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Abstract 24 

Civil infrastructure such as culverts and bridges are commonly designed using precipitation-based 25 

intensity-duration-frequency (PREC-IDF) curves, which assume that the occurrence of 26 

precipitation is in the form of rainfall and immediately available for the rainfall-runoff process. In 27 

snow-dominated regions, where most winter precipitation occurs as snow that melts during spring 28 

to early summer, the use of standard PREC-IDF curves may lead to substantial underestimation of 29 

design floods and high failure risk of infrastructure. In this context, we developed next-generation 30 

IDF (NG-IDF) curves that characterize the actual water reaching the land surface (i.e., rainfall plus 31 

snowmelt) to enhance standard infrastructure design in snow-dominated regions. This study 32 

evaluates the performance of NG-IDF curves coupled with U.S. Department of Agriculture 33 

Technical Release 55 hydrologic model in estimating design floods for 246 snowy locations in 34 

different hydroclimate regimes of the western United States. Design flood estimates from a well-35 

validated continuous simulation using a physics-based hydrologic model, the Distributed 36 

Hydrology Soil Vegetation Model (DHSVM), were used as the performance benchmark. 37 

Compared with the benchmark estimates, the standard PREC-IDF curves led to substantial errors 38 

in design flood estimates while the NG-IDF curves significantly reduced these errors. For example, 39 

the averaged error in the 50-year design flood estimates over the 246 locations was reduced from 40 

31% with the use of PREC-IDF curves to 12% with the use of NG-IDF curves. Despite the different 41 

model structures, the single-event NG-IDF approach versus the continuous simulation DHSVM 42 

did not exhibit statistically significant differences in 91% of the 246 locations for the 50-year 43 

design flood estimates. This indicates a satisfactory performance of NG-IDF curves to estimate 44 

design flow under the conditions tested in the snow-dominated western United States. This article 45 
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also presents technical suggestions and the limitations of infrastructure design using NG-IDF 46 

curves for regulatory agencies and practicing engineers. 47 

 48 
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1 INTRODUCTION  69 

Current infrastructure design standards to withstand extreme precipitation and flooding are largely 70 

based on local precipitation-based intensity-duration-frequency (PREC-IDF) curves (Chow, 71 

Maidment, & Mays, 1988; Perica et al., 2013). The PREC-IDF approach assumes that precipitation 72 

is in the form of rainfall that immediately begins the rainfall-runoff process. In snow-dominated 73 

regions where a large percentage of annual precipitation accumulates as snow in winter and melts 74 

in spring to early summer, the use of standard PREC-IDF curves is questionable as extreme 75 

snowmelt or rain-on-snow (ROS) rates may exceed extreme precipitation (Yan, Sun, Wigmosta, 76 

Leung, et al., 2019; Yan et al., 2018). For example, in the western United States, a large amount 77 

of winter precipitation is temporarily stored as snowpack in mountainous regions. In most river 78 

basins of the western United States, especially in the states of California, Oregon, and Washington, 79 

snowpack is the largest component of water storage and more than 50% of the total annual runoff 80 

originates as melting montane snowpack (Li, Wrzesien, Durand, Adam, & Lettenmaier, 2017). As 81 

a result, a large number of severe flood events in the western United States are associated with 82 

snowmelt and ROS events (Hou et al., 2019; Yan et al., 2018; Yan, Sun, Wigmosta, Skaggs, Leung, 83 

et al., 2019). 84 

To overcome this deficiency and provide a consistent IDF design approach for both rain- 85 

and snow-dominated regions, Yan et al. (2018) proposed next-generation IDF (NG-IDF) curves, 86 

which characterize the actual water reaching the land surface or the water available for runoff (𝑊𝑊) 87 

that results from the combined effects of rainfall, snowmelt, and/or ROS. 𝑊𝑊 is obtained through 88 

mass balance as 𝑊𝑊 = 𝑃𝑃 − ∆𝑆𝑆𝑆𝑆𝑆𝑆, where 𝑃𝑃 is precipitation and ∆𝑆𝑆𝑆𝑆𝑆𝑆 is the change in snow water 89 

equivalent (𝑆𝑆𝑆𝑆𝑆𝑆). By analyzing data from nearly 400 U.S. Department of Agriculture (USDA) 90 

National Resource Conservation Service (NRCS) Snowpack Telemetry (SNOTEL) stations over 91 
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the western United States, they showed that the standard PREC-IDF curves at 45% of the stations 92 

were subject to underdesign. At these SNOTEL locations, Yan, Sun, Wigmosta, Skaggs, Hou, et 93 

al. (2019) further examined the peak design flood estimates using PREC-IDF and NG-IDF curves 94 

with the USDA NRCS Technical Release 55 (TR-55) hydrologic model (Cronshey et al., 1986). 95 

Their results demonstrated the need to replace PREC-IDF curves with NG-IDF curves for future 96 

infrastructure design, as the PREC-IDF curves can underestimate peak design flood by as much as 97 

324% in the snow-dominated western United States. 98 

Despite the advantages of NG-IDF curves over PREC-IDF curves, application of NG-IDF 99 

curves is limited by snow data availability. The above NG-IDF studies were based on SNOTEL 100 

observations, which are limited in both spatial coverage and temporal extent. It is unlikely that the 101 

location of infrastructure is coincident with the SNOTEL stations. In this regard, Hamlet (2018) 102 

commented that a well-validated hydrologic model is key for extending these limited data in space 103 

and time to make NG-IDF curves useful in practical applications. In addition, before implementing 104 

the NG-IDF curves to a real design problem, evaluation and benchmarking the performances of 105 

the curves in design flood estimates are essential, because risks related to the United States 106 

infrastructure design involve trillions of dollars in the coming decades (Carnevale & Smith, 2017). 107 

Unfortunately, streamflow in snow-dominated regions with complex topography is often very 108 

poorly observed due to inherent difficulties of access (Lundquist et al., 2016). The generally 109 

spatially sparse streamflow gauge network in snow-dominated environments presents additional 110 

challenges in the evaluation of the NG-IDF approach (Curran, Barth, Veilleux, & Ourso, 2016). 111 

The limited streamflow data further necessitate the use of a well-validated hydrologic model to 112 

continuously simulate streamflow and provide a performance benchmark of design flood estimates 113 

to evaluate the NG-IDF approach. On the other hand, this hydrological modeling approach also 114 
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brings uncertainties in both snow and streamflow simulations. Two sources of uncertainties 115 

associated with 𝑊𝑊  estimates are hydrological model structure (i.e., different process 116 

parameterization) and hydrological model parameter estimation (Clark et al., 2015; Sun et al., 117 

2019). In order to provide robust NG-IDF curves for ungauged sites, quantifying contribution of 118 

each uncertainty source and reducing uncertainties in 𝑊𝑊  estimates are necessary and deserve 119 

further studies. For instance, Sun et al. (2019) recently developed regional snow parameters across 120 

the mountain ranges of the western United States, which helped reduce uncertainties in regional to 121 

continental snow and hydrological modeling. 122 

Several studies have used validated hydrologic models to evaluate the PREC-IDF approach 123 

in design flood estimates (Boughton & Droop, 2003; Boughton, Srikanthan, & Weinmann, 2002; 124 

Calver, Stewart, & Goodsell, 2009; Camici, Tarpanelli, Brocca, Melone, & Moramarco, 2011; 125 

Grimaldi, Petroselli, & Serinaldi, 2012; Nnadi, Kline, Wray, & Wanielista, 1999; Pathiraja, Westra, 126 

& Sharma, 2012; Rogger et al., 2012). For example, Boughton et al. (2002) found the PREC-IDF 127 

method overestimated design floods for watersheds with large baseflow. Grimaldi et al. (2012) 128 

suggested that the PREC-IDF method tended to underestimate the design hydrograph's peak, 129 

volume, and duration in southern Italy. Calver et al. (2009) performed comparisons over 107 130 

watersheds in the United Kingdom and concluded the PREC-IDF method tended to underestimate 131 

design floods of return periods between 2 and 50 years. All these studies attributed the identified 132 

overestimation or underestimation in design flood estimates to the inherent limitations within the 133 

IDF-based design method.  134 

In comparison to the hydrologic model continuous simulation approach, the IDF method 135 

over-simplifies the physical hydrologic process and suffers from several key assumptions 136 

including: 1) the subjective choices of antecedent moisture condition prior to the storm event and 137 
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selection of the design storm hyetograph; and 2) the assumption of equal return periods between 138 

the design storm and the resulting flood event (Yan, Sun, Wigmosta, Skaggs, Hou, et al., 2019). 139 

Although studies discussed above evaluated the errors associated with the PREC-IDF method, they 140 

ignored data sample uncertainties in both the PREC-IDF and flood frequency analyses, which may 141 

lead to a conclusion of no statistically significant differences in the comparisons (Ganguli & 142 

Coulibaly, 2017; Madsen, Arnbjerg-Nielsen, & Mikkelsen, 2009). 143 

Although the use of continuous simulation from a physics-based hydrologic model can 144 

relax the assumptions in the IDF-based method to provide more robust design flood estimates, it 145 

can be cost-prohibitive especially for small infrastructure design (Yan et al., 2018). Further, local 146 

surface water design manuals may require or recommend the use of IDF-based design methods 147 

(SCDM, 2016; SMMEW, 2004). In this context, the NG-IDF technology is more likely to be 148 

implemented in the near-term by regulators and agencies as it does not require significant changes 149 

to the standard IDF-based design workflow. To evaluate the reliability of the NG-IDF method in 150 

design flood estimates, we propose a new evaluation framework based on a well-validated physics-151 

based hydrologic model with explicit uncertainty quantification. In particular, the Distributed 152 

Hydrology Soil Vegetation Model (DHSVM) (Wigmosta, Vail, & Lettenmaier, 1994) is used to 153 

benchmark the performances of NG-IDF curves coupled with the TR-55 single event-based model 154 

in design flood estimates. Here we address the following questions: 1) how well does the new NG-155 

IDF method estimate design floods in different hydroclimate regimes across the snow-dominated 156 

western United States; and 2) what are the implications and limitations with use of NG-IDF curves 157 

for infrastructure design? 158 

This paper is organized as follows: section 2 describes the evaluation framework in detail, 159 

which includes the study area and data sources, DHSVM and TR-55 event-based models, DHSVM 160 
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snow parameter calibration, NG-IDF curves development, design flood estimate, and uncertainty 161 

quantification. Section 3 presents the evaluation results of NG-IDF curves in design flood 162 

estimates in different hydroclimate regimes of the snow-dominated western United States. Finally, 163 

section 4 concludes the paper and provides technical suggestions for use of NG-IDF curves in 164 

infrastructure design. 165 

 166 

2 METHODOLOGY 167 

In this section, we describe the framework for evaluating the NG-IDF methods in design flood 168 

estimates using the DHSVM continuous-simulation method, followed by more detailed 169 

descriptions of the framework data and components. 170 

 171 

2.1 Evaluation framework 172 

The framework for quantitative evaluation of design flood estimates from the NG-IDF method by 173 

DHSVM is summarized in Figure 1. First, at each SNOTEL location, local meteorological forcing 174 

data were used to drive DHSVM for continuous streamflow simulations at the experimental 175 

hillslope. Second, the annual maximum water available for runoff from the DHSVM simulations 176 

(𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑃𝑃 − ∆𝑆𝑆𝑆𝑆𝑆𝑆𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠) were validated against the annual maximum water available for 177 

runoff from the SNOTEL observations (𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜 = 𝑃𝑃 − ∆𝑆𝑆𝑆𝑆𝑆𝑆𝑜𝑜𝑜𝑜𝑜𝑜). After successful validation, the 178 

NG-IDF curves were developed based on the annual maximum 𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠. The PREC-IDF curves 179 

were also developed based on annual maximum precipitation from the DHSVM meteorological 180 

forcing data (i.e., the SNOTEL observation). Next, flood frequency statistics (i.e., 50-year flood) 181 

were derived from the DHSVM simulated annual maximum streamflow and considered as the 182 

benchmark for later assessment. Third, the DHSVM derived NG-IDF curves and PREC-IDF 183 



Confidential manuscript submitted to: Hydrological Processes Journal 

9 

curves were both used to drive the TR-55 event-based model to estimate the associated design 184 

floods. The PREC-IDF curves were derived from the observed SNOTEL precipitation used to 185 

drive DHSVM. Last, the design flood estimates from the TR-55 model with NG-IDF and PREC-186 

IDF input were compared to those from DHSVM continuous simulations. Note that in this 187 

evaluation framework, the NG-IDF curves were developed based on the DHSVM simulated annual 188 

maximum 𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 rather than the SNOTEL annual maximum 𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜. This way, the design flood 189 

differences between the two methods should be exclusively due to the implicit assumptions 190 

underlying the IDF event-based method. In addition, we used 𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 to construct NG-IDF curves 191 

rather than 𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜  because we want to isolate the effects of using the event-based model 192 

assumptions and avoid confounding factors resulting from DHSVM model calibrations and 193 

SNOTEL observation biases (e.g., precipitation undercatch and snow drifting). Because DHSVM 194 

was still driven by the observed precipitation (which were used to construct PREC-IDF curves), 195 

the only difference between the design flood estimates from PREC-IDF and NG-IDF curves was 196 

with and without including snow process, leading to no artificial bias in the assessment of the NG-197 

IDF method. 198 

 199 

[Place Figure 1 here] 200 

 201 

2.2 Study area and data sources  202 

In this study, we chose the snow-dominated sites represented by the SNOTEL stations across the 203 

western United States as our study locations (Figure 2). We acquired daily 𝑆𝑆𝑆𝑆𝑆𝑆  and 204 

meteorological measurements, including daily minimum and maximum air temperature and 205 

precipitation from 805 active SNOTEL stations across the western United States. Data from all 206 



Confidential manuscript submitted to: Hydrological Processes Journal 

10 

805 stations were screened following the rigorous three-stage SNOTEL quality control filter (Yan 207 

et al., 2018) and were subsequently bias corrected for snowfall undercatch and temperature bias 208 

(Sun et al., 2019). The resulting data set is referred to as bias-corrected quality-controlled (BCQC) 209 

SNOTEL data and can be accessed at https://dhsvm.pnnl.gov/. After the BCQC process, a total of 210 

246 stations with the longest common period (2007–2013) of reliable records were retained for 211 

DHSVM calibration and spatial evaluation of the NG-IDF design method (Figure 2). The selected 212 

seven year records are generally representative of the long-term 𝑆𝑆𝑆𝑆𝑆𝑆 dynamics at each station 213 

(Sun et al., 2019). Qualitatively, the selected SNOTEL stations show good spatial coverage over 214 

the different hydroclimate regimes of the western United States (i.e., the Cascade Range, Sierra 215 

Nevada, Rocky Mountains, and Arizona/New Mexico Mountains). Because wind speed is 216 

unavailable for most stations, we acquired for each SNOTEL station the daily wind speed data of 217 

the nearest 1/16° grid cell from the meteorological data set of Livneh et al. (2013), in which wind 218 

speed data were interpolated from National Centers for Environmental Prediction–National Center 219 

for Atmospheric Research reanalysis. Because frequency computations are less reliable with short 220 

records (i.e., seven annual maximum 𝑊𝑊 data) (England et al., 2018); after calibrating DHSVM 221 

parameters, we further extracted all available records beyond the 7-year common period at each 222 

station to enhance frequency analysis. As a result, the final data set consisted of daily time series 223 

of 𝑆𝑆𝑆𝑆𝑆𝑆, precipitation, minimum and maximum air temperature, and wind speed for 246 SNOTEL 224 

stations with total length of records ranging from 7–28 water years over the period 1983–2013 225 

(Figure 2). 226 

 227 

[Place Figure 2 here] 228 

 229 
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2.3 DHSVM continuous simulation  230 

2.3.1 Model structure and calibration 231 

DHSVM (Wigmosta et al., 1994) is a physics-based, spatially distributed, hydrologic model that 232 

was initially developed for simulating hydrologic responses in mountainous regions at spatial 233 

scales ranging from 10 m to 150 m and subdaily to daily temporal steps. Subsequent development 234 

has enhanced the snow submodel of DHSVM to better represent climate-forest-snow interactions 235 

(Sun et al., 2018), and extended the model capability for simulating urban hydrology and water 236 

quality (Cao, Sun, Yearsley, Nijssen, & Lettenmaier, 2016; Sun et al., 2016), and reservoir 237 

operations (Zhao, Gao, Naz, Kao, & Voisin, 2016). At grid scale, DHSVM tracks the water 238 

movement among the atmosphere, canopy, snowpack (if present), and soil via mass and energy 239 

balance, which is influenced by the site-specific vegetation, soil, and topographic and climate 240 

characteristics. Overland and subsurface flow is routed downslope driven by topography across 241 

the landscape until reaching the stream channel network, where it is then routed using a simple 242 

one-dimensional approach. Details of DHSVM physics and structure can be found in Wigmosta et 243 

al. (1994) and Wigmosta, Nijssen, & Storck (2002). 244 

DHSVM simulates the physical processes of snow accumulation and melt with a two-layer 245 

canopy submodel and a two-layer ground snowpack submodel. As canopy effects on snow 246 

processes are minimal at SNOTEL locations with open area conditions, here we describe the 247 

snowpack submodel only. The snowpack submodel is a two-layer model consisting of a thin 248 

surface layer and a deep pack layer. Snowpack mass and energy balance are solved at grid scale, 249 

considering all key terms of energy fluxes including radiative flux, turbulent flux, convective flux, 250 

and advective heat transfer from rainfall. Conductive heat exchange at the snow-ground interface 251 

is neglected. 252 
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In our previous study (Sun et al., 2019), we calibrated the DHSVM snowpack model to the 253 

daily 𝑆𝑆𝑆𝑆𝑆𝑆 observations at the same 246 SNOTEL stations used here over the period of 2007–254 

2013. The calibrated simulations agreed very well with the daily 𝑆𝑆𝑆𝑆𝑆𝑆 observations with the Nash-255 

Sutcliffe Efficiency (NSE) (Nash & Sutcliffe, 1970) values greater than 0.8 at about 91% of the 256 

246 stations and a mean NSE value of 0.9. In this study, we ran DHSVM using the calibrated snow 257 

parameter set identified for each SNOTEL station by Sun et al. (2019). In addition to our previous 258 

DHSVM calibration on daily 𝑆𝑆𝑆𝑆𝑆𝑆 , here we further validated the DHSVM performance in 259 

reproducing annual maximum water available for runoff as will be described in section 2.5. 260 

 261 

2.3.2 DHSVM streamflow simulation at an experimental hillslope 262 

A small experimental hillslope appropriate for mountainous topography to allow direct comparison 263 

between the DHSVM continuous simulation and TR-55 single event-based modeling is shown in 264 

Figure 3. The planar hillslope had a constant slope of 0.3 and a soil depth of 1.5 m, which was 265 

consistent with the setting in Wigmosta & Lettenmaier (1999) and represented by ten 4 m × 4 m 266 

grid cells. The hillslope had bare soil cover approximating SNOTEL open area conditions. Soil 267 

hydraulic properties were selected to produce a subsurface time of concentration (𝑡𝑡𝑐𝑐 ) for the 268 

hillslope of 24 h (for consistence, the same 𝑡𝑡𝑐𝑐 will be used with the TR-55 event-based method as 269 

discussed in section 2.4). The specified soil parameters are shown in Figure 3 and the hillslope 270 

configuration in DHSVM was confirmed to have a 24 h 𝑡𝑡𝑐𝑐 using a steady-state test with constant 271 

rainfall input (i.e., the time in reaching steady state is 24 h). Note that the relatively long 𝑡𝑡𝑐𝑐 (24 h) 272 

of the 40 m hillslope is more suitable for natural/predevelopment subsurface flow-dominated 273 

conditions, such as the soil matrix flow and flow through macropores or soil pipes (Beven & 274 

Germann, 1982; Yan, Sun, Wigmosta, Skaggs, Hou, et al., 2019). Different configurations of the 275 
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experimental hillslope (e.g., slope, soil properties, and 𝑡𝑡𝑐𝑐) will be used in the future to test the NG-276 

IDF performance under a range of conditions. 277 

 278 

[Place Figure 3 here] 279 

 280 

We evaluated the NG-IDF method at the experimental hillslope scale rather than at a 281 

watershed scale that is realistic for each SNOTEL station because we wanted to isolate the effects 282 

of just the NG-IDF curves and avoid confounding factors (e.g., areal reduction factor) resulting 283 

from calibrating a TR-55 model based on a design flood estimated from DHSVM streamflow 284 

simulations. In this case, we designed the experimental hillslope based on a “known” time of 285 

concentration and confirmed that the SNOTEL observation can represent the spatial variability. 286 

The use of the same experimental hillslope at all stations allowed us to examine and compare the 287 

performances of the NG-IDF method across the entire western United States under various 288 

hydroclimatic conditions, thereby providing a more robust benchmark report. 289 

With the experimental hillslope used for each SNOTEL station, DHSVM was forced by 290 

15-min meteorological inputs (consistent with the steady-state simulation resolution) consisting of 291 

precipitation, air temperature, humidity, wind speed, and downward shortwave and longwave 292 

radiation. Using the Mountain Microclimate Simulation Model (Hungerford, Nemani, Running, & 293 

Coughlan, 1989), daily meteorological observations collected at each SNOTEL were 294 

disaggregated into 15-min temporal step. The DHSVM continuous simulations were used for two 295 

purposes: 1) to derive design floods as performance benchmarks through flood frequency analysis 296 

on the continuous 15-min simulated streamflow; and 2) to derive a daily time series (i.e., by 297 
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aggregating the 15-min output) of annual maximum water available for runoff (𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠) for NG-298 

IDF curves development. This will be described in detail in the section 2.5. 299 

 300 

2.4 TR-55 event-based rainfall-runoff model  301 

The TR-55 guideline (Cronshey et al., 1986) uses the curve number (CN) method to convert a 302 

design storm depth (determined from IDF curves with a predefined design hyetograph) to a runoff 303 

depth by taking into account watershed characteristics and initial moisture conditions. Runoff is 304 

then transformed into a design hydrograph using a unit hydrograph (UH) approach (Mockus, 1957). 305 

Because the mathematical formulations of the CN and UH methods have been described by a large 306 

and sufficient body of prior literature, only a brief introduction is presented in this paper. 307 

TR-55 is an empirical, lumped, single event-based, rainfall-runoff model. The CN is a 308 

function of land use, hydrologic soil group (HSG), and antecedent moisture condition (AMC). The 309 

CN values under the average AMC for different land use and HSGs can be determined based on 310 

Table 2-2 of the TR-55 guideline. The CN values for dry and wet AMCs can be estimated 311 

subsequently based on the CN value under average AMC following Ponce & Hawkins (1996). The 312 

dimensionless NRCS UH has two parameters, time to peak and peak streamflow, which are 313 

empirically estimated based on watershed drainage area and time of concentration (𝑡𝑡𝑐𝑐). In the UH 314 

method, the duration of unit excess rainfall (∆𝐷𝐷) was set to 15-min to be consistent with the 15-315 

min DHSVM streamflow simulation temporal scale. For details on the TR-55 method, readers are 316 

referred to Cronshey et al. (1986). 317 

Based on the specified soil parameters for the experimental bare ground hillslope (Figure 3), 318 

the HSG was type A leading to CN=77 under average AMC and CN=88 under wet AMC. To 319 

estimate the potential peak flood magnitude, the wet AMC is used in this study across all stations. 320 
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In the UH method, we used a 𝑡𝑡𝑐𝑐 of 24 h that is consistent with the soil hydraulic properties and 321 

hillslope configuration used in the DHSVM continuous simulation to allow a direct comparison 322 

between the two methods. In the event-based method, it is common to use a design storm duration 323 

equal to 𝑡𝑡𝑐𝑐 (Levy & McCuen, 1999; McCuen, 1998) or as required by local regulatory agencies 324 

(SCDM, 2016; SMMEW, 2004). In this study, the 24 h storm duration is the finest temporal 325 

resolution limited by the daily resolution of SNOTEL observations. We chose the uniform 326 

hyetograph proposed in the rational method (Pilgrim & Cordery, 1993) to represent the design 327 

storm temporal pattern for both PREC-IDF and NG-IDF curves at each selected duration (1–30 328 

days). We used the uniform hyetograph because the standard design storm hyetographs are all 329 

developed for rainfall of short durations, e.g. NRCS hyetographs and National Oceanic and 330 

Atmospheric Administration (NOAA) Atlas 14 hyetographs (McCuen, 1998; Perica et al., 2013); 331 

no hyetograph has been developed or even studied for snowmelt or water available for runoff, 332 

which can last for days to weeks (Yan, Sun, Wigmosta, Skaggs, Hou, et al., 2019). Also, the use 333 

of uniform hyetograph is the logical starting point for the NG-IDF curve assessment because it 334 

provides the simplest representation of extreme event temporal variability. 335 

We used the “critical design duration” method (Rogger et al., 2012; Yan, Sun, Wigmosta, 336 

Skaggs, Hou, et al., 2019) to identify potential peak design floods to make a fair comparison with 337 

results from flood frequency analysis of annual maximum DHSVM simulated streamflow. For 338 

each selected return period, the duration (ranged from 1–30 days) that produced the largest flood 339 

peak was selected to be the critical design duration and used in the following comparisons. 340 

 341 
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2.5 NG-IDF curves and DHSVM design floods 342 

For each selected station, daily time series of water available for runoff (i.e., rainfall plus snowmelt) 343 

from SNOTEL observations and DHSVM simulations were constructed through mass balance 344 

approach as described in the introduction section. Based on these two daily time series, we 345 

extracted annual maximum 𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜  and 𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠  at each SNOTEL station at selected durations 346 

varying from 1–30 days. We then validated the DHSVM performance in reproducing annual 347 

maximum water available for runoff by comparing the two annual maximum 𝑊𝑊 data sets. For each 348 

selected duration, the annual maximum 𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠  was validated against the 𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜  using the 349 

nonparametric Kolmogorov-Smirnov (K-S) test (Massey, 1951). 350 

After successful model validation, the generalized extreme value (GEV) distribution, 351 

recommended by NOAA Atlas 14 (Perica et al., 2013), was fitted to the annual maximum data set 352 

of 𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 based on L-moments statistics (Hosking & Wallis, 1997). L-moment estimators are an 353 

analogue to conventional method-of-moment estimators, but are weighted linear combinations of 354 

order statistics. Previous studies have demonstrated that L-moment method is more robust than 355 

method-of-moment in hydrologic frequency analysis (Hosking, 1990; Vogel & Fennessey, 1993). 356 

Frequency analyses were carried out on annual maximum 𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 series for 30 durations varying 357 

from 1–30 days. For each duration, three GEV parameters (location, scale, and shape) were 358 

estimated using L-moments statistics; and then the associated quantiles for three exceedance 359 

probabilities: 0.1, 0.04, and 0.02, which correspond to extreme events with return periods of 10, 360 

25, and 50 years, were derived to develop the NG-IDF curves. Because of the relatively short 361 

length of the SNOTEL records (Figure 2), the return period was cut off at 50-year and the annual 362 

maximum data set of 𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 was assumed to be stationary in the frequency analysis. For a long-363 

term data set, we acknowledge that a trend analysis is necessary before frequency analysis to verify 364 
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the stationarity assumption, such as in Yan et al. (2018) and Yan, Sun, Wigmosta, Skaggs, Hou, 365 

et al. (2019). For the purpose of comparison, we also developed the standard PREC-IDF curves 366 

based on the observed annual maximum 𝑃𝑃 following the same procedure.  367 

Similar to the frequency analysis applied to develop NG-IDF curves, the GEV distribution 368 

was also fitted to the DHSVM annual maximum 15-min streamflow data (assuming stationary) 369 

extracted from the time series of DHSVM simulated streamflow using the L-moments statistics. 370 

The design floods were then estimated for the return periods of 10, 25, and 50 years and used as 371 

the performance benchmark for later assessment. In addition, a Monte Carlo (MC) simulation 372 

procedure suggested by Hosking & Wallis (1997) and NOAA Atlas 14 (Perica et al., 2013) was 373 

used to consider sample data uncertainty in frequency analysis. After estimating the parameters of 374 

GEV distribution using the L-moments statistics at each station, a total of 1,000 MC synthetic data 375 

sets were generated with the same record length and sample L-moments. We then fitted GEV 376 

distribution to each MC synthetic data set using the L-moments statistics and estimated the 377 

associated design floods of selected return periods. Therefore, a total of 1,000 ensemble members 378 

were generated to quantify the uncertainties associated with the PREC-IDF and NG-IDF curves 379 

and DHSVM design flood statistics. In this study, all L-moments and MC analyses were performed 380 

using the “lmom” package (version 2.6) (Hosking, 2017) in R (version 3.4.3). 381 

Besides the deterministic assessment (i.e., relative differences) between the two design 382 

flood estimates, the MC results were used to determine if these differences were statistically 383 

significant with the consideration of uncertainties. After characterizing the uncertainties using the 384 

1,000 MC ensemble members, for each return period, we used the 𝑍𝑍  statistic to quantify the 385 

statistically significant differences of the design flood estimates between the IDF event-based 386 
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method (𝑞𝑞𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒) and DHSVM continuous-simulation method (𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠) (Ganguli & Coulibaly, 387 

2017; Madsen et al., 2009; Mikkelsen, Madsen, Arnbjerg-Nielsen, Rosbjerg, & Harremoës, 2005): 388 

 𝑍𝑍 =
𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑞𝑞𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒

�0.5(𝑠𝑠𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠2 + 𝑠𝑠𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒2 )
 (1) 

where 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 is the design flood obtained from the DHSVM flood frequency analysis, 𝑞𝑞𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 is 389 

the design flood estimated from the TR-55 event-based method with input from PREC-IDF curves 390 

or NG-IDF curves, 𝑠𝑠𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 is the DHSVM design flood standard deviation obtained from the 1,000 391 

DHSVM design flood ensemble members, and 𝑠𝑠𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒  is the standard deviation of event-based 392 

model design flood estimated from the 1,000 design flood ensemble members generated by 393 

applying the 1,000 PREC-IDF or NG-IDF ensemble members to the TR-55 event-based model. 394 

Under the 5% significance level, |𝑍𝑍| ≤ 1.96 represents the associated 95% confidence interval and 395 

suggests accepting the null hypothesis that there is no significant difference between the two 396 

methods. 397 

 398 

3 RESULTS AND DISCUSSION 399 

In the following, the analyses performed for both PREC-IDF and NG-IDF methods and DHSVM 400 

continuous simulation are reported. For each station, the validation of the annual maximum water 401 

available for runoff from DHSVM (𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠) is first described in section 3.1. Second, for each 402 

selected return period, the peak design floods derived from both PREC-IDF and NG-IDF methods 403 

are compared to the corresponding DHSVM benchmark. By comparing the results, we benchmark 404 

the performance of the NG-IDF curves in design flood estimates for infrastructure design in snow-405 

dominated regions (sections 3.2 and 3.3).  406 

 407 
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3.1 Validation of DHSVM annual maximum water available for runoff 408 

Figure 4a presents the nonparametric K-S test results between the daily annual maximum water 409 

available runoff from DHSVM simulations (𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠) and SNOTEL observations (𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜). About 410 

82% of 246 stations were found to accept the null hypothesis that the two data sets are drawn from 411 

the same distribution at 5% significance level, indicating no statistically significant differences 412 

between their derived NG-IDF values. Figure 4b shows the mean relative errors between the two 413 

daily annual maximum data sets ((𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 −𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜)/𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜 × 100). It is observed that the SNOTEL 414 

stations with greater errors (more than 20%) are consistent to some extent with the stations 415 

showing statistically significant differences (𝑝𝑝 ≤ 5% ) in the K-S test. Calver et al. (2009) 416 

recommended that errors within the 20% threshold are very good in practice given this 417 

hydrologically challenging context. Our results showed that about 94% of the 246 stations were 418 

found to have errors within 20% and about 60% of the 246 stations had errors within 10%, 419 

indicating a good performance of DHSVM in simulating annual maximum water available for 420 

runoff across the western United States. Due to the page limitation, we only showed the validation 421 

result for 1-day duration in this paper; similar or better results were found for other storm durations 422 

ranging from 2–30 days. For example, about 94% of the 246 stations showed no statistically 423 

significant differences (𝑝𝑝 > 5%) in the K-S test of the 30-day annual maximum water available 424 

for runoff values. In summary, these results are consistent with Sun et al. (2019), which confirmed 425 

the good performance of the calibrated DHSVM in 𝑆𝑆𝑆𝑆𝑆𝑆 predictions across the western United 426 

States. 427 

 428 

 [Place Figure 4 here] 429 

 430 
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Figure S1 further showed the relative errors between the two NG-IDF curves for the three 431 

selected return periods derived based on annual maximum 𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠  and 𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜  data set. It is 432 

observed that the relative errors between NG-IDF curves were larger than the errors between the 433 

two annual maximum 𝑊𝑊 data sets. This is because besides the hydrological modeling uncertainties 434 

(model structure and model parameter) as shown in Figure 4, NG-IDF curves also include data 435 

sample uncertainty in frequency analysis. For instance, the 50-year event presented larger errors 436 

than the 10-year event because all selected SNOTEL annual maximum records were less than 30 437 

years. Calver et al. (2009) suggested that errors within 20% are currently very good and errors up 438 

to about 35% may have to be contended with in practice. Our results showed that, on average of 439 

the three return periods, about 90% and 91% of the 246 stations were found to have errors within 440 

35%, and about 74% and 72% of the 246 stations had errors within 20% for the 1-day and 2-day 441 

duration, respectively. These results further confirmed the good performance of the calibrated 442 

DHSVM in its modeling snow process. Due to the page limitation, we only showed the 443 

comparisons for 1-day and 2-day duration in this paper; similar results were found for other storm 444 

durations ranging from 3–30 days. These results also emphasized that data sample uncertainties 445 

should be considered in the NG-IDF method assessment. In the following NG-IDF method 446 

assessment, we treated DHSVM estimates as synthetic truths and therefore the hydrologic model 447 

uncertainty can be ignored. The only uncertainty associated with NG-IDF curves were the data 448 

sample uncertainties in frequency analysis. We also examined the elevation distribution of the 449 

relative errors in annual maximum 𝑊𝑊 time series (Figure S2). It is observed that errors ranging 450 

from -30% to +30% occurred at all elevations from 1000 m to 3500 m, which suggests DHSVM 451 

showed no systematic biases in 𝑊𝑊 estimations across the mountain ranges of the western United 452 



Confidential manuscript submitted to: Hydrological Processes Journal 

21 

States. Sun et al. (2019) suggested lower model skills could be attributed to the underrepresented 453 

wind-related snow processes and model simulated energy balance bias. 454 

 455 

3.2 IDF-based modeling vs. DHSVM continuous simulation 456 

The DHSVM design flood estimates (𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠) were used as benchmark performance to evaluate 457 

the peak design flood estimates from both PREC-IDF (𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃) and NG-IDF (𝑞𝑞𝑁𝑁𝑁𝑁) curves. Figure 5 458 

presents the scatterplots of 𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 or 𝑞𝑞𝑁𝑁𝑁𝑁 versus 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 for the 10-, 25-, and 50-year return periods. 459 

Figure 6 presents spatially the relative errors between 𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 or 𝑞𝑞𝑁𝑁𝑁𝑁 and 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 across the western 460 

United States. 461 

 462 

[Place Figures 5, 6 here] 463 

 464 

The results showed that for all three selected return periods, 𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 produced larger errors 465 

than 𝑞𝑞𝑁𝑁𝑁𝑁 in reference to 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 at most of the 246 stations. About 73%, 69%, and 66% of the 246 466 

stations indicated the relative errors between 𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 and 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 larger than ±20% for the 10-, 25-, 467 

and 50-year events, respectively. Using the NG-IDF curves, the percentage of stations with relative 468 

errors larger than ±20% is reduced substantially to 18% for the 10-year event, 15% for the 25-year 469 

event, and 13% for the 50-year event. These differences are mainly attributed to the exclusion of 470 

snowmelt process in the PREC-IDF curves. For example, the considerable underestimation of 471 

design floods in the continental regime (Colorado Front Range, Wasatch Mountains, and Rocky 472 

Mountains) and intermountain regime (Blue Mountains and Northern Basin and Range) is because 473 

the magnitude of extreme precipitation events are smaller than the extreme snowmelt events (Yan 474 

et al., 2018). Note that a few stations showed overestimation when using the PREC-IDF curves in 475 
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both figures. These stations are primarily located in the southern Sierra Nevada and Arizona/New 476 

Mexico Mountains, where the PREC-IDF values were significantly higher than the NG-IDF values 477 

(Yan, Sun, Wigmosta, Skaggs, Hou, et al., 2019). In the southern Sierra Nevada, the higher values 478 

of PREC-IDF than NG-IDF is caused by heavy winter precipitation (due to atmospheric rivers) 479 

and slower melt (Yan, Sun, Wigmosta, Skaggs, Leung, et al., 2019). In the Arizona/New Mexico 480 

Mountains, the overall warm conditions in winter result in shallow snowpack conditions and small 481 

snowmelt events in mid-winter to early spring (Yan et al., 2018). 482 

In Figure 6, it is also observed that compared to 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 , 𝑞𝑞𝑁𝑁𝑁𝑁  showed a consistent 483 

underestimation of design floods across the western United States. As the wet AMC and critical 484 

design duration were used to avoid the potential underestimation of design flood, the tendency of 485 

underestimation is most likely attributed to the choice of uniform hyetograph. In general, a design 486 

hyetograph with a pronounced peak tends to produce a larger flood peak (Alfieri, Laio, & Claps, 487 

2008; Grimaldi et al., 2012; Hettiarachchi, Wasko, & Sharma, 2018; Wasko & Sharma, 2015). 488 

These results suggest the importance of the choice of design hyetograph for peak flood estimates, 489 

and the potential bias from using the uniform hyetograph in NG-IDF approach for the reasons 490 

detailed in section 2.4. The limited choice of hyetographs for melt-driven events with a long 491 

duration presents an opportunity of future improvement in the NG-IDF design approach. 492 

In summary, the mean absolute errors across all 246 SNOTEL stations between 𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝐶𝐶 and 493 

𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠  were about 33%, 31%, and 31% for the 10-, 25-, and 50-year events, respectively. In 494 

contrast, the average absolute errors between 𝑞𝑞𝑁𝑁𝑁𝑁  and 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠  were about 15% for the 10-year 495 

event, 14% for the 25-year event, and 12% for the 50-year event. Despite of the use of uniform 496 

hyetograph in the NG-IDF modeling, the average error across the western United States still 497 

showed promising performance (less than the 20% threshold) for all three selected flood return 498 
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periods. In contrast, the PREC-IDF curves can significantly underestimate the design floods in 499 

snow-dominated areas, posing a serious risk for infrastructure design in these locations. 500 

Besides the uniform hyetograph, here we further examined the sensitivity of 𝑊𝑊 hyetograph 501 

selection on design flood estimates. Specifically, we tested the standard rainfall NRCS Type II 502 

hyetograph and the commonly used triangular hyetograph in hydrologic design (McCuen, 1998). 503 

The NRCS Type II rainfall hyetograph uses a center-loaded pattern and is recommended for 504 

hydrologic design in the western United States. The NRCS hyetograph is developed up to 24 h 505 

duration, therefore only the 24 h 𝑊𝑊  event can be used in TR-55 modeling, which may 506 

underestimate the potential peak design flood. In the triangular hyetograph, the 𝑊𝑊 intensity is 507 

equal to zero at the beginning of the event, increases linearly to the middle of the event, and then 508 

decreases linearly to the end of the event when it is again equal to zero. The top and bottom panel 509 

of Figure S3 presents the scatterplots of 𝑞𝑞𝑁𝑁𝑁𝑁 with the use of the NRCS Type II rainfall hyetograph 510 

and the triangular hyetograph versus 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠  for the 10, 25, and 50-year return periods, 511 

respectively. It is observed that with the use of standard NRCS Type II hyetograph, 𝑞𝑞𝑁𝑁𝑁𝑁 showed 512 

either underestimation or overestimation of DHSVM design floods. The 𝑞𝑞𝑁𝑁𝑁𝑁  tended to show 513 

underestimation for small 𝑊𝑊 events and overestimation for large 𝑊𝑊 events, suggesting standard 514 

rainfall hyetograph is inappropriate for modeling snowmelt and ROS events. Contrary to the 515 

consistent underestimation with the use of uniform hyetograph, consistent overestimation is 516 

observed for 𝑞𝑞𝑁𝑁𝑁𝑁  with the use of the triangular hyetograph, which indicates the center-loaded 517 

triangular hyetograph intensifies the 𝑊𝑊  temporal patterns. In summary, these results further 518 

demonstrate the need to develop hyetographs for water available for runoff to improve NG-IDF 519 

performances. 520 

 521 
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3.3 Evaluation of NG-IDF curves with uncertainty quantification 522 

Based on the MC method described in section 2.5, we quantified the sample data uncertainties 523 

associated with 𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 , 𝑞𝑞𝑁𝑁𝑁𝑁 , and 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠  with 1,000 ensemble members. Figure 7 displays the 524 

boxplot of the 𝑍𝑍 statistics showing the statistical significance of the relative differences between 525 

𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃  and 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠  (red boxplot), and 𝑞𝑞𝑁𝑁𝑁𝑁  and 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠  (blue boxplot). A positive (negative) 𝑍𝑍 526 

value indicates 𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃  or 𝑞𝑞𝑁𝑁𝑁𝑁  underestimated (overestimated) 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 . The grey bound in the 527 

figure shows the 95% confidence interval of the 𝑍𝑍 statistics (|𝑍𝑍| ≤ 1.96), and estimated 𝑍𝑍 statistics 528 

within the grey bound suggests accepting the null hypothesis that there is no significant difference 529 

(5% significance level) between 𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 or 𝑞𝑞𝑁𝑁𝑁𝑁 and 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠. In Figure 7, it can be observed that 530 

about 29%, 48%, and 65% of stations showed no statistically significant differences between 531 

𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃  and 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠  for the 10-, 25-, and 50-year events, respectively. While using the NG-IDF 532 

curves, the percentage of stations showing no significant differences increased to 56% for the 10-533 

year event, 82% for the 25-year event, and 91% for the 50-year event. The higher percentage of 534 

stations showing no significant differences at larger return period may be due to the larger 535 

uncertainties within these estimates using a relatively short length of record (i.e., ≤28 years). Note 536 

that Figure 7 shows the 𝑍𝑍  statistics instead of design flood uncertainty. The design flood 537 

uncertainty (e.g., 𝑠𝑠𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠  and 𝑠𝑠𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒) increased with longer return periods, leading to smaller 𝑍𝑍 538 

values. These results demonstrate the potential of the NG-IDF design method, with significant 539 

improvement expected as snowmelt hyetographs are developed. These results also reinforce the 540 

role of standard IDF event-based method in future infrastructure design. However, we 541 

acknowledge that these results are at the experimental hillslope scale where point estimates of 542 

water available for runoff (𝑊𝑊) can represent its spatial variability.  543 

 544 
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[Place Figure 7 here] 545 

 546 

4 CONCLUSIONS AND FUTURE WORK 547 

This study benchmarked the performances of NG-IDF curves in flood estimates for infrastructure 548 

design in snow-dominated regions. We used DHSVM, a physics-based hydrologic model, to 549 

simulate the snow accumulation and ablation process and derive the continuous streamflow, which 550 

were used as performance benchmarks to evaluate the design flood estimates from the TR-55 551 

event-based model with input from NG-IDF curves. These comparisons were performed through 552 

an experimental hillslope at 246 SNOTEL stations across different hydroclimate regimes of the 553 

western United States. The NG-IDF curves were developed at each station based on the DHSVM 554 

simulated water available for runoff forced by SNOTEL meteorological data. Standard PREC-IDF 555 

curves were also developed based on SNOTEL precipitation observations for comparison purposes. 556 

Sample data uncertainties in both DHSVM flood and NG-IDF frequency analysis were also 557 

included in the evaluation. 558 

Based on the results in this paper, there are three major findings. 1) Compared to the design 559 

flood estimates from DHSVM continuous simulation, the PREC-IDF method provided 560 

consistently biased design flood estimates and showed large relative errors due to the neglect of 561 

snow process. The NG-IDF method generated much smaller errors in the design flood estimates 562 

for return periods between 10 and 50 years. For example, the average absolute error for the 50-563 

year flood across all 246 stations was reduced from 31% with the use of PREC-IDF curves to 12% 564 

with the use of NG-IDF curves. 2) Out of the total 246 stations, only about 31% of the stations 565 

showed errors less than 20% with the use of PREC-IDF curves, while about 85% locations showed 566 

errors less than 20% with the use of NG-IDF curves, suggesting a satisfactory performance of NG-567 
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IDF curves in practical design in snow-dominated regions. 3) Although advanced physics-based 568 

hydrologic models can better represent the hydrological process than simple event-based models, 569 

it does not necessarily lead to a statistically significant difference in design flood estimates at the 570 

tested hillslope scale. 571 

This benchmark report also provides two main suggestions that can benefit practicing 572 

engineers and local jurisdictions responsible for surface water design. 1) The “water available for 573 

runoff” concept should be further evaluated (e.g., hyetographs for 𝑊𝑊) as a potential replacement 574 

for the current PREC-IDF based approach. 2) Systematic and consistent surface water design 575 

manuals are not available at present for snow environments of the United States and the NG-IDF 576 

curves approach can fill this gap. It is expected that the IDF-based technique will continue to play 577 

a crucial role in infrastructure design (especially for small-scale infrastructure) in the foreseeable 578 

future. Adaptations of PREC-IDF to NG-IDF design methods, rather than a complete technological 579 

change to a physics-based hydrologic model method, is more easily implemented by agencies and 580 

practicing engineers in the near-term because the technology transfer process is straightforward. 581 

Finally, we acknowledge that further investigations are necessary to enhance the NG-IDF 582 

method in practicing design. Specifically, we outline the following three directions. 1) Develop an 583 

appropriate hyetograph shape for water available for runoff (𝑊𝑊). All proposed hyetograph shapes 584 

in literature are for rainfall only within short duration (i.e., up to 96 h), while the 𝑊𝑊 from snowmelt 585 

lasts much longer and is further complicated by the day-night energy cycle. We plan to use the 586 

DHSVM 15-min 𝑊𝑊 time series to construct regional hyetographs for melt-driven events and test 587 

them against difference hillslope configurations in the evaluation framework. 2) Provide 𝑊𝑊 data 588 

products for different vegetation cover (i.e., consistent with the TR-55 land cover type). Vegetation 589 

impacts snow process through canopy interception and sublimation, and changes snowpack energy 590 
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balance by attenuating incoming shortwave radiation, enhancing longwave radiation, and reducing 591 

wind speed, and thus the turbulent heat fluxes. This evaluation study was based on bare ground 592 

approximating the SNOTEL open condition. Infrastructure design at the small-basin scale may 593 

have multiple types of land cover; the average 𝑊𝑊 for the basin is a weighted combination of 𝑊𝑊 for 594 

different land cover. We plan to use the well-validated DHSVM to derive 𝑊𝑊 data products for 595 

different vegetation cover (e.g., forest, shrub) that is consistent with the TR-55 land cover 596 

classification and can be adapted to the standard IDF design workflow. 3) Examination of areal 597 

reduction factor (ARF) for 𝑊𝑊 . For small basins (e.g., the hillslope used in this study), it is 598 

acceptable to assume the point 𝑊𝑊 rate falls uniformly across the basin; however, it is unrealistic 599 

to assume uniform 𝑊𝑊 for larger basins. In design at larger basin scale, ARF is commonly used to 600 

convert point depths to basin depths by accounting for the spatial variability of storm intensity in 601 

a basin. We plan to run the well-validated DHSVM over the conterminous United States (CONUS) 602 

at 1/16° spatial resolution and estimate the ARFs for different basins (e.g., HUC10) by calculating 603 

the ratio between the average 𝑊𝑊  for the basin and the areal maximum 𝑊𝑊  for different storm 604 

durations over CONUS. 605 
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 638 

Figure Captions 639 

Figure 1. The framework for evaluating the NG-IDF method in design flood estimates using 640 
DHSVM continuous simulation method. 641 
 642 
Figure 2. (a) The length of record in water years of the selected 246 SNOTEL stations in the snow-643 
dominated western United States. (b) The mean annual peak 𝑆𝑆𝑆𝑆𝑆𝑆 value in centimeters for each 644 
SNOTEL station over the total length of record. 645 
 646 
Figure 3. DHSVM experimental hillslope and the specified soil parameters. A snowpack layer 647 
lying on the hillslope and the rain falling on the hillslope represent the snowmelt and ROS 648 
conditions. Water available for runoff from rain, snowmelt, and/or ROS infiltrated into the soil 649 
and generates subsurface flow to the outlet. 650 
 651 
Figure 4. (a) The nonparametric K-S test results for the two daily annual maximum data sets of 652 
water available for runoff from DHSVM simulations (𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠) and SNOTEL observations (𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜). 653 
A 𝑝𝑝-value greater than 5% suggests accepting the null hypothesis that the two data sets are drawn 654 
from the same distribution (5% significance level); while a 𝑝𝑝-value less or equal to 5% indicates 655 
rejecting the null hypothesis. (b) The mean relative errors between the two daily annual maximum 656 
data sets of water available for runoff ((𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 −𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜)/𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜 × 100). 657 
 658 
Figure 5. Top panel: scatterplots of the (a) 10-year, (b) 25-year, and (c) 50-year normalized peak 659 
design floods derived from PREC-IDF curves versus normalized design floods from DHSVM 660 
continuous simulations for the 246 SNOTEL stations across the western United States. Bottom 661 
panel: scatterplots of the (d) 10-year, (e) 25-year, and (f) 50-year normalized peak design floods 662 
derived from NG-IDF curves versus normalized design floods from DHSVM continuous 663 
simulations. For both panels, the straight line indicates the 1:1 line. All design floods were 664 
normalized by the maximum DHSVM design flood across all 246 stations, separately for each 665 
return period. 666 
 667 
Figure 6. Top panel: the relative peak design flood error ((𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 − 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠)/𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 × 100) for 668 
the (a) 10-year event, (b) 25-year event, and (c) 50-year event between the peak design floods 669 
derived from PREC-IDF (𝑞𝑞𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃) and DHSVM continuous simulations (𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠). Bottom panel: 670 
the relative peak design flood error ((𝑞𝑞𝑁𝑁𝑁𝑁 − 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠)/𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 × 100) for the (d) 10-year event, (e) 671 
25-year event, and (f) 50-year event between the peak design floods derived from NG-IDF method 672 
(𝑞𝑞𝑁𝑁𝑁𝑁) and 𝑞𝑞𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑚𝑚. For both panels, stations with warm color indicate over-predictions; stations 673 
with blue color suggest under-predictions. 674 
 675 
Figure 7. The box plot of the 𝑍𝑍 statistics for peak design flood estimates from PREC-IDF curves 676 
and NG-IDF curves over the 246 SNOTEL stations across the western United States. The 𝑍𝑍 677 
statistic represents the statistical significance of differences in design floods obtained from event-678 
based model versus DHSVM continuous simulations. A positive (negative) 𝑍𝑍  value indicates 679 
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event-based model underestimated (overestimated) the design flood from DHSVM. The 𝑍𝑍 680 
statistics within the 95% confidence interval (shown as grey bound) suggests accepting the null 681 
hypothesis that there is no statistically significant difference (5% significance level) between the 682 
two design flood estimates. 683 
 684 
Figure S1. The mean relative errors between NG-IDF curves based on 𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 and 𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜 for the 685 
selected three return periods and two durations. 686 
 687 
Figure S2. The mean relative errors between the 𝑊𝑊𝑑𝑑ℎ𝑠𝑠𝑠𝑠𝑠𝑠 and 𝑊𝑊𝑜𝑜𝑜𝑜𝑜𝑜 daily annual maximum data 688 
sets of water available for runoff versus the SNOTEL elevation. 689 
 690 
Figure S3. Top panel: scatterplots of the (a) 10-year, (b) 25-year, and (c) 50-year normalized peak 691 
design floods derived from NG-IDF curves with the use of standard rainfall NRCS Type II 692 
hyetograph versus normalized design floods from DHSVM simulation for the 246 SNOTEL 693 
stations across the western United States. Bottom panel: similar to top panel but showing the NG-694 
IDF curves with the use of triangle hyetograph. For both panels, the straight line indicates the 1:1 695 
line. All design floods were normalized by the maximum DHSVM design flood across all 246 696 
stations, separately for each return period. 697 
 698 
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