resulting 

hydrograph. 

  

3.3  Recurrence Interval Calculations 

 To determine the precipitation-intensity values and Qp, associated with a user-

specified recurrence interval, precipitation intensities for each contributing-area and time-



 

 

42 

interval-of-measurement class was first ranked from highest to lowest. The relationship 

between recurrence intervals and rank in the ordered list is given by the probability-of-

exceedance equation: 

          (7) 

where RI is the recurrence interval (yr), defined as the inverse of frequency (yr-1) or 

probability of exceedance, n is the total number of samples in each contributing-area and 

time-interval-of-measurement scaled to units in years (resulting in units of yr), and m is 

the rank of the magnitude ordered from largest to smallest (unitless). The resulting 

precipitation intensities associated with a user-specified recurrence interval and 

contributing-area and time-interval-of-measurement class was then used to calculate the 

Qp value. 

 At the end of the calculations described above we have datasets of precipitation-

intensity, Qp, and Qfd values for each combination of the eight contributing-area classes, 

the seven time-interval-of-measurement classes, and the four recurrence intervals. We 

then find the maximum values of precipitation intensity, Qp, and Qfd associated with a 

given contributing-area class and recurrence interval among all values of the time-

interval-of-measurement class (i.e. the values calculated for 1 to 64 h time intervals). This 

step is necessary in order to find the maximum values for a given contributing area class 

and recurrence interval independent of the time-interval-of-measurement, i.e. 

independent of storm durations and associated types of storms. These maximum values 

are used to plot the FMAC for a given recurrence interval. 

 

3.4  Estimation of Uncertainty  
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 Confidence intervals (i.e. uncertainty estimates) were calculated to quantify the 

uncertainty in calculated precipitation intensities and associated Qp and Qfd values. In this 

study we estimated confidence intervals using a non-parametric method similar to that 

used to calculate quantiles for flow-duration curves (Parzen, 1979; Vogel and Fennessey, 

1994). Like quantile calculations, which identify a subset of the ranked data in the 

vicinity of each data point to estimate expected values and associated uncertainties, we 

estimated confidence intervals for our predictions based on the difference in Qp values 

between each point and the next largest value in the ranked list. This approach quantifies 

the variation in the precipitation intensity value for a given contributing area and 

recurrence interval.  

 The resulting confidence intervals of precipitation intensity were used to calculate 

confidence intervals for Qp and Qfd. Confidence intervals for Qp values were equal to the 

confidence intervals for precipitation intensity propagated through the calculation of Qp 

(i.e. multiplying by contributing area). Confidence intervals for Qfd values were 

calculated to be the same proportion of the Qfd value as that set by the precipitation 

intensity value and it’s confidence intervals. For example, if the upper confidence interval 

was 120% of a precipitation intensity value, the upper confidence interval for the Qfd 

value associated with the precipitation intensity value is assumed to be 120% of the Qfd 

value. This approach to propagation of uncertainty treats all other variables in the 

calculations as constants and additional uncertainty related to regression analyses on 

variables used in the flow-routing algorithm such as slope, channel width, and runoff 

coefficients was not included.  

 



 

 

44 

3.5  Testing the Effects of Climate Variability 

 To quantify the robustness of our results with respect to climate variability, we 

separated the NEXRAD data into El Niño and La Niña months using the multivariate 

ENSO index (MEI). All months of data with negative MEI values (La Niña conditions) 

were run together to calculate the precipitation intensity and Qp values for contributing 

areas of 16, 256, and 4096 km2, time intervals of 1 to 64 hours, and for 10-, 50-, 100-, 

and 500-year recurrence intervals. This was repeated with all months of data with 

positive MEI values (El Niño conditions). Figure 5 shows the distribution of negative and 

positive MEI values during the 1996 to 2004 water years used in this study.  

 

4.  Results 

4.1  Channel Characteristics and Runoff Coefficients 

 Least-squares regression of channel slopes and channel widths from the CRB 

versus contributing area was used to estimate channel slope, channel width, and runoff 

coefficients for each idealized basin of a specific contributing-area class. Channel slope 

decreases as a power-law function of contributing area with an exponent of -0.30 (R2 = 

0.39), whereas channel width increases as a power-law function of contributing area with 

an exponent of 0.28 (R2 = 0.65; Fig. 4). These results follow the expected relationships 

among channel slopes, widths, and contributing area, i.e. as contributing area increases 

the channel slope decreases and the channel width increases.  

 Runoff coefficients for wet, medium, and dry antecedent-moisture conditions all 

decrease with increasing contributing area following a logarithmic function, with the 

slope of the line decreasing from wet to dry conditions. The fitness of the line to the data 
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also decreases for the wet to dry conditions, with the R2 values for wet, medium, and dry 

conditions equal to 0.78, 0.45, and 0.04, respectively. Runoff coefficients decrease with 

increasing contributing area due to the increased probability of water loses as basin area 

increases. Also, as expected, runoff coefficients are highest in basins with wet initial 

conditions that are primed to limit infiltration and evapotranspiration.  

 

4.2  Trends in Precipitation Intensity  

 Maximum precipitation intensities (i.e. the maximum among all time-interval-of-

measurement classes) for each contributing-area class and recurrence interval decrease 

systematically as power-law functions of increasing contributing area for all recurrence 

intervals with an average exponent of  -0.22 ± 0.11 (error is the standard deviation of all 

calculated exponents found from a weighed least-squares regression; average coefficient 

of determination R2 = 0.74). Note that maximum-precipitation-intensity results are not 

plotted because they are closely related to the plots of Qp versus contributing area in 

Figure 6, i.e. Qp is simply the precipitation intensity multiplied by the contributing area. 

The decrease in maximum precipitation intensity with contributing area can be seen in 

Table 1, where maximum precipitation intensities over contributing areas of 11,664 km2 

are 65% to 32% of maximum precipitation intensity values for basin areas of 16 km2 in 

both the UCRB and LCRB (Table 1). The largest decrease in maximum precipitation 

intensity values between the smallest and largest contributing areas were found for the 

smallest (e.g. 10-year) and largest recurrence interval (e.g. 500-year) for the UCRB and 

LCRB, respectively. The decrease in maximum precipitation intensity with increasing 
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contributing area suggests that there is a spatial limitation to storms of a given 

precipitation intensity. 

 Differences among maximum precipitation intensities for the four recurrence 

intervals as a function of contributing area are larger in the UCRB than in the LCRB 

(Table 1). This larger “spread” in the maximum precipitation intensities in the UCRB 

relative to the LCRB is also propagated throughout the maximum precipitation and flood 

discharge calculations. For both the UCRB and LCRB, the difference between the 50- 

and 100-year recurrence interval values was the smallest (Table 1). These trends show 

that maximum precipitation intensities vary much more as a function of recurrence 

interval in the UCRB compared with the LCRB. 

 Maximum precipitation intensities associated with a 10-year recurrence interval 

are similar in the LCRB than the UCRB, while intensities were higher in the UCRB than 

the LCRB for recurrence intervals of 50-, 100-, and 500-years (Table 1). The results of 

the comparison between the two basins suggest that common (i.e. low-recurrence-

interval) precipitation events will have similar maximum precipitation intensities in the 

UCRB and LCRB, but that rare (i.e. high-recurrence-interval) precipitation events will 

have higher maximum precipitation intensities in the UCRB than in the LCRB for the 

same recurrence interval. 

 

4.3  Trends in Qp  

 Maximum precipitation discharges (Qp hereafter) increase with contributing area 

as power-law functions with an average exponent of 0.79 ± 0.07 (error is the standard 

deviation of all calculated exponents) based on weighed least-squares regressions on the 
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data (R2 = 0.93) for all recurrence intervals and for both the UCRB and LCRB (Fig. 6). 

These Qp values for a given contributing-area class and recurrence interval are the largest 

values taken from the multiple values calculated for each of the seven time intervals of 

measurement as explained in Section 3.3. By taking the maximum values, the resulting 

Qp FMACs approximate the upper envelope of values of a given recurrence interval. In 

this study the FMAC follows a power-law function that shows that Qp increases 

predictably across the range in contributing areas. As with the maximum precipitation 

intensity results, differences between Qp values of different recurrence intervals for a 

given contributing area were larger for the UCRB than the LCRB (Fig. 6).  

 In general, confidence intervals for Qp values increase with increasing 

contributing-area class (Table 1 and Fig. 6). The large values of the highest contributing-

area classes and highest recurrence intervals show the spatial limitation of the method, 

meaning that at these contributing-area classes and recurrence intervals the values are 

sampled from the largest ranked value and have infinite confidence intervals. These 

values include the 50-, 100-, and 500-year recurrence intervals for the UCRB and the 

100- and 500-year recurrence intervals for the LCRB at the 11,664 km2 contributing-area 

class.  

 

4.4  Trends in Qfd 

 Maximum Qfd values (hereafter Qfd), i.e. the largest values taken for the multiple 

values calculated for each time interval of measurement for a given contributing-area 

class and recurrence interval, were used to plot FMACs for wet, medium, and dry 

conditions for both the UCRB and LCRB (Fig. 7). In general, FMACs for Qfd values 
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follow the power-law relationship shown in the Qp FMACs until a contributing area of 

≈1,000 km2, where the curves begin to slightly flatten or decrease. As with the Qp values, 

Qfd values representing some of the higher recurrence intervals converge to the same 

value (i.e. the value corresponding to the highest precipitation intensity for the 

contributing-area class) at contributing areas of ≈10,000 km2 the and the confidence 

intervals become infinite (Table 2). This convergence of Qfd values at the largest 

contributing areas is due to the reduction in the range of values and the number of 

samples from which to calculate the associated values for each recurrence interval.  

 In general, The UCRB Qfd FMACs (Fig. 7A, C, and E) are slightly higher in 

magnitude and span a larger range of magnitudes than the FMACs for the LCRB. For 

both basins, FMACs for the wet, medium, and dry conditions resulting in the highest, 

middle, and lowest magnitudes, respectively. This trend is expected due to the lowering 

of runoff coefficients and available water as conditions become drier.  

 FMACs of Qfd for the LCRB plot below published FECs for the LCRB and U.S. 

(Fig. 7B, D, F) at low contributing areas, but exceed the LCRB FEC for contributing 

areas above ≈1,000 km2 and ≈100 km2 for dry and wet antecedent-moisture conditions, 

respectively. The FMACs for the LCRB do not exceed the U.S. FEC. All of the FMACs 

of Qfd for the UCRB exceed the LCRB FEC for wet conditions, with the FMACs of 

lower recurrence intervals exceeding the curve at higher contributing areas than the 

FMACs of higher recurrence intervals (Fig. 7A). The 500-year FMAC for wet conditions 

approximate the U.S. FEC for contributing areas between ≈100 to 1,000 km2. These 

results suggests that under certain antecedent-moisture conditions, and in basins of 

certain contributing areas, the LCRB produces floods that exceed the maximum recorded 
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floods in the LCRB and the UCRB produces floods of magnitudes on par with the 

maximum recorded floods in the U.S. 

 

4.5  The Effects of ENSO on Precipitation 

 Definitive differences in maximum precipitation intensities and Qp values were 

found between months with positive versus months with negative MEI values (Table 3). 

For very small contributing areas (16 km2) in the LCRB maximum precipitation 

intensities and Qp values are similar during negative and positive MEI conditions. Larger 

contributing areas (256 and 4,096 km2) show higher maximum precipitation intensities 

during negative MEI conditions regardless of recurrence interval. Values of Qp show the 

same trend as the maximum precipitation intensity in the LCRB. In the UCRB, maximum 

precipitation intensities and Qp values during negative MEI conditions are higher than 

those during positive MEI conditions regardless of recurrence interval.  

 

5.  Discussion 

5.1  Use and Accuracy of NEXRAD Products 

 NEXRAD products are widely used as precipitation inputs in rainfall-runoff 

modeling studies due to the spatially complete nature of the data necessary for hydrologic 

and atmospheric models (Ogden and Julien, 1994; Giannoni et al., 2003; Kang and 

Merwade, 2011). In contrast to past studies similar in scope to this study (Castellarin et 

al., 2005; Castellarin, 2007; Castellarin et al., 2009) we did not use rain-gauge data and 

only used NEXRAD products to determine the FMACs for precipitation and flood 

discharges. We favor NEXRAD products due to the spatial completeness of the data.  
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 Intuitively, NEXRAD products that are spatially complete and that average 

precipitation over a 4 km by 4 km area would not be expected to match rain-gauge data 

within that area precisely (due to the multi-scale variability of rainfall), although some 

studies have tried to address this discrepancy (Sivapalan and Bloschl, 1998; Johnson et 

al., 1999). Xie et al. (2006) studied a semi-arid region in central New Mexico and found 

that hourly NEXRAD products overestimated the mean precipitation relative to rain-

gauge data in both monsoon and non-monsoon seasons by upwards of 33% and 55%, 

respectively. Overestimation of precipitation has also been noted due to the range and the 

tilt angle at which radar reflectivity data are collected (Smith et al., 1996). 

Underestimation of precipitation by NEXRAD products relative to rain gauge data has 

also been observed (Smith et al., 1996; Johnson et al., 1999), however.  

 Under- and over-estimation of precipitation by NEXRAD products in relation to 

rain-gauge data is partly due to the difference in sampling between areal NEXRAD 

products and point data from rain gauges and partly due to sampling errors inherent to 

both methods. For example, NEXRAD products include problems such as the use of 

incorrect Z-R relationships for high intensity storms and different types of precipitation, 

such as snow and hail (Baeck and Smith, 1998). Also, because of its low reflectivity, 

snow in the NEXRAD products is measured as if it were light rain (David Kitzmiller, 

personal communication, January 10, 2012). This means the NEXRAD products likely 

underestimate snowfall and therefore snowfall is not fully accounted for in this study. 

Rain gauges can also suffer from a number of measurement errors that usually result in 

an underestimation of rainfall (Burton and Pitt, 2001). In addition, gridded rainfall data 

derived from rain gauges are not spatially complete and therefore must be interpolated 



 

 

51 

between point measurements to form a spatially complete model of rainfall. It is 

impossible to discern which product is more correct due to the differences in 

measurement techniques and errors, but by taking both products and combining them into 

one, the Stage III NEXRAD precipitation products generate the best precipitation 

estimate possible for this study.  Moreover, it should be noted that 100-year flood 

magnitude predictions based on regression equations have very large relative error bars 

(ranging between 37 to 120% in the western U.S.; Parrett and Johnson, 2003) and that 

measurements of past extreme floods can have significant errors ranging from 25% to 

130% depending on the method used (Baker, 1987). As such, even a ~50% bias in 

NEXRAD-product-derived precipitation estimates is on par or smaller than the 

uncertainty associated with an analysis of extreme flood events.   

 

5.2  Comparison of the FMAC method to Previous Studies 

 Previously published studies have looked at new approaches to approve upon the 

FEC method. Castellarin et al. (2005) took a probabilistic approach to estimating the 

exceedance probability of the FEC for synthetic flood data. The authors were able to 

relate the FECs of certain recurrence intervals to the correlation between sites, the 

number of flood observations, and the length of each observation. Castellarin (2007) and 

Castellarin et al. (2009) applied these methods to real flood record data and extreme 

rainfall events for basins within north-central Italy. Castellarin et al. (2009) also created 

depth-duration envelope curves of precipitation to relate extreme precipitation events to 

mean annual precipitation. This group of studies was successful in incorporating 

recurrence-interval information into the traditional FEC method. However, most of the 
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models presented in these studies were completed with synthetic data or created for 

design storm processes and require additional analysis and assumptions to be used on 

available measured precipitation and flood data. Also, most of the precipitation data used 

in these past studies was collected using rain gauges (point sources), while only a small 

subset of data in Castellarin et al. (2009) was sourced from radar-derived precipitation 

estimates. In contrast to these studies we formulate a simplified method (i.e. the FMAC 

method) that is readily applicable to any region of interest and can be directly compared 

to already existing FECs. Also we favor the use of spatially complete radar-derived 

precipitation estimates in order to apply our methods to ungauged basins.  

 

5.3  Comparison of FMACs to Published FECs  

 FMACs of Qfd exhibit a similar shape and similar overall range in magnitudes as 

previously published FECs, derived from stream-gauge and paleoflood records, for the 

LCRB and U.S. (Fig. 7). In general, the FMACs exceed or match published FECs at 

larger contributing areas, and are lower than or on par with published FECs at the 

smallest contributing areas (Fig. 7).  

 All FMACs except the 500-year recurrence-interval curve for the UCRB under 

wet conditions are positioned well below the U.S. FEC presented by Costa (1987; Fig. 

7A). The similarity between the 500-year recurrence interval Qfd FMAC for the UCRB 

under wet conditions and the U.S. FEC suggests that the U.S. FEC includes floods of 

larger recurrence-intervals, which are similar in magnitude to the 500-year recurrence-

interval floods within the UCRB. The approximation of the U.S. FEC by the 500-year 

UCRB FMAC is a significant finding due to the fact that the U.S. FEC includes storms 
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from other regions of the U.S. with extreme climatic forcings (i.e. hurricanes, extreme 

convection storms, etc.). 

 The Qfd FMACs for the LCRB can be directly compared to the FEC for the LCRB 

presented by Enzel et al. (1993). At contributing areas smaller than approximately 100 

km2, Qfd FMACs for wet conditions and all recurrence intervals are positioned below the 

LCRB FEC, but at larger contributing areas Qfd FMACs exceed or approximate the 

LCRB FEC. Qfd FMACs calculated for medium and dry antecedent conditions show the 

same trend, but exceed the LCRB FEC at a larger contributing areas (≥ 1,000 km2). This 

comparison suggests that although the FMACs overlap the overall range of flood 

magnitudes of the LCRB FEC, the two methods are not capturing the same trend for 

extreme flood discharges and the LCRB is capable of producing floods larger than those 

on record.  

 The difference in the slope of the FMACs, and specifically the exceedance of the 

published LCRB FEC, suggests that the two methods are not capturing the same 

information. This difference may be due to the difference in how the data are sourced for 

each method. FECs are created as regional estimates of maximum flood discharges and 

are based on stream-gauging station and paleoflood data. The FECs are then used to 

provide flood information for the region, including ungauged and unstudied drainage 

basins. FECs are limited to the number of stream gauges employed by public and private 

parties and do not include all basins within a region. In general, FECs may underestimate 

maximum floods in larger basins, relative to smaller basins, because there are a larger 

number of smaller basins to sample than larger basins. This sample-size problem 

introduces bias in the record where flood estimates for smaller contributing areas may be 
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more correct than estimates for larger basins. In this study, the regional precipitation 

information given by the NEXRAD network is used to form the FMAC, therefore taking 

advantage of the entire region and using precipitation data to calculate flood discharges, 

rather than directly measuring flood discharges. This sampling scheme allows for much 

larger sample sizes for the range of contributing areas, therefore minimizing the sample 

bias of the traditional FEC.  

 This study aimed to introduce the new method of the FMAC and therefore 

improve upon the traditional methods of the FEC. By calculating FMACs we provide 

frequency and magnitude information of possible flood events for a given region in 

contrast to the FECs that only provide an estimate of the largest flood on record. This 

information is vital for planning and infrastructure decisions and the accurate 

representation of precipitation and flooding in design-storm and watershed modeling. In 

addition, the fact that the FMACs match the FECs for large (500-year) recurrence 

intervals and do not exhibit the same trends suggests that the FMACs are capturing 

different samples than the FECs. This indicates that by using the NEXRAD products, the 

FMACs may provide a more inclusive flood dataset for a region (especially ungauged 

areas) than the traditional stream-gauge records.  

 

5.4  Precipitation Controls on the Form of the FEC  

 Qp FMACs were shown to have a strong (average R2 =0.93) power-law 

relationship between Qp and contributing area for all recurrence intervals. Figure 8 shows 

a conceptualized FEC where the concave-down shape is created when the observed 

envelope curve diverges from the constant positive power-law relationship between Qp 
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and contributing area. This diversion creates a “gap” between the two curves and 

indicates that flood discharge is not a simple power-law function of contributing area. 

Three mechanisms have been proposed to explain the “gap” and characteristic concave-

down shape of FECs: (1) integrated precipitation (i.e. total precipitation over an area) is 

more limited over larger contributing areas compared to smaller contributing areas 

(Costa, 1987), (2) a relative decrease in maximum flood discharges in larger contributing 

areas due to geomorphic dispersion (Rodriguez-Iturbe and Valdes, 1979, Rinaldo et al., 

1991, Saco and Kumar, 2004), and (3) a relative decrease in maximum flood discharges 

in larger basins due to hydrodynamic dispersion (Rinaldo et al., 1991). The first 

explanation, proposed by Costa (1987), suggests that there is a limitation to the size of a 

storm and the amount of water that a storm can precipitate. The effect of precipitation 

limitations may be evidenced by the decreasing maximum precipitation intensities with 

increasing contributing area. However, the strong power-law relationship between Qp and 

contributing area for all recurrence intervals indicates that Qp is, in general, increasing 

predictably over the range of contributing areas used in this study. Even if precipitation 

limitations affect the shape of the curve, this single hypothesis does not account for all of 

the concave-down shape of each FEC suggesting that other mechanisms are important to 

creating the characteristic shape. However, it is important to note that the importance of 

each mechanism may be different for different locations.  

 

5.5  Climate Variability in the NEXRAD Data 

 The results from comparing negative and positive MEI conditions in the UCRB 

and LCRB are generally consistent with ideas about ENSO and how it affects 
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precipitation in the western U.S. In the LCRB, during negative MEI conditions, small, 

frequent storms have similar or slightly higher maximum precipitation intensities and Qp 

values than during positive MEI conditions. This similarity between the two conditions 

may be explained by the balancing of increased winter moisture during El Niño in the 

southwestern U.S. (Hidalgo and Dracup, 2003) and increased summer moisture through 

the strengthening of the NAM system and the convective storms it produces during La 

Niña conditions (Castro et al., 2001; Grantz et al., 2007). In general, the strengthening of 

the NAM may explain the higher maximum precipitation intensities and Qp values during 

negative MEI conditions in the LCRB. Strengthening of the NAM may be due in part to 

the large temperature difference between the cool sea surface of the eastern Pacific Ocean 

and the hot land surface of the southwestern U.S. and northwestern Mexico during La 

Niña conditions. The large temperature gradient increases winds inland, bringing the 

moisture associated with the NAM (Grantz et al., 2007). In the UCRB it is during 

negative MEI conditions, where the highest maximum precipitation intensities and Qp 

values for all recurrence intervals occur. This suggests that the UCRB is affected by 

ENSO much like the northwestern U.S., where wetter winters are affiliated with La Niña 

and not El Niño conditions (Cayan et al., 1999; Hidalgo and Dracup, 2003). It is 

important to note that this comparison is of intensity rates and not total precipitated 

moisture so the MEI condition resulting in wetter conditions is not known.  

 In addition to the ENSO analysis, by investigating previous studies we see that, 

along with natural yearly precipitation variability, the 1996 to 2004 water years included 

many atmospheric river events (Dettinger, 2004; Dettinger et al., 2011). It is important 

that these events were included due to their ability to greatly increase winter precipitation 
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in the UCRB and LCRB (Rutz and Steenburgh, 2012). Atmospheric river events 

(sometimes known as Pineapple Express events) can also be tied to major Pacific climate 

modes such as the ENSO (Dettinger, 2004; Dettinger, 2011), the Pacific Decadal 

Oscillation (PDO; Dettinger, 2004), and the North Pacific Gyre Oscillation (NPGO; 

Reheis et al., 2012) in southern California. Unfortunately, correlations between 

atmospheric river events are unknown and/or less clear for the interior western U.S. 

However, all three of these Pacific climate modes shifted during the 9-year study period 

in ~1998 to 1999 (Reheis et al., 2012) indicating that both positive and negative 

conditions of the ENSO, PDO, and NPGO exist in the NEXRAD products used in this 

study.  

 The presence of distinct trends in maximum precipitation and Qp values calculated 

for negative and positive MEI conditions, as well as the information in the literature on 

atmospheric river events, indicates the NEXRAD products used in this study incorporate 

circulation-scale weather patterns. In addition, the patterns in maximum precipitation and 

Qp values during different MEI conditions agree with common understanding of the 

effects of ENSO on the western U.S. and provide evidence that the data and methods 

used in this paper to analyze precipitation are reliable. This analysis shows that the 

NEXRAD products worked well in this location and that using radar-derived 

precipitation products may be useful for identifying precipitation and climatic trends in 

other locations where the FMAC method can be applied.  

 

6.  Conclusions  
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 In this study we present the new FMAC method of calculating precipitation and 

flood discharges of a range of recurrence intervals using radar-derived precipitation 

estimates combined with a flow-routing algorithm. This method improves on the 

traditional FEC by assigning recurrence interval information to each value and/or curve. 

Also, instead of relying on stream-gauge records of discharge, this method uses up-to-

date and spatially complete radar-derived precipitation estimates (in this case NEXRAD 

products) to calculate flood discharges using flow-routing algorithms. This study presents 

an alternative data source and method for flood-frequency analysis by calculating 

extreme (high recurrence interval) event magnitudes from a large sample set of 

magnitudes made possible by sampling the radar-derived precipitation estimates.  

 The FMACs for Qp and Qfd for the UCRB were similar to those produced for the 

LCRB. In general, all recurrence-interval curves followed the same general trend, 

indicating that the mechanisms of precipitation and flood discharge are similar for the 

two basins. However, there were some differences between the two basins. Overall, there 

were larger differences between curves of different recurrence intervals for the UCRB 

than the LCRB suggesting a larger range in maximum precipitation intensities, and 

therefore Qp and Qfd, in the UCRB relative to the LCRB. For both the UCRB and LCRB 

the 50- and 100-year recurrence interval curves for all precipitation and discharge 

FMACs were the most similar. This similarity may mean that although historical 

discharge records are short, having a 50-year record may not underestimate the 100-year 

flood as much as one might expect. Also, for Qp and Qfd, low recurrence-interval values 

were slightly higher in the LCRB than in the UCRB. This relationship was opposite for 

high recurrence-interval values. This likely points to a general hydroclimatic difference 



 

 

59 

between the two basins, with the LCRB receiving high intensity storms annually due to 

the NAM and the UCRB receiving more intense and rarer winter frontal storms. 

 Power-law relationships between maximum precipitation intensity, Qp, and 

contributing area were also found in this study. Maximum precipitation intensities 

decreased as a power-law function of contributing area with an average exponent of -0.22 

± 0.11 for all recurrence intervals. Qp values for all recurrence intervals increased as a 

power-law function of contributing area with an exponent of approximately 0.79 ± 0.07 

on average. Based on the constant power-law relationship between Qp and contributing 

area, the “gap” or characteristic concave-down shape of published FEC are likely not 

caused by precipitation limitations.  

 In general, the FMACs of Qfd calculated in this study are lower than, and exceed, 

the published FECs for the LCRB at lower and higher contributing areas. All FMACs of 

Qfd were positioned well below the U.S. FEC except the UCRB 500-year FMAC, which 

approximated the U.S. FEC during wet antecedent-moisture conditions. All FMACs of 

Qfd for all moisture conditions in the LCRB closely approximated the same magnitudes 

as the published LCRB FEC, but exceeded it for larger contributing areas. The higher 

estimates of flood discharges at larger contributing areas may be the result of the 

difference of sampling methods and are likely not erroneous and may be proved true by 

future events.  

 Lastly, the approximately 9 years of NEXRAD products were found to be a good 

representation of climate in the CRB. This conclusion was made based on differences in 

precipitation between positive and negative ENSO conditions in both the UCRB and 

LCRB and additional data found in the literature. In general, the UCRB was found to 
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have a hydroclimatic regime much like that of the northwestern U.S. where El Niño 

conditions result in lower maximum precipitation intensities and amounts and La Niña 

conditions result in higher maximum precipitation intensities. The LCRB showed a more 

complex trend with similar maximum precipitation intensities for both El Niño and La 

Niña conditions. 

 Here this method is applied to the UCRB and LCRB in the southwestern U.S., but 

could be applied to other regions of the U.S. and the world with variable climate and 

storm types where radar-derived precipitation estimates are available. In addition, this 

study used set values of contributing area, drainage basin shape, time intervals of 

measurement, and recurrence intervals that can be changed based on the focus of future 

studies. Other variables such as snowpack, elevation, and land use should be explored in 

conjunction with this method to better understand controls on precipitation and flooding. 
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Tables 

Table 1. Maximum precipitation intensity and Qp for the Upper Colorado River Basin 

(UCRB) and Lower Colorado River Basin (LCRB). Note that data are all sampled from 

time intervals of measurement ≤ 2 hours. 

RI  Area 
(km2) 

Intensity 
(mm h-1) 

Qp 
(m3 s-1) 

  UCRB LCRB UCRB LCRB 
10 16 28.2 ± 0.0 37.5 ± 0.0 125 ± 0 166.6 ± 0 
10 64 26.1 ± 0.1 32.5 ± 0.0 464 ± 1 578.0 ± 0 
10 144 25.1 ± 0.8 30.0 ± 0.0 1004 ± 31 1198.6 ± 1 
10 256 25.0 ± 0.4 27.8 ± 0.1 1774 ± 31 1974.7 ± 4 
10 1024 20.7 ± 1.2 19.8 ± 0.1 5887 ± 355 5630 ± 35 
10 1296 21.3 ± 1.9 21.7 ± 0.3 7676 ± 681 7820 ± 126 
10 4096 15.5 ± 3.0 16.3 ± 0.8 17682 ± 3462 18585 ± 890 
10 11664 12.6 ± 4.0 11.0 ± 1.1 40914 ± 12864 35521 ± 3581 

      
50 16 66.6 ± 0.7 56.4 ± 0.0 296 ± 3 250 ± 0 
50 64 55.9 ± 1.2 48.0 ± 0.0 993 ± 22 854 ± 1 
50 144 55.9 ± 0.9 43.8 ± 0.1 2235 ± 35 1753 ± 5 
50 256 55.9 ± 1.4 40.9 ± 0.1 3974 ± 101 2908 ± 6 
50 1024 50.8 ± 5.5 33.6 ± 1.4 14449 ± 1569 9560 ± 393 
50 1296 50.8 ± 5.8 32.5 ± 2.0 18287 ± 2091 11704 ± 707 
50 4096 27.6 ± 22.2 30.0 ± 5.2 31382 ± 25313 34126 ± 5969 
50 11664 13.6* 15.4 ± 4.7 68434* 49764 ± 15247 

      
100 16 99.1 ± 0.3 68.6 ± 0.1 440 ± 1 305 ± 0 
100 64 100.4 ± 2.5 54.8 ± 0.3 1785 ± 44 974 ± 5 
100 144 110.5 ± 1.7 51.9 ± 0.5 4421 ± 70 2075 ± 19 
100 256 101.0 ± 2.8 48.4 ± 0.2 7181 ± 201 3440 ± 17 
100 1024 68.8 ± 11.0 42.5 ± 2.2 19578 ± 3139 12085 ± 630 
100 1296 78.5 ± 8.8 43.2 ± 2.1 28257 ± 3173 15544 ± 771 
100 4096 40.8 ± 44.5 32.0 ± 10.4 46422 ± 50625 36425 ± 11803 
100 11664 13.6* 20.1* 68434* 65011* 

      
500 16 254.0 ± 0.4 81.9 ± 0.7 1129 ± 2 364 ± 3 
500 64 229.0 ± 3.1 68.6 ± 1.5 4071 ± 55 1219 ± 26 
500 144 219.1 ± 3.2 68.6 ± 3.2 8762 ± 128 2743 ± 128 
500 256 219.4 ± 7.3 68.6 ± 3.4 15600 ± 517 4877 ± 242 
500 1024 166.0 ± 44.1 68.6 ± 3.1 47229 ± 12554 19507 ± 884 
500 1296 174.6 ± 8.1 65.6 ± 3.4 62862 ± 2917 23624 ± 1241 
500 4096 81.6 ± 0.0 53.6 ± 53.6* 92844* 60930* 
500 11664 13.6* 20.1* 68434* 65011* 

* Values with infinite confidence intervals of 100%. 
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Table 2. Maximum Qfd for the Upper Colorado River Basin (UCRB) and Lower Colorado 

River Basin (LCRB). Note that data are all sampled from time intervals of measurement 

≤ 2 hours.  

RI  Area 
(km2) 

Wet Qfd 
(m3 s-1) 

Med Qfd 
(m3 s-1) 

Dry Qfd 
(m3 s-1) 

  UCRB LCRB UCRB LCRB UCRB LCRB 
10 16 66 ± 1 88 ± 0 37 ± 0 49 ± 0 20 ± 0 27 ± 0 
10 64 212 ± 1 263 ± 0 122 ± 0 152 ± 0 71 ± 0 89 ± 0 
10 144 417 ± 13 497 ± 1 246 ± 8 293 ± 0 150 ± 5 178 ± 0 
10 256 684 ± 12 761 ± 1 412 ± 7 460 ± 1 258 ± 5 288 ± 1 
10 1024 1857 ± 112 1775 ± 11 1190 ± 72 1130 ± 7 805 ± 48 776 ± 5 
10 1296 2328 ± 207 2373 ± 38 1512 ± 134 1543 ± 25 1038 ± 92 1066 ± 17 
10 4096 4335 ± 849 4556 ± 218 3040 ± 595 3191 ± 153 2269 ± 444 2393 ± 115 
10 11664 7847 ± 2467 6812 ± 687 6081 ± 1912 5298 ± 534 4970 ± 1563 4289 ± 432 

        
50 16 156 ± 2 132 ± 0 87 ± 1 73 ± 0 48 ± 1 41 ± 0 
50 64 458 ± 10 389 ± 0 264 ± 6 224 ± 0 155 ± 3 132 ± 0 
50 144 998 ± 16 727 ± 2 589 ± 9 430 ± 1 358 ± 6 262 ± 1 
50 256 1532 ± 39 1121 ± 2 923 ± 23 676 ± 1 578 ± 15 421 ± 1 
50 1024 4557 ± 495 3014 ± 124 2919 ± 317 1928 ± 79 1977 ± 215 1308 ± 54 
50 1296 5548 ± 634 3551 ± 214 3602 ± 412 2300 ± 139 2474 ± 283 1571 ± 95 
50 4096 7694 ± 6206 8368 ± 1464 5389 ± 4347 5850 ± 1023 4024 ± 3246 4343 ± 760 
50 11664 13145* 9562 ± 2930 10193* 7317 ± 2242 8326* 6055 ± 1855 

        
100 16 232 ± 1 160 ± 0 129 ± 0 89 ± 0 72 ± 0 50 ± 0 
100 64 814 ± 20 444 ± 2 469 ± 11 256 ± 1 275 ± 7 150 ± 1 
100 144 1834 ± 29 861 ± 8 1083 ± 17 508 ± 5 659 ± 10 309 ± 3 
100 256 2769 ± 78 1327 ± 7 1668 ± 47 798 ± 4 1045 ± 29 499 ± 3 
100 1024 6175 ± 990 3812 ± 199 3956 ± 634 2438 ± 127 2677 ± 429 1662 ± 87 
100 1296 9329 ± 1048 4715 ± 234 6055 ± 680 3058 ± 152 4160 ± 467 2104 ± 104 
100 4096 12383 ± 18713 8926 ± 2892 8680 ± 13117 6294 ± 2039 6471 ± 9779 4698 ± 1522 
100 11664 13145* 12489* 10193* 9588* 8326* 7821* 

        
500 16 594 ± 1 192 ± 2 331 ± 0 107 ± 1 184 ± 0 59 ± 0 
500 64 1856 ± 25 556 ± 12 1069 ± 14 320 ± 7 627 ± 8 188 ± 4 
500 144 3634 ± 53 1138 ± 53 2146 ± 31 673 ± 31 1306 ± 19 408 ± 19 
500 256 6016 ± 199 1881 ± 94 3624 ± 120 1130 ± 56 2269 ± 75 709 ± 35 
500 1024 14896 ± 3960 6153 ± 279 9544 ± 2537 3945 ± 179 6461 ± 1717 2660 ± 120 
500 1296 19075 ± 885 7170 ± 377 12379 ± 575 4656 ± 245 8505 ± 395 3198 ± 168 
500 4096 22763* 14936* 15947* 10460* 11896* 7800* 
500 11664 13145* 12489* 10193* 9588* 8326* 7821* 

* Values with infinite confidence intervals of 100%. 
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Table 3. Maximum precipitation intensity and Qp values for 10, 50, 100, and 500-year 

recurrence intervals during negative (neg) and positive (pos) Multivariate ENSO Index 

(MEI) conditions within the Lower Colorado River Basin (LCRB) and Upper Colorado 

River Basin (UCRB). Note that data are all sampled from time intervals of measurement 

≤ 2 hours.  

Basin MEI Area 
(km2) 

Intensity 
(mm h-1) 

Qp 
(m3 s-1) 

   10 yr 50 yr 100 yr 500 yr 10 yr 50 yr 100 yr 500 yr 
LCRB neg 16 39 56 69 77 175 250 305 343 
 neg 256 31 46 53 69 2206 3251 3741 4877 
 neg 4096 21 32 43 54 23856 36425 48363 60930 
 pos 16 40 64 74 130 179 284 330 576 
 pos 256 27 38 47 52 1943 2690 3369 3721 
 pos 4096 13 20* 20* 20* 15229 22689* 22689* 22689* 
           
UCRB neg 16 41 98 162 254 186 435 721 1129 
 neg 256 33 101 155 254 2366 7172 11012 18055 
 neg 4096 22 34 41 82 25556 39013 46422 92844 
 pos 16 26 51 56 74 115 225 248 330 
 pos 256 18 40 51 56 1255 2810 3601 4018 
 pos 4096 10 26 27* 27* 10822 30034 31044* 31044* 
* Values with infinite confidence intervals of 100%. 
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Figure 1. Map showing the locations of the Upper and Lower Colorado River Basins 

(UCRB and LCRB, respectively) outlined by the dotted line.  
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Figure 2.  Conceptual diagram of available NEXRAD products for the UCRB and LCRB 

regions, as well as the sampling scheme used. (A) Black-lined box showing the absolute 

boundary of the available Stage III NEXRAD gridded products and the UCRB and 

LCRB regions. Area within dashed-line box used to show sampling scheme example (B 

and C). (B) NEXRAD precipitation estimates is sampled in idealized square basins of one 

size and another size (C) as an example (sizes of idealized square basins correspond to 

powers of 2 and 3, see text). Only idealized-square-basin samples entirely within the 

region of interest are used (brown boxes) in the analysis.   
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Figure 3. Logarithmic relationships between runoff coefficients and contributing area 

using modeled data for wet (filled diamonds), medium (open squares), and dry (filled 

circles) antecedent-moisture conditions (Vivoni et al., 2007) and measured data for larger 

contributing areas (filled squares; Rosenburg et al., 2013). The medium (open squares) 

and dry (filled circles) data separate into two distinct groups relating to the precipitation 

event used to model them, with the lower group and higher group relating to a 12-h, 1-

mm h-1 event and 1-h, 40-mm h-1 event, respectively. All points were used in the least-

squares weighed-regression analysis.  
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Figure 4. Power-law relationships between channel slope and contributing area (A) and 

channel width and contributing area (B) for the Colorado River Basin.  
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Figure 5. Multivariate ENSO Index (MEI) of months included in Stage III NEXRAD 

gridded products. Months are numbered from September 1996 to September 2005 with 

years shown in gray. Dashed black line MEI equal to zero. Positive MEI indicates El 

Niño conditions, while negative MEI indicates La Niña conditions.  
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Figure 6. Frequency-magnitude-area (FMA) curves of Qp versus contributing area for 

recurrence intervals (RI) of 10, 50, 100, and 500 years for the Upper Colorado River 

Basin (UCRB; A) and the Lower Colorado River Basin (LCRB; B).  
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Figure 7. Qfd frequency-magnitude-area curves of 10, 50, 100, and 500 recurrence 

intervals (RI) and for wet, medium, and dry conditions for the Upper Colorado River 

Basin (UCRB) and the Lower Colorado River Basin (LCRB). Published FECs (black 

lines) for the Lower Colorado River Basin (solid black line) from Enzel et al. (1993) and 

the United States (dashed black line) from Costa (1987) are also shown. 
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Figure 8. Conceptual diagram of the characteristic concave-down shape of the FEC 

(observed) shown in comparison to a power-law function between Qp and contributing 

area. The “gap” between the observed curve and the predicted power law is caused by 

precipitation limitations and mechanisms occurring during the routing of water over the 

landscape. 
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APPENDIX B: QUANTIFYING THE TIME SCALE OF ELEVATED GEOMORPHIC 

RESPONSE FOLLOWING WILDFIRES USING MULTI-TEMPORAL LIDAR DATA: 

AN EXAMPLE FROM THE LAS CONCHAS FIRE, JEMEZ MOUNTAINS, NEW 

MEXICO  

Submitted for publication in the professional journal: Geomorphology 
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Quantifying the time scale of elevated geomorphic response following wildfires using 

multi-temporal LiDAR data: An example from the Las Conchas fire, Jemez Mountains, 

New Mexico 

Caitlin A. Orem, Jon D. Pelletier 

 

Abstract 

 Sediment yields commonly increase following wildfires in mountainous 

landscapes. Quantifying the magnitude and duration of elevated sediment yields 

following wildfires is important for quantifying the relative importance of wildfire-

affected versus non-wildfire-affected erosion in the long-term evolution of landscapes 

and for understanding the processes of post-wildfire erosion. In this study we use bi-

annual terrestrial laser scanning (TLS) surveys conducted over a 2-yr period together 

with repeat airborne laser scanning (ALS) surveys conducted over a 1-yr period to 

estimate the dependence of sediment yield on time following the high-severity Las 

Conchas fire of 2011 within two small (approximately 1.3 km2) watersheds. The 

dependence of sediment yield on time since the wildfire was quantified using DEMs of 

Difference (DoDs) of the upland watersheds (to measure erosion) and of the adjacent 

piedmonts (to measure the deposition of eroded sediment). Over the 2-yr study period, 

sediment volume decreased linearly with time and sediment yield decreased 

exponentially with time in one watershed, while the other watershed showed a more 

complex relationship with time influenced by the specific sequence of rainstorms that 

impacted that watershed. Both watersheds had a recovery time of approximately 1 yr, 

suggesting that vegetation regrowth and the stabilization of incised valley bottoms were 
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primarily responsible for the decline in sediment yield versus time following the wildfire. 

Multi-temporal DoDs of the piedmonts show how they responded to the delivery of 

elevated sediment yields from the upland watersheds, i.e. by (1) incision of the proximal 

portion of the piedmont, triggering distal deposition, (2) infilling of the incised channel 

and avulsion, and (3) incision of the distal portion, creating an incised channel connecting 

the proximal and distal ends of the piedmont. The dynamic nature of incision/aggradation 

and channel shifting on piedmonts following wildfires has important implications for 

post-wildfire flood-hazard assessments.  

 

1. Introduction 

 Wildfire activity has increased in the western U.S over the past few decades 

(Miller et al., 2009; Westerling et al., 2006; Williams et al., 2012). Wildfires are not only 

becoming more frequent (Westerling et al., 2006), but also burning larger areas (Williams 

et al., 2012) and burning the forest more severely (Miller et al., 2009). The increase in 

wildfire activity has been linked to increased drought and higher temperatures, longer 

wildfire seasons (i.e. earlier snowmelt; Westerling et al., 2006), wildfire suppression 

(North et al., 2009), an increased frequency of human ignitions, and the degradation of 

forest health by disease, insects, and climate (Williams et al., 2012). Wildfire activity is 

likely to continue to increase with the accelerated warming and drying of the western 

U.S. predicted by climate models (Williams et al., 2010). With this increase, it is 

important to quantify the magnitude and time scale of wildfire-induced hazards in order 

to understand the best ways of mitigating damages to forest resources, human 

infrastructure, and nearby streams (Luce et al., 2012).  
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 Erosion and deposition can occur across the landscape following a wildfire, 

posing a hazard to lives and/or infrastructure. On hillslopes, high-severity wildfires can 

destroy vegetation structure at a wide range of spatial scales (i.e. litter to forests), while 

low-severity fires often remove only understory vegetation and litter layers from the land 

surface, leaving the soil surface susceptible to erosion (Shakesby and Doerr, 2006; 

Moody et al., 2013). Infiltration on hillslopes can be greatly reduced by wildfire-induced 

hydophobicity, leading to large increases in the depth of overland flow compared to pre-

wildfire conditions (Shakesby et al., 2000). Increases in the depth and connectivity of 

overland flow from burned hillslopes can increase the rate of fluvial erosion of the valley 

bottom. If sediment is available in the valley bottom, channelized flow can entrain 

sediment and cause bulking that can lead to debris flows downstream (Cannon et al., 

2003). These hazards can occur singularly or as a group and their severity depends on the 

characteristics of the wildfire severity, burn patterns, topography, climate, and geology.  

 Here we measure sediment yield from two watersheds in the Valles Caldera, New 

Mexico (Fig. 1) following the Las Conchas fire of 2011 using airborne laser scanning 

(ALS) and terrestrial laser scanning (TLS). Our goal is to quantify the magnitude of 

geomorphic response, the time scale of recovery, and to identify the dominant processes 

of recovery. Shortly following the wildfire, both watersheds were eroded by rainfall and 

produced extensive flood and debris-laden flow deposits on the adjacent piedmont (Fig. 

2). The two watersheds we studied were among the first to respond geomorphically 

following the wildfire and are two of the watersheds with the largest responses observed 

to date within the area burned by the Las Conchas fire. The abruptness and large 

magnitude of the response following the wildfire made them ideal sites for multi-
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temporal measurements using ALS and TLS. Studying the responses of these watersheds 

provides an opportunity to quantify and characterize post-wildfire landscape disturbance, 

as well as to verify predictive models for post-wildfire debris-flow hazards applied to the 

field area shortly following the wildfire (Tillery et al., 2011). 

 This study aims to quantify and characterize the geomorphic response to wildfire. 

In particular, we seek to quantify the duration of the time interval between the end of the 

wildfire and when the heightened post-wildfire sediment yield declines to values that are 

indistinguishable from pre-wildfire levels, i.e. the recovery time. Swanson (1981) 

proposed that following the initial post-wildfire event, erosion from a watershed 

decreases exponentially over time (Fig. 3). This exponential decay in sediment yield 

occurs over a recovery time equal to approximately 3 to 10 times the decay constant τ, 

with the proportionality dependent on the magnitude of the wildfire sediment yield peak, 

and both the mean and variance of the pre-wildfire sediment yield. 

 Measurements of sediment yield and related metrics following wildfires show that 

the recovery time is typically 3-10 yr (Swanson, 1981; Morris and Moses, 1987; Moody 

and Martin, 2001; Cerda and Doerr, 2005; Morris and Moses, 1987; Moody and Martin, 

2001; Shakesby and Doerr, 2006; Moody and Martin, 2009; Moody et al., 2013; 

Wagenbrenner and Robichaud, 2013), although shorter (< 1 yr) and longer (>10 yr) 

recovery times have been reported (Rich, 1962; DeBano et al., 1996). Mechanisms for 

the relaxation in sediment yield to pre-wildfire levels include vegetation regrowth 

(Shakesby et al., 2000; Cerda and Doerr, 2005; Wagenbrenner and Robichaud, 2013), 

increases in soil roughness due to the post-wildfire accumulation of litter and other debris 

on the surface (Moody et al., 2013), increases in soil infiltration/decreases in soil 
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hydrophobicity (and corresponding decreases in the connectivity of flow pathways and 

the amount of sediment available for transport) with time following the wildfire 

(Shakesby et al., 2000). Each of the mechanisms involved in the decrease in sediment 

yield to pre-wildfire levels has a potentially different recovery time. Therefore, by 

quantifying the post-wildfire recovery time for a watershed, the major mechanisms 

involved may potentially be identified. Wagenbrenner and Robichaud (2013) is an 

excellent example of recent work on post-wildfire sediment-yield mechanisms and 

recovery time. These authors derived quantitative relationships between the decrease in 

sediment yields during the first two post-wildfire years and contributing area, time since 

wildfire, ground cover, and rainfall intensity. Wagenbrenner and Robichaud (2013) also 

noticed that, depending on site characteristics, the different variables, especially ground 

cover, recovered at different rates.  

 Previous studies have employed a variety of methods to quantify the volume of 

sediment exported from watersheds following wildfires. In general, the most common 

methods include erosion pins, surveying of channel incision, measurement of the volume 

of sediment deposited at watershed outlets or collection ponds, and sediment collection 

behind small hillslope dams (Shakesby and Doerr, 2006; Moody et al., 2013). In their 

comparison of common volume estimation methods, Santi et al. (2008) found that the 

most accurate field method for estimating sediment volumes is to survey channel incision 

and interpolate an initial pre-wildfire valley or hillslope cross section. In this method, the 

estimation of the initial pre-wildfire cross section introduces uncertainty and limits the 

accuracy of the resulting sediment volume estimate. For many of these methods (i.e. all 

but watershed outlet collections) it is not feasible to cover large areas (e.g. an entire 
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watershed; Gartner et al., 2008) and therefore the applications are limited to portions of a 

watershed or a channel reach. In general, volume measurements of debris-laden flows 

caused by wildfire and subsequent rainfall are relatively rare (n=97; Gartner et al., 2008; 

Riley et al., 2013) because of the difficulties involved in the multiple volume estimate 

methods and the lack of research on post-wildfire debris flows. In this study, we evaluate 

the efficacy of ALS and TLS to measure post-wildfire ground surface change by creating 

DEMs of Difference (DoDs; Wheaton et al., 2010). These techniques have the potential 

to yield more accurate and more spatially complete estimates of post-wildfire sediment 

yields. 

 Change detection using multi-temporal TLS and ALS data is relatively new to 

geomorphology. ALS datasets generally cover a large area, but are rarely repeated over 

the same area due to cost of data collection (see Pelletier and Orem, 2014 for an example 

of the utility of multi-temporal ALS analysis for post-wildfire erosion). Conversely, TLS 

datasets cover a smaller area, but can be readily collected for the same location for 

relatively low cost. Multi-temporal TLS has been used extensively for different 

geomorphic applications including post-wildfire erosion (Staley et al., 2014; Wester et 

al., 2014), monitoring and measuring mass movements (Oppikofer et al., 2008; Schmidt 

et al., 2011; Schurch et al., 2011; Staley et al., 2011; Barbarella et al., 2013; Daehne and 

Corsini, 2013), quantifying erosion with land use changes (Jones et al., 2014), and 

measuring cliff and bank retreat (O’Neal and Pizzuto, 2011; Richter et al., 2013). 

Recently, some studies have attempted to use both ALS and TLS datasets together for 

change detection and other measurements (Bremer and Sass, 2012; Theule et al., 2012; 

Corsini et al., 2013; Ghuffar et al., 2013; Pelletier, 2013; Travelletti et al., 2013; Tseng et 
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al., 2014; Kenner et al., 2014; Lallias-Tacon et al., 2014; Tinkham et al., 2014). In this 

study we use multi-temporal ALS and TLS datasets to create DoDs and calculate 

sediment yield (Fig. 4). Three post-wildfire DoDs of each of the two piedmonts we 

studied were created using multi-temporal TLS datasets for TLS-to-TLS differencing. 

For the first pre- to post-wildfire DoD, ALS-to-ALS-differencing and ALS-to-TLS-

differencing were used to create DoDs of the watersheds and piedmonts, respectively. 

However, due to the large uncertainty associated with ALS datasets (i.e. large relative to 

the magnitudes of topographic change we were aiming to resolve (~ 0.1 m)), we also 

tested a new variant of TLS-to-TLS-differencing that attempted to estimate the pre-

wildfire piedmont surface using the first post-wildfire-and-rainstorm TLS dataset (by 

interpolating between grass-covered portions of the piedmont). By using ALS and TLS 

datasets in a variety of ways, we hoped to evaluate alternative ways of using ALS and 

TLS datasets to identify best practices for measuring sediment yield using multi-temporal 

LiDAR data. 

 

2. Study Site  

 During the summer of 2011, approximately 630 km2 of the eastern edge of the 

Valles Caldera was burned during the Las Conchas fire (Fig. 1). The wildfire started on 

June 26, 2011 and was not fully contained until August 1, 2011. At the time, the Las 

Conchas fire was the largest recorded wildfire ever in New Mexico. The two watersheds 

(D1 and D2) and piedmonts (P1 and P2) studied here are located on the south side of the 

resurgent rhyolitic dome Cerro del Medio (Fig. 1). These watersheds are similar in area, 

relief, and burn severity (Fig. 5; Table 1). On August 3, 2011, rain gages and Next-
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Generation Radar (NEXRAD) recorded an intermediate-intensity rainfall event 

(maximum estimate of 5-yr recurrence interval I60 = 33 mm h-1) over the two watersheds 

(Fig. 5) that caused the initial flood and debris-flow response from the watersheds (Fig. 

2). The two watersheds were among many watersheds hit by the initial rainfall event, but 

produced a larger geomorphic response than other watersheds, most likely due to the high 

rainfall received over the specific area, the size and steepness of the watersheds, and the 

high burn severity on the steep upper portion of the watershed (Fig. 5). 

 Dendrochronological records in the region show that the Las Conchas fire was 

one of the first large wildfires to burn in the Valles Caldera since approximately the late 

1800’s (Dewar, 2011). However, even the large wildfires in the late-19th century were 

part of the natural wildfire regime and likely of low-severity (Dewar, 2011). Recent 

wildfires, such as the Las Conchas fire, not only affected larger areas, on average, 

compared with past wildfires, but also included large portions of high severity burn area. 

Of the area burned by the Las Conchas fire, 42% of it was moderate to high severity 

(Tillery et al., 2011). Large, high-severity wildfires may seem unique in the present 

wildfire regime but are comparable to similar wildfires corresponding to severe droughts 

during the Holocene (Pierce and Meyer, 2008; Frechette and Meyer, 2009; Bigio, 2010). 

Wildfire return intervals for large, high-severity wildfires like the Las Conchas fire were 

on the order of 100s of years prior to 1900 (Touchan et al., 2006; Fitch, 2012).  

 The higher elevations of the Valles Caldera are a semi-arid forested landscape. On 

average, the Valles Caldera receives approximately half of its yearly precipitation as 

monsoon rainfall and the other half as winter snowfall (Muldavin and Tonne, 2003; 

Broxton et al., 2009). In general, precipitation increases and temperature decreases with 
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increasing elevation within the caldera. At Los Alamos, NM (2,231 m a.s.l.), which is 

located at a lower elevation than the Valles Caldera, the average annual precipitation is 

approximately 186 cm and average monthly temperatures range from 4 to 27 °C 

(Muldavin and Tonne, 2003). The Valles Caldera includes three main ecosystems along 

an elevation (and precipitation) gradient. At the lowest elevations grasslands made up of 

sedge, grasses, and forbs in mostly Mollisol soil types are found (Muldavin and Tonne, 

2003). At intermediate elevations on the interior domes and caldera rim ponderosa pine 

forests prevail and at the highest elevation mixed-conifer forests and woodlands are 

found. Soils on the caldera rim and the interior domes are typically Andisols, Alfisols, 

and Inceptisols (Muldavin and Tonne, 2003). 

  

3. Methods 

3.1 Airborne Laser Scanning (ALS) 

 ALS data were collected by the National Center for Airborne Laser Mapping 

(NCALM) over the study site approximately one year prior to the Las Conchas fire (June 

28 – July 3, 2010; Table 2) and approximately one year after the fire (May 25-28, 2012; 

Table 2). Both ALS datasets were provided in bare-earth-DEM form from NCALM at 1-

m resolution. Bare-earth DEMs were created by classifying points in Terrasolid’s 

TerraScan software where ground points are iteratively identified and triangulated using a 

built-in routine requiring specific parameters (max building size= 40.0 m, max terrain 

angle=88.0 degrees, iteration angle= 6.20 degrees, iteration distance= 2.0 m). Bare-earth 

DEMs were differenced in ArcGIS 10 to create a DoD. DoDs for the watersheds were 

further filtered to retain primarily those changes that could be confirmed using aerial 
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photographs and field observations (Pelletier and Orem, 2014). In this study the first ALS 

dataset collected during 2010 acts as a pre-wildfire surface for two of the differencing 

methods (ALS-to-ALS and ALS-to-TLS). We believe this dataset accurately represents 

the pre-wildfire surface despite the fact that it was collected one year prior to the wildfire 

due to the lack of piedmont erosion observed after July 3, 2010 and before the wildfire 

began in June, 2011.  

 

3.2 Terrestrial Laser Scanning (TLS) 

3.2.1 Field Data Collection and Point Cloud Construction 

 TLS datasets were collected at the study sites four times following the Las 

Conchas fire (Table 2). The four TLS dataset collections were timed to coincide with the 

end of the monsoon season in August and/or September, and the end of the snowmelt 

season in May and/or June. TLS was completed at the field sites using a Leica C10 

scanner. Individual scans were completed in approximately the same locations to ensure 

similar point density between TLS datasets. At each scan station at least three 

permanently located targets were scanned so all scans at a study site could be registered 

to one point cloud. At least three targets at each study site were surveyed with Real-Time 

Kinematic Global Positioning System (RTK-GPS) receivers until a temporary accuracy 

reading of less than 0.01 m was reached in each of the four cardinal directions.  

 Scans for each complete TLS dataset were imported into Leica Cyclone to register 

separate scans into one point cloud. Tie points between scans with the highest errors were 

removed until the lowest positioning error was reached upon registering the scans (mm-

scale error). To georeference registered point clouds (when needed), RTK-GPS data was 
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processed in Leica Geo Office and imported into Leica Cyclone. Unfortunately, adding 

RTK-GPS data to registered surveys introduces larger positioning error to the point cloud 

(i.e. 2 cm), so this step was not completed unless necessary. In this study, all TLS 

datasets were left in a local datum (i.e. not georeferenced) except for the TLS dataset 

used in the ALS-to-TLS differencing.  

 

3.2.2 Point Cloud Filtering 

 Before the TLS datasets could be used to create DEMs of the piedmonts, the point 

cloud data had to be filtered to remove erroneous points. TLS point cloud data were 

imported into Cloud Compare where the segment tool was used to remove erroneous 

points such as sunray interference, accidental vehicle or field collector profiles, and 

points outside of the piedmont study area.  

 TLS point cloud data were additionally filtered to estimate the ground surface 

using a point cloud density threshold and a lowest-point method. Filtering of point cloud 

data was completed within a 0.1-m-pixel-1 window (i.e. the resolution as the resulting 

DEMs) for all TLS datasets to be used in the TLS-to-TLS differencing and within a 1-m-

pixel-1 window for the first post-wildfire-and-rainstorm TLS dataset to be used in the 

ALS-to-TLS differencing. TLS datasets for TLS-to-TLS differencing were filtered at a 

higher resolution to take advantage of the higher point density of the TLS datasets. Using 

a higher resolution (i.e. a smaller filtering window) increases the accuracy of the 

sediment volume estimate relative to sediment volumes calculated at 1-m resolution (i.e. 

ALS-to-ALS and ALS-to-TLS-differencing-derived volumes) by assigning a 

representative value to a smaller area (0.1-m-pixel-1 in this case). In all cases a point 



 

 

93 

density threshold of 10 pt pixel-1 was used; meaning that if there were less than 10 points 

within the pixel being created, the pixel would be set as null and later interpolated from 

known pixels. For each pixel the lowest point was assigned as the value of the pixel. 

These pixel values were exported as point files for each TLS dataset to later be 

interpolated in ArcGIS 10 to create TLS-derived DEMs.  

 

3.2.3 TLS-derived Pre-wildfire Piedmont Surface Construction 

 Due to the relatively large uncertainties of the ALS data and therefore of the ALS-

to-TLS difference map, we attempted to develop a new type of product with lower 

uncertainty that uses the immediate post-wildfire-and-rainstorm TLS dataset to estimate a 

pre-wildfire piedmont surface. This approach uses the first post-wildfire-and-rainstorm 

TLS dataset to estimate a pre-wildfire piedmont surface by interpolating a surface from 

areas of the piedmont not affected by deposition and erosion during the first rainstorms 

following the wildfire. Field observations indicate that these unaffected areas were still 

vegetated (i.e. grass-covered), while those areas affected by post-wildfire deposition and 

erosion were not (i.e. grass was either removed by erosion or buried by deposition). To 

distinguish unaffected, vegetated areas from areas that did change, we used greenness 

index (GI) thresholds, manual identification, and lowest-point methods as described 

below.  

 The TLS point cloud data from the first post-wildfire survey (collected 8/18/11 

and 8/19/11) were filtered using a point density threshold, a lowest-point conditional 

statement, and a mean GI value for each pixel. All filtering was completed over a pixel 

window of the same resolution as the DEM to be created. For the estimation of the pre-
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wildfire piedmont surface, we created DEMs of 1-m-pixel-1 resolution because it is the 

appropriate resolution for the ALS-to-TLS differencing and the optimum resolution for 

using the GI threshold to estimate a vegetated surface. The optimum resolution was 

determined by comparing the results of the method at resolutions of 0.25-m, 0.5-m, and 

1-m resolutions to field observations. The same point density threshold of 10 pt pixel-1 

used for the other TLS point cloud data was used to filter the point cloud data. Pixels with 

less than 10 points were set as null and pixels with greater than 10 points were assigned 

the value of the lowest point within the pixel. This creates a situation in which there is a 

very high probability that the point is a ground surface point. Lastly, the GI was used to 

separate pixels that were vegetated from those that were not vegetated in order to 

estimate the pre-wildfire piedmont surface from the TLS dataset. The GI for each point 

was calculated using the intensity data for each (R, G, and B) color channel collected by 

the camera onboard the Leica C10 scanner as follows: 

     (1) 

This GI calculation is similar to “green channel percentage” where the equation is the 

same except for the denominator is the sum of R, B, and G (Richardson et al., 2007) and 

to “greenness ratio” where the ratio is simply G/R for a given pixel (Graham et al., 2006; 

Liang et al., 2011). Once the GI was calculated, pixels that had a mean GI value of >0.66 

were identified as grass-covered and the lowest-point value within each pixel was 

assumed to be an accurate representation of the elevation of the pre-wildfire piedmont 

surface. A threshold GI value of 0.66 was chosen because it gave the best results based 

on a visual check of the correspondence between the predicted vegetated pixels and the 

actual vegetated pixels based on the post-wildfire aerial photograph and field 
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observations. At this threshold value, the vegetated pixels closely outlined the edge of the 

erosion-and/or-deposition-affected portions of the piedmont. These vegetated-pixel 

values were exported as a point file to later be interpolated in ArcGIS 10 to create a pre-

wildfire, TLS-derived DEM.  

 

3.2.4 DEM and DoD Creation 

 The filtering steps described above resulted in incomplete rasters or point values 

within the piedmonts that needed to be interpolated to make full bare-earth DEMs for 

DoD creation. Point files were imported into ArcGIS 10 using the LAS to Multipoint 

tool. The Create TIN tool was then used to create a Delaunay-triangulated interpolated 

surface based on the multipoints. Lastly, the TIN was sampled to create a continuous 

raster using the TIN to Raster tool set to use a linear interpolation. 

 DEMs of Difference (DoDs) were created using the Raster Calculator tool in 

ArcGIS 10. DoDs were created for each pair of successive TLS-derived DEMs (TLS-to-

TLS-differencing), between the pre-wildfire ALS-derived DEM and the post-wildfire 

TLS-derived DEM (ALS-to-TLS-differencing), and between the ALS-derived DEMs 

(ALS-to-ALS-differencing). DoDs were filtered to remove all values below the assigned 

and/or propagated uncertainty (Table 3). Lastly, volume was measured from each DoD 

by summing the values of each pixel within the given area (watershed or piedmont) in 

ArcGIS 10.  

 

3.3 Estimates of DEM and DoD Uncertainty 
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 Uncertainties for ALS-derived DEMs of the watersheds and piedmonts were 

estimated based on reported errors associated with the ALS data acquisition. NCALM 

reported a vertical error of 0.05 to 0.35 m and an average point density was 10-12 pt m-2 

for both pre- and post-wildfire NCALM products. The majority of the reported vertical 

error is associated with the GPS error incorporated during ALS data acquisition and 

therefore applies to the whole study area. Vertical error equal to, or higher than, the high 

end of the range reported by NCALM (0.35 m) can exist due to horizontal error on steep 

slopes and insufficient ground point collection in thick vegetation and canopy cover. 

Although steep slopes and canopy cover can increase the error, it is difficult to directly 

measure the amount of vertical error added by these conditions. For this reason, the 

maximum error of 0.35 m was used for ALS-derived DoDs of the watersheds where 

forest canopy obscures the view of much of the ground surface and the ground surface is 

not flat. Piedmonts in this study have low slope (<10 degrees) and no canopy cover and 

therefore we can assume a smaller vertical error than that assigned to the watersheds. To 

estimate the vertical error of the piedmonts, a cross-sectional profile of nearby New 

Mexico Highway 4 was taken using ArcGIS 10. Because the highway surface is paved, 

the difference between the two ALS-derived DEMs (i.e. the DoD) is expected to be zero 

(or very near zero). However, measurements along the profile show that vertical errors 

can be up to ± 0.15 m. Therefore, an error of 0.15 m was used for the ALS-derived DEMs 

of the piedmonts (Table 3).   

 Uncertainties for the TLS-derived DEMs and the resulting DoDs are assumed to 

be equal to the scan-to-scan registration errors. Scan-to-scan registration errors in this 

study were < 0.01 m for non-georeferenced data (i.e. scans referenced to a local datum 
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using no RTK-GPS data) and < 0.05 m for georeferenced data (absolutely georeferenced) 

for both piedmonts. As stated above, the only georeferenced TLS-derived DEM is the 1-

m-resolution DEM derived from the first post-wildfire-and-rainstorm TLS dataset used in 

the ALS-to-TLS differencing, all other TLS-derived DEMS remained non-georeferenced.  

The uncertainty for each pixel value in all post-wildfire-and-rainstorm, TLS-derived 

DEMs for TLS-to-TLS differencing were held at the maximum cloud registration error, 

i.e. 0.007 m and 0.003 m for P1 and P2, respectively (Table 3). Because of the 

interpolation involved in the processing of the pre-wildfire, TLS-derived DEM the 

uncertainty for each pixel was set to vary between the maximum uncertainty based on 

point cloud processing (i.e. 0.007 m and 0.003 m for P1 and P2, respectively) and 0.03 m 

(the estimated maximum uncertainty based on non-georeferenced error and estimated 

interpolation error) based on point cloud density. Therefore, pixels within the DEM that 

had few points to derive a DEM pixel value from were assigned a high uncertainty and 

those pixels with a large number of points were assigned a low uncertainty. For the DoD 

created by differencing the pre-wildfire, TLS-derived DEM and the first post-wildfire-

and-rainstorm TLS-derived DEM, the propagated uncertainty (i.e. the root of the sum of 

the square of the pre-wildfire uncertainty value and the square of the post-wildfire 

uncertainty value; Taylor, 1982) from each DEM was assigned to each pixel. All other 

DoDs created by TLS-to-TLS differencing with constant uncertainties for all pixels were 

assigned the propagated uncertainty from each DEM, resulting in all DoDs for P1 and P2 

having constant uncertainties of 0.010 m and 0.004 m, respectively. Change measured per 

pixel in each DoD that was below the assigned uncertainty (also the measurement 
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limitation threshold) was set to zero because such values are indistinguishable from zero 

and can create large systematic errors when integrated over large areas.  

 In order to difference the ALS-derived and TLS-derived DEMs over the 

piedmonts, the TLS data were georeferenced, causing the scan-to-scan registration error 

to increase to 0.044 and 0.025 m for P1 and P2, respectively (Table 3). As stated 

previously, adding the RTK-GPS data increases the scan-to-scan registration error 

because the RTK-GPS is less accurate than the C10 scanner. This additional error takes 

the scan-to-scan registration error from mm-scale (includes only Leica C10 scanner error) 

to cm-scale. As stated above, the ALS-derived DEMs over the piedmonts were assigned a 

constant uncertainty of 0.15 m. Therefore, DoDs created from differencing ALS-derived 

and TLS-derived DEMs were assigned uncertainties of 0.16 m and 0.15 m for P1 and P2, 

respectively (Table 3). Change measured in each DoD that was below the assigned 

uncertainty was set to zero. In addition to this error, the correction between ellipsoidal 

(ALS) and orthometric (TLS) data added more uncertainty. Constant geoid heights of 

18.90 and 18.92 for P1 and P2, respectively, were used. These geoid heights were the 

geoid heights for the GPS base location at each site based on GEOID 09 data 

(ngs.noaa.gov). Although this is likely a good approximation of geoid height, the height 

value changes on the order of centimeters with the specific geoid model used and the 

specific location. Therefore this conversion is problematic when trying to measure 

change on the orders of centimeters or smaller.  

 The uncertainties reported in the study (Table 3) are assumed to be dominated by 

the inherent uncertainty of the TLS and ALS measurements. In this study we assume that 

these measurement uncertainties are the total error, but recognize that there are other 
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sources of error involved when estimating the sediment volumes and yields for the each 

watershed that may be larger than the measurement uncertainty. For example, one major 

source of uncertainty is that of the estimated pre-wildfire piedmont surface created by 

interpolation of TLS points with greenness indices > 0.66. It is difficult to assign a 

specific quantitative uncertainty to this method, so we proceed with an uncertainty value 

based on the measurement uncertainty, recognizing that larger systematic uncertainties 

may exist that are associated with the underlying assumptions of the analyses.  

 

3.4 Sediment Yield Calculation  

 Sediment yield, reported as a volume per unit watershed area per unit time, was 

calculated by dividing the measured volumeby the total area of the watershed and by the 

duration of the time interval of the DoD. Sediment yield can also be interpreted as the 

mean lowering or denudation rate of the watershed, in units of length per time. Dividing 

by the total area of the watershed does not take into account localized erosion within the 

watershed, but does recognize the important role of contributing area in the surface 

erosion of a watershed. In this study sediment yields are reported in mm yr-1.  

 In this study we use “no snow” time, i.e. time in which there is no snowpack and 

sediment transport can occur. “No snow” time was calculated by counting the days with 

less than 1 inch of snow at the nearby Quemazon SNOTEL site 

(www.wcc.nrcs.usda.gov/nwcc/site?sitenum=708&state=nm) over the time intervals of 

measurement. Using “no snow” time ensures that sediment yields that do and do not 

include frozen winter conditions are normalized by the same variable, i.e. the time in 

which the landscape can actively erode and sediment transport is possible. If “no snow” 
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time were not used, the sediment yield that included winter conditions would be divided 

by a larger value for time and therefore would be erroneously small.  

 

4. Results 

4.1 Field Observations 

 Field observations made during multiple excursions into the two upland 

watersheds above the piedmonts indicate that erosion occurred in both hillslope and 

valley bottom positions on the landscape. On hillslopes, features such as rills and gullies 

were observed across the field area, especially on steep slopes. Rills and gullies ranged in 

size from ~0.1 m to 2 m in depth. Removal of ash and litter from hillslopes was also 

observed, indicating that sheet flow occurred following the wildfire. On steep slopes in 

the northernmost portions of both watersheds, small debris flow levees and pathways 

were also identified. By far the most obvious sign of erosion was the scour and incision 

of many of the valley bottoms and upland convergent zones (i.e. hollows). In relation to 

the scour and incision, down-slope organic and clastic deposits were identified along the 

continuum of debris-laden flows (Fig. 6). Flood and hyperconcentrated-flow deposits 

were bedded and moderately to well sorted. Typically, flood and hyperconcentrated flow 

deposits were found within culverts or other small, dammed watersheds. Well-sorted 

course-grained deposits originating from floods were found within small- to large-order 

channels. Debris-flow deposits included levees and dams of poorly sorted sediment and 

debris (Fig. 6). Minor debris-flow deposits were intermixed with flood deposits in some 

locations within the main valley bottom.  
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 Deposits on the piedmonts were identified as a mixture of flow types. Debris-flow 

deposits were profuse on the piedmonts just below the outlet of watershed and could be 

traced upstream into the watershed and downslope on the piedmont (Fig. 6). Flood and 

hyperconcentrated-flow deposits were also identified based on their well-sorted, more 

finely textured nature. The amount of these finer, well-sorted deposits increased through 

time as the deposits were reworked both in the watershed and the piedmont.  

 

4.2 ALS-to-ALS Differencing 

 A spatially complete map of erosion and deposition for both upland watersheds 

D1 and D2 is presented in Figure 7. Net volumes of sediment eroded from watersheds D1 

and D2 were 10976 ± 480 m3 and 5360 ± 235 m3, respectively (Fig. 8), over the 0.74 yr 

between the two ALS surveys (0.35 yr of “no snow” time). This results in sediment 

yields of 23.0 ± 1.0 mm yr-1 and 11.6 ± 0.5 mm yr-1 for D1 and D2, respectively (Fig. 9). 

According to these results, the magnitude of response for D1 was twice that of D2.  

 Patterns of change, i.e. erosion and deposition, were similar in both the D1 and 

D2 watersheds (Fig. 7). In each watershed, erosion occurred on both the hillslope and the 

valley bottom. Hillslope erosion was filtered out in this analysis to remove possibly 

erroneous and unverifiable erosion and deposition values (Pelletier and Orem, 2014), but 

deep incision was observed along the main-stem valley bottom and is included. Both 

watersheds had erosion start at high elevations in the watershed and gradually increase in 

magnitude (i.e. scour was deeper) towards the fan apices. Each watershed had most of the 

main-stem valley bottom incised, although a small area of deposition occurred at the low- 

to mid-valley length. In D1 sediment was deposited behind a small man-made earthen 
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dam on the main-stem valley bottom and in D2 sediment was deposited on a low-slope 

meadow. Although the D1 post-wildfire response was twice as large as that in the D2 

watershed, the patterns of change shown in the DoD and processes were similar in both 

watersheds.  

 

4.3 ALS-to-TLS Differencing 

 DoDs quantifying the changes between the pre-wildfire ALS-derived DEMs and 

the post-wildfire-and-rainstorm TLS-derived DEMs are presented in Figure 10.  Net 

volumes of change for the P1 and P2 surfaces were -280 ± 277 m3 and 244 ± 185 m3, 

respectively (Fig. 8). This results in sediment yields of -5.3 ± 5.2 mm yr-1 and 4.6 ± 3.5 

mm yr-1 (Fig. 9). The errors on these values are large due to the large uncertainties (0.16 

and 0.15 m for P1 and P2, respectively) involved and the values are much lower than 

values derived from ALS-to-ALS differencing. Filtering by the uncertainty (i.e. if change 

was less than uncertainty then change equaled zero) removed a majority of the change, 

indicating how important small measurement errors are to differencing methods.  

 The DoD for P1 shows a deeply incised channel beginning at the outlet of the 

watershed and continuing down the piedmont until deposition occurs because of the 

distribution of flow across the piedmont (Fig. 10). Most of the measurable deposition 

occurs just below this point. Unfortunately much of the change on the distal piedmont is 

small (cm scale) and therefore unresolvable due to the large uncertainty (0.16 m). The 

DoD for P2 shows deposition along the channel in the proximal portion of the piedmont 

(Fig. 10). On the distal piedmont (below the region removed because of road rebuilding) 

the deposition follows mostly one main path down the piedmont. The thickness of some 
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scattered deposition on the distal piedmont is larger than the uncertainty value and can be 

seen in Fig. 10, but much of the deposition and erosion on the distal piedmont is not 

included because it is smaller than the uncertainty value (0.15 m).   

 

4.4 TLS-to-TLS Differencing 

4.4.1 Trends in Sediment Volume and Yield 

 Differencing TLS-derived DEMs resulted in four DoDs for P1 and P2 through 

time (Fig. 11 and Fig. 12). The first DoD between the pre-wildfire, TLS-derived DEM 

and the first post-wildfire-and-rainstorm DEM results in net volume changes on P1 and 

P2 of 5277 ± 2145 m3 and -4 ± 239 m3 (Fig. 8). Throughout the next three DoDs, the net 

volume deposited on P1 during the time interval associated with each DoD decreased 

linearly with time. We assume that the volume of sediment deposited on the piedmont is 

approximately equal to the volume of sediment eroded from the watershed, implying that 

little or no sediment was transported through the piedmont without being surveyed. This 

assumption is based on the lack of through-flowing channels on the piedmont and the 

lack of large deposits below the piedmont. We infer a linear decrease in erosion from the 

watershed as a function of time, i.e.  

          (2) 

where V is the volume of sediment (m3),  is the initial volume of sediment (m3), M is 

the slope of the linear regression (m3 yr-1), and t is time. Best-fit parameters of M and  

are equal to -5790 ± 660 m3 yr-1 and 5648 ± 424 m3, respectively (uncertainties are one 

standard error; R2 = 0.97). Net volume deposited on P2 started low, i.e. -4 ± 239 m3, but 

then increased to between 310 and 280 m3 for the next two measurement periods, before 
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returning to a very low value, i.e. -28 ± 27 m3 (Fig. 8). These results indicate that the 

largest pulse of sediment exported from D2 occurred at a later date than D1.  The change 

in sediment yield versus time closely follows the change in volume for P2, while 

sediment yields for P1 decreased exponentially rather than linearly with time (Fig. 9). 

The exponential decrease of sediment yield for P1 over the four measurement periods can 

be quantified using 

    (3) 

where Y is sediment yield (mm yr-1),  is the initial sediment yield (mm yr-1), and τ is 

the decay time constant (yr). Best-fit values of  and τ are 242.50 ± 1.52 mm yr-1 and 

0.12 ± 0.01 yr, respectively (uncertainties are one standard error; R2 = 0.87).  On P2 the 

sediment yield started low and increased over the next two measurement intervals to 

approximately 0.7 ± 0.1 mm yr-1 before decreasing to low levels again. The total recovery 

time of both P1 and P2 was approximately 1 yr (i.e. ~8 times τ).  

 

4.4.2 Piedmont Deposition 

 Following the initial post-wildfire geomorphic response, the proximal portion of 

P1 was incised to depths of approximately 2 m (Fig. 11). Below the incised channel, two 

distinct erosional paths formed around a main region of deposition with approximately 2 

m of accumulated sediment and debris. On the distal portion of the piedmont, short, 

shallow incised channels can be seen within the area of widespread deposition. The 

second DoD of P1 indicates that within the next measurement period another pulse of 

deposition occurred in the same main region of deposition and that the incised channel 

partially infilled and widened. By the third measurement period the DoD shows that an 



 

 

105 

avulsion occurred, leaving the channel on the east side of the depositional region. Also, 

small channels on the distal piedmont were interconnected, allowing channelized flow 

down most of the piedmont. Over the last measurement period there was a small amount 

of deposition within the incised channel and in the depositional region. Overall, the 

changes observed on the P1 surface show significant channel incision with deposition 

localized to the distal end of the incised channel. Over time, the incised channel widened 

and infilled with sediment while the reworked sediment, and likely other sediment from 

the upland watershed, was deposited in the main deposition region causing an avulsion 

and deposition farther down the piedmont.  

 The DoD of the initial response on P2 shows both erosion and deposition. 

However, a distinct incised channel can be seen in the proximal portion of the piedmont 

(Fig. 12). Over the next measurement period the proximal portion of P2 shows major 

erosion along the channel accompanied by a large splay of deposition at the end of the 

channel. This pattern is reversed over the next measurement period with mostly 

deposition occurring in the incised channel and two distinct channels being eroded 

around the previously deposited splay of deposition. During this time an avulsion occurs 

as the eastern channel around the depositional splay is eroded more deeply and becomes 

the dominant channel. The last DoD shows that deposition continued in the upper channel 

and farther down on the P2 surface. Shallow erosion within channels on the distal portion 

of P2 is also observed. In general, the patterns of erosion and deposition on P2 show a 

small response at first, followed by the formation of an incised channel and subsequent 

deposition within the channel, avulsion of channels, and deposition farther down the 

piedmont.  



 

 

106 

 

5. Discussion 

5.1 Differences in the Results of Alternative Methods 

 Sediment volumes measured from TLS-to-TLS differencing on P1 are 

approximately 50% of the sediment volumes measured from ALS-to-ALS differencing of 

the D1 watershed over the first year following the wildfire and initial geomorphic 

response, while sediment volumes for P2 are much less than those calculated from the D2 

watershed. In principle, the sediment exported from D1 and D2 should be equal to the 

sediment deposited on P1 and P2, respectively, but limitations of the measurement 

techniques together with the fact that the piedmonts are not perfect traps for sediment 

result in significant differences. Additional uncertainty for the ALS-to-ALS-differencing 

comes from filtering the DoD to include only valley-bottom incision and therefore 

making it a minimum estimate of sediment removal from the watershed. Additional 

uncertainty in the TLS-to-TLS-differencing comes from filtering the DoD, interpolation 

of the pre-wildfire surface (only for pre- to post-wildfire DoD), and loss of sediment from 

the piedmont (small fraction of fines and organic material). Although the sediment 

volumes resulting from ALS-to-ALS differencing and TLS-to-TLS differencing may 

vary, the values for both P1 and P2 are only an order of magnitude different than the 

values for D1 and D2, respectively. We view the sediment volumes as consistent given 

the large range of uncertainty expected due to the measurement uncertainties, additional 

uncertainties not quantified in this study, and the large uncertainty of involved when 

estimating over a large area.   
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 The three methods used to measure the initial, or near-initial, response to wildfire 

all gave different values for the net-volume change and therefore sediment yield. The 

values obtained from the ALS-to-ALS-differencing are the highest and, as stated above, 

give a minimum estimate of the total amount of sediment volume. Net-volume changes 

and sediment yields derived from the ALS-to-TLS-differencing are not useful due to the 

very high relative uncertainty. The high measurement limitations and difficulties in 

making the ALS and TLS datasets comparable make for a case in which a large amount 

of filtering and interpretation is needed to come up with a DoD, and measurements, of 

use. In this study, this method was explored and shown to be inadequate when the focus 

is small magnitudes (< 10 cm) of change. Overlapping the ALS and TLS methods 

appears to be more applicable to cases with large magnitudes of change (i.e. changes by 

0.3 m or greater locally; Bremer and Sass, 2012). Lastly, the net volume changes and 

sediment yields form the TLS-to-TLS-differencing are useful due to their multi-temporal 

nature and high resolution. This method also creates highly accurate DoD that can 

identify small-scale change over an entire piedmont. Change magnitudes and patterns 

identified using this method match well to field observations. 

 

5.2 Recovery Time and Exponential Decrease of Sediment Yield 

 Both watersheds in this study showed a return of sediment yields to very low 

levels by approximately 1 yr of no-snow time (approximately 1.75 yr) after the Las 

Conchas fire. This recovery time is relatively short compared with recovery times 

estimated elsewhere. Individual TLS-derived DoDs show the change during monsoon 

(i.e. 8/3/11 to 8/18/11 and 6/5/12 to 9/22/12) and snowmelt (i.e. 8/19/11 to 6/4/12 and 
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9/23/12 to 5/14/13) seasons over the two years following the Las Conchas fire. The 

monsoon and snowmelt seasons represent the two times of the year when surface runoff, 

and therefore erosion, is most abundant due to precipitation and melt water, respectively. 

Monsoon precipitation is typically short in duration (~hours), but high intensity, resulting 

in rainsplash-driven mobilization of sediment. Contrastingly, snowmelt typically occurs 

over days to weeks and is low intensity. Based on the rainfall record from the VCNP 

headquarters rain gage (Figure 1), total rainfall falling during “no snow” time during the 

four seasonal measurements intervals were 12.7, 24.6, 35.4, and 6.8 cm. Maximum daily 

rainfall was 5.6, 1.4, 6.1, and 0.2 over the same four measurement intervals. In general, 

we see that the rainfall record corresponds well with the expected trend in seasonal 

rainfall, i.e. that the monsoon season has higher amounts of rain during a shorter amount 

of time than the snowmelt season. Overall, there is no obvious trend between the rainfall 

data and the measured geomorphic change, however the low total and maximum daily 

rainfall of the last measurement interval may have possibly played a role in shortening 

the recovery time (i.e. not actively eroding and allowing landscape more time to recover). 

 Also, although geomorphic change over both seasons was measured, there was no 

trend in the data that conclusively suggested that one season was more geomorphically 

effective than the other. This suggests that the role of vegetation, soil, and geomorphic 

recovery in the watershed is equally and/or more important than seasonal influences. 

However, it should be noted that the peak in sediment yield during the initial post-

wildfire response occurred during the late-summer monsoon season, which directly 

follows the dry early to mid-summer wildfire season in the Valles Caldera and the rest of 

the southwestern U.S. In this way, forested landscapes such as the Valles Caldera that are 
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located in the zone of the North American Monsoon are in a unique position to 

experience enhanced post-wildfire geomorphic response due to the high-intensity 

monsoon rainfall.   

 The sediment yield on the P1 piedmont decreased exponentially with a decay 

constant of 0.12 ± 0.01 yr (Fig. 8) over a recovery time of approximately 1 yr (i.e. 8 times 

the decay constant). The exponential decrease in sediment yield with time following the 

wildfire agrees with the hypothetical post-wildfire erosion recovery proposed by 

Swanson (1981). Swanson (1981) recognized that, following a wildfire, and throughout 

subsequent rainfall events, sediment yield from burned areas would be very high and then 

decrease within years to decades to pre-event, or near pre-event levels. The exponential 

decrease in sediment yield over time is usually explained by the stabilization of sediment  

by post-wildfire vegetation growth (Swanson, 1981; Cerda and Doerr, 2005; Goode et al., 

2011) and the storage of sediment within the watershed (Swanson, 1981).  

 Both storage and vegetation regrowth processes occurred in the D1 and D2 

watersheds. Regrowth of vegetation, i.e. grass and small shrubs, was observed in both 

watersheds and piedmonts. The effect of vegetation regrowth is likely high in hillslope 

locations and other areas of small erosion and deposition. However, in the valley bottoms 

of the watersheds where incised channels formed and continually eroded through the 

measurement periods, regrowth of small vegetation did not stop incised channels from 

widening, deepening, and headward cutting. This observation also may explain why the 

initial post-wildfire response is much larger than subsequent responses, i.e. the initial 

response can mobilize sediment from the hillslopes and erode out stored sediment in 

valley bottoms, while subsequent responses may be limited to sourcing sediment from 
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highly eroded regions in valley bottoms. This suggests two hypotheses: (1) given 

sufficient rainfall, landscapes with large amounts of highly erodible or susceptible 

sediment (and/or large amounts of stored sediment in valley bottoms) would have larger 

responses and longer recovery times, and (2) given sufficient rainfall, watersheds 

comprised of mostly hillslopes, especially those of low slopes, would have a lower 

probability of response, a lower magnitude of response, and shorter recovery time 

periods.  

 

5.3 Post-Wildfire Watershed Response 

 Our measurements of the post-wildfire geomorphic response of D1 and D2 can be 

used to test post-wildfire response predictions presented by Tillery et al. (2011) using the 

debris-flow probability and debris-flow volume empirical models of Cannon et al. 

(2010). Using this approach, the two watersheds in this study (watersheds 315 and 317 in 

Tillery et al., 2011) had relatively low predicted probabilities (20-39% and 40-59% for 

D2 and D1, respectively) for a debris-flow event in response to a 10-year recurrence-

interval rainfall event. Estimated debris-flow volumes for D1 and D2 were between 1,001 

and 10,000 m3. The empirical model for debris-flow probability underpredicted the 

likelihood of debris flow activity in the D1 and D2 watersheds, especially given that large 

debris flows occurred within just 1 week of the full containment of the fire. However, the 

model did produce the correct order-of-magnitude of eroded volume (Table 1).   

 This comparison between empirically predicted responses and measured 

responses is useful but of limited precision due to two differences between Tillery et al. 

(2011) and this study. Firstly, the empirical models assume 30-minute duration and 10-
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year recurrence interval average storm precipitation intensity values (56 mm/hr) and total 

storm rainfall (28 mm) that differ from those of the storm that caused the response 

measured in this study (33 mm/hr and 12 mm). Secondly, Tillery et al. (2011) defined the 

watershed as both the upland watersheds and the piedmonts. In contrast we define D1 and 

D2 as just the upland watersheds above the fan apex, which causes some watershed 

variables to vary between the two studies. However, when the debris-flow probability and 

volume empirical models of Cannon et al. (2010) are applied to the precipitation values 

of the initial post-wildfire storm and the watershed definitions in this study, values are 

within the same classes as defined and reported by Tillery et al. (2011). Therefore we 

believe that the results of the two studies are broadly comparable.  

 D1 and D2 are similar in area and relief, yet the magnitude of their post-wildfire 

response varies by a factor of two (Table 1). The similarity in watershed relief, area, and 

burn patterns is shown by the very similar outputs from the Cannon et al. (2010) models. 

The difference may be caused by small differences in the percent of area burned severely 

or moderately, but likely is due to variable rainfall over the two watersheds. Rainfall is 

monitored at four rain gages within the eastern Valles Caldera (Fig. 1). These gages give 

a good estimate of average rainfall for the area, but unfortunately do not allow us to 

assign separate rainfall values for each watershed. However, another source for rainfall 

for the region is NEXRAD data. This data is provided from the nearest tower, KABX in 

Albuquerque, NM, 90 km south of the study area (www.ncdc.noaa.go/nexradinv/). This 

rainfall data is a polar coordinate grid with approximately 1-km2 pixels. Only a few 

pixels cover the two watersheds (Fig. 5). Total rainfall for the afternoon storm on August 

3, 2011 that caused the initial debris-laden flow was approximately 24 mm and 15 mm 
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over D1 and D2, respectively. These rainfall totals are the mean total rainfall calculated 

from a gridded product over each watershed and may not be the exact amount of rainfall, 

but do show that there was a rainfall gradient with higher amounts over D1 than D2. This 

difference in rainfall likely contributed to the difference in post-wildfire response 

between the two watersheds.  

 

5.4 Post-wildfire Piedmont Response 

 Although the magnitude of response for the two watersheds was different, the 

patterns of erosion and deposition on the piedmonts were broadly similar and occurred in 

three stages. The three-stage cycle observed on the piedmonts in this study is similar to 

the cycles described in previous studies (Schumm et al., 1987; Reitz et al., 2010).  In the 

first stage an incised channel formed in the proximal portion of both piedmonts shortly 

after the wildfire occurred (within approximately 0.5 yrs of “no-snow” time). Proximal 

channel incision was accompanied by the eroded sediment being deposited on the distal 

portion of the piedmont. This incision into the proximal portion of the piedmont has been 

previously called “fanhead trenching” or “apex trenching” and has been identified both in 

the field and in fluvial experiments (Schumm et al., 1987). The switch from channel 

incision to deposition corresponds to where the flowpath leaves a pre-existing road on the 

P1 piedmont and to where the flowpath is just past the pre-existing crosscutting road on 

the P2 piedmont.  

 In the second stage, widening and infilling of the proximal incised channel was 

observed as more sediment was sourced from the modification of the upstream 

watershed. Modification of the proximal incised channel has been noted in fluvial 
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experiments where backfilling and aggradation within the channel has been noted 

(Schumm et al., 1987; Bryant et al., 1995; Reitz et al., 2010). Sediment sourced from the 

incised channel on the piedmont and the watershed was added to the continually growing 

depositional zone, causing the blocking of one or more channels and the increased 

channelization of the chosen channel. This avulsion due to sediment aggradation and 

blockage of channels established during the “finding phase” (Martin et al., 2009) is 

widely held as the mechanism for avulsion from one channel to another or from multiple 

channels to fewer channels (Schumm et al., 1987), although some studies include 

additional factors (i.e. an elevated streambed; Bryant et al., 1995). On P1 the chosen 

channel (eastern channel) sits at a lower elevation than the other channel that follows a 

road surface at a higher elevation. This indicates that the original slope and/or elevation 

of the piedmont may play a role in which direction avulsion occurs (Schumm et al., 1987; 

Field, 2001). However, on P2 the chosen channel (eastern channel) is at a higher 

elevation, but is also the location of the pre-existing channel across the piedmont. This 

indicates that pre-existing channels may be favored for channelization (Field, 2001). In 

both cases, the pre-event piedmont characteristics (human structures, slope, channels) 

appear to at least partially control the incision and deposition of the piedmont and the 

direction of avulsion.   

 Lastly, in stage three, channelized flow occurs longitudinally down the entire 

piedmont due to the connection of smaller channels in the distal portion of the piedmont 

to the chosen avulsion channel in the proximal portion of the piedmont. This last stage 

concludes a cycle that occurs many times throughout the formation of a piedmont or 

alluvial fan (Reitz et al., 2010). These observations provide useful insights into how 
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piedmont, and/or alluvial fans, will respond to large denudation events caused by wildfire 

and other disturbances. Specifically the mechanism and speed of avulsion is important for 

post-wildfire and flood hazard assessment work in populated areas (Field, 2001). 

 The use of multi-temporal TLS dataset collections in this study allowed us to 

observe a full cycle of a piedmont formation event. These cycles are rarely observed in 

natural systems due to the long time scales (102 to 103 yrs) that they naturally occur over 

(Reitz et al., 2010). However, due to the increased rates of erosion and deposition 

following wildfire this study was able to observe the cyclical nature of piedmont 

formation outside of laboratory experiments suggesting these episodic events are 

opportunities to study typically longer timescale processes over short (101 to 102 yrs) 

timescales.  

 

6. Conclusions 

 This study employs ALS and TLS methods to precisely monitor post-wildfire 

surface change and feature modification over two small (<0.2 km2) outlet piedmont sites 

located below two small upland watersheds sites (~1.3 km2). In general, the most 

accurate and useful data resulted from differencing ALS from ALS and TLS from TLS 

datasets. Differencing between ALS and TLS datasets was found to be problematic for 

this study due to the small-scale (< 10 cm) changes. TLS-derived DoDs were especially 

useful for identifying the general modification of the piedmonts through time: (1) 

channelization and initial deposition, (2) channel modification and avulsion around 

deposition dam, and (3) continued channelization and connection of flow paths over the 

piedmont.  
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 This study quantified the magnitude and time scale of post-wildfire geomorphic 

response in two watersheds. The magnitude of response between the two similar 

watersheds was different, with one response being twice that of the other. This two-fold 

difference was likely caused by the similar two-fold difference in rainfall over the 

watersheds that caused the initial response and therefore primed the landscape for 

subsequent responses. Previously published models did not predict this two-fold 

difference in response magnitude, but the order of magnitude of the response was 

correctly predicted. Although the magnitude was different between watersheds, the 

recovery time was the same. For both watershed a recovery time of 1 yr “no-snow” time 

(1.75 yr) during which sediment volume decreased linearly and sediment yield decreased 

exponentially with time with a decay constant of 0.12 ± 0.01 yr in one watershed. The 

other watershed showed a more complex pattern or response, with the largest pulse of 

sediment occurring later than the other watershed. The decrease in sediment yield over 

time is likely due to both the recovery of vegetation and the recovery of eroded portions 

of the landscape (i.e. the valley bottoms).  

 This study uses both high-precision ALS and TLS methods of quantification and 

field observations to understand the post-wildfire geomorphic response of two watersheds 

following the large, high-severity Las Conchas fire in the Valles Caldera, NM. As 

wildfires continue increase in size, burn severity, and frequency, studies similar to this 

will be needed to improve upon our understanding of the effects of wildfire on natural 

system and human infrastructure.  
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Tables 

Table 1. Characteristics of watersheds D1 and D2.  

Characteristic D1 D2 
Watershed Area 1361000 m2 1322000 m2 
Watershed Ruggedness 0.303 0.299 
Area of moderate burn severity 468883 m2 514955 m2 
Area of high burn severity 673615 m2 387488 m2 
Mean watershed slope 14.7° 16.1° 
Area of slope above 30% 490368 m2 564837 m2 
NEXRAD-derived total storm rainfall* 24 mm 15 mm 
Debris flow probability estimatea 57% 39% 
Debris flow magnitude estimatea 4939 m3 4946 m3 
*Total storm rainfall for August 3, 2011 (date of initial debris-laden flow). 
a Results from the application of Cannon et al., 2010 models to variables in this study. 
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Table 2. Difference methods and resulting sediment volume and yield for watersheds D1 

and D2 and their corresponding piedmonts P1 and P2.  

Method Measurement Site Sed. Volume 
(m3) 

Sed. Yield 
(mm yr-1) 

Time Interval 

ALS-to-ALS Post-wildfire change 
in watersheds 

D1 
D2 

10976 ± 480 
5360 ± 235 

23.0 ± 1.0 
11.6 ± 0.5 

7/1/10 – 5/25/12 
7/1/10 – 5/25/12 

ALS-to-TLS First post-wildfire 
change on piedmont 

P1 
P2 

-280 ± 277 
244 ± 185 

-5.3 ± 5.2 
4.6 ± 3.5 

7/1/10 – 8/18/11 
7/1/10 – 8/19/11 

TLS-to-TLS First post-wildfire 
change on piedmonts 

P1 
P2 

5277 ± 2145 
-4 ± 239 

96.9 ± 39.4 
-0.1 ± 4.5 

8/3/11 – 8/18/11 
8/3/11 – 8/19/11 

 Second post-wildfire 
change on piedmonts 

P1 
P2 

3480 ± 659 
307 ± 32 

7.7 ± 1.5 
0.7 ± 0.0 

8/18/11 – 6/4/12 
8/19/11 – 6/3/12 

 Third post-wildfire 
change on piedmonts 

P1 
P2 

2338 ± 554 
286 ± 32 

5.7 ± 1.3 
0.7 ± 0.0 

6/4/12 – 9/22/12 
6/3/12 – 9/21/12 

 Fourth post-wildfire 
change on piedmonts 

P1 
P2 

-659 ± 345 
-28 ± 27 

-1.3 ± 0.7 
-0.1 ± 0.0 

9/22/12 – 5/14/13 
9/21/12 – 5/12/13 
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Table 3. Uncertainties of DEMs and DoDs for watersheds D1 and D2 and their 

corresponding piedmonts P1 and P2.  

Method Measurement Site Dataset* DEM Uncertainty 
(m) 

DoD Uncertainty 
(m) 

ALS-to-ALS Post-wildfire change 
in watersheds 

ALS D1 
ALS D2 

0.35 
0.35 

0.35 

ALS-to-TLS First post-wildfire 
change on piedmont 

ALS P1 
TLS georef P1 

ALS P2 
TLS georef P2 

0.15 
0.044 
0.15 

0.025 

0.16 
 

0.15 
 

TLS-to-TLS First post-wildfire 
change on piedmonts 

TLS est P1 
TLS P1 

TLS est P2 
TLS P2 

Varieda 
0.007 

Varieda 
0.003 

Varieda 
 

Varieda 

 Second post-wildfire 
change on piedmonts 

TLS P1 
TLS P2 

0.007 
0.003 

0.010 
0.004 

 Third post-wildfire 
change on piedmonts 

TLS P1 
TLS P2 

0.007 
0.003 

0.010 
0.004 

 Fourth post-wildfire 
change on piedmonts 

TLS P1 
TLS P2 

0.007 
0.003 

0.010 
0.004 

* ALS = derived from airborne laser scanning dataset, TLS = derived from terrestrial laser 
scanning dataset, TLS georef = derived from georeferenced terrestrial laser scanning dataset, TLS 
est = derived as estimation of pre-wildfire surface from first post-wildfire terrestrial laser 
scanning dataset. 
a Uncertainty varied with point cloud density 
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Figure 1. Location maps of Valles Caldera study area. (A) Map of the eastern Valles 

Caldera with study area enclosed in black box and area burned by Las Conchas fire 

shown in red. Rain gages in the area are also shown: 1) VCNP Headquarters gage 

(VCNP), 2) Rabbit Mountain gage (RM), 3) Obsidian Valley gage (OV), and Indios 

Valley gage (IV). (B) Map of study area showing the two watersheds, D1 and D2, and 

their corresponding piedmont measurement locations, P1 and P2. (C) Map showing 

location of Valles Caldera within the United States.  
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Figure 2. Google Earth imagery of the piedmonts (P1 and P2) located on the south side of 

Cerro del Medio. (A) Pre-wildfire (07/24/11) and (B) post-wildfire (05/04/12) imagery is 

shown.  
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Figure 3. Conceptual plot of the pattern of sediment yield following a disturbance event 

such as wildfire (black line) compared with the pre-event (or non-event) sediment yield 

(dashed line). Recovery time is defined as the time between the disturbance event and the 

time in which sediment yield returns to the pre-event sediment yield. The exponential 

decrease in sediment yield following wildfire is shown with specific locations along the 

decay curve labeled with time shown in relation to the decay constant, τ, and the 

corresponding sediment yield value shown in relation to the initial post-wildfire sediment 

yield pulse, Y0. In this example the total recovery time is approximately 4 times τ, but 

this factor can change based on the relative magnitude of the event peak and the pre-

event level. Adapted from Swanson (1981).   
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Figure 4. Conceptual diagram of sediment from an upland watershed being deposited on 

the piedmont. The amount of sediment volume eroded from the watershed can give one 

estimate to use in calculating sediment yield (erosion - deposition = sediment volume). 

This same sediment volume amount can be estimated by the amount of change on the 

piedmont surface (deposition – erosion = sediment volume). However, the sediment 

volume calculated from the piedmont is a minimum estimate due to the output of 

sediment from the piedmont surfaces (input – output = minimum sediment volume 

estimate). In this study, fine sediment and organic material were observed to be output 

from the piedmont study area. Deposition or erosion on or of the surface is done on a 

pixel-by-pixel basis.  
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Figure 5. Maps of the two watersheds D1 and D2 on Cerro del Medio showing (A) Las 

Conchas fire burn severity class with unburned areas within watersheds not colored, (B) 

slope, and (C) NEXRAD total storm precipitation for August 3, 2011.  
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Figure 6. Photographs of debris-flow deposits in D1 and on P1. (A) Photograph of debris-

flow deposits deposited behind a dam created from a logjam collected on trees just 

upstream of the D1 outlet (1.9-m-tall man for scale). (B) Oblique view of P1. (C) Cross-

sectional view of a debris-flow deposit on P2 (20-cm-high notebook for scale). (D) 

Cross-sectional view of log dammed debris-flow deposits on P1 (41-cm-high measuring 

tape for scale).  
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Figure 7. ALS-derived DoDs showing deposition (red) and erosion (yellow). (A) DoD of 

D1 and D2 watersheds. (B) Enlarged section of DoD showing deposition behind a man-

made dam in D1. (C) Enlarged section of DoD showing large-scale rills, gullies, and 

debris flow channels in the upper portion of D2. (D) Enlarged section of DoD showing 

small area of deposition corresponding to a low-slope meadow within D2. Note that all 

three enlarged sections have the same scale.  
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Figure 8. Plots of piedmont surface net volume change versus “no snow” time for both P1 

(A) and P2 (B) calculated using ALS-to-ALS differencing (dashed line box), ALS-to-

TLS differencing (blue box), and TLS-to-TLS differencing (red boxes) with error bars 

shown in black.  
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Figure 9. Plot of sediment yield versus “no snow” time for both P1 (diamonds) and P2 

(squares) surfaces calculated from ALS-to-ALS differencing (black), ALS-to-TLS 

differencing (blue), and TLS-to-TLS differencing (red). All values derived from net 

volume changes less than zero set to zero to represent no sediment yield from upland 

watershed. Error bars shown in black and exponential fit (Y0= 242.50 ± 1.52 mm yr-1 and 

τ = 0.12 ± 0.01 yr) to P1 data from TLS-to-TLS differencing shown in dashed line and 

equation.  
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Figure 10. DoD of P1 (A) and P2 (B) resulting from the ALS-to-TLS differencing used to 

calculate sediment volume for the pre- and post-wildfire integration interval following 

the Las Conchas fire. Notice much of the change is removed from the DoDs of both P1 

and P2.  
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Figure 11. DoDs of P1 through time showing change over the intervals of 8/3/11 to 

8/18/11 (A), 8/19/11 to 6/4/12 (B), 6/5/12 to 9/22/12 (C), and 9/23/12 to 5/14/13 (D) 

from differencing TLS-derived DEMs. Decrease and increase of piedmont surface 

elevation shown as blue and red, respectively. Important aspects of piedmont surface 

change are indicated by arrows and labels where I is channel incision, D is deposition, C 

is channelization (shallow erosion), and F is channel infilling.  
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Figure 12. DoDs of P2 through time showing change over the intervals of 8/3/11 to 

8/18/11 (A), 8/19/11 to 6/4/12 (B), 6/5/12 to 9/22/12 (C), and 9/23/12 to 5/14/13 (D) 

from differencing TLS-derived DEMs. Decrease and increase of piedmont surface 

elevation shown as blue and red, respectively. Important aspects of piedmont surface 

change are indicated by arrows and labels where I is channel incision, D is deposition, C 

is channelization (shallow erosion), and F is channel infilling.  
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APPENDIX C: THE PREDOMINANCE OF POST-WILDFIRE DENUDATION IN 

THE LONG-TERM EVOLUTION OF FORESTED LANDSCAPES 

Submitted for publication in the professional journal: Proceedings of the National 

Academy of Sciences 
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The predominance of post-wildfire denudation in the long-term evolution of forested, 

landscapes 

Caitlin A. Orem, Jon D. Pelletier 

 

Abstract 

Wildfires can dramatically increase erosion over time scales on the order of years, but the 

relative importance of post-wildfire denudation versus non-wildfire-affected denudation 

over geologic time scales is unknown. Here we quantify mean denudation rates (DRs) in 

wildfire-affected and non-wildfire-affected watersheds in the Valles Caldera, NM, over 

short (~100 yr) time scales using suspended sediment loads, terrestrial laser scanning 

(TLS), and airborne laser scanning (ALS), and over long (~103-106 yr) time scales using 

10Be cosmogenic radionuclides (CRN) and incision into a dated paleosurface. We find 

that following the Las Conchas fire in 2011, watersheds eroded at rates greater than 1000 

µm yr-1, ~103 to 104 times higher than nearby unburned watersheds of similar area, relief, 

and bedrock type. Long-term DRs are on the order of 10-100 µm yr-1 and incorporate 

both wildfire-affected and non-wildfire-affected DRs. These long-term DRs are 

consistent with a large pulse of wildfire-affected denudation lasting approximately 1 yr 

and recurring every 30 to 800 yr, with larger recurrence intervals (RI) corresponding to 

wildfires of greater burn severity, which agrees well with dendrochronological records. 

These pulses are responsible for ~99% of long-term denudation, attesting to their 

importance in shaping the landscape. 
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Significance Statement  

 Wildfires are essential to forest ecosystems, responsible for the cyclical clearing 

of biomass and initiation of new growth. Following wildfire, vegetation removal and 

changes in soil characteristics cause rainfall events to result in increased denudation of 

the landscape over months to decades. However, the effect of these post-wildfire 

denudation pulses on the long-term evolution of landscape has not been determined. As 

the burn frequency, area, and severity increase in the western U.S. it is crucial that the 

effects over both the short-term, human and long-term, geologic time scales are 

quantified. Here, we show that wildfire, although infrequent, is responsible for the 

majority of denudation over long-term time scales.  

 

Introduction 

The relative importance of frequent, small versus rare, large denudation events in forming 

landscapes is still a fundamental question in geomorphology (1). To address this 

question, Kirchner et al. (2) quantified sediment yields over time scales of 101 yr by 

analyzing suspended sediment loads, 103-104 yr using 10Be cosmogenic radionuclides 

(CRN), and 106 yr using apatite fission track in mountainous, forested areas of central 

Idaho. These authors found that denudation over short time scales (~101 yr) was highly 

episodic and did not usually incorporate the rare, large denudation events that dominate 

over long time scales (~103 to 106 yr). Kirchner et al. (2) associated these landscape-

forming events with large storms, but also suggested that they could be associated with 

disturbance events, principally wildfires, that alter land cover. Later post-wildfire erosion 

studies in central Idaho proposed that episodic post-wildfire debris flows could explain 
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long-term denudation rates (3). Proving that long-term landscape evolution is dominated 

by the effects of wildfire in a given study area, however, requires that wildfire RIs be 

tightly constrained (e.g. via dendrochronology) and that the duration of elevated DRs 

following an individual wildfire be quantified. Here we investigate whether or not long-

term denudation is dominated by the effects of wildfire in the forested watersheds of the 

Valles Caldera, NM (Fig. 1; SI Note 1). We present DRs for both recently wildfire-

affected and non-wildfire-affected areas over short time scales (~100 yr) and DRs over 

long time scales (~103 and 106 yr). Quantifying these DRs enables us to directly 

document the importance of wildfires in driving the episodicity of DRs over short-term 

time scales and to account for the disparity between DRs over short and long time scales 

in forested mountainous landscapes of the Intermountain West of the U.S. 

 

Results 

DRs presented in this study represent the mean physical DR for a given watershed. All 

DRs except the long-term, 10Be CRN-derived DRs are synonymous with sediment yield 

measurements. Sediment yield, reported as a volume per unit area per unit time, is 

interpreted here as the mean lowering rate (i.e. length per unit time) of the watershed. 

Although denudation may be localized within the watershed, the calculated DR 

represents the mean lowering rate over the entire watershed. Chemical DRs are also 

presented (Fig. 2; SI Note 2) and were used to remove the effects of chemical weathering 

processes from calculated DRs. 
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Short-term (~100 yr) DRs in recently wildfire-affected and non-wildfire-affected areas 

were calculated by differencing TLS- and ALS-derived Digital Elevation Models 

(DEMs) obtained before and after the 2011 Las Conchas fire and subsequent storm 

events, and by analyzing suspended sediment loads (SSL), respectively. Following the 

Las Conchas fire, moderate-intensity storms (i.e. <5 yr RI for 1-hr) triggered debris-laden 

flows on the piedmonts of two watersheds we studied (Fig. 1) in addition to many others 

in the study area (4). In these two watersheds the wildfire and subsequent storm events 

led to DRs more than three orders of magnitude higher than short-term non-wildfire-

affected rates calculated in nearby watersheds (Fig. 2; Table 1). DRs remained elevated 

for approximately one year following the wildfire (SI Note 3). Wildfire-affected DRs, 

and their increase from non-wildfire-affected DR, are comparable to DRs reported from 

wildfire-affected areas in previous studies (2, 3, 5-7) (i.e. ~102-104 µm yr-1 and a 2-5 

order-of-magnitude increase from non-wildfire-effected to wildfire-effected DRs). Non-

wildfire-affected DRs we measured are comparable to, or only slightly lower than, SSL-

derived DRs calculated for other small, mountainous watersheds in the Intermountain 

West over similar time scales (SI Note 4; Table S4). Although the wildfire-affected and 

non-wildfire-affected DRs we report were measured in different watersheds, these 

measurements are directly comparable due to the similarity in landscape age (8), geology 

(9, 10), soils (11), vegetation (11), climate (11), watershed area, and relief among the 

watersheds (SI Note 1).  

 

Long-term DRs measured over time scales of ~103-104 yr and ~106 yr were calculated 

using CRN analyses (SI Note 5) and an analysis of the incision into a dated paleosurface 
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(SI Note 6), respectively. DRs calculated by CRN analysis are somewhat higher than 

minimum DRs estimated using the incision over the last ~1.24 Myr (Fig. 2; Table 1). 

CRN-derived DRs are of the same order of magnitude as those in similar studies within 

the western U.S. (12-14). The time scales over which the CRN-derived DRs are 

integrated range from the 3.4 to 12.1 kyr and were estimated by dividing the absorption 

depth scale for cosmic rays (≈0.67 m; SI Note 5) by the calculated DRs (14, 15).  

 

Given data for short-term denudation rates from wildfire-affected and non-wildfire-

affected areas, as well as DRs over geologic time scales, it is possible to estimate the RI 

of wildfire-affected denudation events most consistent with the measured differences 

among short term and long-term DRs (Fig. 3). These estimates can then be compared 

against independent data for wildfire RIs obtained from dendrochronology to check for 

consistency. In order to estimate RIs consistent with the difference among measured 

short-term and long-term DRs, the amount of the time associated with wildfire-affected 

denudation (tWA) must be quantified using a weighted mean relationship: 

      (1) 

where DRL is the long-term DR, DRNWA is the non-wildfire-affected DR, tNWA is the total 

time in years where the denudation is non-wildfire-affected, DRWA is the wildfire-

affected DR, and tL is the total time in years over which the DRL was measured. Here the 

sum of the tNWA and tWA is equal to tL. DRL was set equal to long-term DRs derived from 

CRN analysis and analysis of paleosurface incision. The mean TLS-derived, wildfire-

affected DR, 6400 ± 2200 µm yr-1, was used throughout all calculations as DRWA. 
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Calculations were also completed using the mean ALS-derived, wildfire-affected DR, 

17000 ± 8700 µm yr-1. The RI of wildfire-affected denudation was calculated as: 

          (2) 

where tR is the time period of recovery, i.e. the time of elevated DRs following a wildfire 

(16) (i.e. 1 yr; SI Note 3). Results indicate that wildfire-affected denudation is occurring 

<3% of the time, but is responsible for at least 99% of total denudation over long time 

scales (SI Note 7). RIs for wildfire-affected denudation events are ~33 to 313 yr over the 

Holocene time scales, and ~308 to 833 yr over last ~1.24 Myr (SI Note 7). The 

percentage of time and volume associated with the wildfire-affected denudation and the 

RI will change depending on the relative values of wildfire-affected, non-wildfire-

affected, and long-term DRs for a given area (SI Note 7). However, due to the fact that a 

post-wildfire increase in DR of just one order of magnitude is needed to achieve 70% 

wildfire-affected dominance, together with the fact that wildfire-induced increases of up 

to 3 orders-of-magnitude are standard (17) (SI Note 7), we would expect wildfire-

affected denudation to dominate in other landscapes of the U.S. Intermountain West.  

  

Discussion 

The RIs calculated for wildfire-affected denudation are comparable to those previously 

calculated for wildfire occurrence in the Valles Caldera region. RIs for low-to-moderate-

severity wildfires range from 1 to 35 yr during the late Holocene based on 

dendrochronological data (18, 19). High-severity wildfires have longer RIs, i.e. 200 to 

370 yr based on dendrochronological and paleolimnological data (20-22). The severities 

of wildfires during the Early Pleistocene are unknown, but were likely a mixture of 
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frequent, low to infrequent, high-severity events. The Las Conchas fire, from which we 

derive our data, was a high-severity fire, not unlike those that occurred during the 

Holocene in the Intermountain western U.S. during severe droughts (23, 24). However, if 

we assume the endmember case that past wildfires were of low-to-moderate severity, the 

Holocene RIs estimated in this study (~33 to 313 yr) are on the same order of, or slightly 

higher than, the RIs measured by the dendrochronological records (1 to 35 yr). If we 

assume the opposite endmember case that past wildfires were of high severity, the RI 

estimated over the last ~1.24 Myr (~308 to 833 y) agrees well with, or are slightly higher 

than, the RIs derived from the dendrochronological and paleolimnological data for high-

severity wildfires. Because not all wildfires produce post-fire denudation, RIs for 

wildfire-affected denudation are expected be longer than those for wildfire occurrence. 

We conclude that our RIs estimated from DRs agree well with the RIs previously 

presented for wildfire occurrences of a range of severities. 

  

The results indicate that wildfire-affected denudation occurring at calculated RIs account 

for the difference in magnitudes between short-term and long-term DRs. This finding 

indicates that smaller, more frequent storms and floods following infrequent wildfires can 

dominate the denudation of a forested landscape rather than rare, infrequent large storms 

and floods with no accompanying landscape disturbance. This is possible because 

denudation increases following a wildfire due largely to the removal of vegetation and 

litter from the land surface (7, 25), which decreases the threshold shear stress needed for 

sediment entrainment. This conceptual model is consistent with experiments that show a 

~3- to 9-fold decrease in the threshold shear stress required for sediment entrainment by 
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overland flow when grass is removed from a surface (26) as well as observations in the 

post-wildfire literature (27, 28). Therefore, in vegetated landscapes, vegetation-cover 

removal through disturbance is required to increase DRs temporarily and to account for 

the difference between short-term and long-term DRs. 

 

The conclusion that wildfire and subsequent rainfall events dominate long-term 

denudation is supported by our finding that ~99% of the total eroded sediment volume 

from watersheds can be attributed to wildfire-affected denudation and by previous studies 

that attribute the majority of eroded sediment volumes to be due to wildfire effects (20). 

To test the additional hypothesis proposed by Kirchner et al. that rare, infrequent storms 

and floods not associated with disturbance could dominate long-term DRs, we quantified 

the relationship between non-wildfire-affected DRs and the length of the hydrograph 

record incorporated into the SSL analysis as it was varied from 1 to 25 yr to determine if 

a significant increase in DR occurs when larger, more rare flood events are included in 

the analysis (Fig. 4). We analyzed the SSL records for 15 small, mountainous watersheds 

in the Intermountain West (SI Note 4) and found that for 12 of the 15 watersheds the 

mean DRs did not change more than 20% with increasing length of records up to 25 years 

once the record was 2-5 years in length (Fig. 4). Although 25 yr is a smaller RI that 

leaves out larger events (e.g. 100 and 500 yr floods), we would expect to see some 

systematic increase in DRs as larger and rarer floods were included within the 2-25 yr 

range if extreme events were, in the absence of disturbance such as wildfire, capable of 

increasing the long-term DRs by the 1-2 orders of magnitude relative to short-term DR 

seen in our data. No such increase is observed. 
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Conclusions 

Our analysis, which combines data for denudation rates measured over short time scales 

in wildfire-affected and non-wildfire affected watersheds with long-term denudation 

rates, demonstrates that post-wildfire denudation, while occurring only ~3% of the time, 

is responsible for the vast majority (~99%) of the denudation in the Valles Caldera. 

Wildfire RIs of ~30 to 800 yr were calculated from the DR data and agree well with 

published RIs for this region. 

 

The importance of wildfire-affected denudation within the Valles Caldera has 

implications for the future wildfire management of this area and similar regions. Wildfire 

is expected to increase in both frequency (29) and severity (30) due to increasing drought 

and temperatures (31). It follows that post-wildfire denudation events will also likely 

increase in frequency and severity as we move into the future. Measuring these changes 

is vital for understanding landscape changes that until now were unseen in the historical 

record.  

 

Methods 

Short-term (~100 yr), wildfire-affected DRs were calculated using Light Detection and 

Ranging (LiDAR)-derived Digital Elevation Models (DEMs). DEMs of Difference 

(DoDs) were created by subtracting two sequential TLS-derived, 0.1-m resolution DEMs 

of two alluvial fan deposits and by subtracting two ALS-derived, 1-m resolution DEMs 

of the corresponding watersheds. A minimum volume of change was calculated in each 
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case and used to calculate spatially averaged, yearly DRs for the two watersheds 

following the Las Conchas fire. Uncertainty was assigned to each volume change per cell 

based on point cloud density (SI Note 3).  

 

Short-term (~100 yr), non-wildfire-affected DRs were calculated using suspended 

sediment load (SSL) samples collected during the 2010-2012 water years at five sites. A 

rating curve was developed by applying a power-law fit to sediment concentration and 

the corresponding instantaneous stream discharge measured over the collection period. 

The rating curve was applied to the daily discharge data to calculate a total amount of 

suspended sediment load and the SSL-derived DR for the given year. Prediction intervals 

calculated for the power-law model were propagated through DR calculations to estimate 

an uncertainty (SI Note 4).  

 

Long-term (~103 yr) DRs were calculated using 10Be CRN analyses. Samples of 0.25-0.5 

mm grain size were collected at four sites for analysis. Samples were processed and 

loaded into targets at the University of Arizona following the instructions of the UC 

Santa Barbara Cosmogenic Nuclide Preparation Facility Sample Preparation Manual and 

University of Arizona AMS Laboratory Manual. AMS measurements were completed at 

the PRIME laboratory at Purdue University. Reported uncertainty from AMS 

measurements and additional uncertainty from watershed parameters were propagated 

through DR calculations (SI Note 5).  
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Long-term (~106 yr) DRs were calculated by subtracting 10-m-resolution DEMs of 

modern topography from DEMs of estimated paleosurfaces created by interpolating 

between modern topographic divides. These paleosurfaces represent the initial surface of 

Redondo Mountain prior to valley formation. DRs were calculated by dividing the 

estimated eroded volume by the area of the watershed and by the time interval. The time 

interval is in this case is 1.24 My, the age of the landscape that coincides with the uplift 

of Redondo Mountain (SI Note 1). Uncertainty in the estimates was estimated as the 

difference between the average DR and the minimum/maximum DR assuming an 

additional 10 m of divide lowering (SI Note 6). 
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Tables 

Table 1. Mean DR and time interval data derived from all methods.  

Site  Time 
Int.  
(yr) 

SSL* 
DR 

(µm yr-1) 

Time 
Int. 
(yr) 

LiDAR†  
DR 

(µm yr-1) 

Time 
Int. 

(kyr) 

CRN‡ 
DR 

(µm yr-1) 

Time  
Int. 

(Myr) 

Topo§ 
DR 

(µm yr-1) 
HG 5 0.310 ± 0.067   12.8 52.1 ± 3.0 1.24 19 ± 4 
LJ 5 0.182 ± 0.058   11.3 59.4 ± 3.6 1.24 32 ± 4 
UR 5 1.337 ± 0.150   3.1 212 ± 16.8 1.24 13 ± 4 
LR 5 0.168 ± 0.016   3.7 179 ± 15.5   
UJ 5 0.286 ± 0.047     1.24 20 ± 4 
D1   1 12000 ± 4100¶ 

23000 ± 12000** 
    

D2   1 660 ± 160¶
 

12000 ± 5800** 

    

* Suspended sediment load (SSL) 
† Light Detection and Ranging (LiDAR) 
‡ Cosmogenic radionuclide (CRN) 
§ Paleosurface incision (Topo) 
¶ Estimate derived from TLS LiDAR data. 
** Estimate derived from ALS LiDAR data. 
†† All denudation rate uncertainties are estimates of the measurement uncertainty, see SI 
for details. 
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Figure 1. (a) Map of the Valles Caldera, New Mexico with sample locations (black 

circles) and study watersheds (red outline) shown. All study watersheds are shown: 

History Grove (HG), La Jara (LJ), Upper Jaramillo (UJ), Upper Redondo (UR), Lower 

Redondo (LR), Debris 1 (D1), and Debris 2 (D2). (b) Map showing the location of the 

Valles Caldera within the United States. (c) Google Earth imagery of the post-wildfire 

deposits on the two piedmont surfaces located below the D1 and D2 watersheds (shown 

in dashed line in panel a).  
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Figure 2. Plot of DRs calculated in this study versus timescale. Short-term wildfire-

affected, TLS- and ALS-derived DRs (red and black squares), non-wildfire-affected, 

SSL-derived DRs (green triangles), chemical flux-derived DR (yellow diamonds), and 

long-term 10Be CRN-derived DRs (blue circles) and DRs derived from incision into a 

paleosurface (orange diamonds) are shown. Data from Kirchner et al. (2) also shown in 

gray squares for comparison.  
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Figure 3. (a) Plot of DR versus RI. Possible long-term denudation rates versus the 

wildfire-affected (dark gray line) and non-wildfire-affected (light gray line) denudation 

rate recurrence intervals are plotted. These values are calculated by solving the Equation 

(1) for cases in which the percentage of time each denudation rate occurs (i.e. tWA/ tL or 

tNWA/ tL) varies between 0 and 100%. The black line represents a situation in which the 

wildfire-affected DR (TLS-derived wildfire-affected DR) is occurring every year.  For 

comparison, long-term DRs over the Holocene for the HG and LJ watersheds (dashed 
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blue line), the UR and LR watersheds (dashed red line), and the long-term DRs over the 

landscape age (dashed black line) are also shown. (b) Plot of DRs through time showing 

non-wildfire-affected DRs with episodic post-wildfire denudational events as peaks with 

length of 1 yr for the HG and LJ watersheds (blue line), the UR and LR watersheds (red 

line), and the long-term mean watershed conditions (black lines) over the landscape. 

Dashed lines indicate long-term DRs calculated for each of the watershed groups.  
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Figure 4. (a) Plot of SSL-derived DRs for 15 mountainous Intermountain western U.S. 

watersheds versus the time interval over which the DRs are integrated. Watersheds where 

calculated DRs decreased as more years were added to the record are shown in blue, 

those that increased are shown in red. After <5 years (dashed line) the DRs change <20% 

for 12 out of 15 watersheds. (b) Plot of the number of watersheds versus the time interval 

needed before watersheds changed <10%. Additionally the number of watersheds in each 

group whose DRs changed an order of magnitude (red) or did not (blue) is shown. 
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Supplemental Information 

 

Supplemental information is given here concerning the five approaches used to calculate 

DRs. Additional information is also given for suspended sediment load (SSL) data from 

the Intermountain western U.S. watersheds used in Figure 3.  

 

SI Note 1. Study Area 

The Valles Caldera formed ~1.25 Ma in north-central New Mexico where it is part of the 

Jemez Mountains Volcanic Field (1). The caldera includes Redondo Mountain, a 

resurgent dome made up of mostly the Tshirge member of the Bandelier tuff, and many 

smaller, interior rhyolitic domes that erupted along the caldera ring fracture between ~1.2 

Mya and 0.5 Mya (1-3). More recent eruptions occurred along the southern portion of the 

ring fracture between 60-37 kya (1, 4). Elevation in the Valles Caldera varies from 

approximately 2500 m in the lowest meadows to 3430 m at the summit of Redondo 

Mountain. In this study we focus on similar watersheds located on Redondo Mountain 

and on the rhyolitic dome Cerro del Medio, which have been dated to approximately 1.24 

and 1.22 Mya, respectively (3; Fig. 1). Redondo Mountain formed as a resurgent dome 

shortly after the eruption of the Valles Caldera, while the rhyolitic dome Cerro del Medio 

erupted slightly later. All watersheds in this study span similar elevation ranges and have 

areas between ~1 and 13 km2. Average slopes in the D1 and D2 watersheds on Cerro del 

Medio are 14.7 and 16.1 degrees, respectively, while average slopes for the catchments 

on Redondo Mountain range from 13.3 to 20.1 degrees.  
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Modern climate in the Valles Caldera is semi-arid with approximately half of the annual 

precipitation falling during convective monsoonal storms during the summer months and 

the other half falling as snow in the winter (5, 6). Average monthly temperatures vary 

from approximately 27 °C in the summer months to 4 °C in the winter months at nearby 

Los Alamos, NM (5; 2231 masl). Average annual precipitation is approximately 186 cm 

at nearby Los Alamos, NM (5). 

 

The vegetation of the Valles Caldera changes with elevation. Grasslands at the lowest 

elevations are typically made up of sedge, grasses, and forbs (5). Forest types include 

spruce and fir at the highest elevations, mixed conifer forest and woodlands at 

intermediate elevations, and ponderosa pine forests at lower elevations (5). The soils 

within the Valles Caldera range from shallow Andisols, Alfisols, and Inceptisols in the 

uplands to deep Mollisols in the valleys (5).  

 

SI Note 2. Short-term, Silica-flux-derived Chemical DRs 

Denudation can occur due to chemical or physical processes. Chemical processes 

typically dissolve rock and soil into its chemical components that are then transported 

from the watershed, while physical processes break down rock and soil into smaller 

pieces until the surface pieces can be entrained and transported from the watershed. In 

this study we compare physical DRs by removing the chemical denudation component 

from calculated DRs that include both the chemical and physical denudation components. 
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Chemical DRs from a separate study were used to remove chemical denudation from 

DRs calculated in this study. Chemical DRs were compared to these resulting physical 

DRs. Dissolved silica fluxes were used to calculate short-term (~100 years), non-wildfire-

affected DRs (corresponding to chemical processes only) for three watersheds on 

Redondo Mountain. The watersheds included for this analysis were History Grove, La 

Jara, and Upper Jaramillo (Fig. 1). Stream water samples were collected during the 2010, 

2011, and 2012 water years at weekly to monthly sample intervals during approximately 

March to October (no snow conditions) by the University of Arizona Jemez River Basin 

Critical Zone Observatory. Samples were collected in acid-washed 1000-ml amber glass 

bottles and sent to the University of Arizona where they were stored at 4°C until analysis. 

Samples were filtered using HDPE-cased 0.45-µm nylon filters and transferred to 30-ml 

acid-washed HDPE bottles. All solute measurements were completed at the Arizona 

Laboratory for Emerging Contaminants (ALEC) at the University of Arizona. 

 

Silica fluxes were calculated using a rating-curve approach. A relationship between silica 

solute and daily discharge collected at stream gages was found in order to calculate a 

yearly silica flux in g m-2 yr-1 (Table S1). Daily discharge was collected at each sampling 

location using a pressure transducer at a flume with established rating curves. A silica 

density of 2.329 g cm3 was used to convert the mass flux to a volume flux. The resulting 

silica-flux-derived DRs for each of the three years and three watersheds are presented in 

µm yr-1 (Table S1). An uncertainty for the resulting DR is estimated as one standard 

deviation. 
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SI Note 3. Short-term, LiDAR-derived DRs 

Following the Las Conchas fire large debris-laden flows came out of two watersheds 

used in this study. Sediment entrained in the debris-laden flows was sourced from both 

hillslope (rilling and sheet flow were both observed) and valley bottom (gullying) 

locations within the watersheds. These debris-laden flows continued to occur over 

approximately one year, with each depositing less on the piedmont surface below the two 

watersheds. This decline in sediment can be attributed to (1) the decrease in available 

sediment due to gullying and channelization of flow, and (2) the regrowth of grass and 

other low vegetation that holds sediment in place and protects the soil surface from direct 

rainfall impact. Here we use Light-Detection-and-Ranging (LiDAR) to measure the 

amount of sediment removed from the watershed and the recovery time needed to return 

to low, pre-wildfire denudation rates.  

 

Differencing of LiDAR-derived DEMs was used to measure sediment volumes deposited 

on two piedmont surfaces and sediment volumes eroded from the two corresponding 

watersheds following the 2011 Las Conchas fire in order to calculate short-term (~100 

years) DRs in wildfire-affected watersheds. Terrestrial laser scanning (TLS) was used to 

collect post-wildfire elevation data in August 2011, June 2012, September 2012, and May 

2013. TLS data was collected on these dates to coincide with the end of the monsoon 

summer precipitation season in August-September and the end of the spring snowmelt 

season in May-June. Therefore the TLS collections are capturing surface change that 

occurred during the two major runoff seasons. Repeat airborne laser scanning (ALS) over 

the two upland watersheds was collected in July 2010 and May 2012. Although the first 
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ALS data was collected a year before the Las Conchas fire occurred, we believe there 

was likely little to no denudation within these ephemeral watersheds before the wildfire 

and attribute any change in surface elevation to post-wildfire denudation. The May 2012 

collection was completed for post-wildfire studies.  

 

Unlike ALS data that is delivered in DEM form, TLS data needs to be processed to a 

DEM. Both ALS datasets were provided in bare-earth DEM form from the National 

Center for Airborne Laser Mapping (NCALM) at 1-m resolution. All collected TLS data 

were processed in Leica Cyclone to point cloud form. Point clouds were imported into 

the Cloud Compare interface for manual removal of nonessential boundary points and 

artifacts (e.g. sun interference) within the data. Point clouds were then exported from 

Cloud Compare as text files for filtering.  

 

A pre-wildfire surface was estimated using the post-wildfire TLS data in order to 

complete the first differencing and volume calculation between pre-wildfire and the 

August 2011 post-wildfire surface. The pre-wildfire surface was estimated by isolating all 

vegetation points (in this case grass) using a greenness index (GI) threshold of 0.66. The 

greenness index is calculated from the RGB values for each point as: 

       

The lowest vegetation point identified in a 1-m square area was assigned as the pre-

wildfire ground point. Observations during the first post-wildfire TLS data collection 

indicated that grass was a good proxy for unchanged ground surface because: (1) in some 

locations pre-wildfire grass was still present, marking the pre-wildfire surface, (2) in 
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some locations grass had been flattened by water flow against the pre-wildfire surface, 

and (3) recovery or post-wildfire growth of grass was none to very little. Elevation point 

data on the 1-m resolution was imported into ArcGIS where a TIN was created and then 

subsampled to 1-m-resolution. This last step creates a discontinuous DEM of the ground 

surface.  

 

The post-wildfire surfaces were calculated from the August 2011, June 2012, September 

2012, and May 2013 TLS data collections. First, the point clouds were filtered to remove 

all vegetation points using the GI for each point. The remaining ground points were 

subsampled at 0.1-m resolution, with the lowest point in each 0.1 square-area assigned as 

the value for the point. Ground point data was imported into ArcGIS and used to create a 

TIN. Each TIN was resampled at 0.1-m resolution to create a continuous DEM of the 

ground surface. The point cloud data from the August 2011 TLS collection was also 

processed at 1-m resolution for use in the differencing of the pre- and post-wildfire 

surfaces.  

 

Measurement uncertainty was estimated for each DEM derived from TLS data and 

propagated through the differencing calculations. For all TLS-derived DEMs except for 

those for the pre-wildfire, vegetation-point-derived DEMs, the uncertainty for each 

elevation value was set at to the known maximum point-cloud-processing-derived error 

(i.e. 0.007 and 0.003 m for D1 and D2, respectively).  For the pre-wildfire, vegetation-

point-derived DEM the uncertainty was set to vary between 0.007 (the minimum 

uncertainty based on point cloud processing) and 0.03 m based on point cloud density. 
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Therefore cells within the DEM that had few points to derive a DEM cell value from 

were assigned a high uncertainty and those cells with a large amount of points were 

assigned a low uncertainty.  

 

All LiDAR-derived DEMs were differenced using ArcGIS and Matlab software to create 

a DEM of difference (DoD; Fig. S1). Total volume change was calculated by multiplying 

the vertical change by the cell area. For DEMs derived from TLS data no vertical change 

less than the combined error associated with each cell was used in the volume change 

correction. DEMs derived from ALS data for the upland drainage basins were further 

filtered to remove change < 0.3 m, change measured on slopes > 45 degrees, and change 

measured on hillslopes with <1000 m2 of contributing area due to limitations in ALS 

techniques (7). DRs over the sub-annual time scale for each watershed were calculated by 

dividing the volume of change by the area of each upland basin and the time interval over 

which the change took place. Data collected over approximately one year following the 

fire was combined to get a DR directly relating to the post-wildfire denudation occurring 

in the basins (Table S2). The TLS-derived denudation rates are minimum estimates due 

to incomplete preservation of material on the piedmont surface (e.g. some material passed 

through the scanning area) and the measurement limitations of the TLS technique (e.g. no 

vertical change <0.003 was ever included in the volume calculations). Similarly ALS-

derived denudation rates are minimum estimates due to the <1 yr of measurement (TLS 

was measured over a period of 1.06 yr while ALS only includes 0.74 yr after the end of 

the Las Conchas fire and the denudation-initiating rainfall event) and measurement 

limitations of the ALS technique (e.g. no vertical change <0.3 m was ever included in the 
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volume calculations) and additional filtering out of hillslope denudation due to the 

possible inaccuracies of the measurements. Because both TLS- and ALS-derived are 

minimum estimates, it is impossible to calculate an uncertainty to how well these 

measurements estimate the total sediment removed from the watersheds. 

 

Results from this analysis show that the export of sediment from the upland watershed to 

the piedmont surface decreased to undetectable levels (i.e. the piedmont surface becomes 

a source of sediment and not a sink for sediment) within approximately 1 year of the 

initial event (Fig. S2). Not all watersheds show a consistent decrease in sediment (e.g. 

D2), or showed any denudation response, within the first year following the wildfire due 

to variation in rainfall over the field area and over time. However, for our purposes it is 

unimportant when the denudation occurs, only that the heightened denudation occurs for 

approximately 1 yr. Based on these data we can assume heightened post-wildfire 

sediment yield over one year for recurrence interval calculations. This agrees with 

previous studies that show that the relaxation to pre-wildfire sediment yield levels can 

take anywhere from 3 to 10 years (8-12) although in some cases can take as little as a few 

months (13).  

 

SI Note 4. Short-term, Suspended-Sediment-Load-derived DRs 

Suspended sediment load (SSL) sampling is a traditional way of estimating the amount of 

suspended sediment in the water column at different discharges. Samples are taken from 

the stream at different times (or at different intervals) and the discharge at the location is 

measured. Using this data a relationship between discharge and suspended sediment load 
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is found (i.e. rating curve). This relationship, defining how much suspended sediment is 

being transported for a given discharge, is then applied to the entire discharge record over 

the time interval of interest (e.g. a water year) in order to calculate the flux of suspended 

sediment. The amount of suspended sediment load is then added together to quantify the 

total amount of sediment exported from an area over the time period and/or the 

denudation rate of that area. Here, we use biweekly SSL samples to calculate the 

denudation rate of five watersheds.  

 

SSL measurements were used to calculate short-term (~100 years), non-wildfire-affected 

DRs for five watersheds: History Grove, La Jara, Upper Jaramillo, Upper Redondo, and 

Lower Redondo (Fig. 1). These watersheds have not seen a major wildfire since natural 

wildfire regimes occurred prior to 1900 (14, 15). SSL samples were collected during the 

2010, 2011, and 2012 water years at weekly to monthly sample intervals during 

approximately March through October by the University of Arizona Jemez River Basin 

Critical Zone Observatory. Samples were taken during the scheduled (or only available) 

sampling day and therefore did not include a bias towards fair weather. Samples were 

collected in DI-washed 1000-ml HDPE bottles and sent to the University of Arizona for 

analysis. Samples were processed by centrifuging samples for 5 minutes at 3500 rpm to 

remove supernatant stream water from suspended sediment load. The amount of water in 

each sample was measured using a 100-ml graduated cylinder. Remaining sediment was 

dried in an oven at 60°C and the total mass of suspended material was measured.  
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A hydrogen-peroxide treatment was used to remove organic material from SSL samples. 

SSL samples in 50-ml centrifuge tubes were placed in a warm-water bath under a flume 

hood. 3 ml of 30% hydrogen peroxide (H2O2) was added to each sample and the samples 

were gently swirled. Samples were allowed to react with hydrogen peroxide for 

approximately 12 hours until another 3 ml of hydrogen peroxide was added. Hydrogen 

peroxide was added at 3-ml increments until no reaction (effervescence) was observed. 

Remaining sediment was dried in an oven at 60°C and the total mass of non-organic 

suspended material was measured.  

 

A rating curve was used to calculate DRs from SSL and discharge data (16). In this 

approach the power-law relationship between measured stream discharge and SSL is 

found and applied to the discharge record to calculate an annual flux of sediment (g m-2 

yr-1) from the catchment. The Quasi-Maximum Likelihood Estimator (QMLE) was used 

as a bias correction factor to correct for the general underestimation of SSL by this 

method (17). An average soil density of 1.5 g cm3 was used to convert the mass of 

sediment to volume (18, 19). The resulting suspended sediment load-derived DRs for 

water years 2008, 2009, 2010, 2011, and 2012 for all five watersheds are presented in µm 

yr-1 (Table S3).  

 

The error for SSL-derived DRs was estimated by calculating the prediction intervals for 

the predicted values determined by applying the power law model to daily discharge data.  

Prediction intervals for predicted values ( ) were calculated at a 95% confidence 

interval using 



 

 

176 

       (1) 

where t is the t value assigned for the given degrees of freedom of the variable and a 95% 

confidence interval,  is the mean root sum of squares, n is the number of samples,  

is the sample discharge values,  is the mean value of the sample discharge values, and 

 is the variance. Data was log-transformed to enable the model to be linear model 

instead of a power-law model for the application of the prediction interval method. 

Resulting prediction intervals were back-transformed and used to calculate the yearly 

uncertainty. 

 

Additional data from 15 watersheds within the Intermountain western U.S. were used for 

comparison (Table S4). These watersheds are part of the USGS Hydrologic Benchmark 

Network (HBN) that includes 58 watersheds nationwide. Discharge and SSL data was 

provided on USGS National Stream Water-Quality Monitoring Networks CD (1996). 

SSL-derived DRs for each watershed were calculated in following the rating curve 

methodology used for watersheds within this study but no bias correction was used (see 

above). These basins were chose due to their similar size and Intermountain western U.S. 

locations. The selection of other watershed data was limited to the HBN network so that 

additional data on vegetation, geology, and climate could be varied.  

 

SSL, as well as bedload, has been shown to increase following wildfire (20, 21). Here, we 

use SSL sampling in non-wildfire-affected watersheds to measure the non-wildfire-

affected denudation occurring in undisturbed basins. The extremely low SSL amounts (< 

1 g l-1) measured in these streams that have available fine and course material indicates 
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that courser bedload material is likely not transported during non-disturbance-affected 

times.  

 

SI Note 5. Long-term, CRN-derived DRs 

Catchment-averaged DRs can be calculated using 10Be where the bedrock is rich in 

quartz. The process involves measuring the amount of 10Be in a sample of sediment taken 

from the streambed at the outlet of a watershed. By sampling the streambed, it is assumed 

that the sediment sample (i.e. quartz grains) is a relatively even mixture of from all 

portions of the upstream basin. This sample is then processed in the lab and the 

concentration of 10Be in the quartz is measured. To calculate the denudation rate of the 

watershed the production rate, or the rate of 10Be deposition, is also calculated using 

known relationships between production rates and location characteristics (e.g. latitude, 

longitude, aspect, elevation, etc.). Once both the concentration and the production rate are 

known (as well as other constants) the denudation rate can be calculated. This method is 

used in four watersheds in this study to estimate denudation rates over a time scale of 104 

years.   

 

Catchment-averaged DRs were calculated from cosmogenic radionuclide (CRN) 10Be 

analyses on stream sediment from four watersheds on Redondo Mountain. The 

watersheds included in this analysis were History Grove, La Jara, Upper Redondo, and 

Lower Redondo (Fig. 1). Approximately two 1-gallon-sized plastic bags of stream 

sediment were collected from the outlet flume location of each watershed. Sediment 

samples were brought to the University of Arizona where they were sieved to 0.25-0.5 
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mm. Samples were processed to accelerator mass spectrometry (AMS) targets at the 

University of Arizona following the instructions of the UC Santa Barbara Cosmogenic 

Nuclide Preparation Facility Sample Preparation Manual and the guidance of the 

University of Arizona AMS Laboratory. AMS measurements were completed at the 

Purdue University PRIME Laboratory.  

 

To calculate catchment-averaged DRs the concentration of 10Be in the sample and the 

production rate of 10Be for the site are needed. AMS measured 10Be/9Be ratios were 

converted to 10Be concentrations (atoms g-1) (Table S5). The average production rate for 

each watershed was calculated by taking the average of calculated production rates for 

each pixel in a 10-m DEM. In this study we assume a time-constant production rate but 

correct for elevation, latitude (22), air pressure (23), and topographic shielding (24).  

 

The CRN-derived DRs were corrected for the inclusion of chemical denudation by 

subtracting the chemical DR calculated for the catchment where possible (HG, LJ, and 

UJ watersheds; Supplementary Note 2). Chemical DRs calculated for the UJ watershed 

was used for the UR and LR watersheds. We believe this to be the best approximation for 

the UR and LR watersheds because the two basins likely have the highest chemical DR 

due their high physical DRs. Therefore, by using the UJ chemical DR, we are assigning a 

minimum estimate of the chemical DR for the UR and LR watersheds. 

 

The time over which the CRN-derived DR is averaged can be calculated by dividing the 

10Be cosmic ray absorption depth scale by the DR. This approach assumes that most of 
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the time involved in eroding the sediment to the outlet of the basin is spent within the soil 

column and that surface transport is only a minor amount of time (25). An absorption 

depth scale of 0.67 m for cosmic rays was used in this study, based on an attenuation 

length of 160 g cm-2 and a density of 2.4 g cm-3 (density of rhyolite; 26). Dividing the 

absorption depth scale by the DRs for each watershed gives the timescales over which the 

DR is averaged. In this study the timescales range from approximately 3.1 and 3.7 kyr in 

the Upper Redondo and Lower Redondo watersheds, respectively, to approximately 11.3 

and 12.8 kyr in the La Jara and History Grove watersheds, respectively.  

 

The CRN-derived DRs calculated in this study do not incorporate the last glacial period 

(or previous glacial periods) and associated changes in climate and vegetation. In 

northern New Mexico the end of the Pinedale Glaciation dates to approximately 14,000 

cal yr BP (27, 28) meaning the end to possible glacial and periglacial conditions in the 

Jemez Mountains (29). Pollen records from the Jemez Mountains suggest that modern 

forest types had been established in the study area by approximately 10,500 cal yr BP 

(29). The transition out of glacial climates and the establishment of the modern forest 

types by approximately the beginning of the CRN integration time interval indicates that 

DRs derived from this analysis are representative of Holocene denudation regimes.  

 

SI Note 6. Long-term, Paleosurface-incision-derived DRs  

Incision into a dated paleosurface was used to calculate long-term DRs for four 

watersheds. This approach uses the current topography subtracted from an estimated 

paleosurface, or initial surface, of known age to calculate the “missing” or eroded volume 
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from individual watersheds. The paleosurface is estimated (i.e. interpolated) from the 

divides on the edges of the watersheds. The watersheds included in this analysis were 

History Grove, La Jara, Upper Redondo, and Upper Jaramillo. Lower Redondo was not 

included because most of the basin was formed by the structural formation of a graben 

during resurgence of Redondo Mountain and not fluvial/colluvial processes.  

 

The subtraction of topographic surfaces was completed within the Matlab software 

package. 10-m DEMs of the watersheds served as the modern topographic surface. The 

cells of elevation around the edge of each basin were identified and a surface was 

interpolated between them using the TriScatteredInterp function within the Matlab 

software package. This function performs a Delaunay triangulation between a set of 

points identified by the user. The interpolated surface served as the original surface of 

Redondo Mountain prior to valley formation.  

 

Calculating the long-term DR from an interpolated surface based on the modern divides 

gives a minimum estimate of total eroded volume because it does not factor in the 

lowering or denudation of the divides. To account for this, a maximum estimate of total 

eroded volume is also calculated by adding 10 m to the divide height. Long-term DRs on 

the order of 100 µm y-1 have been calculated for entire watersheds in the nearby Sierra 

Nacimiento (30, 31) and Idaho Batholith (18). If these DRs were used to estimate divide 

lowering, 100 m of lowering would have been added to the calculations, but these DRs 

include the entire landscape and not just the divides that erode at a lower rate due to their 
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lack of contributing area and slope and possible resistive materials. Here we assume a 

divide-lowering estimate of 10 m, which is the same as a DR of 10 µm y-1. 

 

The DR for each watershed was calculated by dividing the eroded volume by the area of 

the watersheds and by the time over which the denudation occurred. Because the 

resurgence of Redondo Mountain occurred within 27 kyr of the formation and eruption of 

the Valles Caldera at 1.25 Myr (3), an age of 1.24 Myr was used as the total denudation 

time for valley formation. The minimum and maximum volumes were used to calculate 

DRs and then averaged to get one DR for each basin (Table S6). The error prescribed to 

the DR was approximated by the difference between the average DR and the DR derived 

from the minimum and maximum volumes. Like the long-term, CRN-derived DRs, the 

calculated paleosurface-incision-derived rates were corrected for the inclusion of 

chemical DRs by subtracting the calculated chemical DRs for each watershed. 

 

SI Note 7. Percent Time, Recurrence Interval, and Volume Calculations 

The long-term (~103-104 yr) CRN-derived DRs for the Upper Redondo (UR) and Lower 

Redondo (LR) watersheds integrate over a much shorter time interval (~3.4 kyr) than 

those calculated for the History Grove (HG) and La Jara (LJ) watersheds (~12.1 kyr). To 

account for the different time intervals, the weighted mean approach was applied to the 

two time scales and the associated watersheds separately. Calculations applying Equation 

1 to UR and LR watershed data indicate that wildfire-affected DRs are occurring only 

~3% of the time, but are responsible for ~99% of the denudation over the past ~3.4 kyr. 

Calculations for the HG and LJ watershed data show a similar result with wildfire-
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affected denudation occurring ~1% of the time, yet contributing ~99% of the denudation 

during the past ~12.1 kyr. These results suggest that wildfire-affected denudation 

dominates long-term denudation in our study site. Recurrence intervals for wildfire-

affected denudational events are ~33 yr and ~115 yr for the UR and LR watersheds and 

the HG and LJ watersheds, respectively (Fig. 3) when the mean short-term, TLS-derived 

wildfire-affected DR (6400 ± 2200 µm yr-1) was used. Recurrence intervals were longer 

for the UR and LR watersheds and the HG and LJ watersheds, ~90 yr and ~313 yr, 

respectively, when the mean short-term, TLS-derived wildfire-affected DR (17000 ± 

8700 µm yr-1) was used.  

 

The long-term (~106 yr) DRs were used to estimate the importance of wildfire-affected 

denudation on an average landscape-scale. The mean short-term, non-wildfire-affected 

DR for all watersheds (0.457 ± 0.067 µm yr-1) and mean short-term, wildfire-affected 

DRs (6400 ± 2200 µm yr-1 and 17000 ± 8700 µm yr-1) were used to calculate the amount 

of time and material needed to explain the mean long-term DR (21 ± 4 µm yr-1). Results 

are similar to those over CRN time scales with non-wildfire-affected denudation taking 

place ~99% of the time, but >99% of the denudation being caused by wildfire-affected 

denudation. This analysis produces a recurrence intervals of ~308 yr and ~833 yr for 

episodic denudational events when TLS-derived and ALS-derived mean short-term, 

wildfire-affected DRs are used. 

 

The percentage of time (and by association the recurrence interval) and denudation (i.e. 

volume of sediment removed) associated with wildfire-affected denudation will change 



 

 

183 

with the amount of increase, or ratio of, from non-wildfire-affected DRs to wildfire-

affected DRs, which can vary with location. However, as shown in Figure S3, the amount 

of increase from non-wildfire-affected DRs to wildfire-affected DRs (or the ratio between 

them) only has to be one order of magnitude in order to find that <30% of the time and 

>70% of the denudation is associated with wildfire-affected conditions. Due to the 4 to 5 

order of magnitude increase from non-wildfire-affected DRs to wildfire-affected DRs 

found in the Valles Caldera in our study, we find some of the highest wildfire-affected 

percentages but would expect high wildfire-affected percentages from other locations due 

to the 2-5 order of increases stated in the post-wildfire literature (11, 18-21).  

 

Based on calculated recurrence intervals, we estimate that >99% of the total eroded 

volume of material from watersheds can be attributed to wildfire-affected denudation, 

while analyses on alluvial sediments in the western Jemez Mountains estimate that the 

total sediment volume attributed to wildfire effects is 77% (32). The estimate of 77% 

may be lower due to the alluvial sediment study including only preserved 

sedimentological evidence in an sub-basin, upland location, thus providing a minimum 

estimate of possible post-wildfire denudation. Conversely, the higher estimate from this 

study measures post-wildfire denudation in a basin outlet position, providing an estimate 

at the basin scale. Nonetheless, both estimates demonstrate that wildfire-affected 

denudation is responsible for the majority of eroded sediments within the Jemez 

Mountains.  
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SI Tables 

Table S1. Calculated silica solute fluxes and chemical denudation rates from three 

watersheds for three years. 

Watershed Year Si Solute Flux 
(g m-2 yr-1)* 

Denudation Rate 
(µm yr-1)* 

History Grove 2010 1.225 ± 0.047 0.526 ± 0.020 
 2011 0.273 ± 0.000 0.117 ± 0.000 
 2012 0.722 ± 0.005 0.310 ± 0.002 
La Jara 2010 1.071 ± 0.000 0.460 ± 0.000 
 2011 0.331 ± 0.003 0.142 ± 0.001 
 2012 0.749 ± 0.004 0.321 ± 0.002 
Upper Jaramillo 2010 1.932 ± 0.099 0.830 ± 0.042 
 2011 0.582 ± 0.015 0.250 ± 0007 
 2012 1.457 ± 0.009 0.625 ± 0.004 
*Errors given are 1 standard deviation 
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Table S2. LiDAR-derived volume change and denudation rates for two watersheds. 

Watershed Year Volume Change 
(m3) 

Denudation Rate  
(µm yr-1)* 

TLS Debris 1 2011 11036 ± 3773 12000 ± 4100 
TLS Debris 2 2011 589 ± 145 660 ± 160 
ALS Debris 1 2011 10976 ± 5488 23000 ± 12000 
ALS Debris 2 2011 5360 ± 2680 12000 ± 5800 
*Errors given are propagated DEM error and 50% errors for TLS-derived denudation 
rates and ALS-derived denudation rates, respectively. 
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Table S3. Calculated suspended sediment load fluxes and denudation rates from five 

watersheds for three years. 

Watershed Year Sediment Flux 
(g m-2 yr-1) 

Denudation Rate 
(µm yr-1) 

History Grove 2008 0.034 ± 0.004 0.278 ± 0.066 
 2009 0.037 ± 0.005 0.381 ± 0.067 
 2010 0.038 ± 0.005 0.501 ± 0.067 
 2011 0.022 ± 0.003 0.119 ± 0.066 
 2012 0.032 ± 0.004 0.270 ± 0.066 
La Jara 2008 0.046 ± 0.014 0.111 ± 0.059 
 2009 0.046 ± 0.015 0.137 ± 0.059 
 2010 0.057 ± 0.018 0.341 ± 0.059 
 2011 0.046 ± 0.015 0.112 ± 0.058 
 2012 0.054 ± 0.017 0.208 ± 0.057 
Upper Redondo 2008 0.057 ± 0.006 1.198 ± 0.148 
 2009 0.049 ± 0.005 1.010 ± 0.149 
 2010 0.046 ± 0.005 0.937 ± 0.150 
 2011 0.116 ± 0.012 2.692 ± 0.147  
 2012 0.042 ± 0.004 0.846 ± 0.154 
Lower Redondo 2008 0.029 ± 0.013 0.197 ± 0.016 
 2009 0.027 ± 0.012 0.128 ± 0.016 
 2010 0.027 ± 0.012 0.160 ± 0.016 
 2011 0.030 ± 0.013 0.189 ± 0.015 
 2012 0.030 ± 0.013 0.167 ± 0.015 
Upper Jaramillo 2008 0.054 ± 0.017 0.285 ± 0.047 
 2009 0.053 ± 0.017 0.288 ± 0.047 
 2010 0.056 ± 0.018 0.352 ± 0.048 
 2011 0.047 ± 0.015 0.202 ± 0.047 
 2012 0.056 ± 0.018 0.305 ± 0.047 
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Table S4. Location and area information for all Hydrologic Benchmark Network 

watersheds used in this study. 

Watershed Area 
(km2) 

Latitude* 
(deg N) 

Longitude* 
(deg W) 

Merced River, CA 468.8 37.7317 119.5578 
Mogollon Creek, NM 69.0 33.1667 108.6492 
Wet Bottom Creek, AZ 36.4 34.1608 111.6922 
Hayden Creek, ID 22.0 47.8228 116.6528 
Sagehen Creek, CA 10.5 39.4317 120.2369 
Rio Mora, NM 53.2 35.7772 105.6575 
Vallecito Creek, CO 72.5 37.4775 107.5431 
Halfmoon Creek, CO 23.6 39.1722 106.3886 
South Twin River, NV 20.0 38.8875 117.2444 
Encampment River, WY 72.7 41.0236 106.8242 
Steptoe Creek, NV 11.2 39.2014 114.6875 
Elder Creek, CA 6.5 39.7297 123.6428 
Cache Creek, WY 10.6 43.4522 110.7033 
Rock Creek, MT 850.0  48.9694 106.8389 
Minam River, OR 621.6 45.6201 117.7256 
*Latitude and longitude given for outlet of watershed.  
 

 

 

 

 

 

 

 

 

 

 



 

 

 

Table S5. Calculated 10Be concentrations and denudation rates for four watersheds. 
Watershed Latitude Longitude 

(NAD 83) 
Quartz Mass 

(g) 
10Be/9Be Ratio* Production Rate 

(atoms yr-1)† 

10Be Concentration 
(103 atoms g of Si-1)‡ 

Denudation Rate 
(µm yr-1)§ 

History Grove¶ 35.8759 -106.5125 9.3012 2.23 ± 0.06 E-13 38.5 ± 1.9 438 ± 11.8 52.1 ± 3.0 
La Jara¶ 35.8703 -106.5273 9.9245 2.48 ± 0.08 E-13 42.0 ± 2.1 420 ± 13.6 59.4 ± 3.6 
Upper Redondo** 35.8929 -106.5766 10.0492 6.50 ± 0.40 E-14 39.5 ± 2.0 112 ± 6.9 212 ± 16.8 
Lower Redondo** 35.8663 -106.5978 10.0109 7.10 ± 0.50 E-14 37.2 ± 1.9 124 ± 8.8 179 ± 15.5 
*Measured at PRIME Lab using a Beryllium standard 1,000 µg/ml  
†Error approximated as 5%  
‡Error includes propagated production rate error and concentration error 
§Not corrected for inclusion of chemical denudation 
¶ Blank for samples had a 10Be/9Be ratio of 1.87 ± 0.17 E-14 
**Blank for samples had a 10Be/9Be ratio of 1.42 ± 0.11 E-14 
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Table S6. Calculated eroded volume and denudation rates for four watersheds over the 

total landscape age. 

Watershed Min.  
Denudation Rate 

(m3) 

 Max.  
Denudation Rate 

(m3) 

Denudation Rate*  
(µm yr-1) 

History Grove 16 24 19 ± 4 
La Jara 29 37 32 ± 4 
Upper Redondo 9 17 13 ± 4 
Upper Jaramillo 17 25 20 ± 4 
*Error is difference between average and minimum/maximum denudation rates. 
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SI Figures 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S1. Example of DoD used to calculate DR. The difference map shows vertical 

change that occurred between the first and second TLS data collections.  
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Figure S2. Plot of calculated denudation rate (DR) versus time. Time is represented as 

“no snow” time, i.e. time in which there is no snowpack and sediment transport can 

occur. TLS-derived DRs for D1 (blue diamonds) and D2 (red squares) watersheds are 

shown along with the ALS-derived DR for D1 (black diamond) and D2 (black square).  

The first three TLS-derived measurements for each piedmont surface were included in 

the 1-year, wildfire-affected DR calculation.  
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Figure S3. Plot of the ratio of wildfire-affected DR to non-wildfire-affected DR (i.e. the 

amount of increase between the DRs) versus the percentage of time (blue line) and 

denudation volume (red line) associated with wildfire-affected conditions. The two lines 

were created by using data (time interval and long-term DR) from the HG and LJ 

watersheds over the Holocene time period. Different ratios were calculated by decreasing 

the wildfire-affected DR and increasing the non-wildfire-affected DR towards the long-

term DR value. Above an order of magnitude difference (i.e. above a ratio of 10) we find 

that approximately <30% of the time and >70% of the denudation is associated with 

wildfire-affected conditions. This indicates that even a slight increase in DRs following a 

wildfire creates a situation in which wildfire-affected denudation can become dominant.  
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