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Abstract

Where Does Missing Water Go? Constraining Hydrologic Anomalies in Snow-Dominated
Mountain Catchments

Daniel Hogan

Chair of the Supervisory Committee:

Jessica Lundquist

Civil and Environmental Engineering

This dissertation explores uncertainties that can drive hydrologic anomalies, which occur

when observed streamflow falls far from projected values. Each chapter targets a different

point where uncertainty enters the mountain water balance: how much snow is lost before it

can melt, how accurately we measure precipitation, and how much storage shapes streamflow

over multiple years.

In Chapter 2, we combine meteorological observations spanning site-to-synoptic scales

from three field campaigns in a Colorado mountain valley to identify the events responsible

for the majority of winter sublimation. We find that most sublimation occurs during a small

number of discrete events coinciding with either short sunny, dry periods or long storm events

with new snowfall and blowing snow. The number of these events varies considerably year

to year with no significant long-term trend. Accurately representing seasonal sublimation

requires capturing discrete events driven by identifiable synoptic and local meteorological

conditions.

In Chapter 3, we compare precipitation measurements from 11 co-located gauges, sup-

plemented by radar-derived and gridded products, to identify the dominant drivers of mea-

surement variability at a mountain site. We find large discrepancies in total accumulation

across gauges, with biases concentrated in a small number of winter events driven by power



failures, gauge burial, blowing snow, and high snowfall rates. For future deployments in

snow-dominated mountain terrain, we recommend co-located storage-type gauges with low

power requirements to ensure reliable, continuous measurements.

In Chapter 4, we use the Structure for Unifying Multiple Modeling Alternatives (SUMMA)

model to evaluate whether representing long-term water storage improves simulated stream-

flow in two contrasting snow-dominated basins. Observed late-season low flows carried a

memory signature that models without an explicit storage compartment could not repro-

duce, while adding a basin-appropriate compartment recovered it. These stores contributed

disproportionately to low flows in dry years but did little to improve water-year volume

accuracy. As mountain snowpack and groundwater decline, a model’s ability to account for

missing water will depend on how well it represents the dominant storage mechanism in the

basin in question.

Together, these chapters show that much of this uncertainty traces back to conditions

that average behavior obscures: discrete high-impact events in the case of sublimation and

precipitation measurement, and slow storage dynamics that only become visible across years.

As mountain systems experience increased variability, these results suggest that improving

representations of the mountain water balance requires deliberately targeting what average

conditions leave out.
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Chapter 1

INTRODUCTION

1.1 Background

Mountain snowpacks serve as the primary seasonal water reservoir for many water-stressed

regions across the world, storing winter precipitation and releasing it gradually through

spring and summer when downstream demand is highest. Snow water equivalent (SWE) has

long served as the primary predictor for water resource forecasts. However, this historically

reliable relationship between snowpack and streamflow periodically breaks down. For exam-

ple, recent years in the Upper Colorado River Basin, which supplies water to over 40 million

people [Wheeler et al., 2022], offer a stark illustration: in 2020 and 2021, streamflow reached

only 65% and 38% of normal despite near-normal snowpacks [Goble and Schumacher , 2023].

These hydrologic anomalies, sometimes called “missing water” [Lapides et al., 2022; Hogan

and Lundquist , 2024], carry direct consequences for reservoir operations, water allocations,

and ecosystem flows.

Attributing such anomalies to physical processes requires balancing streamflow with its

sources (rain and snow) and sinks (evapotranspiration, sublimation, storage change). But

each term in this balance carries its own measurement and modeling uncertainty, making it

difficult to isolate any single process. This dissertation explores three of those uncertainties

in three separate chapters and develops strategies for reducing them.

The first is uncertainty in sublimation, the direct phase change of snow to water va-

por, which represents a loss of both mass and energy from the snowpack. The estimated

impact from snow sublimation on the alpine water balance ranges widely, with prior work

finding anywhere from 1–50% of snow is lost through this process [Strasser et al., 2008; Mott

et al., 2018]. This has led it to be defined as a key variable of uncertainty in hydrologic
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models [Slater et al., 2001]. Sublimation intensity is controlled by the vapor pressure gradi-

ent, wind exposure, and available energy, meaning it peaks under very different conditions:

high net radiation during warm, dry periods, and blowing snow during storms [Reba et al.,

2012; Sigmund et al., 2022]. Because these conditions are intermittent and extreme, direct

observations are rare and difficult to sustain in mountain terrain [Svoma, 2016].

The second uncertainty lies in precipitation. Although the most vital component of

the water balance [Larson and Peck , 1974; Moulin et al., 2009], precipitation is notoriously

difficult to measure accurately in mountains: sparse gauge networks, wind-driven undercatch,

and instrument failures all introduce errors that propagate into every downstream application

[Kochendorfer et al., 2022; Lundquist et al., 2019]. When measurements go wrong and go

uncorrected, the apparent water balance deficit may reflect bad inputs as much as real

hydrologic processes.

The third uncertainty lies in the importance of water held in a basin across several years,

a term we refer to as long-term storage. Recent work has shown that storage conditions

in one year can affect streamflow for several subsequent years, a phenomenon referred to as

hydrologic memory [Brooks et al., 2021; Opie et al., 2020]. Unlike snow or precipitation, long-

term water stores, like deep groundwater or perennial snow fields, are rarely observed directly

at the basin scale, so its influence must usually be inferred from streamflow itself. Simpler

operational and research models typically do not represent this behavior [Zhang et al., 2026;

Fowler et al., 2020], and whether they benefit from doing so is unclear, especially in mountain

basins where storage takes very different forms.

In Chapter 2, we characterize the meteorological conditions driving sublimation variabil-

ity in a Colorado River headwater catchment, providing observational constraints on a loss

term whose magnitude and variability have been difficult to pin down at the basin scale.

In Chapter 3, we leverage a rare co-located deployment of precipitation gauges to diagnose

when and why precipitation measurement accuracy degrades in mountains, identifying which

gauge types are most resilient during high-impact events and offering practical strategies to

reduce input uncertainty. In Chapter 4, we examine how adding long-term storage com-
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partments to a hydrologic model changes its representation of streamflow, identifying which

components of the hydrograph depend on storage and when representing it matters most.

Together, these chapters do not resolve the missing water problem, but they work toward a

more honest accounting of what we can and cannot yet attribute, and offer a clearer path

forward for reducing the uncertainties that stand in the way.

1.2 Outline

We used a combination of measurements from the three concurrent field campaigns and

hydrologic modeling to complete three research objectives, which are organized into three

chapters, Chapters 2–4, outlined below. In Chapter 5, we conclude this dissertation by

summarizing the objectives completed in Chapters 2–4 and discussing the broader impacts

of the work, open questions, and future areas for research.

Chapter 2 Synoptic-Scale Systems Control Total Winter Sublimation at an Alpine Site

• Objective: Investigate the most extreme sublimation events throughout two winter

seasons and isolate the dominant synoptic-scale processes that enhance or limit these

events to determine what drives sublimation variability.

• This work was published in Journal of Hydrometeorology and is reproduced from the

following citation.

Hogan, D., Schwat E., Gutmann, E., Vano, J. A., and Lundquist, J. D. (2026).

Synoptic-Scale Systems Control Total Winter Sublimation at an Alpine Site. Jour-

nal of Hydrometeorology. https://doi.org/10.1175/JHM-D-25-0143.1

Chapter 3 Precipitation Measurement Uncertainty in Mountains: A Gauge Intercomparison

from the SAIL, SPLASH, and SOS Campaigns
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• Objective: Intercompare precipitation measurements from several instruments over a

two-year period in a mountain environment to examine when and why measurements

diverge from one another. Use these results to provide deployment recommendations

for future precipitation measurement campaigns in mountains.

• This chapter has been submitted to the Journal of Oceanic and Atmospheric Technol-

ogy.

Hogan, D., Schwat, E., Gutmann, E., Feldman, D.R., and Lundquist, J. D. Precip-

itation Measurement Uncertainty in Mountains: A Gauge Intercomparison from

the SAIL, SPLASH, and SOS Campaigns.

Chapter 4 Are models forgetting something? Representing multi-year snow and subsurface

storage improves simulated low-flow persistence

• Objective: Use a single modeling platform to test whether observed streamflow

records carry a signature of long-term storage memory, and whether a model can repro-

duce that signature without representing storage explicitly. Add a basin-appropriate

long-term storage compartment to each configuration and track how and where it

changes simulated streamflow. Test how results differ across two physiographically dis-

tinct snow-dominated catchments, and identify the conditions under which representing

storage matters most.

• This chapter is in preparation for submission to Water Resources Research.

Hogan, D., Gutmann, E., Carroll, R., and Lundquist, J. D. Are models forget-

ting something? Representing multi-year snow and subsurface storage improves

simulated low-flow persistence
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Chapter 2

SYNOPTIC-SCALE SYSTEMS CONTROL TOTAL WINTER
SUBLIMATION AT AN ALPINE SITE

2.1 Introduction

Sublimation reflects a loss of both mass, in the form of water vapor, and energy, in the

form of latent heat, from the snowpack to the atmosphere as snow particles change phase

[Schmidt , 1972]. Its intensity is chiefly controlled by the vapor pressure gradient between the

surface and atmosphere, the wind speed and exposure, and the magnitude of the available

energy supply from either net radiation or turbulent sources [Mott et al., 2018]. Given these

different driving forces, vastly different weather conditions can cause sublimation to increase.

For example, during relatively warm, dry conditions, sublimation tends to peak when net

radiation is maximized [Reba et al., 2012; Sexstone et al., 2016]. Alternatively, blowing snow

during high winds leads to the highest rates of sublimation [MacDonald et al., 2018; Sigmund

et al., 2022; Schmidt , 1982; Bliss et al., 2011; Reba et al., 2012]. Strong winds entrain snow

into the atmosphere, where suspended snow sublimates efficiently even when other drivers

are less favorable [Sigmund et al., 2022; Strasser et al., 2008]. These conditions frequently

occur during passing storms, when fresh snowfall lowers the wind speed threshold for blowing

snow [Guyomarc’h and Mérindol , 1998; Vionnet et al., 2013].

Since sublimation is maximized under such distinct and sometimes extreme meteorolog-

ical conditions, it is perhaps unsurprising that direct observations of the process remain

difficult and relatively rare. Just how much snow is lost to sublimation remains highly un-

certain: estimates based on measurements and models have ranged from 1–90% of annual

snowfall [Svoma, 2016; Strasser et al., 2008] and largely depend on how and where these

estimates are made. Accurately measuring it requires fine-scale observations of the local
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meteorological and snow conditions. Yet, these observations are often unavailable and diffi-

cult to maintain in mountainous terrain outside of dedicated field campaigns [Svoma, 2016;

Lundquist et al., 2024].

Among available measurement methods, properly installed and well-monitored open-path

eddy-covariance (EC) measurements are considered the most reliable for quantifying turbu-

lent exchanges in alpine terrain [Lundquist et al., 2024; Reba et al., 2012; Sexstone et al.,

2016]. However, these measurements have limitations. They are sensitive to both data

quality criteria and post-processing methods in complex terrain and can be impacted by

blowing snow and snowfall as particles pass through the EC system [Stiperski and Rotach,

2016; Bintanja, 2001a; Sigmund et al., 2022]. Last, EC measurements cannot differentiate

blowing snow sublimation from surface sublimation [Reba et al., 2012; Groot Zwaaftink et al.,

2013]. Likewise, modeling efforts face their own challenges. There is substantial uncertainty

in forcing data and surface parameterizations [Sigmund et al., 2022; Xia et al., 2017; Mus-

selman et al., 2015], and relatively few models represent important processes like blowing

snow [Lundquist et al., 2024; Slater et al., 2001; Sharma et al., 2023]. These limitations

also have real consequences when estimating sublimation’s influence on water resources. For

instance, hydrologic modeling work by Xiao et al. [2018] attributed 18% of the Colorado

River’s streamflow decline over the past century to increases in winter sublimation; however,

they mainly attributed this increase to unrealistic wind speed estimates in the historic forc-

ing dataset they used. Consequently, sublimation remains a poorly constrained component

of the snow mass balance, with few direct observations to characterize its variability over

long periods [Sexstone et al., 2018; Liston and Sturm, 2004; Reba et al., 2012].

Despite these uncertainties, many studies have tried to estimate how sublimation re-

sponds to changing climate conditions, although estimates of its response vary, too. Several

modeling efforts suggest that warmer temperatures increase sublimation by increasing the

vapor pressure gradient between the snow and the air above it [Cullen et al., 2014; Scaff

et al., 2024; Guo et al., 2023; Harpold et al., 2012; Harpold and Brooks , 2018]. However,

other research argues that warming may instead reduce sublimation by shortening the snow



7

season and limiting the frequency of blowing snow [Rasouli et al., 2015; Pomeroy and Gray ,

1994; Sexstone et al., 2018]. Results from observation-based studies, although limited in their

spatial and temporal extent, support a third possibility: that sublimation totals are sensitive

to the frequency of high-magnitude sublimation events that are discrete and episodic [Bin-

tanja, 2001b; Bliss et al., 2011; Cline, 1997; Hood et al., 1999; Jackson and Prowse, 2009;

Zhang et al., 2004]. This suggests that processes operating from the surface to synoptic

scales control these events. However, many of these researchers explicitly discuss how they

lacked the necessary data to make these larger-scale connections [Hood et al., 1999; Jackson

and Prowse, 2009; Reba et al., 2012; Sexstone et al., 2016]. Therefore, the frequency and

character of these events have not been explored in detail, and we still do not know how

much they contribute to winter sublimation.

This research gap points to a need to better characterize the most impactful sublimation

events. Similar to past work that linked different snow mass balance components to broader

atmospheric patterns [Grundstein and Leathers , 1999; Cline, 1997;McGinnis , 2000;McCabe,

1994; Dettinger et al., 2011], our objective is to identify what drives these events to better

understand and constrain winter sublimation in mountainous terrain. To accomplish this

objective, we used data from three co-located field campaigns in a Colorado mountain valley

to address three research questions (RQs):

1. RQ1 How much sublimation occurred during large sublimation events during the 2022

and 2023 winter seasons?

2. RQ2 What were the site-, valley-, and synoptic-scale characteristics during them?

3. RQ3 How can the synoptic-scale characteristics we identify be used to model long-term

trends in the frequency and duration of these events?

To answer these questions, we integrated observations across site-, valley-, and synoptic-scales

to identify and characterize the largest sublimation events. Using the dominant features of

these events, we trained a statistical model to estimate the occurrence of these events over the
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past four decades. This analysis provides the necessary context to understand the importance

of discrete, episodic sublimation events to winter sublimation and highlights the potential

for using synoptic-scale conditions to estimate long-term variability in sublimation.

2.2 Methods

We used data collected during the Surface Atmosphere Integrated Field Laboratory (SAIL),

Study of Precipitation, the Lower Atmosphere and Surface for Hydrometeorology (SPLASH),

and Sublimation of Snow (SOS) field campaigns. The SAIL and SPLASH campaigns spanned

October 2021 through June 2023, and the SOS campaign spanned October 2022 through

June 2023. These campaigns used a diverse set of observations to gain insight into surface-

atmosphere interactions in a mountainous and seasonally snow-covered environment [de Boer

et al., 2023; Feldman et al., 2023; Lundquist et al., 2024].

2.2.1 Study Area

These campaigns primarily took place in the upper East River Basin (UERB), a headwater

catchment of the Colorado River. The UERB has garnered significant research interest

and investment due to its hydrologic importance, long observational record, and low levels of

human impact [Hubbard et al., 2018]. It lies high in the Rocky Mountains of central Colorado

on the western slope of the Continental Divide and is oriented northwest-to-southeast (Figure

2.1A and B). Its terrain consists of steep topographic relief and seasonal snow cover that lasts

for six or seven months of the year. Water year (1 October - 30 September) precipitation

measured at the valley bottom averages 916 mm, 75% of which falls as snow [Prather et al.,

2023]. The average annual temperature is 2◦ C and median peak snow water equivalent

(SWE) is 373 mm [Natural Resources Conservation Service,, 2025]. The basin’s vegetation is

characterized by mixed stands of aspen, subalpine fir, and Engelmann spruce along the valley

slopes up to treeline, while the valley bottom is dominated by fescue grasses and sagebrush

with sparse tree cover [Cox et al., 2025]. This valley bottom vegetation is generally buried

during continuous snow cover. Measurements from each campaign were collected at three
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Figure 2.1: (A) Study location within the western United States. Grid-boxes indicate the
spatial extent of reanalysis data used to model sublimation event occurrence. Colors and
contours indicate an example of ERA5 geopotential height data at 500-hPa. (B) Inset of the
East River Basin and UERB. (C) Study site locations with photos of the instruments used
in this study at (i) Avery Picnic, (ii) Gothic, and (iii) Kettle Ponds.
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sites along the valley bottom: Avery Picnic, Gothic, and Kettle Ponds.

Site Descriptions

Avery Picnic The Avery Picnic (AP) site (38.972◦ N, 106.997◦ W at 2934 m MSL) was the

upper-most site (Figure 2.1Ci). The valley is approximately 250-m wide at this point. The

up-valley fetch is unobstructed for approximately 1-km and has a shallow 3◦ gradient. The

SPLASH campaign installed instrumentation at AP to observe near-surface meteorological

conditions and surface energy exchanges [Cox et al., 2023, 2025]. Cox et al. [2025] describes

this instrumentation and data processing steps in further detail.

Gothic The Gothic site (38.956◦N, 106.988◦W at 2886 m MSL) sits at the southeast base

of Gothic Mountain and is located approximately 2-km down-valley from AP (Figure 2.1Cii).

Gothic hosted the Department of Energy’s Atmospheric Radiation Management Mobile Facil-

ity under the SAIL campaign where several instruments were installed to study near-surface

and valley-scale conditions [Feldman et al., 2023].

Kettle Ponds The Kettle Ponds (KP) site (38.975◦N, 106.973◦ W at 2861 m MSL) lies

about 2-km southeast of Gothic near the center of the valley, which is approximately 1500-

m wide at this point (Figure 2.1Ciii). The site is characterized by flat to rolling terrain

with a shallow, 4◦-slope and an unobstructed fetch for approximately 2-km along the valley

[Lundquist et al., 2024].

The SOS campaign partnered with the NSF National Center for Atmospheric Research

to deploy the Integrated Surface Flux System at KP, which included a suite of instruments

mounted on four towers (three 10-m tall and one 20-m tall). We used these instruments to

observe the seasonal evolution of near-surface meteorology, the surface energy balance, and

the snowpack [Lundquist et al., 2024]. SPLASH also measured the surface energy balance at

KP [de Boer et al., 2023], and we used these measurements to gap-fill missing data.
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2.2.2 Site-scale analysis

Instrumentation and Data

We focus on the 1 December to 31 March 2021-2022 and 2022-2023 winter seasons to analyze

conditions strictly during snow accumulation and prior to spring melt. AP data only covered

winter 2022 due to limited turbulent flux observations in 2023 [Cox et al., 2025], whereas

SOS data were limited to winter 2023, the only winter that campaign operated.

Instrument specifications are compiled in Table 2.1 and discussed in Lundquist et al.

[2024], Feldman et al. [2023], and de Boer et al. [2023]. Unless otherwise noted, all data were

resampled to 30-minute averages/sums, and measurement heights are relative to snow-free

ground.

Near-Surface Meteorology At KP, a ventilated and shielded hygrothermometer on the

central (C) tower measured temperature and relative humidity. Since temperatures were

rarely above freezing each winter, relative humidity was computed with respect to ice [Huang ,

2018]. Atmospheric pressure was measured by nanobarometers atop each tower. We adjusted

these measurements following a hydrostatic model of the atmosphere to estimate surface

pressure. At AP, air temperature, pressure, and humidity were measured using a probe on

the flux station boom (Table 2.1). Vapor pressure deficit (VPD) was calculated from these

observations at both sites. Horizontal wind speed and direction were calculated from the u

and v components of the sonic anemometers.

Since neither KP nor AP data spanned both winters continuously, we used observations

from SAIL’s Meteorology System (MET) at Gothic to compare surface meteorology between

winters. The MET included standard sensors measuring surface wind speed, wind direction,

air temperature, relative humidity, and atmospheric pressure [Kyrouac and Tuftedal , 2024].

Precipitation Precipitation was measured at Gothic by a weighing bucket pluviometer

with a double Alter wind shield and aggregated to 30-minute totals (Figure 2.1Ciii). Com-

pared to other precipitation measurements available, this pluviometer most closely matched
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daily totals from the long-term Gothic gauge, a record consistently maintained by the same

observer, billy barr [sic], since the mid-1970s [Prather et al., 2023]. During winter 2023, four

fluidless snow pillows were also deployed at KP to directly measure SWE. We used these

measurements to determine if the snow pillows could detect sublimation-driven decreases in

SWE.

Surface Energy Balance At KP, heated pyranometers and pyrgeometers on the SOS

downwind (D) tower measured incoming and outgoing shortwave and longwave radiation.

SPLASH also deployed a surface energy balance monitoring system at KP [de Boer et al.,

2023]. Because of its proximity to the SOS radiometer and strong agreement in net radiation

(Rnet) during winter 2023 (Pearson’s r=0.90, RMSE=17 W m−2), we used this system to

gap-fill missing SOS radiometer data (3% of the data record). The AP site was similarly

outfitted with pyranometers and pyrgeometers [Cox et al., 2025]. Solar radiation data were

dropped whenever outgoing solar radiation exceeded incoming radiation, likely due to snow

covering the sensor.

All surface energy balance variables follow a consistent sign convention: positive (incom-

ing) fluxes represent energy directed into the snow surface, while negative (outgoing) fluxes

represent energy loss from the snow surface. We report Rnet as the sum of net shortwave

and net longwave radiation.

Surface Temperature At KP and AP, snow surface skin temperature (Ts) was measured

by infrared sensors and corrected for surface emissivity following:

Ts =

(
σT 4

c − (1− ε)LWout

εσ

)0.25

, (2.1)

where ε is the surface emissivity, σ is the Stefan-Boltzmann constant (5.670×10−8 Wm−2 K−4),

Tc is the sensor temperature, and LWout is the outgoing longwave radiation. The snow emis-

sivity for the sensor’s spectral range was set to 0.99 [Warren, 1982].
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Blowing Snow Blowing snow mass flux (g m2 s−1) at KP was measured by two, 1-m long

acoustic blowing snow sensors [Trouvilliez et al., 2015] that were vertically stacked along the

upwind east (UE) tower base between 0 and 2-m. A blowing snow threshold of 1 g m2 s−1

[Trouvilliez et al., 2015] was used to distinguish periods of strong blowing snow from calmer

ones.

Turbulent Fluxes and Sublimation Turbulent fluxes of sensible (Hs) and latent heat

(Hl) were calculated using the EC method [Foken et al., 2012; Reba et al., 2009]. At each

site, EC systems included three-dimensional sonic anemometers and open-path gas analyzers.

Raw EC data were recorded at 20 Hz. Although a 10-m measurement height is preferable

for estimating total sublimation [Schwat et al., 2025], this was not feasible because the only

available measurement at AP was at 4.6 m. To maintain consistency across sites, we therefore

averaged the four 3-m EC measurements from the SOS towers at KP (Table 2.1).

To prepare the 20 Hz data for flux calculations, the planar fit method was used to correct

for sonic anemometer tilt [Wilczak et al., 2001]. We then calculated turbulent fluxes using

a 30-minute Reynolds averaging length and applied standard corrections [Schotanus et al.,

1983; Webb et al., 1980]. Schwat et al. [2025] and Cox et al. [2025] discuss the specific post-

processing and data quality of the SOS and SPLASH EC datasets, respectively, in further

detail.

After averaging, we gap-filled missing data (5% for SOS and 9% for SPLASH) using

two strategies that depended on the duration of each gap. For gaps shorter than 1 hour,

we used linear interpolation. For longer gaps, we used the mean diurnal variation method

with a 3-day moving window average [Finnigan et al., 2003]. Lastly, we excluded flux data

whenever more than 0.5-mm of precipitation fell within 30-minutes to reduce the influence

of precipitation on flux measurements.

While blowing snow can introduce additional uncertainty into EC measurements, data

quality remained high during most blowing snow events, except one (21 December-22 De-

cember 2022). For that event, sublimation totals were likely undermeasured [Schwat et al.,
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2025].

We calculated sublimation from the corrected Hl measurements in units of W m−2, which

we converted to sublimation rate (S) in millimeters of SWE per hour (mm hr−1) following:

S =
Hl∆t

ρwLs

, (2.2)

where ∆t is the time interval in seconds (3600 seconds), ρw is the density of water (1000 kg

m−3), and Ls is the latent heat of sublimation at 0◦C (2835 kJ kg−1).

Table 2.1: Observed variables, instruments, and measurement details. Sampling intervals
denoted with an asterisk (∗) were sampled more frequently but averaged to these intervals
on the data logger.

Variable Instrument Height (m) Site Period Units Sampling Interval

Temperature
Vaisala PTU307 2.89 AP Winter 2022 10 min∗

Vaisala HMP155 2 Gothic Both winters ◦C 1 min*
Sensirion SHT85 3 KP Winter 2023 5 min∗

Humidity
Vaisala PTU307 2.79 AP Winter 2022 10 min∗

Vaisala PTB330 2 Gothic Both winters %RH 1 min*
Sensirion SHT85 3 KP Winter 2023 5 min∗

Pressure
Vaisala PTU307 2.79 AP Winter 2022 10 min∗

Vaisala PTB330 1 Gothic Both winters hPa 1 min*
Paroscientific 6000 10 KP Winter 2023 5 min∗

Precipitation OTT Pluvio2-L – Gothic Both winters mm 1 min
Snow water equivalent Alpine Hydromet FSP5 – KP Winter 2023 mm 5 min

Wind speed &
direction

Metek uSonic-3 4.62 AP Winter 2022 20 Hz
RM Young 05103/05106 10 Gothic Both winters m s−1, ◦ 1 min

CSAT3 3 KP Winter 2023 20 Hz

Shortwave radiation
Hukseflux SR30-D1 3 AP Winter 2022 W m−2 10 min∗

Kipp & Zonen CM21 10 KP Winter 2023 5 min∗

Longwave radiation
Hukseflux IR20 3 AP Winter 2022 W m−2 10 min∗

Kipp & Zonen CG4 10 KP Winter 2023 5 min∗

Surface temperature
Apogee IRT 3 AP Winter 2022 ◦C 10 min∗

Apogee SIF-111 9 KP Winter 2023 5 min∗

Sensible heat flux
Metek uSonic-3 4.62 AP Winter 2022 W m−2 20 Hz

EC150 3 KP Winter 2023 20 Hz

Latent heat flux
LI-COR 7500DS/Metek 4.27 AP Winter 2022 W m−2 20 Hz

EC150 3 KP Winter 2023 20 Hz
Blowing snow FlowCapt4 0–2 KP Winter 2023 g m−2 s−1 5 min∗

Rawinsonde Vaisala RS-41SGP – Gothic Both winters – 12 hrs
Vertical velocity Doppler lidar – Gothic Both winters m s−1 10 min∗
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Large sublimation events

We performed a peaks-over-threshold analysis to identify sustained periods of elevated sub-

limation. This involved testing combinations of intensity and duration thresholds to distin-

guish meaningful events. To determine suitable thresholds, we first resampled the EC data

to a coarser temporal resolution, which served as a simple low-pass filter to minimize sensi-

tivity to short-term variability within the time series. We found a 3-hour averaging period

was best because it both smoothed high-frequency fluctuations and retained signals from

changing weather patterns. Once resampled, two distinct categories of large sublimation

events emerged that best balanced the intensity and duration criteria: (1) short-duration,

high-intensity (“short”) events, defined by 3-hour mean sublimation rates exceeding the

95th seasonal quantile (q0.95) for up to 12 hours, and (2) long-duration, moderate-intensity

(“long”) events, where rates exceeded the 75th quantile (q0.75) for more than 12 hours (Figure

2.9).

Meteorological comparison during large sublimation events

To assess the characteristics of these events at the site-scale, we compared the mean diurnal

cycles of select surface observations for each sublimation event type to the average conditions

over the entire study period. Although short events are defined as lasting less than 12

hours, we analyzed data from the full day on which they occurred to capture the conditions

surrounding the events.

2.2.3 Valley-scale analysis

Instrumentation and Data

We used data from the twice-daily rawinsondes and vertical velocity variance statistics from

the Doppler lidar to evaluate conditions within the valley atmosphere [Feldman et al., 2023].

The rawinsondes were launched at around 00 UTC and 12 UTC (0500 and 1700 MST) each

day from Gothic (right photo in Figure 2.1Cii), and provided a vertical profile of temperature,
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humidity, wind speed, and direction from the surface to the troposphere.

The Doppler lidar in Gothic (center photo in Figure 2.1Cii) was used to remotely monitor

the wind field within the valley atmosphere. In its vertically staring mode, it measured

profiles of vertical velocity (w) at a 1-second temporal resolution. SAIL processed these data

into a 10-minute summary statistics dataset from which we used the w variance (σ2
w). We

resampled the σ2
w data to 30-minute resolution with 30-m vertical range gate spacing. Data

product specifications and quality control details are discussed in Newsom et al. [2019].

Turbulence Signals from Vertical Velocity Variance

σ2
w values indicate the turbulent intensity at each range gate. Prior work has shown Doppler

lidar σ2
w estimates closely match EC observations [Bonin et al., 2017]. We resampled the

σ2
w data using three range-gates to a vertical resolution of 90-m, which reduces error in

the variance estimates but maintains a useful vertical resolution [Hogan et al., 2009]. We

also limited the data in the vertical to the lowest 2 km above the valley floor because low

signal-to-noise ratios reduced data quality higher up [Shukla et al., 2019].

To assess how σ2
w differed by sublimation event type, we combined data from both years

and compared mean σ2
w vertical profiles during large sublimation events to the entire study

period. We did the same for vertical profiles of wind speed and direction using averaged data

from the 00 UTC (afternoon) soundings.

Inversion Detection and Characterization

We used the rawinsonde temperature profiles to characterize temperature inversion structure.

Valley temperature inversions strongly impact energy distribution throughout mountain val-

leys. When inversions are deep and persistent, which is common during periods of extensive

snow cover, surface conditions (e.g. temperature, wind speed, humidity) decouple from the

free atmosphere conditions. In contrast, when inversions are weak or shallow, these same

surface conditions often change alongside the conditions aloft [Whiteman and Doran, 1993;

Lundquist et al., 2008; Whiteman, 1982].
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For each sounding, we identified inversions wherever the vertical potential temperature

gradient (dθ
dz
) was positive for > 100 m. We then calculated inversion depth (D) and bulk

intensity (I), following Gilson et al. [2018]. D was calculated using the heights of the bottom

(zbottom) and top (ztop) of the inversion, defined as the heights where dθ
dz

changed sign from

negative to positive (zbottom) and then back again (ztop). If the inversion reached the surface,

as was common, zbottom was set to the rawinsonde launch elevation (2861 m).

We quantified I as:

I = θztop − θzbottom , (2.3)

where θztop and θzbottom are the potential temperatures at the top and bottom of the inversion,

respectively. An inversion was defined as strong if D was greater than 100-m and I greater

than 2 K [Whiteman, 1982]. To gauge how well connected the valley atmosphere was to

conditions aloft, we compared the summary statistics of D and I during each type of large

sublimation event and the entire study period.

2.2.4 Synoptic-scale analysis

To link synoptic-scale conditions to large sublimation event occurrences in the UERB, we

used the information gained from the site- and valley-scale analyses, along with atmospheric

reanalysis data, to develop a binary classification model. Here, we focused exclusively on

long-duration events because they consistently coincided with synoptically active periods,

making them easier to distinguish from background conditions in the reanalysis record. We

tested several models of varying complexity and chose the one that performed best based

on evaluation metrics suited for imbalanced classification problems. The chosen model,

random forest, is a machine learning algorithm that builds an ensemble of decision trees

using bootstrapped samples of the data and random subsets of features to improve predictive

accuracy through averaging [Breiman, 2001]. Our results only focus on this selected model;

however, the training and evaluation strategy was the same for all developed models. A full

description and performance comparison is provided in Appendix B.
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Reanalysis Inputs and Target Labels

The model’s input data came from the European Centre for Medium-Range Weather Fore-

casting (ECMWF) Reanalysis v5 (ERA5) [Hersbach et al., 2020]. ERA5 assimilates mete-

orological and remotely sensed observations into the ECMWF modeling system to provide

a global and temporally complete representation of the atmosphere. Its dataset includes

numerous meteorological variables at multiple pressure levels and is available at a 1-hour

temporal and 31-km (0.25◦) spatial resolution from 1940 onward.

To reduce data volume, we analyzed a spatially and temporally constrained subset of

ERA5 data at the 500-hPa pressure level, which limits surface influences from complex terrain

and represents the large-scale circulation well [Hersbach et al., 2020]. We chose the vector

wind (u, v), geopotential height, temperature (T ), specific humidity (q), and relative vorticity

(ζ) variables and downloaded them using the ECMWF Climate Data Store API [Copernicus

Climate Change Service, 2023]. These variables capture key atmospheric processes relevant

to sublimation: winds and geopotential heights describe flow patterns aloft; temperature

and specific humidity indicate the thermal energy and moisture availability; and relative

vorticity signals cyclonic activity associated with approaching or departing weather systems.

From these variables, we also calculated temperature advection (AT ), moisture advection

(Aq), and vorticity advection (Aζ), defined as the dot product of the vector wind and the

gradient in each property. These advection terms help characterize the presence of upstream

thermal, moisture, and vorticity advection not evident in the raw fields alone. We excluded

precipitation from this analysis due to known limitations in ERA5 sub-daily precipitation

over complex terrain [Lavers et al., 2022] and to independently evaluate the relationship

between observed snowfall and large sublimation events.

Next, we limited our analysis period to the satellite era (1979–present) to avoid disconti-

nuities due to differing data assimilation methods and restricted the data to a 2.5◦-by-2.5◦area

centered 1◦west of the UERB (Figure 2.1A). To reduce the dimensionality of the dataset, we

computed the spatial mean of each variable across this subset region. Finally, we restricted
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the dataset to December–March and resampled it to 3-hour intervals to match the resolution

of large sublimation events.

We trained and evaluated our model using a target dataset built using long sublimation

event observations from the 2022 and 2023 winter seasons. To prepare the target dataset,

we constructed a binary time series that indicated when these events occurred at our sites.

Predicting large sublimation event occurrence

Model training, evaluation, and selection To develop the model, we limited our in-

put data to match the target dataset and partitioned each into a 90% training set and 10%

hold-out validation set. Since sublimation events were rare relative to non-events, we used

stratified 10-fold cross-validation to preserve class imbalance and reduce sensitivity to tem-

poral patterns, using the same 90-10 train/test split for each fold. We used GridSearchCV

from the python package scikit-learn [Pedregosa et al., 2011] to tune select hyperparameters

within a defined hyperparameter space. Further training details are provided in the code

repository provided in the data availability statement.

We evaluated model performance using the F1-score and average precision calculated

from the cross-validation results and compared the mean evaluation metrics and balanced

accuracy for each model (Appendix B). Among the models we tested, the random forest

model performed best on the independent validation set (Figure 2.12), with an F1-score

of 0.64, average precision of 0.73, and balanced accuracy of 79%. Because RQ3 seeks to

identify changes in the frequency and duration of large events over entire seasons rather

than individual events, we found this performance adequate to address RQ3.

Applying the model We applied the trained model to the reanalysis dataset (December

1979-–March 2025) to analyze trends and variability in long sublimation event occurrences.

For each winter, we summed the total number of hours classified as long events (referred to as

“event hours”). To assess trends, we used the Mann-Kendall test to detect monotonic changes

in event hours at a significance level of α = 0.05. To evaluate variability, we compared the
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monthly average distribution of event hours and examined how this distribution shifted

decade-to-decade within the winter season.

2.3 Results

2.3.1 Site-scale analysis

The average wind speed and direction matched closely across winters (Table 2.2), with north-

westerly down-valley winds occurring 45–65% of the time (Figure 2.2). However, other me-

teorological variables had large differences. When compared to winter 2022, winter 2023

had a markedly lower mean temperature, lower mean VPD, and 36% more precipitation

(Table 2.2). Another noteworthy difference was how precipitation accumulated across each

winter (Figure 2.3). In winter 2022, 42% (153 mm) of the season’s precipitation fell during

a stormy 10-day period in late December 2021. This massive event was followed by two dry

months before ending with a few late winter storms and another extended dry period. In

contrast, precipitation accumulated more consistently during winter 2023 due to a relatively

continuous sequence of low pressure systems throughout the winter with fewer extended dry

periods.

Table 2.2: Winter meteorological conditions for 2022 and 2023. Temperature, vapor pres-
sure deficit, and wind speed are reported as the mean ± standard deviation. Cumulative
precipitation and cumulative sublimation are provided as sum totals.

Winter Season
Temperature

(◦C)
VPD
(Pa)

Wind Speed
(m s−1)

Cumulative Precipitation
(mm)

Cumulative Sublimation
(mm)

2022 −6.8± 4.8 164± 101 2.3± 1.1 363 21.5
2023 −8.2± 4.2 127± 66 2.2± 1.2 494 22.0

Despite these substantial differences in precipitation, cumulative sublimation was nearly

identical, with 21.5 mm in 2022, and 22.0 mm in 2023 (Table 2.2). As a result, sublimation

losses represented 5.9% and 4.4% of seasonal precipitation for 2022 and 2023, respectively.

Even with these comparable totals, sublimation totals accumulated differently between these

two years as each winter was punctuated by distinct sublimation increases over short periods
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Figure 2.2: Comparison of wind roses for the 2022 (a) and 2023 (b) winters from Gothic
MET station.

(Figure 2.3).

Blowing Snow and Sublimation

Most blowing snow occurred during or soon after snowfall, accounting for 17% and 41% of

all blowing snow observations, respectively (Figure 2.4A). However, 12% still occurred in

the 12 hours leading up to precipitation events. These observations not only emphasize the

importance of new snow to enhance blowing snow, but also the influence an approaching

storm can have on blowing snow even prior to new snowfall.

Sublimation rates generally increased with higher wind speeds and blowing snow fluxes,

but the importance of blowing snow differed between short and long events. High rates of

blowing snow were more common during long events (squares in Figure 2.4B) than short

events (triangles), with 71% of all strong blowing snow flux measurements (≥ 1 g m−2 s−1)

occurring during long events.
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Figure 2.3: Comparison of cumulative precipitation (black line) and cumulative sublimation
(red line) accumulation for the (A) 2022 and (B) 2023 winters. Long (blue bars) and short
(orange bars) indicate when sublimation events occurred. Total event numbers are shown in
the legend, indicated by n.
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Figure 2.4: Relationships between wind speed, blowing snow and sublimation during winter
2023. (A) Blowing snow in the 24 hours surrounding snowfall at KP. Each vertical bar
represents the percentage of time that blowing snow was observed before (orange bars) and
after (blue bars) snowfall. The vertical red bar represents how often blowing snow was
measured during snowfall. (B) 30-min wind speed plotted against sublimation rate at KP.
Points are colored by air temperature and sized by average blowing snow flux (see data point
legend). Points classified as strong blowing snow flux (≥ 1 g m−2 s−1) during large and short
sublimation events are outlined in black and red, respectively; all others are outlined in gray.
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Large Sublimation Events

Winter 2022 had a total of 16 long events that averaged 22 hours in duration. These events

accounted for 42% of the total winter sublimation (Table 2.3). In comparison, winter 2023

had 14 long events that were slightly longer on average (23 hours) and made up 49% of that

winter’s sublimation. In both winters, long sublimation events lasted for less than 12% of

the winter. In contrast, short events were more numerous in 2023 than in 2022. They made

up 15% of total sublimation in each winter, but occurred over only 2.5% of each winter’s

duration (Table 2.3). Together, long and short sublimation events accounted for the majority

of winter sublimation (57% in 2022 and 64% in 2023), despite occurring during only 14% of

each winter season, on average.

Table 2.3: Comparison of long and short sublimation events during the winter seasons of
2022 and 2023. The table shows the average duration, the percentage of total sublimation
contributed, and the percentage of the winter season’s length associated with each type of
event.

Long events Short events
2022 2023 2022 2023

Average duration (hours) 22 23 4.5 3.6
% of total sublimation 42% 49% 15% 15%
% of winter length 11% 12% 2.5% 2.5%

The short events clustered mostly in the later portion of each winter season, whereas the

long events were more evenly distributed throughout (Figure 2.3). Short events became more

common as solar angles increased and temperatures rose during the transition to spring.

However, long events appeared to arise from different processes: most (63% in 2022 and

79% in 2023) started within a day after measurable precipitation and coincided with high

winds (Figure 2.4B). This relationship aligns with the observation that wind speed showed its

strongest correlation with precipitation during or shortly after precipitation fell (Figure 2.10).

To better understand these processes, we next compare event meteorology to wintertime
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averages across the diurnal cycle.

Meteorological comparison during large sublimation events

The diurnal cycles of surface and air temperature, VPD, wind speed, and blowing snow flux

differed across sublimation event types and the study period average (Figure 2.5). During

long events, surface and air temperatures were near the top quartile of the wintertime average

and were especially warm at night (Figure 2.5B). The same was true for VPD, wind speed,

and blowing snow flux. Each lacked any clear diurnal pattern, remained entirely above the

study period inter-quartile range (IQR), and had especially large differences from the average

at night (Figures 2.5F, H, and J).

During short events, the diurnal pattern in these observations was much clearer. Each

followed the average winter pattern but with greater amplitude (Figures 2.5A, E, G, and

I). Surface and air temperatures rose above the winter average during the day and were

colder at night. The same was true for the patterns in VPD, wind speed, and blowing snow

flux: increases during the day and decreases at night. However, the VPD pattern was more

extreme than either the wind speed or blowing snow flux patterns during the day, as VPD

values rose above the top quartile.

During both event types, the diurnal Rnet pattern qualitatively followed that of the study

period average; however, its range was amplified during short events, with Rnet far above

the top quartile during the day and below the bottom quartile at night (Figures 2.5C). This

exaggerated pattern suggests short events mainly occurred under clear skies. On the other

hand, the Rnet during long events matched the study period average quite closely (Figure

2.5D).

During short events, the diurnal pattern of turbulent fluxes also qualitatively matched the

average winter pattern (Figure 2.5C). However, relative differences were apparent throughout

the day. For instance, as temperature peaked in the mid-afternoon, Hs increased relative

to the average as Rnet rapidly decreased. Additionally, Hl values fell outside the IQR for

much of the day, while the diurnal Hl pattern was more exaggerated and peaked slightly
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Figure 2.5: Mean diurnal surface and air temperature, energy fluxes, vapor pressure deficit,
wind speed, and blowing snow flux for short (A, C, E, G, I) and long (B, D, F, H, J)
sublimation events (solid lines) compared to averages from the entire study period (dashed
lines). Shaded regions show the inter-quartile range (IQR) during the entire study period.
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later compared to the average.

Contrary to short events, the diurnal patterns in the turbulent fluxes were very different

during long events (Figure 2.5D). Both Hs and Hl were elevated in the absolute and generally

balanced one another at night, as positive Hs directed energy towards the snow surface and

negative Hl took energy away from it. However, this pattern shifted during the day. Hs and

Hl were less balanced as Hs decreased, while Hl remained elevated in the absolute. This

shift happened when Rnet flipped from negative to positive. At that point, Rnet began to

supplant the energy provided by Hs to continue to support and enhance the large negative

Hl values. Even so, both Hs and Hl sat far outside the IQR of average conditions throughout

the entire diurnal cycle.

Although these events had clear patterns in their near-surface meteorology, we could not

identify a corresponding relationship between sublimation and SWE change at the KP snow

pillows. Even during the largest events, sublimation-driven SWE changes were too small to

detect relative to competing signals from recent snowfall and wind redistribution.

2.3.2 Valley-scale analysis

Turbulence signals from vertical velocity variance

We observed distinct differences in the mean σ2
w profiles between sublimation event types

and the study period average (Figure 2.6A). During average conditions, σ2
w increased slightly

from the surface through the valley atmosphere. Once above the mean ridgeline elevation

(605 m), σ2
w decreased slightly. We observed a more distinct pattern to the σ2

w profile during

sublimation events.

During short events, mean σ2
w values increased from 0.6 m2 s−2 near the surface to a max

of 2.9 m2 s−2 at around 250 m above the surface. Values then decayed to 1.0 m2 s−2 above

this level. This same pattern occurred during long events but was more extreme: mean σ2
w

values rapidly increased from 1.0 m2 s−2 near the surface to a max of 4.6 m2 s−2 near the

mean ridgeline elevation before decreasing, as well.
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Figure 2.6: Mean profiles of (A) vertical velocity variance, (B) wind speed, and (C) wind
direction. Mean ridgeline elevation, which was 605 m above the valley floor (2900 m), is
indicated by the dashed red line. In (A) and (B), mean winter conditions are marked with
an X, long sublimation events are marked by squares, and short sublimation events are
marked by triangles. (B) and (C) use data from the 00 UTC (1700 MST) soundings that
were then averaged for each event type.
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Figure 2.7: Box plots of the average inversion depth (A) and inversion intensity (B) within
the valley between the morning and afternoon rawinsonde releases for the entire study period,
days with long sublimation events, and days with short sublimation events. The thick black
line and white dot represent the median and mean values, respectively. Each colored box
encompasses the IQR, and the caps at the end of each thin line indicate the 5th (bottom)
and 95th (top) percentile values.

The profiles of wind speed and direction show similar characteristics to the σ2
w profiles

(Figure 2.6B and C), with wind speeds greater during sublimation events compared to average

conditions. This wind speed difference grew with altitude and was greatest during long

events. As a result, wind shear was greater during these events, even though the wind

directional change was similar between event types (Figure 2.6C).

Inversion Detection and Characterization

Strong temperature inversions were common during each winter, occurring in 64% and 37%

morning and afternoon soundings, respectively. They were more common in 2022 (n = 53)

than in 2023 (n = 42). Inversions generally decreased in depth and weakened in the afternoon

(Figure 2.7). The median morning inversion depth and intensity were 224 m and 7.9◦C,
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compared to the afternoon inversion depth and intensity of 98 m and 3.0◦C.

Morning inversions during long sublimation events were comparatively smaller and weaker,

with average depth and intensity of 71 m and 1.0◦C, respectively. In the afternoon, inversions

(if present) were weaker and shallower still. However, on mornings when short events oc-

curred, inversions resembled those during the study period average, but they typically broke

down by the time of the afternoon sounding, indicating greater daytime destabilization.

2.3.3 Synoptic-scale analysis

Predicting large sublimation event occurrence

The 500-hPa wind speed emerged as the most influential reanalysis variable from the ran-

dom forest model’s variable importance scores, contributing to 23% of the model’s predictive

power (Figure 2.13). Given its high importance, wind speed correlated closely with event

hours (Spearman’s r = 0.62). Since storm events are an important contributor to long sub-

limation events, we also compared the total December-March precipitation from billy barr’s

[sic] precipitation station to event hours. Interestingly, although precipitation was not in-

cluded in our model, it showed a moderate, positive correlation with event hours (Spearman’s

r = 0.5), further supporting the idea that precipitation events and large sublimation events

are related.

The modeled total sublimation event hours were highly variable from one winter to the

next, ranging between 24 and 363 hours, with a mean of 120 hours and standard deviation

of 73 hours (Figure 2.8A). As a result, any trends had to be large in order to be significant.

Although Mann-Kendall results indicated slight increasing trends in both modeled event

hours per winter and mean winter wind speed, these trends were insignificant: p = 0.24 for

event hours and p = 0.08 for wind speed, respectively. Additionally, the average duration of

individual events has not been changing (p = 0.44) (Figure 2.8D).

Modeled long sublimation event hours consistently peaked in December and January

before declining in February and March. While this pattern has remained consistent, the
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Figure 2.8: Model results from the trained random forest model. (A) Total long event
hours per water year. (B) Event hours by month across each decade. (C) Average duration
of long sublimation events per water year. (D) The average duration of events by month and
decade. Grey bars indicate the 95% confidence interval for each month within each decade.
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distribution across months has become more uniform in recent decades as event hours have

increased later in the winter since 2000, although uncertainty is large (Figure 2.8B). Never-

theless, the average duration of events, both within each winter and across decades, remained

stable (Figure 2.8D).

2.4 Discussion

2.4.1 The importance of large sublimation events

Following the idea that high sublimation totals correspond with warm, dry and windy con-

ditions [Guo et al., 2023; Grundstein and Leathers , 1999; Harpold and Brooks , 2018], the

warmer, drier, and slightly windier conditions in winter 2022 would suggest greater sublima-

tion than in 2023. Thus, it was somewhat surprising that accumulation season sublimation

resulted in similar totals across the two winters (Table 2.2). While these driving processes

are still important, we found that average winter conditions did not control sublimation

totals. Instead, roughly 60% of total sublimation occurred over just 14% of each winter

examined, underscoring that sublimation is concentrated in a relatively small number of

impactful events.

2.4.2 Sublimation event characteristics

Building on this, we used observations from site to synoptic-scales to address RQ2 by clas-

sifying events into two categories based on their duration and sublimation intensity: short

with high intensity or long with moderate intensity. We found they each showed distinct

surface and valley-scale characteristics. The short events were concentrated later in winter

and occurred mainly during the afternoon, generally coinciding with warm, springlike condi-

tions. They had two key features: a breakdown of the morning valley inversion and an ample

supply of energy from high Rnet under relatively warm and dry conditions. The inversion

breakdown shifted the valley atmosphere from stable, where very strong temperature gra-

dients (Figure 2.7B) limited near surface mixing, towards neutral, where higher winds and
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associated turbulence enabled mixing of drier, warm air to the surface. Due to the cold snow

surface, inversion breakdown was likely caused by the top-down heating of the inversion layer

which leads to subsidence, as observed by Whiteman and McKee [1982]. The energy supply

for sublimation was clearly tied to Rnet during these events, as the diurnal cycle of Hl closely

followed that of Rnet (Figure 2.5D). Because skies were generally clear during these events,

incoming solar radiation dominated the Rnet signal. As a result, these events ended shortly

after sunset when Rnet dropped.

Long sublimation events followed a different pattern. They occurred throughout the win-

ter and were characterized by recent snowfall, windy conditions with blowing snow, weak

inversions, and relatively balanced turbulent fluxes. Much of the blowing snow observed at

KP occurred within 24 hours of new snowfall (Figure 2.4A), consistent with findings from

other snowy regions [Vionnet et al., 2013; Gossart et al., 2017], and these events accounted

for most strong blowing snow flux observations (Figure 2.4B). However, blowing snow dur-

ing these events still varied (Figure 2.5J), and several events continued after blowing snow

subsided, suggesting that factors beyond blowing snow were important for sustaining them.

One such factor may be top-down turbulence generated by strong westerly flow interacting

with terrain along the Gothic Mountain ridgeline during long events (Figure 2.6C). Combined

with the comparatively greater σ2
w aloft, this interaction likely enhanced the turbulent signal

below the ridgeline (Figure 2.6B) and supported well-mixed conditions within the valley

atmosphere Schwat et al. [2025].

These well-mixed conditions had two main effects. First, a neutrally stratified boundary

layer developed that suppressed buildup of valley inversions and encouraged these events

to persist (Figure 2.7). With a weaker near-surface temperature gradient, the strong winds

aloft could mix relatively warm, turbulent air toward the surface. As a result, sublimation

did not rely solely on energy from the Rnet budget during these events: Hs contributed

substantially. This was particularly evident at night, when high Hs values coincided with

high blowing snow fluxes and generally balanced Hl values (Figure 2.5D and J), consistent

with observations from other snow-covered regions [Bintanja, 2001a; Aksamit and Pomeroy ,
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2020]. Therefore, these events could persist as long as this alternative energy source remained

available [Bintanja, 2001b].

2.4.3 Modeling long-term changes in sublimation events

To address RQ3, we trained a random forest classifier using observed long sublimation events

and synoptic-scale reanalysis to estimate the frequency of these events since 1980. Model

results showed substantial interannual variability but no significant trends in the total num-

ber, total duration, or average duration of long events (Figure 2.8A and C). The absence of

significant trends in these long events suggests that increases in accumulation season sub-

limation alone are unlikely to have driven the observed streamflow decline in this region.

Instead, recent research indicates that decreases in springtime precipitation, alongside asso-

ciated increases in spring evapotranspiration, have played a more important role [Hogan and

Lundquist , 2024]. Although our study excluded the spring period, during which evaporation

and sublimation both occur, this interpretation is consistent with a greater frequency of

conditions characteristic of the short event type we identified.

2.4.4 Limitations of analysis

While these findings provide valuable insights into the role discrete events play in driving

sublimation, some limitations should be acknowledged when interpreting the results. First,

our analysis relied on only two winters of data, which limits our ability to capture the full

range of event types, especially if certain patterns did not occur during these years. For

example, prior work has shown föehn wind events induce high sublimation rates in some

snow-dominated regions [Bliss et al., 2011; Shestakova et al., 2022; Hayashi et al., 2005;

Bintanja, 2001b]. However, we found föehn wind events were uncommon in our dataset.

Second, all observations were collected at valley-bottom sites, which experience less sub-

limation than either wind-exposed ridgelines or forest canopies. Ridgelines often have high

rates of blowing snow sublimation, while intercepted snow in forest canopies sublimates more

efficiently [Knowles et al., 2012; Strasser et al., 2008; Sexstone et al., 2018]. As a result, our
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estimates do not capture the spatial variability of sublimation across the basin. Even within

the valley bottom, however, site-specific differences introduced additional uncertainty. For

example, mean wind speeds at KP were 0.16 to 0.21 m s−1 higher than at AP over the

two years. These higher winds at KP may have exposed that site to more blowing snow,

potentially increasing sublimation relative to AP. Nevertheless, meteorological conditions

that define large events, like recent snowfall, strong winds, and turbulent heat flux balance,

remain important drivers regardless of measurement location.

Third, we limited our analysis to the accumulation season only. However, we acknowledge

that melt season sublimation is an important contributor to total water year sublimation,

and springtime weather likely shifts the dominant event type from long to short events as

solar energy input increases, temperatures warm, and blowing snow decreases [Schwat et al.,

2025]. Yet, isolating the signal of direct sublimation becomes infeasible once snowmelt begins

because EC systems will measure both sublimation and evaporation. Moreover, interannual

variability in snow disappearance date alters how long sublimation can occur, further com-

plicating comparisons across years [Sexstone et al., 2018]. To avoid these issues, we focused

on the accumulation season, during which sublimation is the primary mechanism of snow

loss [Liston and Sturm, 2004]. Nevertheless, future work should seek to address how the

distribution of event types changes during spring.

Last, the random forest model’s ability to capture long-term trends may be limited by the

short observational record, the small set of reanalysis variables, and our sole focus on long

duration events. To minimize these first two limitations, we evaluated several models and

selected the best-performing one; notably, all multi-variable models yielded similar variable

importance metrics, suggesting our chosen predictors were appropriate. Even so, model per-

formance could be improved by incorporating additional reanalysis variables or testing other

pressure levels. We focused specifically on long-duration events because they contributed

the most to total winter sublimation and were more closely linked to synoptic conditions.

However, since we chose a binary classification model, we could only study event occurrence

and not magnitude. A multi-class classification algorithm that separates sublimation events
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based on their magnitude could be an opportunity to test for trends in event magnitude.

Additionally, short events may become increasingly important. Recent modeling work by

Scaff et al. [2024] projects that conditions similar to those we identified during these events

may become more common during winter in a warming climate.

2.4.5 Broader implications

Our findings offer new insight into what drives sublimation variability in a mountain basin.

Large sublimation events spanned a small fraction of each winter yet contributed the majority

of sublimation during the accumulation season. Thus, our ability to represent sublimation

correctly is tied to our ability to identify and understand the processes that govern these

events. Due to differences in terrain and weather patterns, we expect the distribution of

event types to vary in other snow regimes; however, the event types themselves can still be

used to identify large sublimation events elsewhere. For long events, storm-driven snowfall

and wind created favorable conditions for blowing snow and turbulent mixing, which are

key to sustaining elevated sublimation rates. For short events, high temperatures alone were

insufficient to cause them. They also needed high net radiation, dry air, and a breakdown

of valley inversions to produce higher latent heat fluxes. These mechanisms are consistent

with findings from previous studies, which emphasize the importance of both meteorological

forcing and surface conditions in driving sublimation [Hood et al., 1999; Xie et al., 2022].

Given their connection to winds and precipitation, long sublimation events are influenced

by storm frequency and timing. While future changes to storm tracks remain uncertain

across the Colorado region [Bolinger et al., 2023], a shift toward fewer but stronger storms

could amplify sublimation during individual events. Likewise, an earlier onset of spring-like

conditions may increase the influence of short event frequency.

2.5 Conclusion

This study demonstrated that a small number of isolated events accounted for the majority of

accumulation season sublimation in a mountain valley. Although each event was unique, we
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identified several key mechanisms that were consistently involved in some combination, with

at least two typically present: strong wind-driven mixing from above, blowing snow following

fresh snowfall, the breakdown of valley inversions, and enhanced turbulent exchange under

clear skies. Note that air temperature alone is not a good predictor of sublimation rates,

nor is it even in the top four. Therefore, a comprehensive dive into changing synoptic and

mesoscale circulation patterns is necessary before drawing any conclusions or projections

about long-term sublimation change. The event-specific conditions outlined here can guide

the detection of similar events elsewhere, enabling a broader understanding of sublimation’s

spatial and temporal variability across mountainous terrain.

These results point to several areas for future work that span a range of scales. First,

the role of top-down turbulence in complex terrain deserves further study. Since the mean

ridgeline elevation consistently aligned with key features in vertical profiles of vertical velocity

statistics during sublimation events, turbulence generated at ridges may play an important

role on the valley-floor. Future research could try to determine the sources of turbulence

during these events and relate them to physical mechanisms, something that has yet to

be done in complex terrain [Manninen et al., 2018]. Secondly, the breakdown of valley

inversions in snow covered mountain valleys merits further study because this breakdown was

a consistent feature of large sublimation events. Improving our ability to predict inversion

formation and breakdown could enhance our ability to accurately detect these events. Lastly,

our findings underscore the importance of resolving event-scale processes in models that

simulate snowpack evolution and water availability. Therefore, if certain events are poorly

captured in forcing data, or blowing snow conditions are not represented, sublimation may

be grossly misrepresented.
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2.6 Appendix A

2.6.1 Sublimation event occurrence in 2022 and 2023

Figure 2.9: Duration and intensity (sublimation percentile) of events during 2022 (yellow
circles) and 2023 (purple Xs). The shaded regions show the thresholds used to define short
(blue) and long (red) sublimation events.

2.7 Appendix B

2.7.1 Modeling large sublimation events

These models included a single-variable and multi-variable logistic regression, random forest,

and XGBoost. We provide a brief description of each model below.

Logistic Regression

Logistic regression is a classification algorithm used to predict the probability of a categorical

dependent value. The method can be used to predict the probability of occurrence of a binary

event utilizing a logit function. Logistic regression uses the maximum likelihood estimation

approach to determine the parameters most likely to reproduce the observed output from

the available variables.
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Figure 2.10: Time-lagged cross-correlation between hourly precipitation and wind speed.
Positive values at positive time lags indicate higher wind speeds follow precipitation. Wind
speed data for 2022 are from Gothic (red) and AP (blue), and for 2023 from Gothic (green)
and KP (purple). Precipitation data are from the Gothic pluviometer.

Single-variable The single-variable model used only the 500-hPa wind speed as its pre-

dictive variable. This model was used as a simple baseline for comparison.

Multi-variable The multi-variable model used all variables mentioned in the Methods

section.

Random Forest

See main text for a brief description.

XGBoost

XGBoost, is a machine learning algorithm that leverages gradient boosted decision trees,

which can improve predictive accuracy by training decision trees sequentially, rather than

individually [Chen and Guestrin, 2016]. The XGBoost model used all variables mentioned
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in the Methods section.

2.7.2 Evaluation metrics

We evaluated model performance using the F1-score and average precision, both suited for

imbalanced classification problems. The F1-score, the harmonic mean of precision and recall,

balances false positives and false negatives. Precision is the proportion of predicted events

that were correct, while recall is the proportion of actual events that were correctly identi-

fied. Average precision summarizes the area under the precision-recall curve, highlighting

performance on the minority class across all classification thresholds.

2.7.3 Model comparisons

The Receiver Operating Characteristic (ROC) curve plots recall against the false positive rate

across classification thresholds. A high area under the ROC curve (AUC) indicates strong

class separation; 1.0 is perfect, and 0.5 reflects random guessing. The Precision-Recall (P-R)

curve is better suited for imbalanced datasets, showing the tradeoff between precision and

recall. High area under the P-R curve reflects both accurate and comprehensive identification

of true events.

Figures 2.11 and 2.12 show that the random forest model outperformed others in both

these aspects of performance, so we selected it for the analysis.

2.7.4 Feature importance
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Figure 2.11: Comparison of (A) ROC and (B) Precision-Recall curves for each model. Area
under each curve is shown in the legend.
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Figure 2.12: Comparison of F1 and average precision scores for each model using the
validation dataset.

Figure 2.13: Comparison of fractional feature importance for each input variable to the
random forest model.
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Chapter 3

PRECIPITATION MEASUREMENT UNCERTAINTY IN
MOUNTAINS: A GAUGE INTERCOMPARISON FROM THE

SAIL, SPLASH, AND SOS CAMPAIGNS

3.1 Introduction

In mountain regions, precipitation measurements underpin weather, climate, flood, water

supply and hydropower projections. They represent our most direct and verifiable determi-

nation of how much precipitation falls locally and are also vital to evaluate remotely sensed

precipitation products and create reliable geostatistical precipitation datasets [Beck et al.,

2019; Bytheway et al., 2024; Daly et al., 2008; Derin and Yilmaz , 2014; Gan et al., 2024;

Henn et al., 2018; Lundquist et al., 2019]. However, accurate and representative precipita-

tion measurements remain notoriously difficult to make in mountains [Gultepe et al., 2014;

Kochendorfer et al., 2022; Lundquist et al., 2019]. Sparse gauge distribution, harsh weather

conditions, and instrument malfunctions all contribute to significant measurement uncer-

tainty [Gultepe et al., 2014; Kidd et al., 2017; Mankin et al., 2025; Martinaitis et al., 2023;

Rasmussen et al., 2012; Wayand et al., 2016]. Consequently, this uncertainty muddles our

understanding of the true state of the hydrologic system [Bárdossy et al., 2022; Boardman

et al., 2024; Joseph et al., 2018; Lundquist et al., 2015a]. This gap between measured and

actual precipitation not only contributes to hydrologic model errors [Larson and Peck , 1974;

Moulin et al., 2009], but also has real operational consequences: near-normal measured pre-

cipitation in the Colorado River Basin was followed by far lower-than-expected streamflow

in 2020 and 2021, threatening water and power supplies in the southwestern United States

[Goble and Schumacher , 2023]. Examples like this raise a fundamental question: how much

can we trust our mountain precipitation measurements?
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Precipitation gauge intercomparison studies have been the primary tool for quantifying

this uncertainty and understanding how gauge choice affects measurement accuracy [e.g.,

Goodison et al., 1998; Nystuen et al., 1996; Rasmussen et al., 2012; Boudala et al., 2014;

Smith et al., 2020]. However, relatively few studies have been conducted in mountains,

and those that did were limited to single seasons or isolated storm events [Smith et al., 2020;

Boudala et al., 2014; Thériault et al., 2014]. Fewer still have isolated event-specific instrument

failures that are difficult or impossible to correct. This leaves a critical gap in understanding

how inter-gauge variability evolves across seasons and storm types in mountains.

In mountain regions, where precipitation primarily falls as snow, most measurement

problems arise during snowfall [Frei and Schär , 1998; Henn et al., 2018; Sevruk , 1997;

Kochendorfer et al., 2022]. Wind-driven undercatch is among the most well-documented

of these problems, and correction methods have been developed and extensively evaluated

[Kochendorfer et al., 2017; Smith et al., 2020; Pierre et al., 2019; Schnepper et al., 2023].

However, other environmental conditions during snowfall introduce errors that are harder

to systematically correct. Blowing snow can contaminate measurements, variable snowflake

characteristics can affect catch efficiency, and near-freezing temperatures increase snow wet-

ness and adhesion, allowing snow to adhere to or accumulate on gauges, clog inlets, or melt

and refreeze [e.g., Fassnacht , 2004; Capozzi et al., 2021; Thériault et al., 2012; Rasmussen

et al., 2012]. Wind shields and heating elements can mitigate some of these issues, but may

be impractical to deploy at certain gauge sites [Rasmussen et al., 2012]. Beyond these sys-

tematic issues, gauges are vulnerable to random failures with no viable correction. Intense

winter storms can damage a gauge or interrupt power supply [Do et al., 2025; Martinaitis

et al., 2015]. Biological fouling or mechanical failure can interfere with or miscalibrate a

measurement [Nystuen et al., 1996; Savina et al., 2012; Steiner et al., 1999; Lundquist et al.,

2015b]. Because mountain gauges are often remote and infrequently maintained, these issues

can persist for long periods [Fleming et al., 2023].

To better understand how these measurement challenges vary across instruments, sea-

sons, and storm types, we present a multi-season, event-focused comparison of 11 precipita-
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tion gauges and a radar-derived precipitation product collected during three co-located field

campaigns in a Colorado mountain valley: the Department of Energy’s Surface and Atmo-

spheric Integrated Field Laboratory (SAIL) campaign [Feldman et al., 2023], the National

Oceanic and Atmospheric Administrations’ Study of Precipitation, the Lower Atmosphere

and Surface for Hydrometeorology (SPLASH) [de Boer et al., 2023], and the Sublimation of

Snow (SOS) campaign [Lundquist et al., 2024]. Unlike prior studies limited to single seasons

or isolated storm events, this dataset spans both warm and cold seasons across multiple

gauge types, allowing us to evaluate how inter-gauge variability evolves. From this dataset,

we formed two hypotheses:

1. Precipitation measurement uncertainty is greatest during large winter storms that ex-

pose gauges to blowing snow, burial, or power failure.

2. Gauges with higher power demands and greater wind exposure exhibit larger and more

variable biases than lower-power, sheltered instruments.

We concentrate our analysis on the most biased events to identify the meteorological and

instrument-specific drivers of measurement uncertainty and conclude with recommendations

for future gauge deployments in mountain environments.

3.2 Observations and Methods

3.2.1 Site Description

We conducted our study in the valley of the upper East River, a headwater basin of the

Colorado River, USA (Figure 3.1A and B). Our study used data from SAIL, SPLASH, and

SOS alongside reference measurements from a long-term observatory. The long-term site

observer, billy barr [sic], has maintained several meteorological instruments and recorded

daily weather observations within the upper East River valley since 1975 [Faybishenko et al.,

2021].
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Figure 3.1: (A) The location of the upper East River Basin (red star) within the Colorado
River Basin. (B) The upper East River Basin boundary shaded by elevation. The red star
represents the approximate field site locations. The dashed red grid cell represents the size of
the 9-km ERA5-Land grid cells. The black grid represents the 800-m PRISM grid cells. (C)
Locations of the reference site (RS), Gothic Town (GT), and Kettle Ponds (KP) sites. The
SAIL X-band radar’s location is depicted in the lower right hand corner. Map retrieved from
www.caltopo.com on December 12, 2025. Photos of (D) the reference gauge; (E) the location
of the laser disdrometer, present weather detector, and optical rain gauge at GT; (F) the
tipping bucket and pluviometer in an SDFIR wind shield at GT; (G) the KP pluviometer in
a LPDF wind shield; (H) the KP laser disdrometer; and (I) the four fluidless snow pillows.
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We used data from three field sites (Figure 3.1C): the reference site (RS) (38.96283◦

N, -106.99256◦ W at 2908 m.a.s.l.), the Gothic site (GT) (38.95676◦ N, -106.98807◦ W at

2886 m.a.s.l.), and the Kettle Ponds site (KP) (38.94167◦ N, -106.97222◦W at 2858 m.a.s.l.).

KP is located 2.2 km down-valley from GT and 3 km from RS. At these sites, the valley

is approximately 1 km wide, with mountains rising to either side up to 3800 m.a.s.l. The

RS site is located in a clearing surrounded by conifers and aspens on all sides. The area

surrounding GT and KP is covered by short grasses and shrubs in warmer months. In winter,

low lying vegetation is covered by snow.
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Table 3.1: Instrument specifications including gauge type, model, location and field campaign, wind shield type (if
applicable), deployment period, sampling interval, reported accuracy, spatial resolution (if applicable), and known
measurement issues with relevant references. Asterisks (*) denote instruments requiring external power for heating or
data logging.

Gauge /

Product

Model Location(s)

(Cam-

paign)

Wind

Shield

Deployment

Period

Sampling

Interval

Reported

Accuracy

Spatial Res-

olution

Known Issues

In-Situ Precipitation Gauges

Storage

Gauge

[Refer-

ence]

— RS Single-

Alter

Ongoing 10 min — — Snow capping over ori-

fice; wind-driven under-

catch [Serreze et al., 1999;

McGurk , 1986].

Continued on next page
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Table 3.1 continued from previous page

Gauge /

Product

Model Location(s)

& Cam-

paign

Wind

Shield

Deployment

Period

Sampling

Interval

Reported

Accuracy

Spatial Res-

olution

Known Issues

Weighing

Bucket*

OTT Plu-

vio2

GT

(SAIL); KP

(SPLASH)

SDFIR

(GT);

LPDF

(KP)

Sep 2021–

Jun 2023

1 min; 30

min†

1% — Wind-driven undercatch

[Rasmussen et al., 2012];

wetting losses via evapora-

tion or sublimation [Gro-

isman and Legates, 1994;

Savina et al., 2012]; snow

capping; burial in a deep

snowpack; power-dependent

heating.

Continued on next page
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Gauge /

Product

Model Location(s)

& Cam-

paign

Wind

Shield

Deployment

Period

Sampling

Interval

Reported

Accuracy

Spatial Res-

olution

Known Issues

Tipping

Bucket*

Novalynx

260-

2500E-12

GT (SAIL) SDFIR Sep 2021–

Jun 2023

1 min 3% liquid — Filter clogging and riming

during heavy snowfall cause

severe undercatch [Nitu,

2010; Kochendorfer et al.,

2022]; wind-driven under-

catch; snowmelt timing er-

rors during mixed-phase

events.

Continued on next page
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Table 3.1 continued from previous page

Gauge /

Product

Model Location(s)

& Cam-

paign

Wind

Shield

Deployment

Period

Sampling

Interval

Reported

Accuracy

Spatial Res-

olution

Known Issues

Optical

Rain

Gauge*

Optical

Scientific

ORG-815-

DS

GT (SAIL) — Sep 2021–

Jun 2023

1 min 5% liquid;

10% solid

— Underperforms during solid

precipitation and low pre-

cipitation rates [Nystuen

et al., 1996; Kyrouac and

Tuftedal , 2024]; falsely reg-

isters blowing snow as pre-

cipitation [Fassnacht , 2004;

Capozzi et al., 2021]; sen-

sitive to particle size and

shape [Kochendorfer et al.,

2022; Smith et al., 2020].

Continued on next page
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Gauge /

Product

Model Location(s)

& Cam-

paign

Wind

Shield

Deployment

Period

Sampling

Interval

Reported

Accuracy

Spatial Res-

olution

Known Issues

Present

Weather

Detector*

Vaisala

PWD22

GT (SAIL) — Sep 2021–

Jun 2023

1 min Not applica-

ble

— Reduced accuracy during

frozen precipitation; classifi-

cation errors during mixed-

phase events; susceptible to

blowing snow contamina-

tion [Kyrouac and Tuftedal ,

2024].

Continued on next page
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Gauge /

Product

Model Location(s)

& Cam-

paign

Wind

Shield

Deployment

Period

Sampling

Interval

Reported

Accuracy

Spatial Res-

olution

Known Issues

Laser Dis-

drometer*

OTT Par-

sivel2

GT

(SAIL); KP

(SPLASH)

— Sep 2021–

Jun 2023

(GT); Sep

2023– (KP)

1 min 5% liquid;

20% solid

— Assumes liquid water den-

sity; overestimates snowfall

without ρs–D correction

[Boudala et al., 2014]; blow-

ing snow particles falsely

registered as precipitation;

wind speed reduces appar-

ent fall velocity, affecting

precipitation rate estimates.

Continued on next page
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Gauge /

Product

Model Location(s)

& Cam-

paign

Wind

Shield

Deployment

Period

Sampling

Interval

Reported

Accuracy

Spatial Res-

olution

Known Issues

Snow Pil-

low

Alpine

Hydromet

FSP5 Flu-

idless

KP (SOS) — Oct 2022–

Jun 2023

5 min 0.3% (SWE

only)

— Measures SWE only; not

designed for event-scale pre-

cipitation timing [Lundquist

et al., 2015b]; wind redis-

tribution complicates accu-

mulation signal [Lundquist

et al., 2024]; valid only

when fully snow-covered.

Gridded Precipitation Products

Continued on next page
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Gauge /

Product

Model Location(s)

& Cam-

paign

Wind

Shield

Deployment

Period

Sampling

Interval

Reported

Accuracy

Spatial Res-

olution

Known Issues

SQUIRE CSU X-

Band

Radar

(SAIL)

Gridcell at

GT & KP

(SAIL)

— Dec 2021–

Mar 2022;

Dec 2022–

Mar 2023

5 min — 250 m Z–S relationship uncer-

tainty varies with snow

crystal habit and storm

type [Matrosov et al., 2009;

Jackson et al., 2026]; winter

months only; underperforms

at high precipitation rates;

ensemble spread reflects Z–

S uncertainty.

Continued on next page
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Gauge /

Product

Model Location(s)

& Cam-

paign

Wind

Shield

Deployment

Period

Sampling

Interval

Reported

Accuracy

Spatial Res-

olution

Known Issues

PRISM — Gridcell at

GT & KP

— Oct 2021–

Sep 2023

1 day — 800 m Reference gauge incor-

porated in PRISM algo-

rithm, inflating apparent

agreement [Daly et al.,

2008, 2021]; sparse station

network in complex terrain

limits performance for small

events [Henn et al., 2018].

ERA5-

Land

— Gridcell at

GT & KP

— Oct 2021–

Sep 2023

1 hr — ∼9 km Coarse resolution cannot

resolve valley-scale precipi-

tation variability; parame-

terized convection struggles

with localized warm-season

precipitation in complex

terrain [Beck et al., 2019].

Continued on next page
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Gauge /

Product

Model Location(s)

& Cam-

paign

Wind

Shield

Deployment

Period

Sampling

Interval

Reported

Accuracy

Spatial Res-

olution

Known Issues

ASO

SWE

Airborne

Snow Ob-

servatories

3×3 km

area (BB,

GT, KP)

— 1 Apr 2023 Instant — 50 m Single flight limits temporal

coverage; snow density de-

rived from modeled values

rather than direct measure-

ment [Painter et al., 2016];

used here as estimate of

accumulated winter precipi-

tation only.

* Instrument requires external power for heating elements or data logging.

† At GT, the “not-real-time” 30-min variable was used for the weighing bucket per manufacturer recommendation, as it undergoes

additional proprietary processing to improve accuracy (Bartholomew, 2020).

BB = billy barr site; GT = Gothic Town site; KP = Kettle Ponds site; SDFIR = Small Double Fence Intercomparison Reference;

LPDF = Low-Porosity Double Fence; SWE = snow water equivalent; Z–S = radar reflectivity–snowfall rate relationship; ρs–D = snow

density–diameter relationship.



59

3.2.2 Reference site

Precipitation at RS was measured by a storage gauge surrounded by a single-Alter wind

shield [Alter , 1937], which is the same gauge used by the snow telemetry (SNOTEL) network

(Figure 3.1D). This gauge uses a pressure transducer to report changes in pressure from

accumulated precipitation that is then converted to water depth. At the beginning of each

water year (1 October - 30 September), it is refilled with an oil-antifreeze solution to prevent

evaporation and freezing [Serreze et al., 1999; Wen et al., 2016; McGurk , 1986]. The gauge

accumulates precipitation over the entire year and is emptied annually. The site overseer,

billy barr [sic], has maintained the gauge since it was installed in 2015 (billy barr [sic],

personal communication).

We chose to use this gauge as our reference for four reasons: its location in a protected

forest clearing, low power requirements, long period of record, and meticulous maintenance.

However, this gauge type is susceptible to snow “capping” over the gauge orifice and wind-

driven undercatch [Serreze et al., 1999; McGurk , 1986]. To assess the magnitude of these

errors, we compared the gauge’s measured precipitation to co-located manual snow water

equivalent (SWE) and precipitation measurements (described in Appendix A) taken twice

daily at 0800 and 1600 MST (local time) over our study period (billy barr, personal commu-

nication). The gauge and manual measurements were well correlated (Peason r = 0.94), with

the gauge having a low mean bias of -0.5 mm per day compared to these manual measure-

ments (Figure 3.6). Additionally, 73% of the reference gauge’s daily totals were within 1 mm

of the co-located manual measurements; on days when more than 10 mm of precipitation

fell, the median absolute deviation was 2 mm. Overall, the gauge total was 5% less than the

manual measurements over the analysis period. We treat this difference as the characteristic

uncertainty bounds (±5%) of the reference gauge for the following comparisons.
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3.2.3 Spatial variability between study sites

Because precipitation can vary substantially across short distances in mountains, we eval-

uated whether site-to-site differences were small enough to justify comparing gauges across

sites. To do so, we calculated the coefficient of variation (CV) and inter-site measurement

differences for two high-resolution gridded products: the 50-m Airborne Snow Observatories

(ASO) SWE product from the 1 April 2023 LiDAR flight over the East River and the 250-m

radar-derived Surface Quantitative Precipitation Estimation (SQUIRE) product from SAIL

[O’Brien et al., 2024; Jackson et al., 2026]. ASO SWE estimates are derived from airborne

LiDAR snow depth measurements and modeled snow density [Painter et al., 2016]. Because

precipitation only fell as snow between 1 December 2022 to 31 March 2023, and ASO flew

on 1 April 2023, we used SWE as an estimate of total winter precipitation between these

dates.

SQUIRE produces a gridded quantitative precipitation estimation (QPE) field using data

from the SAIL X-band radar located down-valley on Mt. Crested Butte (Figure 3.1C) [Jack-

son et al., 2026; Grover et al., 2023]. It calculates liquid equivalent QPEs using an ensemble

of radar-snowfall rate relationships (Z − S) described in further detail in the Appendix A.

For SQUIRE, we calculated total precipitation between the same dates as for ASO using the

WSR88D-IW ensemble member. Both ASO and SQUIRE are also evaluated in the compara-

tive analysis below. These products each showed low spatial variability in the valley bottom

(CV = 0.07 and 0.09 for SQUIRE and ASO, respectively; Figure 3.2), consistent with prior

observations in similar terrain [Silverman et al., 2013]. Although magnitudes differed signif-

icantly between products, each showed small relative differences between sites: each site’s

ASO SWE estimates overlapped within their uncertainty bounds (10%), and the SQUIRE

differences were within 8% across sites, comparable to the reference gauge uncertainty of 5%

(Figure 3.2). We therefore attribute gauge measurements differing from the reference gauge

by more than 10% to instrument performance rather than spatial variability.
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Figure 3.2: Comparison of (A) accumulated precipitation between sites from SQUIRE for
December - March 2023 from the WS-D88IW ensemble member and (B) ASO SWE from
the 1 April 2023 flight over the East River basin. The black box signifies the region of
interest (ROI) used for spatial coefficient of variation (CV) calculation. For each subfigure,
the measured precipitation and SWE at each field site’s grid cell is shown. The standard
deviation of the measurements in the 100-m surrounding each site’s ASO grid cell is also
included in (B). The East River is drawn (cyan line) for spatial context.
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3.2.4 Gothic Town site (GT)

At GT, SAIL deployed five precipitation gauges that were maintained by on-site field tech-

nicians: an optical rain gauge; a present weather detector; a laser disdrometer; a heated

weighing bucket pluviometer; and a heated tipping bucket [Feldman et al., 2023]. The opti-

cal rain gauge measures the scintillation intensity from hydrometeors falling past an infrared

beam and converts the signal to precipitation rate and type [Kyrouac and Tuftedal , 2024].

The present weather detector measures the scatter produced by hydrometeors falling past

an infrared beam, then uses the scatter signal characteristics, magnitude, and ambient tem-

perature to classify precipitation type and intensity [Kyrouac and Tuftedal , 2024]. The laser

disdrometer measures the attenuation of a horizontal laser beam by falling hydrometeors

to determine their size and fall velocity, from which precipitation rate and drop size dis-

tribution are derived assuming liquid water density [Zhu and Wang , 2025]. The location

of these three optical sensors is shown in Figure 3.1E. The heated weighing bucket weighs

precipitation using an airtight load-cell. It is filled with mineral oil to prevent evaporation

or freezing. The heated tipping bucket funnels precipitation to a small cup that tips when

filled. Each tip carries 0.254 mm of water [Kyrouac and Tuftedal , 2024]. A small Double

Fence Intercomparison Reference (SDFIR) wind shield surrounded these two gauges, which

were co-located (Figure 3.1F).

3.2.5 Kettle Ponds site (KP)

At KP, SPLASH deployed a weighing bucket and laser disdrometer (Figure 3.1G and H).

The weighing bucket was surrounded by a Low-Porosity Double Fence wind shield (LPDF)

[Kochendorfer et al., 2023]. SOS deployed four fluidless snow pillows (Figure 3.1I), which

measured accumulated snow water equivalent (SWE) [Figure 1I; Lundquist et al., 2024]. Each

snow pillow uses four load-cells to measure the weight of the overlying snowpack from which

SWE is derived. To estimate cumulative precipitation from the snow pillows, we calculated

the maximum difference between two consecutive SWE measurements, and only included
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consecutive measurements that increased. We only analyzed these data between December

and March. Only snow (no rain) fell during this period.

To test whether blowing snow contaminated precipitation measurements, we used data

from an acoustic blowing snow sensor deployed at KP during winter 2023 [Lundquist et al.,

2024].

3.2.6 Gridded Products

In addition to gauge measurements, we evaluated three gridded precipitation products:

the 250-m SQUIRE 30-minute data from SAIL (winter only) that was described above,

the Parameter-elevation Regressions on Independent Slopes Model (PRISM) 800-m daily

data [Daly et al., 2008], and the European Centre for Medium-Range Weather Forecasting

(ECMWF) Reanalysis v5 land surface product (ERA5-Land) 0.1-arc minute ( 9 km) hourly

data [Muñoz-Sabater et al., 2021]. We evaluated SQUIRE because radar-derived QPE prod-

ucts like this are rarely available in complex terrain, and, to date, SQUIRE has only been

evaluated against a single gauge type (Jackson et al., 2026). We included PRISM and ERA5-

Land because they are widely used and publicly available datasets that provide independent

precipitation estimates.

For PRISM and SQUIRE, we used the grid cell containing each study site. For ERA5-

Land, we used a single grid cell because all sites fall within the same grid cell (Figure 3.1B).

SQUIRE was only available for the 2022 and 2023 winter seasons (1 December and 31 March).

3.2.7 Data filtering and standardization

Before comparing measurements, we applied three filters to each gauge. First, we treated

values with quality control or instrument status flags as missing. Second, we masked values

above a maximum probable precipitation for each instrument’s sampling interval (Table

3.1). We derived these thresholds from the 100-year recurrence interval at the nearby Butte

SNOTEL gauge using the NOAA Atlas 14 Precipitation Frequency Data Server [NOAA,

2017]. Third, we set values below each instrument-specific minimum threshold to 0, as these
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likely reflected sensor noise (Table 3.1). We did not interpolate across or gap-fill periods

of missing data, as doing so would obscure the instrument failures central to our analysis.

These missing values were assigned to 0, as well. Figure 3.7 summarized the fraction of valid

observations by month over the study period.

We resampled the gauge measurements and SQUIRE to 30-minute sums and converted

the timeseries to local time. To match the daily PRISM data, we resampled the reference

gauge and ERA5-Land data to daily sums and defined our “day” as 1200-1200 UTC [Daly

et al., 2021].

Laser disdrometer winter precipitation rate adjustments

Because the laser disdrometer assumes all particles have the density of liquid water, it often

overestimates the precipitation rate during snowfall [Battaglia et al., 2010; Boudala et al.,

2014; Brandes et al., 2007]. To account for this overestimation, snowflake density (ρs) must be

estimated. Prior work has demonstrated that ρs relates to snow particle size (D), assuming

a uniform snow particle shape [Ishizaka, 1993], and several ρs − D relationships have been

developed to adjust laser disdrometer snowfall rates. These density estimates are limited by

their simple assumptions of snow crystal habit, the random nature of snowflake aggregation

and riming, and varying definitions of D [Boudala et al., 2014]. To address some of these

uncertainties, we used three different ρs −D relationships following Heymsfield et al. [2004];

Brandes et al. [2007]; and Holroyd and Jiusto [1971]. We describe these relationships in

further detail in Appendix A.

3.2.8 Comparison of gauge total precipitation

Statistical comparison

For clarity, we refer to any gauge other than the reference gauge as a test gauge. To evaluate

test gauge differences relative to the reference, we used the normalized bias, which quanti-

fies the general direction of the bias with respect to the reference and is insensitive to the
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magnitude of each individual observation. We calculated it for the entire study period and

each year’s December-March period and the 2022 June - September period. These seasonal

comparisons allowed us to assess how gauge performance varied between snow-dominated

and rain-dominated periods.

We also calculated the root mean squared error, standard deviation, and correlation

coefficient of daily precipitation between each gauge and the reference. For brevity, we

summarized these statistics in Figure 3.8.

Event-specific analysis

We defined discrete precipitation events using a minimum 30-minute accumulation thresh-

old of 0.05 mm. An event began when either the test gauge or reference gauge measured

precipitation above this threshold. An event ended when precipitation continuously mea-

sured below this threshold for 6-hours or more at both gauges. Each gauge’s event total was

calculated as the sum over the event time window.

For the gridded products, a precipitation event began when daily precipitation exceeded

0.25 mm for either the gridded product or the reference and ended on the first day precip-

itation was below this threshold. Event differences were calculated in the same way as for

the test gauges.

3.3 Results

3.3.1 Study period precipitation differences across gauges

Gauge measurement totals varied dramatically over the study period, ranging from 882

mm to 2389 mm, with the reference sitting between these extremes at 1562 mm (Figure

3.3). With a coefficient of variation across gauges of 0.51 at GT, instrument-to-instrument

variability far exceeded site-to-site variability, though missing data ranged from 0% to 5.3%

of observations for individual gauges and likely contributed to this spread (Figure 3.7).

The weighing buckets at both sites measured closest to the reference (Figure 3.3). At GT,
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most other gauges exceeded the reference, with the unadjusted laser disdrometer and optical

rain gauge showing the largest positive differences and the tipping bucket showing the most

negative difference (Figure 3.3A). At KP, the unadjusted laser disdrometer again showed a

large positive difference while the disdrometer with the Heymsfield et al. [2004] adjustment

showed a large negative difference (Figure 3.3B). The other adjusted laser disdrometer totals

were closer to the reference than at GT. At both sites, the SQUIRE ensemble members

showed large negative differences, with the WSR88D-IW ensemble member deviating least,

consistent with Jackson et al. [2026].

Between December and March 2023, the total KP snow pillow measurements ranged

from 64% to 77% of the reference gauge total (not shown). The range of measurements

between pillows was driven by local snow redistribution [Lundquist et al., 2024]. Both gridded

products performed well. At GT, ERA5-Land and PRISM exceeded the reference by 10%

and 6%, respectively, though the latter was expected given that PRISM incorporates the

reference in its algorithm. PRISM showed a slight negative bias at KP compared to the

reference.

Pearson correlations between concurrent test and reference gauge measurements also

varied widely (0.25-0.94; Figure 3.8), reflecting differences in each gauge’s ability to resolve

precipitation timing.

3.3.2 Seasonal bias comparison

Precipitation differences and inter-gauge variability were greatest during the snow-dominated

season (Figure 3.3). At most gauges, the mean normalized bias during the December-March

periods (winter) was more than that of the June-September period (summer), with the ex-

ceptions of ERA5-Land and the adjusted laser disdrometers (Figure 3.4). However, their di-

rection (positive or negative) rarely changed between seasons, but there were exceptions. The

normalized bias for the optical rain gauge and both unadjusted laser disdrometers changed

from negative in summer 2022 to positive in both winters (Figure 3.4), indicating that these

instruments tend to overestimate precipitation during snowfall.
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Figure 3.3
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Figure 3.3: Accumulated precipitation at (A) Gothic and (B) Kettle Ponds. The grey
shaded region indicates the accumulated reference gauge uncertainty (±5%). Arrows point
out the December 2021 “Santa Slammer” precipitation event, December 2022 blowing snow
event, and March 2023 power outage. (C) 7-day standard deviation across precipitation
gauges. In all plots, the light blue shaded areas signify periods when precipitation fell
exclusively as snow. The tables on the right of (A) and (B) represent the total accumulated
precipitation from each gauge. The color of each cell is the color of the line in each plot,
except for the reference, which has a white cell, but a black line. Note that the snow pillow
and SQUIRE data were only available during winter. Outside these seasons, we substituted
their accumulations with the reference gauge measurements (dashed lines) for visualization
purposes.

The laser disdrometer biases were greater at GT than KP, where winds were consistently

higher. At higher wind speeds, particles are blown across the laser disdrometer beam at

shallower angles, reducing their apparent fall velocity and thus the calculated precipitation

rate. We saw direct evidence of this effect in the laser disdrometer data, where particle

fall velocity decreased with increasing wind speed, regardless of particle size (Figure 3.9),

suggesting that higher winds at KP partially offset the laser disdrometer’s overestimation.

ERA5-Land had small winter biases but a large positive bias in summer 2022. This

summertime difference likely reflects ERA5-Land’s coarse ( 9 km) resolution and parameter-

ization of convection, neither of which can resolve point-scale variability in a valley bottom.

However, a single valley-bottom gauge can not capture the spatial variability of localized

summer convection, which can vary significantly [Suri and Azad , 2024].

3.3.3 Causes of precipitation measurement uncertainty

We observed individual storms affected gauges differently, such that the same event could

produce large biases in some gauges while minimally impacting others (Figure 3.3). In this

section, we describe three of these events during which (1) blowing snow, (2) power failure,

and (3) gauge burial significantly impacted the accuracy of certain gauges. We also highlight

the stark differences that occurred during the largest precipitation event of the study period.



69

Figure 3.4: Normalized bias for each instrument and product at (A) Gothic and (B) Kettle
Ponds.The colors indicate the period over which the normalized bias was calculated. The
grey shaded region indicates the reference gauge uncertainty (±5%).
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Large blowing snow event: 20 December 2022 - 22 December 2022

This event coincided with the highest sustained winds of the study period (see event pointed

out in Figure 3.3). It began with low precipitation rates measured by all gauges at KP and

GT and low wind speeds (Figure 3.11). Wind speed progressively increased and remained

above 5 m s−1 after 18:00 (local time) on 21 December. At midnight on 22 December, laser

disdrometer precipitation rates increased dramatically for over 12 hours, while the weighing

bucket and reference gauge accumulation remained low. During this time, mean wind speed

was 10.1 m s−1, and blowing snow rates increased dramatically at KP (Figure SI1). Blowing

snow particles passing through the beam caused the laser disdrometers to falsely register

precipitation, while the reference and weighing buckets showed no such response. By the

end of the event, the unadjusted laser disdrometers measured 85 mm and 41 mm more than

the reference at KP and GT, respectively. Although wind-driven undercatch may have caused

the reference and weighing buckets to undermeasure precipitation, their close agreement with

one another (4.6-6.6 mm) suggests their totals were reliable. Although blowing snow only

occurred 10% of the time in winter 2023, 29-34% of the laser disdrometers’ bias; 29% of the

optical rain gauge’s bias; and 23% of the present weather detector’s bias were concentrated

during those periods. Because blowing snow measurements were unavailable during winter

2022, these figures likely underestimate the true contribution from blowing snow to optical

sensor bias over the full study period.

Power Failure: 10-11 March 2023

This event began early on 10 March 2023 as an atmospheric river advected warm air into

the region under high winds (see event pointed out in Figure 3.3). Precipitation rates and

values between the GT weighing bucket and reference gauge were nearly identical until

power was cut off to the GT site between 23:00 and 15:30 on 11 March (Figure 3.12). This

outage lasted for approximately 16 hours, causing the most significant precipitation difference

between these two gauges (26.9 mm) for a single event over the entire campaign. Once power
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returned, the two gauges again matched closely until the end of the event. Overall, power

outages were rare during precipitation, occurring just 1.5% of the time at GT; yet, they

accounted for 31% of the weighing gauge’s total bias, underscoring that even infrequent

outages can dominate accumulated measurement error when they occur during large events.

Rather than treating precipitation during outages as zero, these missing measurements could

be interpolated using a neighboring gauge with an independent power supply, reinforcing the

value of redundant instrumentation.

Gauge burial: 30 March 2023 - 01 April 2023

During this event, the reference gauge measured 18 mm of precipitation, while the KP

weighing bucket measured 60 mm. This difference was caused by two spikes in precipitation

rate (¿ 30 mm hr−1) measured at the weighing bucket (Figure 3.5A). To understand why this

occurred, we note that a large snow drift had built up around the gauge by early March 2023

(Figure 3.5C). This snow drift caused the LPDF wind shield to provide progressively less

wind sheltering, making the gauge more susceptible to snow blowing into it. We observed two

other events in March and April 2023 that showed a similar signal, albeit to a lesser degree.

In total, the KP weighing bucket measured 76 mm more precipitation than the reference

during these three events. However, the gauge was not buried in 2022 because peak snow

depth was less in 2022 (172 cm) than in 2023 (243 cm), and we did not observe any of these

types of events that year.

‘Santa Slammer’ Precipitation Event: 23 December 2021 - December 31 2021

The ‘Santa Slammer’, a series of large storms in December 2021, was both the most hydrolog-

ically impactful and most uncertain event of the study period. It contributed 21% (164 mm)

of the 2022 water year total precipitation (772 mm) but also produced the largest spread

in measured precipitation across all gauges (43–311 mm) (Figure 3.3). Much of this spread

occurred during the passage of four low-pressure systems, which coincided with periods of

intense precipitation that exposed certain gauges to their specific measurement vulnerabili-
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Figure 3.5: Time series for the most biased event for the KP weighing bucket. (A) Cumu-
lative event precipitation (solid line, left axis) and precipitation rate (dashed line, right axis)
for the weighing bucket (blue) and reference gauge (red); (B) wind speed (solid line, left
axis) and direction (grey dots, right axis); (D) LPDF weighing bucket prior to snowfall in
October 2022 (photo courtesy of Mark Stone). (D) LPDF weighing bucket buried by snow,
March 2023 (photos courtesy of Jeremy Snyder).
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ties. For example, the tipping bucket measured significantly less than the weighing bucket

and reference gauges, which SAIL technicians attributed to snow accumulation on the filter

screen that had blocked meltwater from reaching the tipping mechanism. Meanwhile, the

reference gauge periodically recorded unrealistically high precipitation rates consistent with

snow capping, while the optical sensor measurements were likely inflated by blowing snow

(Figure 3.13).

Event-scale contributions to total precipitation biases

To assess how bias was distributed across events, we ranked all precipitation events by total

absolute bias for each gauge. Although 139 unique precipitation events occurred, the 10

most biased events accounted for 38–61% of total bias and 20–60% of total precipitation

across all gauges, indicating that a small number of storms dominated both bias and water

year accumulation (Figure 3.10). These most biased events were concentrated in winter,

primarily in December and March (Figure 3.10C), when precipitation fell exclusively as

snow and monthly totals were highest. Consistent with this result, measurement differences

between gauges were greatest during the largest storms (Figure 3.14). Event bias scaled

linearly with event size, although the strength of this relationship varied by gauge type.

3.4 Discussion

3.4.1 Causes of precipitation measurement uncertainty during SAIL, SPLASH, and SOS

The significant inter-gauge variability we observed during SAIL, SPLASH, and SOS (Fig-

ure 3) was consistent with prior gauge intercomparison studies [e.g. Rasmussen et al., 2012;

Smith et al., 2020; Goodison et al., 1998] and far exceeded spatial variability between sites

(Figure 3.2). Critically, the majority of these differences were concentrated during a few large

winter storms (Figure 3.10), which exposed gauges to their specific measurement vulnerabil-

ities. Because gauges did not respond uniformly to these events, many event-specific biases

were driven by instrument-specific or environmental factors that cannot be systematically
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corrected for. We profiled three such factors (blowing snow, power failure, and gauge burial)

unique to three different gauges that had severe impacts on their measurement accuracy.

Blowing snow

Optical sensors overestimated snowfall during blowing snow events because they cannot

distinguish falling snow from wind-transported particles. In snow-dominated mountain envi-

ronments, blowing snow is common, especially during and surrounding storms [Hogan et al.,

2026b; Schwat et al., 2025; Wagner et al., 2022; Sugiura et al., 2003], making this a persistent

source of uncertainty. SNOTEL stations site selection, in forest clearings [Nolin et al., 2021],

seeks to manage this issue for snowpack monitoring. Still, the relationship between wind

speed and bias was not straightforward: the laser disdrometer bias was actually lower at the

KP site than the GT site. We attribute this to the negative relationship between particle

fall velocity and wind speed, which reduced calculated precipitation rates as winds increased

(Figure B2). Blowing snow sensors alongside wind measurements can help flag affected pe-

riods for post-hoc correction, and installing optical sensors above the blowing snow layer,

which rarely exceeds 10 m, could reduce this bias.

Power failure and gauge burial

While the weighing buckets performed comparably to the reference gauge, they remained

vulnerable to unpredictable, site-specific failures. At GT, an 11-hour power outage during

a major storm caused a large measurement gap (Figure S2 in the Supporting Information).

Although outages were rare, they accounted for a disproportionate share of the GT weighing

bucket’s total bias, underscoring that infrequent failures can dominate accumulated error. In

mountains, these outage events are most likely to coincide with large winter storms [Do et al.,

2025], precisely when accurate measurements matter most. Furthermore, the GT site, as well

as the SAIL instruments, were specifically hardened for outages, including Uninterruptible

Power Supplies (UPSs), technician support, and limited backup power. Yet outages still

occurred and must be planned for.
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At KP, the LPDF wind shield became buried in March 2023, allowing snow to collapse or

blow directly into the gauge. While these wind shields are effective at reducing wind-driven

undercatch, they can inadvertently act as snow fences, causing snow to accumulate around

them. This effect has also been observed in other snowy regions (Matthew Sturm, personal

communication). Due to the large spatial footprint of WMO-standard wind shields, finding a

suitable, unobstructed location for snow measurement can be difficult, and burial risk should

be considered when selecting gauge placement in deep snowpack environments.

3.4.2 Gridded products

PRISM and ERA5-Land agreed reasonably well with the reference over the full study period

and during the largest events (Figure 3.3), but performed poorly for smaller events (Figure

3.8) and exhibited seasonal variability (Figure 3.4). Yet, PRISM’s agreement is partly ex-

pected given the reference gauge is included in its algorithm. ERA5-Land’s large summer

bias (Figure 3.4) likely reflects its coarse ( 9 km) resolution and parameterized convection;

given the high spatial variability in convective precipitation, it should not be expected to

resolve point-scale variability in a valley bottom. The SQUIRE ensemble captured smaller

precipitation events well but struggled during high precipitation rates, with variable perfor-

mance across ensemble members. Consistent with Jackson et al. [2026], the WSR88D-IW

member performed best. Z − S relationship uncertainty, which varies with snow crystal

habit and storm type [Matrosov et al., 2009], likely drove these discrepancies, and can likely

be mitigated with empirical choices of Z − S relationships for large storms [Jackson et al.,

2026].

3.4.3 Why large events matter

Instrument failures are consequential because measurement uncertainty is highest during

large events when accuracy matters most. Measurements varied widely between gauges

during the largest precipitation events (Figure 11), yet discrete, large events account for a

substantial fraction of annual precipitation in snow-dominated mountain regions [Lundquist
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et al., 2015a; Guan et al., 2010]. The East River Basin is no exception: approximately 30% of

water year precipitation falls over an average of just 10 days (Figure 3.15). Uncertainty during

these events therefore has an outsized impact on the accuracy of accumulated precipitation

totals. We also note that winter precipitation during our study period fell exclusively as

snow; mixed-phase events, which are more common in maritime mountain environments,

would introduce additional challenges not captured here [Boudala et al., 2014; Currier et al.,

2017; Wayand et al., 2016].

3.4.4 Gauge recommendations

All gauges suffer from systematic biases that make measuring ”true” precipitation excep-

tionally challenging, and mountain environments introduce additional hurdles [Sevruk , 1997;

Kidd et al., 2012]. In an era of data-driven approaches that depend on high-quality ob-

servations, “incorrect observations are worse than no observations” [Lundquist et al., 2019].

We note that bias corrections exist for many gauges evaluated here [e.g. Kochendorfer et al.,

2017; Rasmussen et al., 2012], but our analysis intentionally excluded them to provide a base-

line comparison of raw performance. Each gauge type has its own strengths and limitations.

Disdrometers, for instance, are valuable for measuring precipitation rate and particle size

distribution for radar or satellite calibration rather than as standalone precipitation records.

ρs −D adjustments can reduce their uncertainty during snowfall, but overestimation during

blowing snow remains unavoidable without independent flagging. Of the ρs−D we evaluated,

the Holroyd and Jiusto [1971] and Brandes et al. [2007] adjustments performed best, consis-

tent with Boudala et al. [2014]. Snow pillows are well suited for point SWE measurements

but are not designed for event-scale precipitation, especially in exposed locations where wind

redistribution complicates the signal [Lundquist et al., 2024]. Tipping buckets are not recom-

mended for snowfall measurement given well-documented issues with filter clogging, riming,

and wind scouring [Nitu, 2010; Kochendorfer et al., 2022].

We attribute the reliability of the reference storage gauge to its sheltered siting, sufficient

height, low power demand, and self-contained power supply. This gauge has the added ad-
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vantages of low cost, a small spatial footprint, and adaptability across snow climates [Fleming

et al., 2023; Serreze et al., 1999]. Its close agreement with WMO-standard gauges demon-

strated that careful site selection can compensate for a suboptimal wind shield. For future

deployments, we recommend co-locating a sheltered storage-type gauge with an independent

power source alongside any other sensor of interest. If a sheltered site is infeasible, we recom-

mend deploying two weighing gauges surrounded by a double fence wind shield (e.g. DFIR,

SDFIR, LPDF) at a site less susceptible to building snow drifts, which tend to form in the

same locations year over year [Sturm and Wagner , 2010]. Such sites could be identified prior

to deployment using high-resolution satellite imagery acquired during the melt season when

these drift patterns are clearly visible.

Gauge intercomparison studies like ours represent a best-case scenario, with redundant

and rigorously maintained instruments. Yet, we still observed several instrument failures,

underscoring that no mountain precipitation record should be treated as ground truth with-

out scrutiny. Field campaigns in complex terrain inevitably face greater challenges, and

failures during high-impact events may go unreported. We commend SAIL, SPLASH, and

SOS for their transparency in documenting failures and providing open data access, which

allowed us to identify problems that would otherwise have been difficult to diagnose.

3.5 Conclusion

We compiled two years of precipitation measurements from 11 gauges, a radar-derived prod-

uct, and two independent gridded products in a Colorado mountain valley and evaluated their

performance against a reference storage gauge. We found gauge type exerted a stronger con-

trol on bias than differences in site location. The largest inter-gauge differences occurred

during winter snow storms, particularly in December and March, when event precipitation

totals were highest. A small number of these storms accounted for a disproportionate fraction

of both total bias and water year accumulation, underscoring that uncertainty was episodic

rather than continuous.

Precipitation measurement uncertainty was dominated by snow-related processes that
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created challenges for different gauge types. Optical gauges were highly sensitive to blowing

snow and snow density causing overestimation of precipitation; weighing bucket gauges,

which performed best overall, faced issues with power disruptions and gauge burial, causing

undermeasurement; snow pillows struggled at the event scale due to snow redistribution; and

tipping bucket gauges severely underrepresented snowfall due to filter blockage during large

precipitation events.

Some of these measurement challenges also influenced how well the gridded products

represented precipitation. The SQUIRE product performed well during small events, but

struggled to capture high precipitation rates. Further development of this product using

event specific Z−S relationships would offer a great advancement in distributed precipitation

measurements in mountains. PRISM and ERA5-Land closely matched the reference total but

struggled to resolve smaller events and exhibited some seasonal variability in performance.

These products are therefore best suited for seasonal to annual analyses in complex terrain.

To most accurately measure precipitation in snow-dominated mountain areas, gauges

must be optimized to capture snowfall. We found the reference gauge, similar to those

used by the SNOTEL network, remains reliable when installed at sufficient height and in

sheltered locations to minimize drifting and undercatch. Careful site selection is critical,

and meteorological observations (e.g., wind speed, temperature, blowing snow) alongside an

awareness of larger scale meteorological conditions, such as frontal passages, can help identify

periods when uncertainty increases.

By identifying the meteorological conditions and event types that produce the largest

biases, we can diagnose when and why measurement accuracy degrades. This event-based

perspective helps identify which gauges are most resilient during high-impact events and

when precipitation records are most vulnerable to instrument-specific failure. Such informa-

tion provides a framework for prioritizing use of certain gauge types, guiding site selection,

and flagging periods when measurements warrant greater scrutiny.

Distributed ground-based precipitation networks in mountains remain foundational for

detecting hydroclimatic change, evaluating remotely sensed products, and forcing hydrologic
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models. But the key take-away here is that reliable measurements ultimately require more

than just a single gauge. Several decisions can mitigate issues: deliberate siting to reduce

instrument-specific biases; redundant gauge deployments to guard against failures during

critical precipitation events; and co-located meteorological observations to flag periods of

elevated uncertainty. Yet perhaps most importantly, a willingness to document and share

when measurements go wrong, as we have sought to do here, can allow the research commu-

nity to acknowledge the strengths and limitations of certain technologies across locations and

storm types. Doing so will ultimately help the community rein in precipitation measurement

uncertainty and improve the scientific return from future deployments.
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Data Availability Statement

SAIL data is publicly available from the SAIL data repository via https://armgov.svcs.

arm.gov/research/campaigns/amf2021sail and was accessed using the ARM Atmospheric

Community Toolkit (https://arm-doe.github.io/ACT/). SPLASH weighing bucket and

meteorological data were downloaded from Meyers [2024]. SPLASH laser disdrometer data

was accessed from Ballard et al. [2023]. Reference gauge data was accessed from the Desert

Research Institute repository for the billy barr [sic] station via https://wrcc.dri.edu/

cgi-bin/rawMAIN.pl?corbil. Manual snow measurements were accessed through personal

communication with billy barr [sic]. SOS data was accessed from the SOS data repository

via https://www.eol.ucar.edu/field_projects/sos. PRISM data was downloaded from

the PRISM Group, Oregon State University, https://prism.oregonstate.edu, accessed

12 Dec 2025. ERA5-Land data was accessed from the Copernicus Climate Change Service

(C3S) (2022) using the Climate Data Store API [ECMWF , 2025](accessed on 23 Oct 2025).

SWE measurements and related data collected and made available by Airborne Snow Ob-

servatories, Inc. and funded by the US Department of Energy, Office of Science, Biological

and Environmental Research under Contract No. DE-AC02-05CH1123. All data used in

this analysis is aggregated and available via 10.5281/zenodo.20116301. All analysis code

is available via https://github.com/dlhogan97/S3-precipitation-rodeo.git.

3.6 Appendix A

3.6.1 Manual snow water equivalent (SWE) measurements from billy barr

Manual SWE measurements are recorded at approximately 08:00 and 16:00 local time each

day. First, new snow depth is measured using a ruler on a snow board that is cleared after

the previous measurement. Next, an empty standard 8-inch diameter National Weather

Service rain gauge is weighed and placed over the newly fallen snow. A thin metal sheet is

slid beneath the gauge to collect the fresh snow, and the gauge and snow are then weighed

together. Finally, the total mass is subtracted by the mass of the empty gauge to get the mass

https://armgov.svcs.arm.gov/research/campaigns/amf2021sail
https://armgov.svcs.arm.gov/research/campaigns/amf2021sail
https://arm-doe.github.io/ACT/
https://wrcc.dri.edu/cgi-bin/rawMAIN.pl?corbil
https://wrcc.dri.edu/cgi-bin/rawMAIN.pl?corbil
https://www.eol.ucar.edu/field_projects/sos
https://prism.oregonstate.edu
10.5281/zenodo.20116301
https://github.com/dlhogan97/S3-precipitation-rodeo.git
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Figure 3.6: (A) Daily manual SWE observations from billy barr [sic] against daily storage
gauge precipitation measurements for the December-March 2021/2022 and 2022/2023 peri-
ods. The dashed line tracks the 1:1 line, the red line indicates the best-fit regression. (B) As
in the left panel, but for all manual precipitation measurements (snow + rain) from October
2021 - June 2023.

of the collected snow (in grams), which is converted to its water equivalent (in centimeters).

Daily SWE totals represent the sum of the morning and afternoon measurements (billy barr,

personal communication).

3.6.2 Study period data availability

3.6.3 SQUIRE

SQUIRE calculates a quantitative precipitation estimation (QPE) field from the X-band

precipitation radar. To do so, it first transforms the radar data from radar antenna coor-

dinates to a Cartesian grid using the Corrected Moments in Antenna Coordinates (CMAC)

value added product from ARM. CMAC has four main steps. First, it corrects for both

beam blockage and signal attenuation, which can significantly limit radar data quality in

mountainous terrain. Next, it calculates liquid equivalent QPEs using an ensemble of radar-

snowfall rate relationships (Z − S). Then, it maps these QPEs onto a 250-m grid using

nearest-neighbor interpolation [Grover et al., 2023]. Last, it selects the lowest vertical level
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Figure 3.7: Monthly fraction of valid (not flagged or missing) observations per month.
Grey, crossed-out cells indicate times when the gauge/product was inactive.
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Table 3.2: Z–S relationships from various sources. Taken from [O’Brien et al., 2024]

Source Z(S) A Coefficient B Coefficient Radar Band
Wolfe and Snider (2012) Z = 110S2 110 2 S
WSR-88D High Plains Z = 130S2 130 2 S

Braham (1990) 1 Z = 67S1.28 67 1.28 X
Braham (1990) 2 Z = 114S1.39 114 1.39 X

not blocked by terrain to locate the surface, allowing locations higher or further from the

radar to be included. The Z−S relationships that constituted the SQUIRE ensemble, listed

in Table 3.2 were applied by Jackson et al. [2026] and O’Brien et al. [2024] and included as

value added products (VAPs) in the dataset.

3.6.4 Laser disdrometer ρs −D relationships

The laser disdrometer calculates the liquid equivalent snowfall rate (Rs) based on the mass

(ms), fall speed (V ), and number concentration (N) of snowflakes within 32 discrete particle

size bins (Di):

Rs = 3.6
32∑
i=3

ms(Di)V (Di)N(Di) (3.1)

where ms depends on both Di and ρs:

ms(D) =
πρs(D)

6
D3 (3.2)

Three main limitations complicate these density estimates. First, snow crystal habit,

which depends on atmospheric conditions aloft, can dramatically change both between and

within storms, affecting snowflake density. Second, these ρs−D relationships are also subject

to the random nature of snowflake aggregation and riming. Third, different ρs −D relation-

ships define D in distinct ways, which increases uncertainty in their application [Boudala

et al., 2014]. The ρs −D relationships we applied here are described in Table 3.3.
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Table 3.3: ρs–D relationships used in this analysis.

Study ρs −D relationship
Holroyd and Jiusto
[1971]

ρs(D) = 0.17D−1

Brandes et al. [2007] ρs(D) = 0.178D−0.922

Heymsfield et al. [2004] ρs(D) = 0.104D−0.95

3.7 Appendix B
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Figure 3.8: Taylor diagrams for each gauge relative to the reference (black dot on x-axis)
for (A) Gothic and (B) Kettle Ponds. The angular axes show the correlation coefficient and
the radial axes show the standard deviation. The black dashed line represents the standard
deviation of the reference. The blue dashed radial lines are the RMSE values around the
reference.
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Figure 3.9: (A) Relationship between mean 10-minute wind speed and 10-minute mean
particle fall velocity at the KP laser disdrometer. (B) Particle size (mm) against mean
particle velocity for different wind speed thresholds. Note that the lowest fall velocities
occur during the highest wind speeds. (C) Heatmap of wind speed against particle size. (D)
Boxplots of particle size against particle fall velocities for wind speeds below (orange) and
above (cyan) 5 m/s.
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Figure 3.10: (A) Cumulative contribution of event bias to the total bias. (B) Cumulative
contribution of event precipitation to total precipitation. In both plots, event rank signifies
the order of the most biased events to the least biased events in ascending order (e.g. event
1 is the most biased). The dashed vertical line indicated the cumulative values for the 10th
most biased event. (C) Heatmap showing the number of top-10 most biased events by month
for each gauge. On the y-axis, instruments/products are labeled in red text for those at GT
and black text for those at KP. (D) Monthly total precipitation from the reference gauge
and average temperature for WYs 2022 and 2023.
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Figure 3.11: Meteorological time series of the December 21-22, 2022 blowing snow event.
(Top) Cumulative precipitation (solid, left axis) and hourly precipitation rate (dashed, right
axis) for the laser disdrometers at Kettle Ponds (blue) and Gothic (green), the reference
gauge (red), and the weighing bucket gauges at Kettle Ponds (yellow), and Gothic (grey).
(Middle) 10-m wind speed recorded at Kettle Ponds. (Bottom) Blowing snow flux measured
by an acoustic blowing snow sensor at Kettle Ponds.
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Figure 3.12: Cumulative precipitation (solid, left axis) and hourly precipitation rate
(dashed, right axis) for the Gothic weighing bucket (blue) and the reference gauge (red)
during the March power outage.
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Figure 3.13: (Top) Cumulative event precipitation (solid line, left axis) and precipitation
rate (dashed line, right axis) for the Gothic weighing bucket (blue), the Gothic tipping
bucket gauge (light blue), and reference gauge (red). (Middle) Air temperature (left axis,
solid line) and atmospheric pressure (right axis, dashed line) during the event recorded at
Gothic. (Bottom) 10-m wind speed (solid line, left axis) and direction (grey dots, right axis)
recorded at Gothic.
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Figure 3.14: Event total precipitation at the reference gauge versus each test gauge for the
10 most biased events at (A) Gothic and (B) Kettle Ponds. Each symbol shape represents
the general gauge/product type, while the color represents the specific value. The dashed
red line represents the 1:1 line



92

Figure 3.15: Daily precipitation ranked by magnitude against cumulative percent of water
year total precipitation for the Butte (380) SNOTEL site (left) and Schofield Pass (737)
SNOTEL site (right). Red (blue) lines are the 3 driest (wettest) years between 2000 and
2025 . The bold black line is the average over all years. Data downloaded from USDA [2024]
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Chapter 4

ARE MODELS FORGETTING SOMETHING?
REPRESENTING MULTI-YEAR SNOW AND SUBSURFACE

STORAGE IMPROVES SIMULATED LOW-FLOW
PERSISTENCE

4.1 Introduction

Mountain snowpacks serve as an invaluable seasonal water reservoir across the western United

States, storing winter precipitation and releasing it gradually through spring and summer

when downstream demand is highest [Viviroli et al., 2020; Li et al., 2017]. Snow water

equivalent (SWE) has long served as a reliable early-season predictor of spring and summer

streamflow in mountain regions, forming the backbone of operational water supply fore-

casts and water management planning [Baker et al., 2021; Mahanama et al., 2012; Pagano

et al., 2004]. Yet this historically reliable relationship periodically breaks down, with ob-

served streamflow falling far outside of what accumulated SWE would predict [Pagano and

Garen, 2005]. These hydrologic anomalies, recently referred to as “missing water” [Hogan

and Lundquist , 2024; Lapides et al., 2022; Luce et al., 2013], carry direct consequences for

reservoir operations, water allocations, and ecosystem flows, and are increasingly difficult

to anticipate as snowpack becomes more variable [Livneh and Badger , 2020; Qin et al.,

2020; Siirila-Woodburn et al., 2021]. Recent examples from the Upper Colorado River Basin

(UCRB) include the anomalously low-runoff years of 2020 and 2021, when streamflow was

only 65% and 38% of normal, respectively, even with near-normal snowpacks [Goble and

Schumacher , 2023; USDA NRCS , 2026]. Anticipating years like these requires knowing

where the water went.

In snow-dominated mountain basins, total water year (WY, 1 October to 30 September)
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streamflow (Qwy) reflects the annual water balance partitioned among precipitation inputs,

losses to sublimation and ET, and change in storage across soil moisture, groundwater, and

perennial snow (∆S). In a typical year, SWE captures enough of this variability to serve as

the most skillful single Qwy predictor. But in anomalous years, ET and ∆S take on outsized

importance, and unlike SWE, both are difficult to measure at the basin scale [e.g., Bales

et al., 2006; Rapp et al., 2020; Tran et al., 2019]. Hydrologic models have therefore become

the primary tool for attributing these anomalies to ET and ∆S, but only to the extent that

a given model resolves the underlying process.

Recent investigations have centered on ET and soil-moisture related processes as explana-

tory variables. Increasing winter sublimation has been posed as a significant, though poorly

constrained, source of water loss [Gordon et al., 2022; Xiao et al., 2018], but recent work

found its magnitude and interannual variability too small to explain streamflow anomalies

[Hogan et al., 2026b; Schwat et al., 2025]. Coincident decreases in spring precipitation and

increases in springtime ET drive streamflow declines, as earlier snow disappearance extends

the snow-free season and partitions a greater share of meltwater to ET rather than runoff

[Ghimire et al., 2026; Hogan and Lundquist , 2024; Milly and Dunne, 2020; Palumbo et al.,

2025]. Dry antecedent fall soils act similarly, as spring meltwater must first saturate them

before contributing to runoff [e.g., Harpold et al., 2017; Lapides et al., 2022;McNamara et al.,

2005]. However, these processes operate within a single water year and cannot account for

anomalies that persist over several years.

A separate class of processes connects streamflow anomalies to water storage conditions

in prior years. We refer to this dependence on prior-year storage as long-term (≥ year)

storage memory [Brooks et al., 2021; Opie et al., 2020; Orth and Seneviratne, 2013; Sutanto

and Van Lanen, 2022]. Memory has been detected in mountain basins using tracer-based

estimates of water age [Brooks et al., 2025; Siirila-Woodburn et al., 2026] and lagged cor-

relations between prior-year conditions (e.g., minimum flows, precipitation, temperature)

and minimum flows in following years [Alvarez-Garreton et al., 2021; Berghuijs et al., 2025;

Iliopoulou et al., 2019; Nippgen et al., 2016].
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Whether these long-term storage compartments must be explicitly represented in models

remains unresolved. Rosenberg et al. [2013] found that including long-term water storage

in a semi-distributed model offered no improvement to streamflow forecast performance,

while others found long-term storage was an important explanatory variable for streamflow

decline in several different model frameworks [Carroll et al., 2025; Fowler et al., 2020; Siirila-

Woodburn et al., 2026]. The disagreement is at least partly architectural. Simple and complex

structures alike perform well when calibrated locally [Smith et al., 2004; Troin et al., 2022],

yet different modeling architectures produce substantially different sensitivities in ET and

water storage when forced identically [Bennett et al., 2019; Chegwidden et al., 2019; Elkouk

et al., 2024; Vano et al., 2012]. A model may therefore reproduce observed streamflow

without reproducing the storage dynamics that generate it.

The influence of prior year hydrology depends on which storage compartment is im-

portant for streamflow generation in a given basin. In groundwater-influenced mountain

basins, tracer studies indicate that groundwater aged 1 to 10 years contributes meaningfully

to streamflow, and snow-dominated basins carry longer memory than rain-dominated ones

[Alvarez-Garreton et al., 2021; Brooks et al., 2025; Carroll et al., 2024, 2025; Siirila-Woodburn

et al., 2026; Wolf et al., 2023, 2025]. Where groundwater storage is limited, perennial snow-

patches and glaciers can serve a similar role, buffering interannual streamflow variability

between wet and dry years [Boardman et al., 2024; Fountain and Tangborn, 1985; Hawkins

et al., 2026; Stock et al., 2017]. Basins with neither storage compartment show little ev-

idence of memory [Bilish et al., 2020; de Lavenne et al., 2022]. In cases where prior-year

storage conditions contribute to current-year streamflow, a relationship built on current-year

snowpack alone may struggle when antecedent storage departs from normal.

Where these storage compartments exist, they can be progressively drawn down by multi-

year drought or temperature rise, such that their capacity to sustain low flows diminishes

over time [Carroll et al., 2024, 2025; Siirila-Woodburn et al., 2026; Hawkins et al., 2026].

Drawdown may also alter the storage–low flow relationship itself: as storage declines and

flow paths lengthen, the water sustaining streamflow becomes older, potentially extending
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rather than weakening memory.

Capturing either behavior requires a model that contains such a storage compartment.

Until recently, these stores, such as deep groundwater, have been treated as minor contrib-

utors to streamflow, so simpler operational and research models typically represent only an

active, shallow soil layer [Brooks et al., 2025; Rapp et al., 2020]. Where long-term storage

behavior does emerge in these models, it typically arises through calibration, by repurpos-

ing components designed for other functions. Such models may match observed streamflow

during calibration while producing storage that does not respond to sustained drought or

recharge as a discrete storage compartment would [Fowler et al., 2020; Zhang et al., 2026].

Evidence that models struggle to represent multi-year storage memory comes largely

from rainfall-dominated catchments, while work demonstrating its importance in mountain

systems relies on models far more complex than those used in broader water resource man-

agement contexts. Whether a simpler model benefits from representing long-term storage

explicitly is therefore unclear, especially in mountain basins where that storage may take

very different forms. Here we use streamflow observations and a physically based, semi-

distributed hydrologic model to address three questions in two contrasting snow-dominated

basins: (1) Do observed streamflow records carry a signature of long-term storage memory,

and can a model reproduce this signature without representing that storage explicitly? (2)

How and where does adding a basin-appropriate long-term storage compartment change sim-

ulated streamflow? and (3) Under what conditions does representing storage matter most in

these basins?

4.2 Methods

We conduct our study between 1981 and 2025 in two contrasting western US snow-dominated

basins that have different dominant sources of long-term storage: the East River, CO, where

deep groundwater dominates, and the Tuolumne River, CA, where limited groundwater stor-

age leaves perennial snow patches as the principal carryover water store. Extensive prior work

in both basins makes them useful experimental testbeds [e.g., Carroll et al., 2019, 2024, 2025;
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Siirila-Woodburn et al., 2026; Lundquist et al., 2016, 2005, 2024]. We use the Structure for

Unifying Multiple Modeling Alternatives (SUMMA) hydrologic model, which supports alter-

native storage representations within a single framework [Clark et al., 2015a, b]. SUMMA

has been used to investigate the impacts of model structure on components of the water

balance [Alden et al., 2026; Cristea et al., 2022; Currier et al., 2017; Knoben et al., 2022;

Wayand et al., 2016]. We characterize memory from the streamflow record itself, using the

lag autocorrelation of annual late season flows as a proxy for memory and the observed

characteristic recession as a constraint on drainage timescale. We first compare these signa-

tures against simulations from calibrated baseline models and from configurations in which

a deep aquifer and a perennial snowpatch are added to the East and Tuolumne Rivers, re-

spectively. We then evaluate how the state of each storage compartment directly relates to

low flows. Finally, we compare water-year streamflow from each configuration against an

April 1 SWE–streamflow regression to compare their relative performance.

4.2.1 Study sites

Tuolumne River Basin, California

The Tuolumne River basin above the Hetch Hetchy Reservoir is a snow-dominated catchment

located in Yosemite National Park within California’s central Sierra Nevada mountains. It

covers approximately 774 km2, with elevations ranging from 1170 to 3930 m (Figure 4.1).

Basin-mean WY total precipitation averages 1160 mm per year [Daly et al., 2008], though

there is significant interannual variability, with a few large winter storms accounting for

most of the annual precipitation [Lundquist et al., 2015a]. At high elevations (>2000 m),

snowfall dominates precipitation, while lower elevations lie in the rain-snow transition zone.

Snowpack normally peaks between March and April and melts between May and July, but

during extreme years, snow can persist into the following year at high elevations [Boardman

et al., 2024; Hawkins et al., 2026]. Additionally, high elevation cirques harbor glaciers and

persistent snow patches that support late summer flows [Boardman et al., 2024; Hawkins
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Figure 4.1: Locations and basin boundaries of the (A) Tuolumne (red star) and (B) East
(orange star).
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et al., 2026; Lundquist et al., 2005].

The basin is underlain predominantly by granitic bedrock with shallow, coarse-textured

soils in the upper parts of the basin and limited deep aquifer storage [Lundquist et al., 2016;

Lundquist and Loheide II , 2011]. Vegetation is characterized by mixed conifer forest at lower

elevations transitioning to alpine meadow and bare granite at higher elevations.

Streamflow observations came from reconstructed flows into Hetch Hetchy reservoir that

span 1970 to 2024 [Bruce McGurk, personal communication, 10 April 2026; Hourdequin,

2018; Lundquist et al., 2016]. These reconstructed flows have uncertainties comparable to

standard streamflow observations [Lundquist et al., 2016, ≈ ±10%].

East River Basin, Colorado

The East River basin is a high-elevation, snow-dominated headwater catchment of the UCRB

located in central Colorado that is representative of other high-elevation watersheds in the

region [Hubbard et al., 2018; Slosson et al., 2025]. The basin drains 748 km2 and spans an

elevation range of 2,450 to 4,310 m (Figure 4.1B). Basin-mean WY precipitation averages

840 mm per year [Daly et al., 2008], a majority of which falls as snow. The annual snowpack

typically peaks between March and April and persists from May until June [Prather et al.,

2023].

Soils are predominantly sandy loam derived from mixed sedimentary and metamorphic

parent material, with significant spatial variability in depth and hydraulic properties across

the basin [Carroll et al., 2018; Hubbard et al., 2018]. Land cover transitions from low-lying

grasses and shrubs at low elevations to subalpine forest dominated by conifers and aspens

at mid-elevations to alpine above treeline (≈ 3300 m) [Carroll et al., 2020]. Groundwater

plays a well-documented role in the basin’s hydrologic cycle, sustaining late-season baseflow

and introducing multi-year memory to the water balance [Carroll et al., 2018, 2019, 2024;

Siirila-Woodburn et al., 2026]. Observed daily streamflow was acquired from the United

States Geological Survey (USGS) gauge 09112500 [Survey , 2016].
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4.2.2 Baseflow recession analysis

We characterize the recession curve using the observed daily streamflow record following the

expression:

Qt = Qok
t, (4.1)

where Qt is the discharge at time t, Qo the initial discharge, and k is the recession constant

[Nathan and McMahon, 1990]. Recessions that follow Eq. 4.1 plot as a straight line on a

semi-log plot, with the slope equal to ln k. From there, the characteristic drainage timescale,

τ , is equal to −1
ln k

. While groundwater dynamics often behave in a nonlinear fashion and more

complex functions exist to try to capture that nonlinearity [Nathan and McMahon, 1990;

Wittenberg , 1999; Kirchner , 2009], we chose to use Eq. for its foundational use in hydrology

[Hall , 1968].

Cleanly separating baseflow from other major streamflow components, like interflow,

can be somewhat subjective, and baseflow itself may have several contributing sources (e.g.,

groundwater, residual snowmelt) that drain at different rates [Hall , 1968; Nathan and McMa-

hon, 1990]. Nevertheless, faster draining components dominate only briefly within the total

recession period before dropping out, leaving the slowest draining source to control the tail

(Figure 4.2). We isolate this tail behavior using the matching strip method, in which reces-

sion segments from across the entire streamflow record are superimposed until they overlap

to form a single composite curve, termed the master recession curve (MRC) [Nathan and

McMahon, 1990; Toebes and Strang , 1964]. The slope of that MRC therefore approximates

the basin’s characteristic drainage timescale (Figure 4.2B).

4.2.3 Hydrologic Memory

We define streamflow memory as the autocorrelation between low flows in one year to low

flows in following years [Berghuijs et al., 2025]. We characterized it using the lag-j spearman

autocorrelation (ρj) of late season low flows from the daily streamflow record. These low flows

were defined as the minimum 7-day rolling mean streamflow (Q7,min) between 1 August and
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Figure 4.2: (A) Example baseflow recession curve from the East River basin. We only used
the tail of each recession, defined as beginning when streamflow dropped below two-thirds
of its mean during the full recession, to generate the master recession curve. (B) The master
recession curve generated for the East River.
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31 October. We chose this window to avoid potential artifacts from ice affecting streamflow

measurements during winter. Each Q7,min timeseries was tested for a monotonic trend using

Spearman’s rank correlation against water year. Where the trend was significant (p < 0.10),

we modeled it using a Theil-Sen estimator to detrend the timeseries, ensuring the detrended

values remained strictly non-negative. If no significant trend was detected, the original data

was preserved. ρj was then computed on the resulting series for lags j = 1 to 5 years given

by:

ρj =

∑n−j
t=1 (Qt − Q̄)(Qt+j − Q̄)∑n

t=1(Qt − Q̄)2
, (4.2)

where Qt is the Q7,min for year t and Q̄ is the mean Q7,min.

To assess the significance of these autocorrelations, we compared each observed ρj value

against a distribution of autocorrelations generated from 2,000 random permutations of

the annual low-flow series that remove effects from temporal ordering. We considered an

autocorrelation to be statistically significant at p < 0.10 [Berghuijs et al., 2025], where p is

the probability that a given permutation exceeds that of the observed value.

4.2.4 Model Configurations

SUMMA solves coupled energy and mass balance equations at the hydrologic response unit

(HRU) level. HRUs can vary in shape or size and can combine many hydrologically similar,

but spatially disconnected, areas [Clark et al., 2015a]. In our case, we discretized HRUs using

the intersection of elevation bands and aspect classes to capture the distinct orographic and

topographic gradients that drive local variation in temperature, precipitation, and solar

radiation (Figures 4.3A-D). This topographic information was extracted from the USGS 30-

m 3D elevation program digital elevation model (DEM) using the TauDEM data [Tarboton,

2002; Survey , 2022]. Table 4.6) in Section 4.6.4 summarizes the attributes of each HRU.
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Figure 4.3: Spatial and subsurface discretizations for the East and Tuolumne Rivers. (A)
and (B) show the HRU delineation over the outline of each basin. Shading decreases with
elevation so that higher elevations appear lighter colored. Aspects are colored by dominant
down-slope direction, with gray shaded HRUs representing flat HRUs. (C) and (D) depict
the elevation bands as rings that increase towards the center and the four aspect directions.
(E) and (F) are schematics depicting the subsurface parameterizations used for the East and
Tuolumne Rivers, respectively.
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Baseline Configuration

We applied subsurface schemes that align with the current understanding of subsurface flow

in these two basins [Carroll et al., 2024; Lundquist and Loheide II , 2011]. Key parameters

for each scheme are listed in Table 4.7 in Section 4.6.6. In the East, we applied the “aquifer”

scheme, which routes soil drainage into a storage reservoir that generates baseflow as a power

law function of aquifer storage, with subsurface fluxes directed to the basin outlet [Figure

4.3C; Clark et al., 2008]. SUMMA expresses this baseflow following:

bf = baq(
S

Sf

)b, (4.3)

where baq is a baseflow rate parameter, Saq is the simulated aquifer storage state, Sf is an

aquifer scaling factor, and b is the aquifer baseflow exponential parameter. For b = 1, this

reduces to Qbf = Saq × k with k = baq
Sf

, corresponding to the linear case of Eq 4.1.

In the Tuolumne, we applied the interflow scheme, which transfers water laterally downs-

lope following a TOPMODEL transmissivity decay function, with HRUs connected from high

to low elevation [4.3F; Beven and Kirkby , 1979]. Neither baseline configuration included an

explicit water storage compartment designed solely to carry water across years.

Long-term storage configurations

We added a basin-appropriate long-term storage compartment to each baseline model with-

out recalibrating it, so that any change in streamflow behavior was attributable to the

imposed storage.

East River deep store To replicate a slower-draining storage compartment consistent

with deep groundwater behavior in the East River basin [Carroll et al., 2024], we increased the

Sf parameter used in Eq. 4.3. Doing so damps the aquifer’s drainage response: more water

accumulates before baseflow increases, and storage remains higher for longer, sustaining

baseflow through extended dry periods (Figure 4.4A). We applied this change to the HRUs
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Figure 4.4: (A) Conceptual diagram of the East River’s deep store configuration. The
low-elevation HRUs have an aquifer with a larger scale factor, which controls the size and
drainage rate of the aquifer. (B) Conceptual diagram of the Tuolumne River’s snowpatch
HRUs. The area of the snowpatches is designed to follow the Landsat-derived fSCA depletion
curve, which relates changes in fSCA to changes in modeled peak SWE.
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in the lowest elevation band, which covered 31% of the basin. We refer to this model output

as “deep store.”

Tuolumne River snowpatch configuration To represent the perennial snowpatches

observed in the Tuolumne [Hawkins et al., 2026], we subdivided the model’s high-elevation,

north-facing HRU (8.6 km2, ≈1% of basin area) into ten sub-HRUs and prescribed their

initial snow mass (Figure 4.4B). This was necessary because SUMMA carries no fractional

snow-covered area (fSCA) information: each HRU is either fully snow-covered or snow-free,

so a single snowpatch HRU could not represent a snowpatch that grows or shrinks between

wet and dry years. We therefore treated the sub-HRUs as depth bins ordered by snowpatch

persistence, with each covering a progressively smaller area (Table 4.1), so that shallower

bins melted out first. In combination, the sub-HRUs could replicate fSCA evolution over

time.

Table 4.1: Snowpatch sub-HRU discretization within the Tuolumne high-elevation, north-
facing HRU. Bins are ordered by snowpatch persistence, with deeper bins covering progres-
sively smaller areas.

Bin Area (km2) Area (%) Initial SWE (m)

1 0.04 0.5 20.0
2 0.04 0.5 6.0
3 0.09 1 4.0
4 0.17 2 2.5
5 0.34 4 1.2

6 0.69 8 0
7 1.38 16 0
8 2.07 24 0
9 2.07 24 0
10 1.72 20 0

Total 8.61 100 0.3a

aArea-weighted mean initial SWE across all bins.

Bin areas and initialized depths were interpolated from an empirical fSCA-SWE depletion
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curve we developed for the basin (Figure 4.4B). This curve related simulated peak SWE from

the high, north-facing HRU (baseline configuration) to late-season (August-October) fSCA.

Late-season fSCA was estimated from the available Landsat imagery between 1 August and

1 October for each year: we computed normalized differential snow index (NDSI) for each

available scene covering the HRU, excluded images contaminated by clouds, classified snow

cover from NDSI, and took the annual minimum fSCA across the remaining images. Years

with fewer than three usable images in this late-season window (1986-1992) were excluded.

This method is described further in the Appendix Section 4.6.1. The resulting fSCA depletion

curve was made by fitting these data to a logistic regression (r2 = 0.83), following Bales et al.

[2015]. From there, we initialized each bin with enough SWE to reproduce the observed area-

depth relationship (Table 4.1). We refer to this configuration as “snowpatch.”

4.2.5 Model Forcing and Basin Attributes

SUMMA requires seven meteorological forcing variables: precipitation (mm), air tempera-

ture (K), incoming shortwave and longwave radiation (W m−2), air pressure (hPa), specific

humidity (kg/kg), and wind speed (m s−1). Precipitation, air temperature, and incoming

shortwave radiation were taken from the daily 4-km Parameter-elevation Regressions on In-

dependent Slopes Model (PRISM) data [Daly et al., 2008]. Hourly wind speed was taken

from the European Center for Mid-Range Weather Forecasting (ECMWF) ERA5-Land re-

analysis (9 km2) [Muñoz-Sabater et al., 2021]. Pressure, specific humidity, and longwave

radiation were estimated using empirical relationships detailed in Section 4.6.2. Daily data

were temporally disaggregated to hourly timesteps using the METSIM data package [Ben-

nett et al., 2020]. Forcing was distributed as the area-weighted mean over each HRU using

the EASYMORE remapping tool [Knoben et al., 2022].

Because precipitation is a dominant source of hydrologic model uncertainty [Bárdossy

et al., 2022], we compared PRISM winter precipitation gradients against Airborne Snow

Observatories (ASO) lidar SWE estimates [Painter et al., 2016]. PRISM’s elevation gradient

was accurate in the East but too weak in the Tuolumne, so we weighted Tuolumne winter
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precipitation across elevation bands to match the ASO SWE gradient while preserving total

volume (Appendix Figure 4.12).

Land cover and soil type were extracted from the 2021 30-m National Land Cover Dataset

(NLCD) [Dewitz and Survey , 2021] and the 250-m SoilGrids dataset [Poggio et al., 2021].

For each HRU, we used the most common land cover and soil class contained within that

HRU. Soil depth increased from 0.2 m at the highest elevation band to 1.0 m at the lowest

[Lundquist et al., 2016; Wainwright et al., 2024]. Deeper soils in meadows and riparian areas

were not represented in these configurations.

4.2.6 Model Calibration

Model parameters were calibrated per basin against observed streamflow using the differen-

tial evolution algorithm [Storn and Price, 1997], which is well-suited to high-dimensional,

nonlinear parameter spaces where gradient-based methods risk finding local minima [Mai

et al., 2020]. We used a 10-year calibration period that spanned WYs 1993-2002, with a

3-year spin-up (1989-1992).

SUMMA specifies model parameters at the HRU level, but treating each HRU inde-

pendently is both computationally inefficient and physically unreasonable [Mai et al., 2020;

Newman et al., 2014]. We therefore implemented a spatially distributed parameter multiplier

approach in which a base parameter set is defined for the basin, and calibrated weights scale

parameters across HRUs. The effective parameter θeff for HRU i is:

θeff,i = θbase ×M × wi, (4.4)

where θbase is the base parameter value, M is a basin-wide scalar calibrated by the opti-

mizer, and wi is the physically motivated spatial weight for i. Table 4.2 lists the optimized

parameters and whether they were spatially variable.

For soil hydraulic conductivity (K), we assumed K was constant with elevation [Rapp

et al., 2020]. In the East River, the θbase value for K and field capacity is estimated from
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in-situ observations [Falco et al., 2024; Wainwright et al., 2024]; in the Tuolumne, it was

estimated for each HRU’s assigned SoilGrids texture and bulk density using the ROSETTA

pedotransfer function [Schaap et al., 2001].

Rather than optimize for daily streamflow, we calibrated against three streamflow metrics,

each expressed as a mean absolute error over the calibration period: the timing of the annual

flow centroid, the sum of absolute monthly volume errors, and the low flow (August–October)

volume error. These streamflow objectives constrain the seasonal distribution and late season

behavior of flow, rather than just day-to-day variability. Full metric definitions are given in

the Appendix Section 4.6.3.

Table 4.2: Model parameters optimized during calibration.

Parameter Description Spatiallyvariable

k soil Saturated soil hydraulic conductivity No
rootingDepth Depth of roots in the soil layers Yes
qSurfScale Surface runoff generation scaling pa-

rameter
Yes

kAnisotropic Lateral to vertical hydraulic conductiv-
ity ratio

Yes

zScale TOPMODEL Depth scale for vertical drainage and
transmissivity decay

Yes

frozenPrecipMultip Frozen precipitation multiplier Yes
tempCritRain Rain–snow temperature threshold No
routingGammaScale Scale parameter in Gamma distribu-

tion for routing
No

East River only

aquiferScaleFactor Aquifer storage capacity scaling pa-
rameter

No

aquiferBaseflowRate Maximum aquifer baseflow rate No
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4.2.7 Model Evaluation

Streamflow

In each basin, we ran a long-term simulation spanning WYs 1986–2025 with a 5-year spin-up

period (1981-1985). Model streamflow performance was evaluated over WYs 2015-2024 using

the mean bias in water year total flow volume, and in the 7-day maximum and minimum

flows. In addition, we report streamflow Kling-Gupta efficiency (KGE), Nash-Sutcliffe effi-

ciency, and log-KGE – which emphasizes low flows – in Table 4.8 in the Appendix Section

4.6.6, though these were not calibration targets.

ET and Snow

To confirm that simulated snow and ET were reasonably represented, we evaluated the spatial

patterns of ET and the elevation distribution and timing of SWE across HRUs. For ET, we

compared simulated water year total ET against OpenET’s ensemble mean averaged over

the basin [Melton et al., 2022]. Despite known limitations in mountain terrain, OpenET

provides the longest available continuous time series of distributed observation-based ET

estimates in both basins [Volk et al., 2024]. In the East River, we also compared simulated

ET in the valley-bottom HRU against eddy covariance measurements collected there between

November 2022 and June 2023 during the Sublimation of Snow campaign [Lundquist et al.,

2024; Schwat et al., 2025].

For snow, we compared the elevation distribution of simulated SWE against ASO lidar-

based SWE estimates [Painter et al., 2016]. Both were aggregated to elevation bands, with

simulated SWE taken from the model state on each available flight date. We also compared

simulated SWE from the HRU containing a mid-elevation SNOTEL station against snow

pillow observations at that station (Table 4.9, Appendix Section 4.6.6), evaluating peak SWE

volume and melt duration (days from peak SWE to melt-out) over the modeled period. Last,

we compared the time series of simulated late season snowpatch area to the Landsat-derived

estimates between 1993 and 2025.
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Streamflow Memory

To compare memory signatures, we calculated ρj for the observed and modelled Q7,min

timeseries using lags of 1 to 5-years over the modeled period. We only detrended the observed

Tuolumne Q7,min timeseries, which showed a decreasing Q7,min trend of -1.3% yr−1 (p=0.05).

The East River did not show a significant trend.

To compare recession behavior between models and observations, we constructed the

MRC for each timeseries from all filtered recessions, and took the reciprocal of the MRC

slopes, which equals the characteristic recession timescale (τ). The specific details describing

how recessions were filtered are described in the Appendix Section 4.6.4.

Long-term storage impacts on low flows

To test whether each basin’s long-term storage compartment affects low flows independently

of the magnitude of the snow year, we calculated the partial rank correlation between vari-

ables following:

ρx1,y|x2 =
ρx1,y − ρx1,x2 ρy,x2√(
1− ρ2x1,x2

) (
1− ρ2y,x2

) (4.5)

In this case, x1 is the storage state (S) at the end of each water year (snowpatch area in the

Tuolumne, aquifer storage in the East), x2 is peak SWE of that same year, and y is Q7,min

of the following year.

To further evaluate the relationship between the storage compartment state and low flows,

we regressed log-transformed low flow on log-transformed storage size (S) using ordinary least

squares (OLS).

lnQ7,min = α+ ε lnS, (4.6)

where the coefficient ε is an elasticity, representing the percent change in the following year’s

low flow per 1% change in S.



113

SWE-Q regression comparison for total WY streamflow

We compared total WY streamflow (Qwy) from each SUMMA model configuration against

an April 1 SWE-Q regression to test their performance relative to a common operational

baseline. To represent the baseline prediction, we used OLS regression to relate observed

Qwy to April 1 SWE observations from the representative SNOTEL sites in each basin

(Table 4.9 in Appendix Section 4.6.6) and calibrated the relationship over the same period

as the SUMMA models. We evaluated all three models (baseline, deep store/snowpatch, and

regression) against observed Qwy using percent bias and root mean squared error (RMSE).

4.3 Results

4.3.1 Streamflow evaluation

In both basins, the simulated mean WY hydrographs closely mirrored the observations over

the evaluation period (Figure 4.5A,B), while mean Qwy biases were all below ±10% (Table

4.3). Although 7-day maximum and minimum flow biases were larger than the Qwy biases

(Table 4.3), each model could reasonably capture the observed hydrograph’s flow patterns

during more extreme wet and dry years (Figure 4.5C-F), which are more likely to have larger

forcing errors that affect the total volume and timing of snowmelt-driven runoff [Mizukami

and Smith, 2012]. Overall, there were minor differences between the calibration and evalu-

ation periods (Table 4.3), indicating these models were not overfit during calibration. NSE,

KGE, and log-KGE also indicated satisfactory performance (Table 4.8).

The low flow and high flow metrics showed the largest differences between the baseline

and deep store models in the East River (Table 4.3). Q7,min bias increased from 3% to 9%,

while Q7,max bias changed from -2% to -5% in the deep store model, indicating that more

water was partitioned to low flows at the expense of peak flows (Table 4.3). Total low-flow

volume bias decreased from 14% to 12% and log-KGE increased from 0.80 to 0.90, indicating

that overall low-flow behavior was better captured in the deep store model (Table 4.3, Table

4.8).
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Figure 4.5: (A) East River mean WY hydrograph for the evaluation period (2015-2024)
showing observed (solid, dark blue) and modeled (baseline = dashed, light blue; deep store
= solid, light blue) streamflow. (B) Same as in (A) but for the Tuolumne.
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Table 4.3: Calibration and evaluation metrics for baseline and store-added configurations.
Calibration metrics correspond to the objectives optimized during calibration; evaluation
metrics were not optimized.

Calibration metrics Evaluation metrics

Mean abs. COM Low-flow Qwy Q7,max Q7,min

Period Model monthly bias volume bias bias bias
bias (%) (days) bias (%) (%) (%) (%)

East River

Calibration Baseline 10 1 6 3 11 0
Deep store 10 0 0 −7 16 −6

Evaluation Baseline 9 7 14 −5 −2 3
Deep store 9 5 12 −7 −5 9

Tuolumne River

Calibration Baseline 13 1 17 4 17 9
Snowpatch 12 1 19 4 15 9

Evaluation Baseline 12 −7 9 −1 −15 6
Snowpatch 13 −6 10 −1 −18 6

Table 4.4: Low-flow contributions from the HRUs where a long-term store was added,
compared against the same HRUs in the baseline configuration. Target HRUs are the valley-
bottom HRUs in the East River and the high-elevation, north-facing HRU in the Tuolumne.
Dry and wet years are defined as the top and bottom quartile of water year streamflow totals.

Target HRUs Change in low-flow Share of basin-wide
(% basin contribution vs. baseline (%) low flows (%)

Model area) Dry years Wet years Dry years Wet years

East River

Deep store 31 +40 −13 30 28
Baseline 31 — — 19 22

Tuolumne River

Snowpatch 1 +62 +15 14 7
Baseline 1 — — 1 0
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The effect of the deep store on low flows in the East River was most pronounced during

dry years: within the HRUs where it was applied, the added storage compartment increased

late season flows by 40% during dry years but decreased them by 13% during wet years,

relative to the baseline (Table 4.4). This is consistent with groundwater buffering behavior.

In the Tuolumne, differences between the baseline and snowpatch models were muted

across all skill metrics (Table 4.3, Table 4.8). However, the snowpatch contributed substan-

tially more to late-season low flows in dry years: it accounted for 14% of basin-wide August

through October runoff, compared to only 1% from the same HRUs in the baseline model

(Table 4.4).

4.3.2 ET and SWE evaluation

Both modeled and observed ET generally decreased with elevation in both basins, demon-

strating the transition from lower elevation vegetated terrain to barren high-elevation terrain.

The baseline and long-term storage models showed no discernible difference between one an-

other at all elevations (Figure 4.6A, B). In the East River, simulated ET was consistently

lower than OpenET, though OpenET has been found to be biased high in forested and

riparian terrain [Volk et al., 2024].

In the Tuolumne, the lowest elevation band showed the largest discrepancy of all bands,

which may reflect error in either the model or the OpenET reference. In SUMMA, simulated

ET is highly sensitive to land cover type, so an inappropriate land class assignment could

meaningfully bias ET. Conversely, OpenET’s estimate may be affected by the deep canyon

located in this elevation band, a terrain feature that could increase satellite retrieval error. To

further evaluate these error magnitudes, we compared the baseline, deep store, and OpenET

monthly ET totals to eddy covariance flux measurements taken in the East River’s valley

bottom between November 2022 and May 2023 (Figure 4.6C). Though both SUMMA models

and OpenET were higher than the point observations, the SUMMA models better matched

the point observation in both the magnitude and pattern of monthly ET.

In both basins, the models closely captured the elevation distribution and volume of ASO
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Figure 4.6: Comparisons of total WY ET from SUMMA simulations (red) and OpenET
(black) averaged across elevation bands in the (A) East and (B) Tuolumne basins averaged
between WY 2015-2024. (C) Monthly cumulative ET for the November 2022 – May 2023
period from eddy covariance observations in the East River valley bottom (black, dashed)
compared against ET from the HRU containing the flux tower for SUMMA (red, dotted),
and OpenET (black, solid).
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SWE (Figure 4.7A, B). Basin-wide SWE absolute biases on these flight dates were 5.9% in

the East and 6.2% in the Tuolumne. In the East, SWE from the baseline and deep store

models were identical because initialized SWE was unchanged. This was also the case in the

Tuolumne, except for the highest elevation band, where we placed the snowpatches (Figure

4.7B). Although the stark difference at this band was expected, ASO may underestimate

SWE over these perennial snowpatches because lidar-derived SWE retrievals require a bare

ground reference to calculate SWE depth. Nevertheless, due to the small area of the snow-

patch HRUs, this added snow had little effect on the basin-wide SWE bias, which increased

by only 1.9% in the snowpatch model.

4.3.3 Observed and modeled streamflow lagged autocorrelation

Significant lag-1 autocorrelation (ρ1) in Q7,min was present in both the observed record (ρ1 =

+0.26 in the East, +0.27 in the Tuolumne) and the long-term store models (ρ1 = +0.31 in the

East-deep store, +0.29 in the Tuolumne-snowpatch), but not in the baseline models, which

stayed inside the 90% confidence envelope at every lag (Figure 4.8). The East’s observations

were also significant at lag 2 (ρ2 = +0.26).

After the first lag, ρ declined in both the models and observations, flipping from positive to

negative by the third or fourth lag (Figure 4.8). Notably, the observed lag-5 autocorrelations

were the largest in magnitude among all lags and significant in both basins (ρ5 = -0.49 in the

East, -0.31 in the Tuolumne). The baseline models did not reproduce these strong negative

autocorrelations at any lag, but the store-added models captured some of this behavior: the

Tuolumne snowpatch model showed a significant autocorrelation at lag 4 (ρ4 = -0.29), and

the East deep store model showed moderate, though insignificant, negative autocorrelation

at lag 5 (ρ5 = -0.27). We address this result further in the Discussion.

The MRC analysis revealed that observed recession timescales (τ) were notably shorter

in the Tuolumne (16 days) than in the East (28 days), where groundwater contributions are

significant. In both baseline models, τ was roughly two-times longer than the observations.

These longer timescales occur because each model contains only a single subsurface store,
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Figure 4.7: (A) Baseline (squares) and deep store (diamonds) elevation distribution of
SWE compared to ASO (circles); (B) as in (A) but for the Tuolumne basin. The values
reflect the average SWE value across all available ASO flight dates in each basin. (C) The
Tuolumne fSCA depletion curve, which compares the minimum Aug-Oct Landsat (open
circles) and SUMMA-snowpatch (orange dots) fSCA to the top elevation band’s peak SWE
each year. (D) Evolution of snowpatch area over time for Landsat (black line), SUMMA-
snowpatch (orange line), and the Hawkins et al. [2026] measurements from Yosemite National
Park (blue diamonds). The significant decreasing trends in snowpatch area (dashed lines)
were calculated using the Theil-Sen estimator. Note the log-scale on the y-axis was used to
emphasize years with low snowpatch area.
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Figure 4.8: (A) East River lag-j year Q7,min autocorrelations from streamflow observations
(dark blue), baseline model (medium blue), and the deep store model (light blue). (B) As in
(A), but for the Tuolumne, with streamflow observations (maroon), baseline model (orange),
and the deep store model (peach). Grey shaded area denoted the 90% confidence interval
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which must blend faster soil drainage and interflow processes with relatively slower subsurface

releases. However, adding an explicit long-term storage compartment did little to bring

τ closer to observations, and instead pushed τ toward the store’s underlying release rate

(Figure 4.9). In the East, the addition of a slow, deep aquifer lowered the overall basin-

mean drainage rate, moving τ further from the observations (Figure 4.9B). In the Tuolumne,

additional meltwater from the added snowpatch sped up the basin-wide recession, though

only marginally, given the store’s small contribution to overall streamflow (Figure 4.9D).

4.3.4 Impacts of long-term storage compartments on low flows

The prior water year’s storage state was positively correlated with the following year’s Q7,min

in both basins, but these relationships were only significant in the models with explicit long-

term stores (Table 4.5, row 1). Because peak SWE partly controls how much storage increases

in a given year, we also computed partial correlations to remove its influence on the storage

state (Table 4.5, row 2). Doing so increased the correlations in all cases, indicating that

antecedent peak SWE obscured the relationship between storage state and the following

year’s low flows.

Table 4.5: Relationships between end-of-year storage state (S) in year t and low flows in
year t + 1. The partial correlation removes the influence of peak SWE in year t from both
variables. Elasticity (ε) is the slope of a log–log OLS regression, giving the percent change
in low flow per 1% change in storage. Asterisks denote significance at p < 0.10.

East River Tuolumne River

Baseline Deep store Observed Snowpatch

ρ (S, Q t+1
7,min) +0.10 +0.47∗ +0.22 +0.42∗

Partial ρ | SWEpeak +0.21 +0.67∗ +0.23 +0.53∗

Elasticity, ε (% per %) +0.03 +0.33∗ +0.12 +0.44∗

In the East River, antecedent end-of-WY aquifer storage state in the deep store model

was significantly correlated with the following year’s low flows (partial ρ =+0.67), while the
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Figure 4.9: (A) Master recession curves (MRC) for the observations (circle), baseline
model (square), and deep store model (triangle) in the East River. All recessions used in
the construction of the MRC are lightly shaded behind the curves. (B) Recession timescales
calculated from the MRC slopes. (C) As in (A) but for the Tuolumne. (D) As in (B) but
for the Tuolumne.
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baseline model showed a positive but insignificant relationship (partial ρ =+0.21). Low flows

also showed a significant elasticity with antecedent storage in the deep store model: a 1%

decrease in end-of-year aquifer storage was associated with a 0.33% decrease in the following

year’s low flow (ε = +0.33; Table 4.5, row 3).

In the Tuolumne, we were able to compare model snowpatch area against observations.

Modeled antecedent snowpatch area was significantly correlated (partial ρ = +0.53) and

showed significant elasticity (ε =+0.44) with modeled low flow. The observed record also

showed a positive, but non-significant, relationship for both metrics (partial ρ = +0.23, ε =

+0.12) over the available observational record (1993-2025). Both observed snowpatch area

and low flows also declined over this period (−7.9% yr−1 and −1.3% yr−1, respectively).

4.3.5 Modeled WY streamflow comparison to SWE-Q regression

In both basins, the SUMMA models modestly outperformed the SWE-Q regressions in re-

producing observed Qwy over the 1986-2025 period, with lower RMSE and comparable mean

bias (Figure 4.10). However, when we isolated the driest years in the record, differences in

performance widened considerably (subset boxes in Figure 4.10): bias in the SWE–Q regres-

sion reached +25% in the East and +37% in the Tuolumne. The SUMMA models reduced

this to 9 to 11% in the East, and to −22 to −23% in the Tuolumne, where the models

over-corrected but still reduced absolute bias. These low flow years included WY 2020 and

WY 2021, the anomalously low-runoff years that occurred despite near-normal snowpack, as

highlighted in the Introduction (Section 4.1).

Within the SUMMA configurations, the models with an added long-term storage com-

partment performed nearly identically to the baseline in both basins (Figure 4.10), indicating

the store’s contribution to interannual memory neither enhanced nor reduced Qwy accuracy.

As shown in Section 4.3.4, and discussed in Section 4.4.2, these storage models did impact

modeled low flows, just not water year totals.
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Figure 4.10: Modeled WY streamflow against observed for the analysis period (1986-2025)
for the baseline (square), deep store/snowpatch (triangle), and SWE-Q regression (star)
models for the (A) East River and (B) Tuolumne River. The dashed boxes and zoomed
figures capture the bottom quartile of water year flows.
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4.4 Discussion

4.4.1 How does adding a long-term storage compartment affect model performance?

In both the East and Tuolumne basins, overall model performance was largely unaffected

by the addition of a long-term storage compartment, with only modest changes in water

year streamflow and low-flow biases (Table 4.3; Figure 4.5). However, during dry years, this

storage contributed significantly more water to low-flows than the baseline models (Table

4.4).

The two other dominant water balance components we evaluated, ET and snow, were

also nearly identical between models (Figures 4.6 and 4.7). Additionally, the MRC analysis

revealed that adding a storage compartment did not improve the representation of recession

behavior, with both models substantially overestimating the observed characteristic recession

timescales (Figure 4.9). The most notable difference between the models was in how they

represented multi-year hydrologic memory.

Observed low flows showed significant autocorrelation with the following year’s low flows,

aligning with Berghuijs et al. [2025], who found 1-year memory in low flows to be a common

feature of streams across the globe. This lag-1 memory signature was only reproduced in

the models with the added long-term storage compartment (Figure 4.8). Combined with

the similarity in model performance metrics, this result agrees with Zhang et al. [2026],

who showed that adding a memory component to a model does not necessarily alter its

performance.

In contrast, storage compartments added here failed to recreate the observed significant

memory signature at longer lags. Observations showed significant autocorrelations at the 2-

and 5-year lags in the East and the 5-year lag in the Tuolumne, which the store-added models

did not reproduce, though their values were closer to observations than the baseline (Figure

4.8). In the East, more sophisticated subsurface models that explicitly represent bedrock

circulation depth and geologic heterogeneity have captured longer memory signals in these

settings [Carroll et al., 2024; Siirila-Woodburn et al., 2026]. In the Tuolumne, we represented
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only visible perennial snowfields, though the upper elevations also contain rock glaciers with

unknown subsurface ice reserves that likely contribute to storage [Hawkins et al., 2026;Millar

and Westfall , 2008]. Streamflow response is sensitive to subsurface conceptualization [Rapp

et al., 2020], so the discrepancy at longer lags likely reflects the simplicity of our subsurface

and long-term storage representations [Fowler et al., 2020].

Even so, the 5-year signal may not reflect catchment storage at all. The 5-year rolling

mean of standardized low-flow modeled and observed anomalies closely tracked the same

rolling mean applied to observed peak SWE in both basins (Figure 4.13 in the Appendix

Section 4.6.5), suggesting a periodic climate signal imprints itself on the record rather than

a strictly storage-controlled process. Wolf et al. [2025] reported similar periodicity in low

flows in UCRB headwater basins and suggested certain climate teleconnections could be

responsible, though disentangling this signal from catchment memory would require a longer

record than our 40-year analysis period and is beyond the scope of this study.

4.4.2 How does long-term storage state relate to low flows?

While identifying that memory is present within the streamflow record indicates a relation-

ship between storage state and streamflow, these lag autocorrelations do not reveal the source

of this memory by themselves. Directly relating these low flows to the storage features that

we tested provides a clearer picture of how multi-year hydrologic memory is generated in

these basins.

Similar to the low-flow memory results, end-of-WY long-term storage state carries in-

formation about the following year’s low flows, but only models with an explicit storage

compartment express it (Table 4.5). In the East, only the deep store model tied aquifer

storage to the next year’s low flow. The contrast in elasticities was sharper still. For the

deep store model, a 1% change in antecedent storage yielded a 0.33% change in low flows,

while the baseline model had minimal influence (Table 4.5). Though we were limited to a

model intercomparison in the East, this result corroborates prior work which highlights the

strong sensitivity of streamflow to storage state in the UCRB [Brooks et al., 2025, 2021;



127

Siirila-Woodburn et al., 2026].

In the Tuolumne, we were able to compare the snowpatch model results to observations.

The modeled snowpatch area was significantly related to the following year’s low flows, and

low flows were highly sensitive to changes in snowpatch area, while the observed snowpatch

showed a weaker, insignificant relationship for both metrics (Table 4.5). While this insignif-

icant relationship precludes attributing low flow changes directly to snowpatch area change,

we note that both late-season low flow and snowpatch area declined at rates of −1.3% yr−1

and −7.9% yr−1, respectively, over the overlapping observational record (1993-2024). The

observed snowpatch trend was consistent with the −6.5% yr−1 in snowpatches of Yosemite

National Park reported by Hawkins et al. [2026]. Applying the observed elasticity to the

snowpatch trend predicts a low-flow decline of −1.0% yr−1, close to the observed trend. Be-

cause the elasticity and both trends derive from the same short record, this is a consistency

check rather than independent confirmation. Still, it indicates that snowpatch loss is of

sufficient magnitude to account for the observed decline in late-season flow.

4.4.3 When is including a long-term storage compartment most important?

As expected, the April 1 SWE–Q relationship is strong in the average year in both basins

(Figure 4.10), supporting its continued use as a water supply predictor [Pagano et al., 2004].

The two basins differ, however, in how tightly they follow it. Greater scatter in the East River

indicates that terms other than snowpack contribute more to interannual variability there,

consistent with a larger groundwater contribution to streamflow. The tighter relationship in

the Tuolumne is consistent with a system where surface processes dominate the annual water

balance while subsurface storage plays a smaller role. This contrast supports the long-term

storage compartment representations we selected for each basin.

The SWE-Q relationship weakens during both the wettest and driest years, but for differ-

ent reasons. In wet years, precipitation measurement uncertainty likely dominates [Bárdossy

et al., 2022; Hogan et al., 2026a], and our models performed no better than the regression.

While prediction errors in these years still impact reservoir and hydropower management,
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they carry lower consequences for water supply decisions. In dry years, the models outper-

formed the regression: absolute bias decreased from 25% to 9% in the East and from 37% to

23% in the Tuolumne. A SWE-Q regression lumps all non-snowpack terms into its residual,

so in years when SWE does not dominate, ET and storage change surface as significant

sources of error. A model that solves each term individually is better positioned in exactly

those years. As snowpack declines and becomes more variable across the western US, the

conditions under which SWE alone is a sufficient predictor will occur less often [Livneh and

Badger , 2020; Modi et al., 2022; Musselman et al., 2021; Siirila-Woodburn et al., 2021].

That said, adding a long-term storage compartment did not improve water-year volume

accuracy relative to the baseline models (Figure 4.10). Thus, the memory signal we recovered

is not a dominant source of “missing water” when hydrologic anomalies are large. Late-season

low flows are a small fraction of annual volume, so relying solely on a storage mechanism

cannot close the observed error gap in anomalous years. Even so, we found that these

stores do affect the late summer and autumn flows when water is scarcest, with potential

consequences for aquatic habitat and late-season water allocations that are not captured by

annual volume metrics [Leathers et al., 2024; Lundquist and Roche, 2009].

In any single year, how a storage compartment is represented may not matter, but over

longer periods, they may respond to sustained conditions very differently. For example,

a snowpatch responds rapidly to both extremely wet and dry years, recovering quickly in

high-accumulation years and declining rapidly in low ones (Figure 4.7C), meaning it can

be lost entirely under a sustained dry period. It is also directly observable, with extent

measurable from high-resolution satellite imagery [Hawkins et al., 2026]. A deep aquifer

instead integrates conditions over longer periods, drawing down and refilling slowly [Carroll

et al., 2024; Siirila-Woodburn et al., 2026]. Distributed observations of aquifer conditions

are rarer, and most analyses rely on coarse satellite products such as GRACE, which are

accurate at large scales but cannot resolve the spatial heterogeneity of mountain systems

[Liaqat et al., 2026; Opie et al., 2020; Wang et al., 2026]. Representing long-term storage

across basins with different physiographic characteristics therefore requires correspondingly
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different conceptual models, and different observational strategies to constrain them.

Signals of declining long-term storage have received increased attention [Carroll et al.,

2024; Siirila-Woodburn et al., 2026; Hawkins et al., 2026; Thomas and Famiglietti , 2019; Opie

et al., 2020], and our results suggest these declines may become increasingly visible in the

streamflow record as they accumulate. In the Tuolumne, observed low flows and snowpatch

area declined together, while peak SWE showed no significant trend, a divergence that would

be difficult to interpret without accounting for storage. Where direct storage observations

are unavailable, prior-year conditions offer a practical alternative: last year’s low flow carries

information about this year’s late-season flow that snowpack alone does not.

4.4.4 Study limitations

We highlight four main limitations of our study. First, our representations of long-term

storage remain conceptual. As noted above, prior studies in the East River have used models

that track multi-year storage and groundwater age more directly [Carroll et al., 2025, 2024;

Siirila-Woodburn et al., 2026]. But our models were constrained by what SUMMA can

express: because the aquifer and interflow subsurface schemes in SUMMA are mutually

exclusive, the East configuration omits the lateral interflow between HRUs, an important

water transfer pathway there [Carroll et al., 2019]. However, our goal was to illustrate how

these processes can be represented in a simpler modeling framework, not to replicate those

results.

Second, the snowpatch implementation approximates fSCA by discretizing a single high-

elevation HRU into depth bins. This reproduces the observed fSCA depletion relationship

by construction (Figure 4.7C), so agreement between modeled and observed fSCA at a given

SWE is not independent validation; nevertheless, the end-of-WY fSCA timeseries comparison

is independent (Figure 4.7D). Additionally, the limited number of depth bins we used (10)

imposed a static minimum snow-covered area that would persist until the depth bin fully

melted out, limiting the representation of area change during extreme drought.

Third, we ignore certain processes that may impact the representation of storage. We
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do not account for summer precipitation, which can be significant in the East River [Carroll

et al., 2020]. Its influence on soil moisture and late-season low flows could dilute a long-term

memory signature. We also do not evaluate influences from soil moisture more broadly,

although prior work has shown soil moisture memory is largely contained within a single

water year [Ghimire et al., 2026; Alvarez-Garreton et al., 2021], so it falls outside the multi-

year signal we targeted here, but anomalous soil moisture remains a plausible secondary

contributor we did not constrain. Finally, we do not represent subsurface ice storage [Millar

and Westfall , 2008], which may impart a memory signature not captured here.

Fourth, our analysis rests on a single memory metric derived from observed streamflow

over a 40-year record. Both constraints limit statistical power at longer lags. For example,

with roughly 35 independent pairs at lag 5, we cannot distinguish a genuine multi-year

storage signal from climate periodicity or sampling bias. A longer record, or an independent

storage observation in the East, could better address these inferences.

In spite of these limitations, this work represents a first attempt to evaluate different

sources of multi-year storage in a deliberately simple modeling framework in mountains.

Where the quantity of interest is low flow, particularly in dry years, investing in a basin-

appropriate representation of long-term storage is worthwhile. For total water-year volume,

a simpler model appears sufficient, and still outperforms a SWE–streamflow regression.

4.5 Conclusion

This study set out to determine how adding a long-term water storage compartment to a

semi-distributed, physically based hydrologic model affects its representation of streamflow

memory in two physiographically distinct snow-dominated basins in the western United

States, the East and Tuolumne Rivers. We applied a storage compartment that matches our

conceptual understanding of each basin – perennial snowpatches in the Tuolumne and a deep,

slowly draining aquifer in the East – and characterized memory using the lag autocorrelation

of annual 7-day August–October low flows.

Three findings emerged. First, the baseline models could not replicate the observed 1-year
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lag memory in either basin, while the store-added configurations could. However, neither

model reproduced the observed 5-year lag memory signal, indicating that our conceptual rep-

resentations still miss features contributing to multi-year memory, though periodic variability

in precipitation may partly explain this longer cycle.

Second, end-of-year storage state in both store-added models was positively correlated

with the following year’s low flows, evidence of buffering between prior-year storage and

subsequent streamflow. In the Tuolumne, Landsat-derived snowpatch area showed the same

1-year lag correlation with observed low flows. Observed snowpatch area and observed low

flows declined together at −7.9% yr−1 and −1.3% yr−1 respectively, consistent with the

modeled sensitivity, but the limited observational record warrants caution in this direct in-

terpretation. Constraining the observed snowpatch–low flow relationship more tightly would

benefit from using the nested streamflow observations in the Yosemite Hydroclimate Net-

work [Lundquist et al., 2016], though measurement error in small headwater catchments is a

concern for low flows.

Third, adding a storage component had minimal effect on water-year volume accuracy

relative to the baseline, yet both model types substantially outperformed the SWE–Q re-

gression in the driest years, reducing absolute bias by 64% in the East and 38% in the

Tuolumne relative to the regression. This underscores the value of representing all water

balance components when snowpack-streamflow errors are highest.

Several future research opportunities could expand on this work. Applying each storage

compartment type to the opposite basin would test whether a configuration tuned to one

storage mechanism degrades where physiography differs. Comparing across a range of subsur-

face complexity would identify the minimum representation needed to capture relationships

demonstrated with more sophisticated models. Extended drought and recovery experiments

have been performed for groundwater but not for perennial snow, and a direct comparison

of their response would clarify how differently these storage compartments behave during

extreme conditions.

Because storage memory was not a dominant source of the water-year volume errors
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we examined, it is unlikely to explain most hydrologic anomalies. But as temperatures

continue to rise and droughts persist, both stores will draw down, and in the Tuolumne,

snowpatches may eventually disappear entirely. Models without these stores cannot represent

those changes and will instead attribute the resulting decline in late-season flow to other

processes, obscuring what truly happened. Determining which long-term storage mechanism

dominates in a basin, and representing it explicitly, allows for multi-year changes to be

physically accounted for.

Data Availability

Model code and configuration files are publicly available on GitHub (https://github.com/

dlhogan97/CONFLUENCE-uwmtnhydro), with repository structure modeled after the CWARHM

workflow [Knoben et al., 2022] (https://github.com/CH-Earth/CWARHM). SUMMA source

code is available vis https://github.com/CH-Earth/summa. Simulated output will be

archived on ESS-DIVE upon publication. Meteorological forcing data were obtained from

PRISM (https://prism.oregonstate.edu) and ERA5-Land [Muñoz-Sabater et al., 2021]

(https://doi.org/10.24381/cds.e2161bac). Land cover was sourced from the 2021 NLCD

(https://www.mrlc.gov) [Dewitz and Survey , 2021] and soil data from SoilGrids (https:

//soilgrids.org) [Poggio et al., 2021]. Basin topography was derived from the USGS

3DEP 30-m DEM (https://www.usgs.gov/3d-elevation-program) [Survey , 2022]. Lidar

SWE measurements and related data collected and made available by Airborne Snow Ob-

servatories, Inc [Painter et al., 2016]. East River streamflow was obtained from USGS gauge

09112500 (https://waterdata.usgs.gov). Reconstructed Tuolumne streamflow was pro-

vided by Bruce McGurk (personal communication; see also Lundquist et al. [2016]; Henn et al.

[2018]). SNOTEL observations are available through the USDA Natural Resources Conser-

vation Service (https://www.nrcs.usda.gov/wps/portal/wcc/home). OpenET data were

accessed via https://openetdata.org [Melton et al., 2022; Volk et al., 2024]. Observed soil

properties from the East River were taken from Falco et al. [2024] and Wainwright et al.

[2024].

https://github.com/dlhogan97/CONFLUENCE-uwmtnhydro
https://github.com/dlhogan97/CONFLUENCE-uwmtnhydro
https://github.com/CH-Earth/CWARHM
https://github.com/CH-Earth/summa
https://prism.oregonstate.edu
https://doi.org/10.24381/cds.e2161bac
https://www.mrlc.gov
https://soilgrids.org
https://soilgrids.org
https://www.usgs.gov/3d-elevation-program
https://waterdata.usgs.gov
https://www.nrcs.usda.gov/wps/portal/wcc/home
https://openetdata.org
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4.6 Appendix

4.6.1 Landsat fSCA estimate methodology

Landsat imagery came from the Collection 2 Level-2 surface-reflectance archive, accessed

through the Microsoft Planetary Computer STAC catalog, which provides a continuous 30

m record from Landsat 5, 7, 8, and 9 beginning in 1985 [Earth Resources Observation and

Science (EROS) Center , 2020a, b, c]. We retained scenes acquired between 1 August and

1 October to focus on capturing perennial snow. Scenes with more than 35% cloud cover

were excluded. For the remaining scenes, we required that at least 95% of the highest

elevation band fall within the scene footprint and that at least 70% of that band remain

cloud-free after masking cloud, cirrus, and cloud shadow using the Landsat QA band. For

each remaining scene we computed the Normalized Difference Snow Index from the green

and shortwave-infrared (1.6 µm) bands and classified a pixel as snow where NDSI exceeded

0.40 and near-infrared reflectance exceeded 0.11 [Hall et al., 1995]. Fractional snow-covered

area (fSCA) is then the share of valid pixels classified as snow. Multiplying it by the high

elevation band’s area gives the snow area in km2. We note that this is a conservative

estimate, as we did not account for mixed pixels. Each water year is represented by the

minimum snow area across its usable scenes, giving an end-of-summer value, and although

the record extends back to 1985, we restricted our analysis to water years 1993–2025, when

scene availability was consistently high enough for the annual minimum to be reliable. We

independently evaluated the resulting Landsat fSCA estimates with ASO fSCA data from

the same elevation band. To do so, we gathered all available filtered Landsat images within

6-days of a Tuolumne ASO flight date (n=38) to compare fSCA values (Figure 4.11). We

saw good agreement between these two products (R2 = 0.81, RMSE = 0.13). The small

number of late season flights meant lower fSCA values were more uncertain. ASO generally

measured higher fSCA values during these periods, but the strong relationship overall gave

us confidence in this method.
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Figure 4.11: Scatterplot of ASO fSCA measurements and Landsat fSCA estimates between
2013 and 2025. Only filtered Landsat images taken within 6-days of an ASO flight were used.
This resulted in 38 usable data points. Scatter points are colored by the month each flight
occurred. The ticks on each axis indicate the location of each data point within each product.

4.6.2 Model Forcing Derivations

Pressure was calculated using HRU elevations, air temperature, and an assumed constant

lapse rate of 0.0065 K m−1 [Chegwidden et al., 2019] (Eq. 4.7).

p = 101.325× exp

(
−zg

8.3143(T + 0.5zΓ)

)
, (4.7)
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where p is pressure in hPa, T is air temperature (K), g is the acceleration due to gravity, z

is elevation above mean sea level, and Γ is the lapse rate (-0.0065 K m−1).

We estimated specific humidity (q) by calculating saturation vapor pressure (es) using

air temperature (T; ◦C) (Eq. 4.8) and subtracting PRISM’s vapor pressure deficit (VPD) to

estimate vapor pressure (eo) (eq. 4.9), from which we calculate q (eq. 4.10).

es = 6.1078(17.27T + 237.3) (4.8)

eo = es− V PD (4.9)

q =
0.622eo

p− 0.378eo
(4.10)

Longwave radiation was estimated using the Dilley & O’Brien method [Dilley and O’brien]

(eq. 4.11), which has been shown to perform well in mountainous regions [Currier et al.,

2017; Alden et al., 2026].

LW = 59.38 + 113.7(
Ta

273.16
)6 + 96.96

√
465 · e0
2.5 · Ta

(4.11)

4.6.3 Streamflow Evaluation Metrics

Centroid timing error:

Centroid timing is calculated as

tQ =

∑
tiQi∑
Qi

, (4.12)

where ti are the days since 1 October and Qi is daily flow. We report the mean difference

between the modeled and observed values across the evaluation period (n = 10).

Ecom =

∑(
tsimQ,i − tobsQ,i

)
n

(4.13)
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Sum of absolute monthly volume errors:

Emon =

∑
m

∣∣Qsim
m −Qobs

m

∣∣∑
m Qobs

m

(4.14)

where Qsim
m and Qobs

m are the simulated and observed volume in month m, summed over all

years. Only months with more than 4 mm bias are included in the numerator to avoid large

biases from low-flow months.

Low-flow (August–October) volume error:

Eaug−oct =

∑10
m=8

∣∣Qsim
m −Qobs

m

∣∣∑10
m=8 Q

obs
m

(4.15)

4.6.4 Matching strip method

Following recommendations from Nathan and McMahon [1990], we filtered recessions before

assembling the master recession curve. We identified contiguous falling limbs and excluded

segments affected by rain or snowmelt inputs, data gaps, or quickflow contamination. The

first five days after each streamflow increase were dropped to remove the quickflow-dominated

early limb, and the seasonal window began 14 days after each basin’s representative SNOTEL

SWE melted out in each water year to exclude the rising freshet limb. Segments shorter than

five days were discarded. These screens reflect the assumption underlying the matching strip

method: each segment must represent pure drainage. Rain or melt during a segment adds

storage mid-recession and biases the recession constant low, and in snow-dominated basins

this contamination is worst during the melt season, motivating our filter of the melt season.

Restricting the fit to the tail avoids the early limb, which reflects near-surface drainage rather

than the slow store the master curve is meant to characterize. Each surviving segment was fit

with a linear regression over its late-time tail, defined as the days below 0.67× the segment’s

mean flow (Figure 4.2), and retained only if the fit gave r2 ≥ 0.30 and a positive recession

constant. Conforming segments were ranked longest-first and collapsed onto a single master

curve by overlaying each curve onto a semi-log plot and a master recession curve is fit to the
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tails of the resulting curves [Nathan and McMahon, 1990; Toebes and Strang , 1964].

4.6.5 Appendix Figures

Figure 4.12: ASO-based precipitation redistribution for the Tuolumne. (A) Multiplier
applied to each elevation band, derived from mean ASO SWE and blended with the original
field; labeled percentages are each band’s share of total basin precipitation after adjustment.
(B) Mean December–March precipitation volume per band, before and after adjustment.
The basin total is unchanged as the correction only moves water between elevations.
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Figure 4.13: 5-year rolling mean of standard anomalies between 1986-2025 in observed
low-flows (black, dashed), store-added modeled low-flows (blue/orange, dashed) streamflow
and SNOTEL April 1 SWE (grey, dotted) for the (A) East and (B) Tuolumne River.

4.6.6 Appendix Tables
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Table 4.6: Hydrological response unit (HRU) attributes for the elevation–aspect distributed
configurations. HRUs are formed by intersecting equal-interval elevation bands with four
aspect quadrants (NE, 0–90◦; SE, 90–180◦; SW, 180–270◦; NW, 270–360◦), plus a flat class
assigned where the mean slope is below 5◦. Elevation and aspect are area-weighted HRU
means; aspect is measured clockwise from north. Soil classes follow the ROSETTA texture
classification and land classes follow the NLCD.

Elev. Area Area Elevation Aspect

HRU band (km2) (%) (m a.s.l.) (◦) Class Soil class Land class

East River — 18 HRUs, 748.3 km2 total, 372m elevation bands

1 4 16.44 2.2 3683 49 NE Loam Barren or sparsely vegetated

2 4 21.57 2.9 3695 138 SE Loam Open shrubland

3 4 33.93 4.5 3735 220 SW Loam Barren or sparsely vegetated

4 4 11.90 1.6 3698 307 NW Loam Barren or sparsely vegetated

5 3 53.30 7.1 3357 48 NE Loam Evergreen needleleaf forest

6 3 56.54 7.6 3372 137 SE Loam Open shrubland

7 3 71.21 9.5 3363 223 SW Loam Evergreen needleleaf forest

8 3 52.86 7.1 3353 312 NW Loam Evergreen needleleaf forest

9 2 13.02 1.7 2989 159 Flat Loam Open shrubland

10 2 72.31 9.7 3011 46 NE Loam Evergreen needleleaf forest

11 2 59.66 8.0 3012 139 SE Loam Open shrubland

12 2 78.84 10.5 3014 222 SW Loam Deciduous broadleaf forest

13 2 54.23 7.2 3016 318 NW Loam Evergreen needleleaf forest

14 1 52.04 7.0 2650 169 Flat Loam Permanent wetland

15 1 31.60 4.2 2710 46 NE Loam Open shrubland

16 1 19.75 2.6 2705 135 SE Loam Open shrubland

17 1 31.91 4.3 2700 226 SW Loam Open shrubland

18 1 17.14 2.3 2698 313 NW Loam Open shrubland

Tuolumne River — 28 HRUs, 774.5 km2 total, 347m elevation bands

1 8 4.37 0.6 3686 226 SW Sandy loam Barren or sparsely vegetated

2 8 8.61 1.1 3679 348 NW Sandy loam Barren or sparsely vegetated

Continued on next page
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Table 4.6 continued from previous page

Elev. Area Area Elevation Aspect

HRU band (km2) (%) (m a.s.l.) (◦) Class Soil class Land class

3 7 4.47 0.6 3350 177 Flat Sandy loam Open shrubland

4 7 15.89 2.1 3396 42 NE Sandy loam Barren or sparsely vegetated

5 7 17.70 2.3 3387 136 SE Sandy loam Barren or sparsely vegetated

6 7 33.12 4.3 3391 227 SW Sandy loam Open shrubland

7 7 25.96 3.4 3389 315 NW Sandy loam Barren or sparsely vegetated

8 6 23.33 3.0 3040 218 Flat Sandy loam Open shrubland

9 6 39.04 5.0 3071 47 NE Sandy loam Open shrubland

10 6 64.76 8.4 3057 136 SE Sandy loam Open shrubland

11 6 68.23 8.8 3067 227 SW Sandy loam Open shrubland

12 6 75.22 9.7 3058 314 NW Sandy loam Evergreen needleleaf forest

13 5 29.36 3.8 2730 247 Flat Sandy loam Evergreen needleleaf forest

14 5 39.07 5.0 2749 42 NE Sandy loam Evergreen needleleaf forest

15 5 61.26 7.9 2745 139 SE Sandy loam Open shrubland

16 5 56.52 7.3 2758 221 SW Sandy loam Evergreen needleleaf forest

17 5 70.11 9.1 2747 314 NW Sandy loam Evergreen needleleaf forest

18 4 4.67 0.6 2409 253 Flat Sandy loam Evergreen needleleaf forest

19 4 12.47 1.6 2424 31 NE Sandy loam Open shrubland

20 4 19.85 2.6 2410 148 SE Sandy loam Open shrubland

21 4 17.34 2.2 2410 216 SW Sandy loam Open shrubland

22 4 22.58 2.9 2419 321 NW Sandy loam Evergreen needleleaf forest

23 3 4.60 0.6 2057 25 NE Loamy sand Evergreen needleleaf forest

24 3 9.22 1.2 2058 150 SE Sandy loam Open shrubland

25 3 6.65 0.9 2060 217 SW Sandy loam Open shrubland

26 3 9.69 1.3 2067 327 NW Loamy sand Evergreen needleleaf forest

27 2 17.94 2.3 1513 159 SE Sandy loam Open shrubland

28 2 12.47 1.6 1702 321 NW Sandy loam Evergreen needleleaf forest
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Table 4.7: Constant model parameterizations

Decision name Decision value Decision description Value description

soilCatTbl ROSETTA Soil category dataset Merged ROSETTA table

with STAS-RUC

vegeParTbl MODIFIED IGBP MO Vegetation category

dataset

MODIS 20-category

dataset

soilStress NoahType Soil moisture control on

stomatal resistance

Threshold linear function

of volumetric liquid wa-

ter content

stomResist Jarvis Function for stomatal re-

sistance

Ball–Berry

num method itertive Numerical method Iterative solver

fDerivMeth analytic Method for flux deriva-

tives

Analytic derivatives

LAI method specified Method to determine

LAI and SAI

LAI/SAI computed from

green vegetation fraction

f Richards mixdform Form of Richards’ equa-

tion

Mixed form

hc profile Varies by scheme Hydraulic conductivity

profile

Power-law profile or con-

stant

bcUpprTdyn nrg flux Upper boundary condi-

tion for thermodynamics

Energy flux

bcLowrTdyn Varies by scheme Lower boundary condi-

tion for thermodynamics

Zero flux

Continued on next page
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Table 4.7 continued from previous page

Decision name Decision value Decision description Value description

bcUpprSoiH liq flux Upper boundary condi-

tion for soil hydrology

Liquid water flux

bcLowrSoiH zeroFlux Lower boundary condi-

tion for soil hydrology

Zero flux

veg traits CM QJRMS1988 Vegetation roughness

length and displacement

heights

Choudhury & Monteith

(1988)

canopyEmis difTrans Canopy emissivity Function of diffuse trans-

missivity

snowIncept lightSnow Snow interception Maximum interception

capacity inverse function

of new snow density

windPrfile logBelowCanopy Wind profile through

canopy

Logarithmic profile be-

low vegetation canopy

astability louisinv Stability function Inverse power function

(Louis, 1979)

canopySrad BeersLaw Canopy shortwave radia-

tion

Beer’s Law (as imple-

mented in VIC)

alb method varDecay Albedo representation Variable decay rate

(Dickinson et al., 1993)

compaction anderson Snow compaction algo-

rithm

Semi-empirical method

(Anderson, 1976)

snowLayers CLM 2010 Snow layer combina-

tion/division

CLM type: rules depend

on layer index

Continued on next page
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Table 4.7 continued from previous page

Decision name Decision value Decision description Value description

thCondSnow jrdn1991 Thermal conductivity in

snow

Jordan (1991)

thCondSoil funcSoilWet Thermal conductivity in

soil

Function of soil wetness

spatial gw localColumn Spatial representation of

groundwater

Separate groundwater in

each local soil column

subRouting timeDlay Sub-grid routing method Time-delay histogram

Table 4.8: Model performance metrics for baseline and store-added configurations across
calibration, evaluation, and full simulation periods.

Period Model KGE NSE log-KGE

East River

Calibration Baseline 0.90 0.76 0.83
Deep store 0.85 0.78 0.80

Evaluation Baseline 0.83 0.71 0.80
Deep store 0.76 0.78 0.90

Full period Baseline 0.86 0.76 0.70
Deep store 0.87 0.76 0.71

Tuolumne River

Calibration Baseline 0.74 0.60 0.61
Snowpatch 0.76 0.61 0.61

Evaluation Baseline 0.76 0.62 0.70
Snowpatch 0.77 0.64 0.70

Full period Baseline 0.74 0.54 0.33
Snowpatch 0.75 0.56 0.33
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Table 4.9: SNOTEL site information

Attribute East River Tuolumne River

Site Butte Dana Meadows
Location 38.9◦N, −106.95◦W 37.898◦N, −119.259◦W
Elevation 3106 m 2975 m
SWE–Q regression (m,
intercept)

m = 0.9753, intercept =
8.32

m = 1.6871, intercept = 118.47

Variance explained (r2) 0.77 0.90



145

Chapter 5

CONCLUSIONS

5.1 Summary

In this dissertation, we examined several sources of uncertainty that can influence where

“missing” mountain water originates. We did this through investigations of sublimation

variability, precipitation measurement uncertainty, and long-term water storage dynamics.

We used a combination of measurements and models across a range of scales, from point

measurements of sublimation, to valley-scale and synoptic-scale observations, to distributed

precipitation measurements, to basin-wide domains in the East and Tuolumne Rivers. In

combination, these strategies allowed us to explore several hydrometeorological processes in

great detail over complex terrain.

In Chapter 2, we combined two years of meteorological observations spanning site-to-

synoptic scales from three field campaigns in a Colorado mountain valley and identified the

events that produced the most sublimation, classifying them by duration and intensity. We

found that approximately 60% of winter sublimation occurred during a small number of

discrete events (14% of the season). These events coincided with either short sunny, dry pe-

riods or long storm events that brought new snowfall followed by blowing snow. Using these

classified events and synoptic-scale reanalysis, we trained a random forest classifier to esti-

mate long sublimation event occurrences and test whether they increased over the past four

decades. The model performed well (average precision = 0.73; balanced accuracy = 79%),

and results were most strongly associated with winter mean 500-hPa wind speed and total

observed precipitation. Event occurrence varied considerably year to year with no significant

long-term trend. In all, our findings show that accurately representing seasonal sublimation

requires capturing discrete events driven by identifiable synoptic and local meteorological
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conditions.

In Chapter 3, we performed a precipitation gauge measurement intercomparison to elu-

cidate the dominant drivers of precipitation measurement variability in a mountain location.

We compiled two years of precipitation measurements from 11 gauges deployed during the

Surface Atmosphere Integrated Field Laboratory (SAIL); Study of Precipitation, Lower At-

mosphere, and Surface for Hydrometeorology (SPLASH); and Sublimation of Snow (SOS)

campaigns, supplemented by one radar-derived product and two independent gridded prod-

ucts. We evaluated measurement performance against a well-maintained reference gauge,

identified the meteorological and instrument-specific drivers of measurement bias, and de-

termined which gauges were most robust in this harsh environment. We found a large

discrepancy in total accumulations across gauges, with individual gauges recording totals

that ranged from 56% to 153% of the reference gauge. However, these biases relative to

the reference were not distributed uniformly over time. Across all instruments, 40-60% of

the total bias was concentrated in only 10 events that occurred primarily during winter.

These event-specific biases disproportionately reflected instrument- and environment-related

limitations, with dominant contributors including power issues, gauge burial, blowing snow,

and high snowfall rates. For future precipitation measurement studies in mountainous, snow-

dominated terrain, we recommend at least two co-located storage-type gauges with low power

requirements be deployed to provide reliable, continuous measurements.

In Chapter 4, we found that late-season low flows in snow-dominated basins are sus-

tained in part by water stored across multiple years, producing hydrologic “memory” –

where storage conditions in one year influence streamflow in the next. We used the Struc-

ture for Unifying Multiple Modeling Alternatives (SUMMA) model to test whether adding

a basin-appropriate long-term storage compartment could reproduce this behavior in two

contrasting basins: the East River, Colorado, where deep groundwater is important, and the

Tuolumne River, California, where perennial snowpatches matter. Observed late-season low

flows showed significant one-year lag autocorrelation in both basins (ρ1 = +0.26 and +0.27),

which baseline models lacking a long-term storage compartment could not reproduce. Ex-
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plicitly modeling multi-year storage recovered this signature (ρ1 = +0.31 and +0.29), and

in both basins end-of-year storage was positively correlated with the following year’s low

flows. These storage compartments also contributed disproportionately to low flows during

dry years, supplying 30% of basin-wide low flows in the East and 14% in the Tuolumne,

compared with 19% and 1% in the baseline models. Both baseline and store-added configu-

rations substantially outperformed a snowpack–streamflow regression in the driest years, but

adding a storage component did not further improve water-year volume accuracy. A simpler

model appears sufficient for representing total water year volume and still outperforms a

snowpack–streamflow regression. Where the quantity of interest is low flow, particularly in

dry years, investing in a basin-appropriate representation of long-term storage is worthwhile,

and this matters most as these long-term stores decline. A model that does not represent

them cannot show that decline, and will instead attribute the resulting loss in late-season

flow to other processes.

5.2 Broader Impacts, Future Directions, and Open Questions

Much work has been dedicated to addressing the uncertainties in water resource forecasts.

But as these uncertainties become increasingly consequential in a changing climate [Livneh

and Badger , 2020; Siirila-Woodburn et al., 2021; Ramı́rez Molina et al., 2026; Sturm et al.,

2017], we must be willing to question the assumptions that have been the backbone of water

resource management over the past century [Pagano et al., 2004; Milly et al., 2008]. To do

so, we must continue to explore causes for uncertainties in all aspects of the water balance.

Each of the scientific advancements outlined in Chapters 2–4 has implications for future

scientific research or water resource management.

In Chapter 2, we identified the drivers of sublimation variability in a Colorado River

headwater catchment, contributing to the conversation about sublimation’s role in explaining

hydrologic anomalies in the basin. The dominant event types are likely applicable to other

mountain regions, though their relative frequency will vary with snow regime, terrain, and

weather patterns. Long events are sustained by storm-driven snowfall and wind, which favor
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blowing snow and turbulent mixing; short events require high net radiation, dry air, and a

breakdown of valley inversions. Both mechanisms are consistent with prior work emphasizing

the joint role of meteorological forcing and surface conditions in driving sublimation [Hood

et al., 1999; Xie et al., 2022]. Future research could try to determine the sources of turbulence

during these events and relate them to physical mechanisms, something that has yet to be

done in complex terrain [Manninen et al., 2018].

Given their connection to winds and precipitation, long sublimation events are influenced

by storm frequency and timing. While future changes to storm tracks remain uncertain

across the Colorado region [Bolinger et al., 2023], a shift toward fewer but stronger storms

could amplify sublimation during individual events. Likewise, an earlier onset of spring-like

conditions may increase the influence of short event frequency. Both these interactions should

be front of mind for future studies investigating sublimation changes in coming decades.

Secondly, the breakdown of valley inversions in snow covered mountain valleys merits

further study because this breakdown was a consistent feature of large sublimation events.

Improving our ability to predict inversion formation and breakdown could enhance our ability

to accurately detect these events. Lastly, our findings underscore the importance of resolving

event-scale processes in models that simulate snowpack evolution and water availability.

Therefore, if certain events are poorly captured in forcing data, or blowing snow conditions

are not represented, sublimation may be grossly misrepresented.

In Chapter 3, we compared precipitation measurements at a mountain site using instru-

ments rarely deployed together. By identifying the meteorological conditions that produce

the largest biases, we diagnose when and why measurement accuracy degrades – revealing

which gauges are most resilient during high-impact events and when records are most vulner-

able to instrument-specific failure. This provides a framework for prioritizing gauge types,

guiding site selection, and flagging periods warranting greater scrutiny.

Ground-based precipitation networks remain foundational for detecting hydroclimatic

change, evaluating remotely sensed products, and forcing hydrologic models – but reliable

measurements require more than a single gauge. Several practices can mitigate issues: de-
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liberate siting to reduce instrument-specific biases, redundant deployments to guard against

failure during critical events, and co-located meteorological observations to flag elevated un-

certainty. Perhaps most importantly, a willingness to document and share measurement

failures allows the community to honestly characterize the strengths and limitations of dif-

ferent technologies, ultimately helping to rein in precipitation measurement uncertainty and

improve returns from future deployments.

However, questions remain as to the direct consequence of different measurement strate-

gies on hydrologic model output. It is well known that precipitation is the primary form

of uncertainty in streamflow forecasts, but future work should be dedicated to testing how

hydrologic model performance differs when forced with precipitation from different gauge

types.

In Chapter 4, we determined how adding a long-term water storage compartment to a

semi-distributed, physically based hydrologic model affected its representation of streamflow

memory in two physiographically distinct snow-dominated basins in the western United

States, the East and Tuolumne Rivers. We applied a storage compartment that matches our

conceptual understanding of each basin – perennial snowpatches in the Tuolumne and a deep,

slowly draining aquifer in the East – and characterized memory using the lag autocorrelation

of annual 7-day August–October low flows.

Three findings emerged. First, the baseline models could not replicate the observed 1-year

lag memory in either basin, while the store-added configurations could. However, neither

model reproduced the observed 5-year lag memory signal, indicating that our conceptual rep-

resentations still miss features contributing to multi-year memory, though periodic variability

in precipitation may partly explain this longer cycle.

Second, end-of-year storage state in both store-added models was positively correlated

with the following year’s low flows, evidence of buffering between prior-year storage and

subsequent streamflow. In the Tuolumne, Landsat-derived snowpatch area showed the same

1-year lag correlation with observed low flows.

Third, adding a storage component had minimal effect on water-year volume accu-
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racy relative to the baseline, yet both model types substantially outperformed a snowpack-

streamflow regression in the driest years, reducing absolute bias by 64% in the East and 38%

in the Tuolumne relative to the regression. This underscores the value of representing all

water balance components when snowpack-streamflow errors are highest.

Several future research opportunities could expand on this work. Applying each storage

compartment type to the opposite basin would test whether a configuration tuned to one

storage mechanism degrades where physiography differs. Comparing across a range of subsur-

face complexity would identify the minimum representation needed to capture relationships

demonstrated with more sophisticated models. Extended drought and recovery experiments

have been performed for groundwater but not for perennial snow, and a direct comparison

of their response would clarify how differently these storage compartments behave during

extreme conditions.

Because storage memory was not a dominant source of the water-year volume errors

we examined, it is unlikely to explain most hydrologic anomalies. But as temperatures

continue to rise and droughts persist, long-term stores will draw down, and in the Tuolumne,

snowpatches may eventually disappear entirely. Models without representations of these

long-term stores cannot capture those changes and will instead attribute the resulting decline

in late-season flow to other processes, obscuring the cause of decline. Determining which

long-term storage mechanism dominates in a basin, and representing it explicitly, allows for

multi-year changes to be physically accounted for.

5.3 Final Thoughts

Water is a substance of contrast. It can freeze solid, flow freely, or vanish into the atmo-

sphere even in the same watershed on the same day. It is abundant, yet scarce; life-giving,

yet destructive. These contrasts draw us as hydrologists into exploring how water interacts

with the natural and built environment. Yet, it still holds many mysteries, as our current

representation of the hydrologic system can still break down spectacularly. As the climate

continues to change, we must motivate ourselves to continue advancing our understanding
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of the inter-connectedness of the hydrologic system from the atmosphere to bedrock. Never-

theless, we have come a long way. Back in 1861, an understanding of groundwater flow was

considered to be “secret, occult and concealed” and “practically impossible” to comprehend

(Ohio Supreme Court, Frazier v. Brown, 12 Ohio St. 294). It behooves us to keep advancing

the field so that processes we currently believe to be “practically impossible to comprehend”

become, in time, common knowledge.
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