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ABSTRACT 

Montane forests provide essential freshwater resources to the local ecosystems and downstream 

communities worldwide. Climate change is altering the energy and water budgets of montane 

forests; however, the magnitude and consequences to water resources is uncertain. This 

dissertation seeks to understand the interconnection between energy and water budgets to improve 

hydrological predictions by fusing cutting-edge in-situ and remote sensing observations with 

energy-budget modeling. We first focus on the impacts of snow models structure on the uncertainty 

of snow behavior under future warmer climate using a multi-modeling approach. We illustrate that 

a range of reasonable model decision and parameter combinations can accurately predict historical 

snowpack dynamics, but do not agree on projecting future snowpack behavior. Secondly, we 

unravel mass and energy controls on snow disappearance date (SDD) in montane forests using 

multi-site lidar observations. We develop a new conceptual model that incorporates the role of 

topography and vegetation structure to predict differential SDD in open and under canopy 

locations. Finally, we explore the accuracy of remote sensing-based thermal imagery, and two 

source energy balance modeling to estimate evapotranspiration variations in a montane site. We 

show that remote sensing-derived ET may struggle to characterize ET in montane forests. 
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Chapter 1 

Introduction  

Montane forests provide essential freshwater sources to the adjacent ecosystem and downstream 

communities (Viviroli  et al., 2007; 2011). Understanding and predicting hydrological processes in 

these critical regions require a careful examination of both energy and water budgets, since they 

are well interconnected. In mountain often referred to as the worldôs ówater towerô, snow 

accumulates in higher altitude in winter, and melts in spring and summer to supply freshwater to 

the canopy ecosystem for evapotranspiration, and human water needs (Viviroli et al., 2007). 

However, climate change is altering the energy inputs, resulting in large, but uncertain 

consequences to the water cycle of montane forests (Barnett et al., 2005), where the National 

Academies Decadal Survey (National Academies of Sciences, 2018) identified as a key area to 

understand hydrological processes and practice water resources managements. The Survey 

declared and prioritized a range of less-explored, critical research areas, including: 

¶ Developing and evaluating an integrated Earth system analysis with sufficient observations 

to accurately quantify the components of the water and energy cycles and their interactions 

(National Academies of Sciences, 2018).  

¶ Quantifying rates of snow accumulation, snowmelt, and sublimation from snow across 

topographic variability (National Academies of Sciences, 2018).  

¶ Determining how structure, productivity, and health of plants affects estimates of 

evapotranspiration (National Academies of Sciences, 2018). 

In this dissertation, we scrutinize to answer questions, relevant to these critical research topics. We 

aim to increase understanding of interconnection between energy and water cycles of montane 
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forests and improve hydrological predictions by fusing cutting-edge in-situ and remote sensing 

observations with energy-budget modeling. In Chapter 2, we focus on the prediction of snow 

behavior uncertainty under future warmer climate using an energy-based multi-model approach. 

Chapter 3 reveals mass and energy controls on snow disappearance timing in montane forests using 

multi-site lidar observations. Chapter 4 explores how accurate thermal-based observations, and two 

source energy balance (TSEB) model can capture a fine-scale spatial and temporal 

evapotranspiration variations in a mountainous mixed tree and grass cover study site.  

1.1 Chapter 2: How Well Do We Melt Snow? A Multi -Model Intercomparison Project 

Illustrates How Model Decisions Affect Climate Change Predictions 

Climate change is causing shallower snowpack (Evan, 2019; Cooper et al., 2016; Dibike et al., 

2018; Gergel et al., 2017; Mote et al., 2018) that melts episodically in winter (Harpold and Brooks, 

2018) and disappears earlier (Musselman et al., 2017; Wu et al., 2018). However, the magnitude of 

these future changes in snowpack behavior is uncertain (Chegwidden et al., 2019). One main source 

for this uncertainty is hydrological modeling decisions, referred as structural uncertainty 

Chegwidden et al., 2019; Wilby and Harris, 2006). Previous efforts only focused on a small set of 

hydrologic models to quantify future structural uncertainties, and did a ñspread analysisò as 

opposed to full ñuncertainty analysisò across complex hydrologic models, because of 

computational constraints (Chegwidden et al., 2019; Deser et al., 2020). They also developed the 

snowpack mass and energy budget models using only limited observed calibration and validation 

datasets; hence, the robustness of their uncertainty analyses in predicting future snowpack 

dynamics under warmer climatic has not been thoroughly assessed. There remains potential to 

comprehensively explore the importance of structural model uncertainty (hydrologic model spread) 

and its interaction with different plausible future climates. In this chapter, we take advantage of a 

multi-model framework, the Structure for Unifying Multiple Modeling Alternatives (SUMMA; 
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Clark et al., 2015), to incorporate multiple parameters and model decisions and conduct a structural 

uncertainty analysis using adequate forcing and validation data. We aim to better understand how 

snow model structure impacts the uncertainty of future projections. Our experiment focuses on a 

single, well-instrumented site (Swamp Angel in Senator Beck Basin, Colorado, USA) where 

provides multiple forcing and calibration datasets to constrain possible model decisions by applying 

different objective functions. We define three objective functions including peak SWE, snowpack 

melt rate and cold content. We use current and future climate simulations at 4-km grid spacing 

using the Weather Research and Forecasting (WRF) model (Liu et al., 2017), forced with current 

and RCP 8.5 end of the century climate scenario, to estimate future changes in forcing datasets. 

This experimental approach allows us to answer two questions: 

1) How do snow models that accurately predict historical SWE and cold content, respond to 

future climate scenarios? 

2) Are future snowpack predictions more uncertain than the past and what can be done to 

mitigate prediction errors? 

1.2 Chapter 3: Unraveling the Controls on Snow Disappearance in Montane Forests 

Using Multi -Site Lidar Observations 

Snow disappearance date (SDD) is an important control on the magnitude and timing of water 

available for forest ecosystems and downstream communities. A later snow disappearance delays 

soil water inputs, therefore peak forest transpiration (Cooper et al., 2020), and limits the duration 

of soil moisture stress for vegetations (Harpold, 2016). Improving predictions of snow retention is 

critical in montane forests where climate change portends shorter snow duration (Bach et al., 2018; 

Cooper et al., 2016; Dibike et al., 2018; Li et al., 2017; Harpold and Molotch, 2015). Processes and 

factors controlling the seasonal snowmelt are strongly influenced by local climate, forest structure, 
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and topography (Broxton et al., 2015; Dickerson-Lange et al., 2017; Lundquist et al., 2013; Tennant 

et al., 2017, Varhola et al., 2010).  

Competition among incoming radiation to snowpack, wind sheltering, and snow interception by 

canopy causes different snow disappearance timing in open areas versus under canopy. A current 

model for predicting snow disappearance date under canopy and in open areas suggests that 

locations with December-January-February (DJF) mean air temperature above -1°C have earlier 

snow disappearance under canopy areas, whereas sites with DJF mean air temperatures below that 

threshold display earlier snow disappearance in open areas (Lundquist et al., 2013). This model 

was developed from ground-based observations and has not been applied across canopy structure 

or slope-aspect gradients that are typical characteristics of montane forests. Active remote sensing 

tools, like lidar (light detecting and ranging), allow us for snowpack observation and snow retention 

estimates across different topography and forest structure. We leverage existing snow-on and snow-

off lidar observations at two relatively warm sites in the Sierra Nevada (Sagehen Creek Watershed 

and Kings River Experimental Watersheds, California) and two colder sites in the Rocky 

Mountains (Boulder Creek, Colorado and Jemez River Basin, New Mexico) to calculate fractional 

snow cover (fSCA) over large spatial extents. This analysis will answer three questions:  

1) How do open and under canopy fSCA and snow disappearance date (SDD) vary based on 

slope/aspect and elevation at sites with different climate?  

1) Does vegetation structure have greater impact on under canopy fSCA and SDD in some 

climates and/or topographic conditions than in others?  

2) What are the inferred energy and mass balance drivers causing differences in fSCA and SDD 

across open versus under canopy areas in warmer and colder climates?  
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1.3 Chapter 4: Estimating Evapotranspiration Gradients in a Montane Forest Using 

Thermal Observations and Two-Source Energy Budget Modeling 

Evapotranspiration (ET) from mountain forests regulates energy and water budgets of ecosystem 

and downstream communities (Rosado et al., 2016; Gaertner et al., 2019). However, climate change 

and wildfires has been affecting evapotranspiration and growing season length in montane forest 

(Cooper et al., 2020; Harpold, 2016; Ma et al., 2020; Saksa et al., 2020; O'Leary et al., 2018). 

Hence, effective forest ET monitoring and estimates can improve local forest management (Roche 

et al., 2020; Ohana-Levi et al., 2020) and reduce downstream water resources vulnerability to future 

climate changes. In this study, we will investigate whether thermal-based two source energy 

balance (TSEB) model (Norman et al. 1995; Kustas and Norman, 1997, 1999, 2000) can capture 

an observed fine-scale spatial and temporal ET variations in a mountainous mixed tree and grass 

cover study site in Sagehen, CA. Since high-resolution land surface temperature (LST) is the key 

observation driving TSEB modeling, we deploy thermal infrared (TIR) imagery via unmanned 

aerial system (UAS) at four dates over the study site, calibrate and validate them. We also collect 

ground-based LST, sap flow density measurements, and above and below canopy ET from eddy 

covariance (EC) towers of to constrain and verify our TSEB modeling using UAS thermal imagery 

and independent ECOSRESS ET products. Our unique dataset will allow us to answer three 

research questions: 

1) How does observed ET vary across tree clusters on a hillslope with differential groundwater 

access and differ between above versus below canopy vegetation? 

2) Can UAS and ECOSTRESS LST imagery capture the heterogenous latent cooling effects 

and does the TSEB model capture these ET gradients?  

3) What factors produce more or less skill in TSEB estimates of ET using thermal imagery from 

UAS and ECOSTRESS, and what are the implications for future satellite missions? 
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Chapter 2 

How Well Do We Melt Snow? A Multi-Model Intercomparison Project 

Illustrates How Model Decisions Affect Climate Change Predictions 

Abstract 

Seasonal snowmelt provides freshwater resources to downstream ecosystem and communities in 

many regions of the world. However, hydrological models predict that climate change will cause a 

loss of snowpack storage, earlier snow disappearance, and slower melt rate of shallower snowpack. 

Hydrological modeling decisions have formidable effects on these future projections of snowpack 

dynamics. We trained a multi-model framework, Structure for Unifying Multiple Modeling 

Alternatives (SUMMA), that mimics different snow model decisions on observations, and 

simulates historical ensemble spread of snow water equivalent (SWE) at a well-instrumented site 

in southwestern Colorado, USA. The projected ensemble spread, constrained by a peak SWE 

objective function (OF) shows that a range of reasonable model decision and parameter 

combinations can accurately predict past peak SWE within 10% over a wet and a dry year. These 

models are then perturbed with two pseudo global warming scenarios (RCP 8.5; end-of-century) 

with and without changes to precipitation (PGW and PGW0, respectively) to produce a future 

ensemble of snowpack projections. The PGW scenario shows a 33% decrease in future peak SWE 

and 42-day earlier snow disappearance date (SDD), while snowmelt rates may increase or decrease 

depending on model assumptions, such as albedo approximations. We then constrain the projected 

ensemble spread by including snowmelt rate and cold content as additional objective functions, 

which reduces the number of historically reasonable simulations. Constraining the ensemble spread 

shows decreases in projected peak SWE by 32% and earlier SDD by 41 days, and relatively no 

change in snowmelt rate under PGW scenario. We demonstrate that there is a 50% chance that a 
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historically reasonable snow model has more than 7% errors in future peak SWE prediction under 

these future climate scenarios. However, incorporating more observational information of 

snowmelt rate and snowpack cold content, can constrain the chance of poor future SWE predictions 

by 59%, melt rate by 43%, and SDD by 51%. These results call into question the reliability of 

calibrated physically-based snow models because of the effect of a priori model decisions on non-

stationary hydrological phenomena. We believe multi-model intercomparison frameworks have 

substantial advantages for constraining modelsô uncertainty and identifying ways to improve 

predicting the effects of climate change on key hydrological processes. 

2.1 Introduction  

Snowmelt magnitude and timing controls downstream water supplies and local ecohydrology in 

many regions across the globe (Barnett et al., 2005; Dudley et al., 2017). However, snowpack 

storage is declining in much of the mountainous western United States sites due to climate change 

(Mote et al., 2018), where up to 70% of annual streamflow is generated by snowmelt (Li et al., 

2017; Mote et al., 2018). Future shallower snowpack under a warmer climate (Evan, 2019; Cooper 

et al., 2016; Dibike et al., 2018; Gergel et al., 2017; Mote et al., 2018) melts episodically in winter 

(Harpold and Brooks, 2018) and disappears earlier (Musselman et al., 2017; Wu et al., 2018), since 

it does not need a large amount of energy to melt. However, quantifying these future changes in 

snowpack behavior have a large uncertainty (Chegwidden et al., 2019). One source for these 

uncertainties is methodological choices, among which hydrological modeling decisions (referred 

as structural uncertainty) have strong effects on future hydrological projections, including 

snowpack dynamics (Chegwidden et al., 2019; Wilby and Harris, 2006). The current generation of 

snowpack mass and energy budget models were developed using limited calibration field 

observations, and model decisions and parameter assumptions, therefore, their robustness for 

predicting future snow dynamics under warming climatic has not been comprehensively assessed 
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yet.  

Climate change will impact dominant snowpack energy and mass fluxes that drive snowpack 

accumulation and ablation. While shortwave radiation (SWR) is not expected to be altered directly 

by increased greenhouse gas levels in the atmosphere, changes in cloud cover and atmospheric 

water vapor are generally anticipated to decrease SWR across the globe (Freychet et al., 2019; 

Hanrahan et al., 2017; Hayasaka, 2018; Hofer et al., 2017; Schwarz et al., 2020; Wild et al., 1995). 

Increased humidity in future enhances the atmospheric greenhouse effect and results in an increased 

incoming longwave radiation (LWRin) due to changes in atmospheric emissivity (Kapsch et al., 

2016). Higher humidity also lowers the vapor pressure gradient between the snowpack surface and 

the atmosphere, reducing latent cooling from sublimation (Harder et al., 2017). Future warmer air 

temperature increases sensible heat exchange, assuming the snowpack surface temperature does 

not increase correspondingly (Harder et al., 2017). Because of increased energy fluxes, models 

suggest that snowpack mass will decline, and snow will disappear earlier, but the effects of common 

model decisions/assumptions on the uncertainty of future snowpack behavior prediction has not 

been comprehensively quantified. 

Physically based models are widely used to project the effects of global warming on future 

snowpack by tracking how energy and mass fluxes affect the internal energy and mass state of the 

snowpack (i.e. cold content). Previous efforts have shown that GCM (General Circulation Models) 

and RCP (Representative Concentration Pathway) assumptions, and hydrologic model choices 

have substantial influences on reliable projections of key future hydrologic fluxes (Chegwidden et 

al., 2019). However, the importance of structural uncertainty (defined as errors from model 

decisions and parameter choices) in these snow mass and energy balance models has only been 

assessed in a cursory way using a small set of possible models (Chegwidden et al., 2019). Indeed, 

computational constraints have limited conducting a full  ñuncertaintyò analysis across complex 
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hydrologic models (Chegwidden et al., 2019; Deser et al., 2020). Therefore, those efforts only focus 

on a small set of hydrologic models (e.g. Chegwidden et al. (2019) used only four different 

hydrology models in their future ensembles analysis), which is called ñspread analysisò as opposed 

to ñuncertainty analysisò. Spread analysis refers to the generated ensemble being a subsample of 

all possible future projections (Chegwidden et al., 2019). There remains a need to comprehensively 

explore the importance of hydrologic model spread (structural model uncertainty) and its 

interaction with different plausible future climates in future snow behavior projections.   

Recent snow model intercomparison projects (snowMIPs) attempt to highlight key modeling 

decision, needed to simulate historical snow dynamics, including peak snow water equivalent 

(SWE) magnitude and timing, melt rate, and snow season length (Chen et al., 2014; Essery et al., 

2009; Krinner et al., 2018). For example, Essery et al. (2009) showed that 33 common snow models, 

such as VIC, CLASS and CRHM, could reasonably capture historical snow cover duration and 

maximum snow accumulation without knowing the validation data a prior, but there was major 

inter-model discrepancy in key snow properties like snow surface albedo, surface temperatures, 

and soil temperature (Essery et al., 2009; Chen et al., 2014; Wang et al., 2016, You et al., 2020). 

Similarly, Krinner et al. (2018) used a snowMIP to highlight the importance of snow conductivity 

and visible and near-infrared snow surface albedo to accurately simulate historical snowmelt 

magnitude and timing in common snow models (e.g. CRHM, CLASS, SNOWPACK, and SWAP). 

Although previous snowMIPs focused on addressing some structural model uncertainties in 

simulating historical snowpack behavior and its mass and energy budget, they needed to simulate 

multiple modeling interfaces separately (e.g. VIC, CRHM, PRMS, etc.) and make decisions and 

assumptions for each model (Menard et al., 2020). Another challenge for those historically 

calibrated models is to reliably predict snow dynamics outside of historical conditions (Kumar et 

al., 2013). 
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Multi -model frameworks, such as the Structure for Unifying Multiple Modeling Alternatives 

(SUMMA; Clark et al., 2015a), help to solve the challenge of working across multiple modeling 

platforms that do not let us vary model decisions (and use inconsistent forcing datasets) in 

systematic ways. SUMMA incorporates multiple parameters and mathematical representations that 

use consistent calibration and validation data. It is capable of mimicking common land surface 

models (Clark et al., 2015b) or completing large sensitivity analyses to different choices in model 

decisions and parameters to quantify structural model spread. However, modeling historical 

snowpack characteristics by any platform, including SUMMA, is challenging without adequate 

forcing and validation data.  

Adequate forcing and validation data lesson the challenge in intercomparing snow models and 

finding the historically well-performed models. However, simultaneous measurements of  

snowpack energy inputs and SWE are available only in a few locations globally, and yet in those 

places precipitation is not measure very accurately and needs to be bias corrected by wind under-

catch using empirical equations (Krinner et al., 2018; Raleigh et al., 2015; Schlögl et al., 2018). 

Another challenge for historically-calibrated models is to reliably predict snow dynamics outside 

of historical conditions (Kumar et al., 2013). Solutions to this challenge are less established, but 

more inter-annual climate variability in a study site may improve model accuracy in future 

predictions. These previous efforts showed the challenges of snowMIPs in reliably representing 

historical snowpack dynamics and questioned the applicability of snowMIP-type of experiments in 

informing how snow model structure impacts the uncertainty of future projections (Essery et al., 

2009; Chen et al., 2014; Krinner et al., 2018). Consequently, future efforts to reliably demonstrate 

structural snow model uncertainty under climate change will require the combination of the best-

available observations and more robust modeling tools. 

We develop a novel multi-model experiment to illustrate the challenges in future snow prediction 
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due to model structural uncertainty and develop potential solutions to this loss of future skill. Our 

experiment focuses on a single, well-instrumented site (Swamp Angel in Senator Beck Basin, 

Colorado, USA) that take advantage of multiple datasets (i.e. snow pit mass and temperature 

information and snow depth data) to develop three objective functions with different levels of 

information: peak SWE, snowpack melt rate and cold content. This experimental method allows us 

to answer these questions: 

4) How do snow models that accurately predict historical SWE and cold content, respond to 

future climate scenarios? 

5) Are future snowpack predictions more uncertain than the past and what can be done to 

mitigate prediction errors? 

We use current and future climate simulations at 4-km grid spacing using the Weather Research 

and Forecasting (WRF) model (Liu et al., 2017), forced with current and RCP 8.5 end of the century 

climate scenario. The retrospective simulation dataset includes current and future air humidity and 

incoming shortwave and longwave radiations, in addition to the typical future temperature and 

precipitation predictions used in hydrological predictions (Currier et al., 2017; Krogh and Pomeroy, 

2019; Musselman et al., 2018). We force historically reasonable models with the future climate 

scenarios and assess their accuracy using our best future guess (BFG) of the snowpack based on 

the most observationally constrained models. We hypothesize that uncertainty arising from model 

structure under future projections will be larger than historical predictions, but that additional 

observations of snow energy state may constrain model structural uncertainty.      

2.2 Materials and Methods  

2.2.1 Study Sites  

We choose Swamp Angel site, located in the western San Juan Mountains of southwestern 
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Colorado (CO) at 37Á54ô24.89088ǌN, -107Á42ô40.75924ǌW. This site is considered an open site 

with no vegetation cover, located at. 3368 MASL (CAIC, 2018). The average annual wind speed 

is 1 m/s and the mean annual precipitation is about 1200 mm (CAIC, 2018). We perform our snow 

model spread analysis in a dry (2007) and wet (2008) water year, when dust did not cover snowpack 

(CODOS, 2019). The peak SWE in 2007 and 2008 was 711 and 977 mm, respectively. Snow 

disappearance date (SDD) in the dry and wet year are 249th and 259th day of water year, 

respectively. We estimated average melt rate at 6.4 cm/day in the dry year and in the wet year at 

2.5 cm/day. We employ the snowpack properties in 2006 as a validation to assess our historically-

accurate model performances. The peak SWE and melt rate in 2006 are 736 mm and 6.0 cm/day, 

respectively.  

2.2.2 Historical and Future Data Sets 

Data measured at the Swamp Angel site, including hourly specific humidity (q, g/g), air temperature 

(AT, K), wind speed (WS, m/s), atmospheric pressure (AP, pa) and precipitation (P, kg/s/m2), along 

with hourly incoming longwave (LWRin, W/m2) and shortwave (SWRin, W/m2) radiation are used 

to simulate historical snowpack behavior. Hourly precipitation is corrected for wind induced under-

catch using the world meteorological organization method (WMO, 1998) for rainfall and snowfall 

separately. Future climate projections from WRF under a pseudo global warming approach (Liu et 

al., 2017) is used to simulate a spread of future snowpack dynamic. WRF was run at 4 km grid 

spacing over western North America, which can capture orographic precipitation effects by 

resolving convection and mesoscale orography (Liu et al., 2017; Wrzesien et al., 2018; Rasmussen 

et al., 2011, 2014). The WRF model was forced with the current climate dataset from 2000 to 2013 

and a pseudo global warming scenario (PGW) under the representative concentration pathway 8.5 

(RCP8.5) for the end of the century (Liu et al., 2107). Daily PGW WRF simulations of T, SH, and 

LWRin under historical (2000-2013) and future climate scenarios are subtracted and then averaged 
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for each month (Table 2.1). In the case of P and SWRin, historical and future simulations are divided 

and then averaged monthly (Table 2.1). These monthly perturbations are applied to the hourly 2007 

and 2008 forcing data to define the future scenarios. Our multi-model framework, SUMMA, then 

is simulated under three historical and future scenarios: 

1) Historical climate scenario: Observed hourly forcing data is used. 

2) PGW scenario: Observed hourly wind speed, and atmospheric pressure is used, along with 

future projections for air temperature, precipitation, specific humidity, incoming longwave 

and shortwave radiations.   

3) PGW0 scenario: Observed hourly wind speed, atmospheric pressure, and precipitation is 

used, along with future projections for air temperature, specific humidity, incoming 

longwave and shortwave radiations. Since projecting future precipitation has the highest 

uncertainty among the other forcing data, we do not change historic precipitation for this 

scenario (Liu et al., 2017). Indeed, uncertainty in projected precipitation phase and magnitude 

can result in higher uncertainty in future snowpack properties prediction which is the focus 

of our study here. Another reason for excluding PF in this scenario is the location of our site. 

Swamp Angel is located in a mountainous forest with complicated orographic and cyclonic 

precipitation and air temperature patterns which is challenging to predict (Liu et al., 2017). 

Although WRF model resolution of 4 km can capture the orographic precipitation effects, 

there remains uncertainty in projecting future snowpack behavior, such as snow albedo under 

complex air temperature and precipitation patterns (Liu et al., 2017).   
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Table 2.1: Mean monthly perturbations (future - historical) calculated from WRF simulations. 

These perturbations are applied to hourly observed air temperature, precipitation, specific humidity, 

incoming longwave and shortwave radiation.  

 

 

 

 

 

 

 

2.2.3 SUMMA : Structure for Unifying Multiple Modeling Alternatives   

SUMMA is a multi-model framework that offers multiple model representations for dominant 

biophysical and hydrologic processes. It has different level of model complexity with several flux 

parameterizations that allow the quantification of various sources of model uncertainty (Clark et 

al., 2015a). In SUMMA, the model physics and equations are cleanly separated from their 

numerical solution. The SUMMA framework supports a general set of conservation equations in 

thermodynamics (energy balance) and hydrology (water balance) domains and provides flexibility 

in the choice of parameterizations and model equations. The flux parameterizations are totally 

separated from the conservation equations which facilitates the investigation of different modeling 

assumptions impact on future snow dynamics (Clark et al., 2015a). The main SUMMA 

parameterizations of snow thermodynamics and hydrology is explained in Supplementary section 

1.  

Month æT (C°) PF (-) æSH (g/g) æLWRin (w/m2) SWRinF (-) 

Oct 6.30 1.03 0.0028 30.89 0.96 

Nov 5.66 1.11 0.0022 27.67 0.96 

Dec 4.95 1.18 0.0017 23.57 0.96 

Jan 4.46 1.16 0.0017 22.66 0.96 

Feb 4.22 1.12 0.0017 21.53 0.97 

Mar 4.23 1.00 0.0015 20.54 0.97 

Apr 4.89 0.86 0.0017 20.80 0.97 

May 5.87 0.88 0.0019 25.72 0.99 

Jun 5.78 1.23 0.0022 32.23 1.00 

Jul 5.36 1.23 0.0025 32.54 0.99 

Aug 5.32 1.09 0.0028 32.71 0.98 

Sep 5.92 0.93 0.0030 31.24 0.99 
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2.2.4 Spread Analysis of Model Decision and Parameter Combinations  

SUMMA offers a broad range of different model decisions and parameters to quantify the physical 

processes affecting the snow energy and mass budgets. We performed two sets of sensitivity 

analyses to decrease our computational challenges and find the most effective model decision and 

parameter combinations. Model performance is assessed against three snow metrics: averaged peak 

SWE in four dates in each year when highest observed peak SWE was recorded, averaged melt rate 

and the day of snow disappearance (SDD, defined as the first date when snow disappears after peak 

SWE) in 2007 and 2008. 

1st Sensitivity Analysis: We hypothesize that some vegetation-related model decisions and 

parameters may affect snow dynamics in our open sites, as our site is located in montane forested 

area and may be affected by the surrounding vegetation. Please clarify. Different parameterizations 

for estimation of LAI (leaf area index), SAI (stem area index), vegetation roughness length and 

displacement height, canopy emissivity, wind profile through the canopy and net canopy shortwave 

radiation are examined. However, our selected snow metrics (peak SWE, melt rate and day of snow 

disappearance) are not sensitive to them in our open site. 

2nd Sensitivity Analysis: The purpose is to explore snow-related model decisions and parameter 

combinations to find the ones that snow dynamics are sensitive to. A broad range of both model 

decisions and parameters are explored individually, including new snow density, atmospheric 

stability corrections, albedo representation, snow thermal conductivity, liquid water flux through 

snowpack layers and precipitation phase, which were showed effective in previous snowMIPs 

(Chen et al., 2014; Essery et al., 2009; Krinner et al., 2018; Wang et al., 2016, You et al., 2020). 

The most effective models and parameters were chosen for the historic spread analysis (Table 2.2).  

Historic spread analysis: We applied a spread analysis on the most effective combinations of model 

decisions and parameters (Table 2.2) to which the snow metrics are sensitive. We used the VARS-
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TOOL (Variogram Analysis of Response Surfaces Software) to generate a series of parameter 

combinations in a realistic range, and physically suitable for our study site (Clark et al., 2015 a, b). 

VARS-TOOL is a multi-method toolbox to simulate a range of sensitivity indices, based on 

derivative, variance, and variogram concepts (Razavi et al., 2019). With combinations of 11 model 

decisions 13 parameters, SUMMA is executed under 188500 different ensembles in Swamp Angel 

in 2007 and 2008.  

Table 2.2: Model decisions and parameters used in SUMMA spread analysis  

 

1BALS computes snow albedo as a combination of the visible wavelengths albedo, infrared wavelengths 

albedo, and soot content which are functions of both snow age and solar zenith angle. 

 

Fluxes/properties Variable Model Parameters 

Shortwave radiation Albedo 

Variable decay rate: 

(Biosphere Atmosphere 

Transfer Scheme; 

BATS approach; 

Anderson, 1976; 

Dickinson et al., 1993)1 

i. fraction of radiation in 

visible part of spectrum 

(Frad_vis) 

ii. albedoSootLoad 

iii. albedoMaxVisible 

iv. albedoMinVisible 

v. albedoMaxNearIR 

vi. albedoMinNearIR 

ix. albedoDecayRate 

x. albedoRefresh 

Turbulent heat fluxes 
Atmospheric 

stability 

MO similarity 

(Standard; Monin and 

Obukhov, 1954) 
i. Critical Richardson 

number 

Louis inverse, 1979 

Snow properties 

Thermal 

conductivity of 

snow 

Jordan, 1991 - 

Tyen, 1965 - 

Smirnova et al, 2000 
i. Fix thermal 

conductivity of snow  

New snow 

density 

Hedstrom and Pomeroy, 

1998  
- 

Pahaut, 1976 - 

Constant Density - 

liquid water flux 

through each layer of 

snowpack 

Relative 

saturation of 

snowpack 

SUMMA 

i. hydraulic conductivity 

of snow (k_snow) 

i. exponent for meltwater 

flow (mw_exp) 

Precipitation phase Fraction of snow SUMMA 

i. critical temperature 

where precipitation is 

snow or rain 

(tempCriticRain) 



21 

 

 
 

2.2.5 Objective Functions to Estimate Model Accuracy and Ensemble Spreads 

We defined three-pronged objective functions (OFs) to find the historically reasonable model 

decision and parameter combinations out of the 188,500 ensembles. OFs include normalized 

absolute error of peak SWE, melt rate, and snow cold content prior to the beginning of the melt 

season:  

 ὕὊρ
 

                                     (2-1) 

ὕὊς
 

                                       (2-2) 

ὕὊσ
 

                        (2-3) 

We defined an accuracy threshold of 10% for peak SWE (OF1), 20% for melt rate (OF2) and 60% 

for cold content (OF3), to define the historically accurate decision model and parameter 

combinations. Figure 2.1 shows cumulative probability functions of our three OFs. Black line in 

this figure depicts the threshold that we choose for each OF. These thresholds were chosen because 

they result in high accuracy in projected snow dynamics, as well as computationally acceptable 

number of model decision and parameter combinations for the climate change analysis. We also 

found that small changes in this threshold have limited effects on the results defining the BFG 

(Figure S2.1). Afterward, we perturb SUMMA under two future scenarios of PGW0, and PGW 

using three sets of model decision and parameter combinations, derived from three OFs: peak SWE 

(OF1), peak SWE and melt rate OFs (OF1+OF2), and peak SWE, melt rate and cold content 

(OF1+OF2+OF3).  
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Figure 2.1: Cumulative probability functions of the three objective functions. Black lines represent 

the thresholds chosen for each objective function (10% for peak SWE (OF1), 20% for melt rate 

(OF2), 60% for cold content (OF3). 

2.3 Results and Discussion 

2.3.1 Are historically accurate models right for the right reasons?  

A threshold of 10% in peak SWE (the simples, objective function, OF1), retains numerous 

reasonable model configurations that have equifinality across important model decisions and 

parameters. Applying a threshold of 10% in peak SWE accuracy retains 1.9% of the models (3547 

of 188,500). We validated this subset of ensembles after OF1 using 2006 forcing data (Figure S2.2). 

In general, the ensembles are able to reasonably simulate SWE time series in 2006 along with 

averaged normalized melt rate and SDD, with more discrepancy on peak SWE (Figure S2.2-b). 

One reason for this discrepancy can be attributed to challenges in estimating under-catch 

precipitation in that year. Figure 2.2 presents the model decisions and parameters selected using 

OF1 in a simplified conceptual diagram of the SUMMA framework (i.e. a subset of the 

óhorrendogramô from Clark et al. 2015a). This analysis shows that some model decisions have a 

higher probability of being chosen (pie charts in Figure 2.2). For example, among the three 

parameterizations for snow thermal conductivity, the ñSmirnovaò (Smirnova et al., 2000) 

parameterization is included in 58% of the ensembles, compared to 17% for the ñTyenò (Tyen, 
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1965) and 25% for the ñJordanò (Jordan, 1991) parameterizations. Conversely, the model decisions 

for estimating the atmospheric stability and new snow density (Figure 2.2, pink and purple pie 

charts respectively) have roughly equal probabilities to be chosen as the most appropriate model. 

In addition, parameters associated to a single model decision can have a wide range of values 

(shown as the line plots in Figure 2.2) and still satisfy OF1. This óequifinalityô is likely due to 

tradeoffs with other modeling decisions and/or parameter values. For example, the albedo decay 

rate parameter tends to be unimodal in the standard-tyan-pahaut (stp) parameterization, but bimodal 

in the standard-sminrnova-hedstrom (ssh) models set. These bimodal distributions are also found 

in snow hydraulic conductivity distribution (Figure 2.2, in the standard-sminrnova-hedstrom (ssh) 

parameterization) and may suggest equifinality across model decisions and parameters leading to 

reasonable calibration despite widely different range of parameter values.  

Adding more observed-information through two additional objection functions (i.e. OF2 and OF3) 

leads to fewer model configurations that satisfy the required absolute model accuracy (OF<10%, 

OF2<20%, and OF3<60%) and less evidence of equifinality across model decisions and parameter 

values (Figure S2.3, S2.4). After including OF2 (associated with melt rate), the number of model 

ensembles is reduced to 572 (from 3547 using OF1 alone). Snow thermal conductivity is better 

represented by the ñSmirnovaò parameterization; however, parameters such as snow hydraulic 

conductivity continue to show bimodal distributions (Figure S2.3). The number of selected model 

configuration is further reduced to 217 when OF3 (associated with cold content of 60%) is added 

(Figure S2.3). In this case (the most restricted), a single parameterization is often chosen, such as 

the ñSmirnovaò for snow thermal conductivity, and the range of possible parameter values is highly 

constrained (Figure S2.3). However, even with only 217 models (out of the 188,500 original 

ensemble members), there still remains uncertainty in model decisions (e.g. atmospheric stability) 

that are indicative of equifinality. The overall results match our expectations emphasizing that 

addition of more observational information constrains model decision and parameter spread, but its 
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effects on structural model uncertainty in a future climate is of great interest for hydrologic 

prediction. 

 

Figure 2.2: Multiple alternative model and parameter options used in the spread analysis under a 

simplified conceptual diagram of SUMMA framework, integrated as part of the SUMMA 

numerical solver. Pie charts and plots show model options and some of the parameter options 

involved in the OF1 accurate ensemble spread. We only wrote the name of remaining parameters 

for simplification (We only choose ñstpò, ñljcò and ñsshò model combinations here to show as an 

example. ñstpò is an abbreviation for standardïtyanïpahaut; óstandardô to estimate atmospheric 

stability ï óTyenô to estimate thermal conductivity of snow ï ópahautô (Pahaut, 1976) to estimate 

new snow density. ñsshò is the abbreviation for standardïsmirnovaïhedstrom, and ñljcò for louisï

jordanïconstant). 

2.3.2 Predicting the future with historically accurate models 

Using the 3,547 model configurations that passed the 10% accuracy threshold for peak SWE using 

OF1, we predict a spread of snowpack response under our pseudo-global warming scenarios (i.e. 
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PGW and PGW0) in the wet and dry water year. Averaged peak SWE changes (future ï historical) 

are -343 and -263 mm in PGW0 and PGW, respectively (Figure 2.3) which reflects an 11% increase 

in winter precipitation in the future PGW scenario. Accurate historic ensembles have standard 

deviation of 28 mm for peak SWE, which increases to 34.6 and 30.4 mm for PGW and PGW0, 

respectively (Figure S2.5). PGW scenario shows more variability as it includes future changes in 

precipitation which adds more uncertainty to snow projections. Despite the increase in future 

snowpack variability compared to the historical period, future spreads consistently predict a mean 

decrease in peak SWE. Ensemble spreads also agree that SDD will decrease on average by 44 days, 

with a small variance of about 4.4 days for the 3,547 historically accurate models (using OF1). 

Large uncertainty in projections exists in changes in snowmelt rate, where both increases and 

decreases are found (Figure 2.3). These models support a null hypothesis that future predictions 

will be more uncertain than historical across different climate scenarios. 

Adding more thermodynamic information about the snowpack (i.e. melt rate and cold content in 

OF2 and OF3) substantially reduces variability in future snowpack projections (Figure 2.3) as the 

range of model decisions and parameters is constrained. We take advantage of the consistent 

reduction in variance of the model spread in both historical and future scenarios (Figure S2.5) and 

define the ensemble mean of the 217 historically accurate models after applying OF1, OF2, and 

OF3 as the best future guess (BFG) of snowpack response to climate change (horizontal lines in 

Figure 2.3 c, d, e). The peak SWE for models validated only with OF1 had an error of 3.5% (19 

mm) for peak SWE compared to the BFG from PGW scenario (Figure 2.3c). The BFG generally 

shows 2 and 1 days later SDD than the OF1 ensemble mean under PGW and PGW0 scenarios. 

More interestingly, the BFG predicts a 10% faster melt rate than the mean ensemble using only 

OF1 under the PGW scenario (Figure 2.3). It projects a 32% slower snowmelt in dry year (1.30 and 

1.23 cm/day), but 29% faster in wet year (2.2 and 2.13 cm/day) under the PGW scenario, 

respectively (Figure S2.5 b). These changes are captured reasonably well by using OF1 and OF2 
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together, but poorly estimated using only OF1 (Figure 2.3). These overall changes are in contrast 

with melt rate projections in North America that show a lower snowmelt rate in deep snowpack 

(like the one in our study site) that begin to melt earlier under a warming climate when radiation is 

lower (Musselman et al., 2017). Developing the BFG requires a number of assumptions (section 

4.3), but it helps to set up a reasonable multi-model experiment to improve the chances of choosing 

a more effective (i.e. BFG) snow models to predict the effects of climate change on snowpack.   

 

Figure 2.3: Observed SWE (black dots), historic (blue), PGW (green) and PGW0 (pink) ensembles 

spread using OF1 (a); historic (blue), PGW (green) and PGW0 (pink) ensembles spread after 

applying 3 OFs (OF1+OF2+OF3) (b); Boxplot change in peak SWE (future ï historic) (c), average 
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daily melt rate (d) and SDD (e) under future climate scenarios, ñPGW0ò and ñPGWò and the 

different OFs. Negative values indicate decreased snow metrics in a warmer climate. 

 

2.3.3 Implications for future snow prediction with conventional models  

The unique multi-model framework and BFG demonstrates the high likelihood of selecting a snow 

model that poorly predicts the future, despite being effectively calibrated to the past. Due to the 

configuration of SUMMA, each model represents a reasonable óoff-the-shelfô snow land surface 

model that has been calibrated for the Swamp Angel site. Therefore, we give each calibrated model 

an equal chance of being selected, and estimate the 50%, 25%, and 5% worse performing models 

against the BFG (Figure 2.4). The increases in future uncertainty are slightly higher in the PGW 

scenario than the PGW0 scenario, in general (Figure 2.4); therefore, here we only focus on PGW 

for simplicity. Using OF1 only, the deviations from BFG for melt rate and SDD are not substantially 

higher in the future PGW scenarios than historical (Figure 2.4). However, there is a 5% chance of 

selecting a model with 61% higher uncertainty in projecting future peak SWE (light blue bars in 

the first row of Figure 2.4). Using OF1+OF2+OF3, the deviations from BFG for peak SWE under 

future PGW scenarios is much higher than the historical deviations. For example, the 5% worse 

models increase the uncertainty in peak SWE prediction by 58% under PGW using OF1+OF2. 

Similarly, the 5% worse models increase the uncertainty in SDD increases by 105% under PGW 

using OF1+OF2. These results reflect how structural uncertainties in historically accurate models 

interacts with an uncertain non-stationary future climate to increase predictive uncertainty.   

The increase in future uncertainty relative to the past is likely due to snow processes operating 

outside their historical range of variability or interacting with other processes in new ways (Figure 

2.2). Changes in future climate are substantial at Swamp Angel, leading to about 14 W/m2 decrease 

in SWR and ~10 W/m2 increase in LWR (Figure S2.6 a, b). However, snowmelt timing is affected 

by increased turbulent fluxes (Figure S2.6 c) and decreased net radiation, which generally led to 
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higher net energy fluxes (Figure S2.7) during the snowmelt season (and higher melt rates). A 50% 

decrease in sublimation (Figure S2.8) is caused by a combination of reduced SWR, higher absolute 

humidity, and smaller snowpack with a shorter season. Much of these results for projection of peak 

SWE are complicated by 10-20% increases in precipitation during the coldest period of the year 

(Table 2.1). The interactions of different PGW scenarios (and interannual variability in climate) 

with model decision and parameter combinations make tracing the source of these uncertainties 

difficult. However, future small-scale studies in areas with similar climate could perhaps use these 

results to pre-select the most appropriate decision models and parameters and try to include 

important information (such as snowpack melt rate and cold content) that may have been 

insignificant in the past. 

 

Figure 2.4: Deviation from BFG corresponding to 5%, 25% and 50% probabilities of choosing the 

worse performing model decision and parameter combinations in three sets of OFs under historical, 

and PGW scenarios. Deviation values for peak SWE is the absolute difference between peak SWE 

spreads and its BFG, divided by the BFG. For melt rate and day of snow disappearance, we only 

calculate the absolute difference.  

One effective mitigation strategy to constrain future model prediction uncertainty is to introduce 

more observational information into the historical calibration. This is supported by the decreasing 
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range of model decisions and parameters as objective functions are added (Figure 2.2 and Figures 

S2.3, S2.4). Adding information about melt rate (OF2), substantially constrains future uncertainty 

compared to only calibrating against peak SWE (OF1) especially among the 5% worse performing 

models (Figure 2.4). In contrast, there is only marginal improvements in future predictive 

uncertainties of the 50% and 25% worst performing models when cold content (OF3) is added, but 

there is a consistent improvement in future uncertainties of the 5% worst performing models. One 

of the main limitations of our approach is assuming perfect experimental designs, since our model 

is a physically-realistic multi-model, simulated for a site with co-located forcing and snowpack 

observations which is an ideal layout to develop our approach. We do not expect our snowpack 

predictions to be easily transferred to other sites where local historical and future climate will lead 

to a different set of calibrated models and different interactions with future climate. However, our 

results provide evidence that alternative multi-model approaches hold promise for reducing model 

structural uncertainty.   

2.4 Limitations and Strengths of Future hydrological prediction using multi-model 

projects  

Our example of an intercomparison of snowpack response to climate change offers a unique multi-

model framework to explore and improve historical and future hydrological prediction. Despite 

focusing on a relatively isolated set of snow processes in an open, non-canopy covered site, we 

show that climate change scenarios interact with the subjective model decision and parameter 

combinations and lead to high structural uncertainty (Menard et al., 2020; Figure 2.2 and 2.3). Our 

intercomparison approach highlights the importance of creatively leveraging co-located 

observations into objective functions to sufficiently constrain model decisions and parameters. The 

choice of objective functions and their thresholds are impactful on the spread of future snow 

properties. Although we showed that a 20% decrease in the OF thresholds (Figure S2.1) does not 
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have a large effect on the future spread of snow properties, a sensitivity analysis on the thresholds 

may better aid to determine the BFG of snow behavior. One may use Multi -objective Evolutionary 

Algorithms (MOEAs), such as the non-dominated sorting genetic algorithm (NDSGA) (Reed et al. 

2013, Deb et al. 2002), to find an optimum threshold for the OFs. These optimization approaches 

can be also applied to constrain the number of model decisions and the range of parameters that are 

incorporated in the structural uncertainty. Regardless of which approaches to be used to select the 

model decisions and parameter ranges (i.e. a simple one-way uncertainty analysis, like our 

approach in this study, or a more complex optimization method, like NDSGA), the model decisions 

and parameters selection, based on calibration metrics, can lead to ñequifinalityò (Feng and 

Beighley, 2020). In fact, the equifinality exist across the model decision and parameter 

combinations, and those combinations are perhaps not right for the right reasons; although they are 

able to reasonably simulate the historic snow properties. One proof for this equifinality is more 

discrepancy on peak SWE simulation in 2006 (Figure S2.2-b) when historically-reasonable model 

decision and parameter combinations (after applying peak SWE objective function) are challenged 

to simulate peak SWE. Here we bring in two reasons for the overprediction of peak SWE: 1) 

attribution in estimating under-catch precipitation in 2006 and 2) the absence of dust on snowpack 

in the calibration years of 2007 and 2008. The least amount of dark mineral dust has been observed 

in two calibration years of 2007 and 2008 in Swamp Angel, but more dust layer was observed in 

2006 (CODOS, 2019). Since the presence of dust on snowpack affects snow albedo and absorption 

of solar radiation, it may also challenge the prediction of future snow properties; hence, it needs 

careful attention in future studies.   

Our intercomparison approach has a broad application to study any hydrologic variable response 

to climate change, but has limitations. If we would include vegetation influence on snowpack 

response to climate change in a forested site, or investigate additional hydrological processes, like 

soil drainage, evapotranspiration, the modeling framework would become more complex and 
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require additional observations. As the model complexity increases, due to the larger numbers of 

model decisions and parameters, the higher level of equifinality would happen. Although all 

hydrologic models represent a simplified version of natural hydrologic processes (Beven and 

Cloke, 2012; Feng and Beighley, 2020), one may argue that high  physical complexity  in  modeling 

frameworks makes them  harder  for  users to understand (Menard et al., 2020). Simple degree-day 

snowmelt model, as an example, only requires daily air temperature as the forcing data and a 

degree-day coefficient, as the parameter, and it may accurately simulate historic snowpack melt 

rate in some locations and under specific climate conditions. However, it is challenging to examine 

the snowmelt response to climate change using such a simple model which does not count for future 

either incoming longwave and shortwave radiations or precipitation and atmospheric humidity. 

Therefore, more complex modeling frameworks are still needed to not only study the intricate 

impact of climate change on hydrologic process, but to simulate detail historic behavior of 

hydrologic variables. Still our intercomparison approach can aid to better understand the predictive 

uncertainty of a wide variety of hydrological processes under climate change, by creatively 

leveraging co-located observations into objective functions.  

Although one of our fundamental findings highlights the importance of sufficiently constraining 

model decisions and parameters using co-located observations, adequate observational datasets are 

not often available or scalable for other hydrological processes like soil water dynamics and 

evapotranspiration. New observations will be critical to increasing model fidelity and reducing 

structural uncertainty in more complex hydrological processes. For example, geophysical 

measurement of soil moisture from cosmic rays (COSMOS) at a sufficiently large scale helps to 

avoid issues that plague field-based sensors may have, as they are not representative of the 

surrounding area (Zreda et al., 2012). COSMOS may bring in more information to constrain 

structural uncertainty in future soil water dynamic predictions. Additionally, our framework relies 

on accurate forcing information that can be very hard to constrain (e.g. precipitation and wind 
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speed) over complex topography. Improved forcing datasets, from more observations will have 

cascading effects on reducing structural model uncertainty. Applying this framework to other 

hydrological processes, like evapotranspiration, is tempting but will necessitate careful 

experimental design that utilizes the accurate associated observations. The computational 

challenges of performing sensitivity analyses on even more complex hydrologic processes is 

substantial. The future efforts require to overcome computational constraints by using powerful, 

high-performance supercomputers, particularly if they examine modelôs structural uncertainty 

under future variable climate (Chegwidden et al. 2019). However, many of the ingredients needed 

to perform more detailed model uncertainty analysis are available and a concerted effort should be 

undertaken in the hydrological sciences to constrain our predictions under climate change. 

 

Supplementary Materials, Methods and Figures 

S2.1 SUMMA, Structure for Unifying Multiple Modeling Alternatives: Dominant Process 

and Flux Parameterizations  

SUMMA formulates a general set of conservation equations and simulates thermodynamics 

(storage and flux of energy) and hydrology in atmosphere, canopy, snow and soil (Clark et al., 

2015b). SUMMA has a hierarchical spatial structure consisting of a collection of Grouped 

Response Units (GRUs), and a collection of Hydrologic Response Units (HRUs) within each GRU. 

It HRUs can also be used to examine different hypotheses and modelling approaches on the same 

area with same forcing data. In fact, they can be applied as a tool to analyze the sensitivity of 

physical processes and variables to several models and parameterization.  

In this research, SUMMA is simulated with energy flux for upper boundary condition (BC) and 

thermodynamics and zero flux for lower thermodynamics BC, implying if there is snow on the 
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ground no energy flux goes into the soil (Clark et al., 2015b).  For the hydrology section, liquid 

flux is chosen as the upper BC, and drainage as the lower BC (Clark et al., 2015b). ROSETTA 

(Schaap et al., 2001) is used as soil-category dataset and 'sandy clay loam' is the best matched soil 

category for our site (Clark et al., 2015b). We assume that soil properties of our site are saturation 

water content = 0.384, vanGenuchten_alpha = -2.11; vanGenuchten_n = 1.33, saturated hydraulic 

conductivity = 1.526 × 10-6 (Clark et al., 2015b). USGS vegetation category dataset (USGS, 2011) 

is used with 'Grassland' cover. We assume LAImin = 0.52; LAImax = 2.90; emissivitymin = 0.920; 

emissivitymax = 0.960; albedomin = 0.19; albedomax = 0.23 in our site (Clark et al., 2015b). Toward 

the scope of this research, the main summa parameterizations of snow thermodynamics and 

hydrology is explained here.  

Snow Thermodynamics: In snow domain, the thermodynamic conservation equation, describing 

the change in stored energy for snow, can be written as (Clark et al., 2015b): 

ὅ ” ὒ                                                                                                 (S2-1) 

where Ὕ is the temperature (K) and the superscript s refers to the snow domain. The first and second 

terms on the left-hand side (LHS) of equation (1) show the temperature change and phase change 

respectively. The rate of change in snow volumetric ice content —  is associated with melt/freeze 

processes where an increase in —  is freezing and a decrease is melting (Clark et al., 2015b). ”  

is assumed 917 kg m-3, and ὒ  is a physical constant defining the latent heat of fusion. The 

vertical energy flux of snow (F) can be defined as 

Ὂ

ὗ ὗ ὗ ὗ ὗ      ᾀ Ὤ

‗                                                             ᾀ Ὤ

                                                     (S2-2) 

where ὗ  ÁÎÄ ὗ  are the net shortwave and net longwave radiation fluxes (W m-2), 
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ὗ  ÁÎÄ ὗ  are the sensible and latent heat at the height of the surface-atmosphere interface 

(ᾀ Ὤ ), and ὗ  is heat exchanged by precipitation (Clark et al., 2015b). Ὤ  is the height of 

the snow-atmosphere interface (z is positive downwards, and Ὤ  is negative when snow is present 

and otherwise is zero (Clark et al., 2015b). ‗  is the thermal conductivity within the snowpack (W 

m-1 K-1). The thermal properties of snow vary during the melting process and is a function of the 

snow density and snow microstructure (Nuijtena and Høyland, 2017). Fresh snow has a lower 

thermal conductivity than old snow. The values of the effective thermal conductivity range from 

0.025 to 0.56 W m-1 K-1 for densities from 10 to 550 kg mī3 (Nuijtena and Høyland, 2017). Nuijtena 

and Høyland (2017) show that thermal conductivity of snow depends on the percentage of water 

content  — , ice content  — , and air content  — , in the snowpack, and their distributions.  

ὗ  absorbed by snowpack can be parameterized by (Clark et al., 2015b): 

ὗ ὗ  ρ ‌                                                                                                          (S2-3) 

where ὗ  incoming shortwave radiation, and ‌  is the surface snow albedo (Clark et al., 2015b). 

The snow albedo, ranging from 0.65 to 0.96, is an important factor controlling snowmelt. Based on 

the fractional snow-covered area, the surface albedo (‌ ) can be equal to (Clark et al., 2015b): 

‌ ρ Ὢ  ‌  Ὢ  ‌                                                                                  (S2-4) 

where  ‌   and ‌  are the albedo of soil and snow surface respectively, and Ὢ is the 

fraction of ground covered in snow (Clark et al., 2015b). To examine temporal snow albedo change 

using a physically, realistic approach, two processes should be included: (1) temporal evolution of 

the size of the snow grains, and (2) deposition, burial, and re-emergence of atmospheric particles 

(dust, soot, etc.) and leaf litter and the impacts of soot, dust and forest litter on absorption of solar 

radiation at different depths in the snowpack (Clark et al., 2015b). Then, Snow albedo decay can 

be represented by (Clark et al., 2015b): 
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‌ ȟ ‌ ȟ Ὧ ‌ ‌ ȟ                                                    (S2-5) 

where ‌  is the albedo for diffuse radiation, ‌ ȟ and ‌ ȟ are the maximum and minimum 

snow albedo, qsf (m s-1) is the rate of snowfall, Sref (kg m-2) is the mass required for albedo 

refreshment and Ὧ  (s-1) is the albedo decay rate (DR). The first term on the right represents 

increase in albedo associated with new snow, and the second term on the right shows albedo decay. 

To model albedo decay rate, two methods are available: (1) Canadian Land Surface Scheme 

(CLASS) where the albedo decay rate is constant in time, and (2) the Biosphere-Atmosphere 

Transfer Scheme (BATS) that the albedo decay rate varies over time (Clark et al., 2015b). In the 

CLASS approach, setting ‌ ȟ=0.7 if no melting occurs in the time step, and ‌ ȟ = 0.5, if 

melting occurs. The Ὧ  parameter in CLASS is set to 0.01/3600 s-1 (Clark et al., 2015b). In this 

approach the diffuse albedo assumes to be equal to the direct beam albedo (‌  ‌ ), 

because the difference between direct and diffuse albedos is large only at high solar zenith angles 

when shortwave radiation fluxes are small. The BATS approach estimates the albedo separately for 

visible and near-infrared wavelengths. It incorporates snow aging factors, representing effects of 

grain growth due to vapor diffusion and the effects of dirt and soot (Clark et al., 2015b). Skiles and 

Painter (2017) show that dusty surface snow can reduce the albedo to 0.3 and causes 50% faster 

snowmelt. The rapid melt can lead to a reduction in both grain size and density of snow layers 

(Skiles and Painter, 2017). Reduction of snow albedo by absorbing darkening particles also is 

higher for old snowpack than new snowpack (Dang et al., 2017). 

Two sources of longwave radiation are considered here: (1) longwave radiation from the sky to the 

snowpack, ὗ  and (2) longwave radiation from the snow surface, ὗ : 

ὗ ὗ ὗ                                                                                                                (S2-6) 

ὗ  ‐  „  Ὕ                                                                                                            (S2-7) 
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ὗ ‐  ‐  „  Ὕ                                                                                                    (S2-8) 

where „  (W m-2 K-4) is the Stefan-Boltzman constant, ‐  ÁÎÄ ‐  define the emissivity from 

the sky and the snow surface respectively. The snow emissivity is in a range of 0.9 to 0.99 (Schlink 

and Hertel, 2018) with a baseline value of 0.98. The emissivity of sky depends on the atmospheric 

vapor pressure (Ὡ) and air temperature (Gubler et al., 2012).  

Sensible (ὗ ) and latent heat (ὗ ) fluxes from the snow can be defined as (Clark et al., 2015b): 

ὗ ”  ὧ ὅ  Ὕ Ὕ                                                                                         (S2-9) 

ὗ
  

 ὅ  ɲ  Ὡ  Ὕ Ὡ                                                              (S2-10) 

where ”  (kg m-3) and ὧ (J kg-1 K-1) are the density and heat capacity of air, ὒ  (J kg-1) is 

the latent heat of vaporization, or sublimation, Ů is the ratio of the molecular weight of water vapor 

to dry air and equal to 0.622, ὖ  (Pa) is the air pressure, ɲ  is the relative humidity of air in 

the surface snow pore space, ὅ  (m s-1) is the conductance of heat and water vapor, T (K) is 

temperature, e (Pa) is the vapor pressure and Ὡ  (Pa) is the saturated vapor pressure (Clark et al., 

2015b). These fluxes are positive towards the surface. The total heat flux to the atmosphere 

(positive downward) is represented as (Clark et al., 2015b): 

ὗ ”  ὧ ὅ  Ὕ Ὕ                                                                                            (S2-11) 

ὗ
  

 ὅ Ὡ Ὡ                                                                                         (S2-12) 

where ὅ  and ὅ  (m s-1) is the conductance of heat and water vapor from the snow to the 

atmosphere, and Ὕ  (K) and Ὡ  (Pa) are the temperature and vapor pressure at the upper 

boundary (i.e. the model forcing).  

ὅ  and ὅ  are depending on wind profiles and aerodynamic resistance (Clark et al., 2015b). 
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Wind profile is a crucial factor which can dramatically change latent heat fluxes. Air flow across 

patchy snow cover also leads to local-scale sensible heat fluxes to snow (Harder et al., 2017). 

Harder et al. (2017) considered both horizontal and vertical wind speed in calculating latent and 

sensible heat fluxes using the two-dimensional Reynolds-averaged scalar budget. They 

demonstrated that deceleration and upward motion of airflow causes temporally dynamic air 

temperature and vapor pressure profiles, and leads to vertical sensible (1 ) and latent heat 

advections (1 ). In fact, 1  requires an upwind wetted surface as a source of vapor pressure. 

Wind profile (u) is defined as (Harder et al., 2017): 

ό ᷿
ᶻ

ÌÏÇ Ὠᾀ                                                                                                           (S2-13) 

where zm (m) is the height of the profile of interest, kå0.4 is von Karmanôs constant, d0 is 

displacement height (m), z0 is surface roughness, (m), and u* is mean interval friction velocity. 

Complete parameterizations of these variables can be found in Harder et al., 2017.  

Snow Hydrology: The snow subdomain is approximated as multilayer vertical columns that drain 

into the soil subdomain. The conservation equation for the liquid water in the snow (snowmelt) is 

defined as (Clark et al., 2015b) 

ȟ
                                                                              (S2-14) 

 ɡ —
 

                                                                                                    (S2-15) 

where Ὁ  and Ὁ  are the losses due to evaporation of liquid water within the snowpack and 

sublimation of ice from the snowpack (kg m3 s-1), and ή ȟ  is vertical flux of liquid water (m s-

1). ή  defines the vertical flux of water in solid form representing the throughfall and unloading 

snow fluxes (Clark et al., 2015b). The vertical flux of liquid water, ή ȟ , within the snowpack is 

defined as gravity drainage (Clark et al., 2015b):  
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ή ȟ ὑ —                                                                                                            (S2-16) 

where ὑ  is the hydraulic conductivity of snow. This equation assumes that gravity forces 

dominate capillary forces and neglects the capillary term. The hydraulic conductivity of snow is 

parameterized using (Clark et al., 2015b): 

ὑ — ὑ                                                                                 (S2-17) 

— ᶮ  —                                                                                                                (S2-18) 

where ὑ  (m s-1) is the saturated hydraulic conductivity of snow, —   is the porosity of 

snow, c is an exponent related to the pore size distribution, —  is the irreducible liquid water in 

the snowpack, and ɲ  defines the fraction of pore space that must filled before drainage of liquid 

water can occur (Clark et al., 2015b). 

 

S2.2 Supplementary Figures 

 

Figure S2.1: Cumulative probability functions of our three objective functions. Black line in this 

figure pictures the thresholds that we choose for each objective function (8% for peak SWE OF, 

16% for melt rate OF, 46% for cold content OF). (3046 model after peak SWE, 64 models after 

melt rate, 17 models after CC).  
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Figure S2.2: SUMMA model simulation of SWE (a) for validation year of 2005 and averaged 

normalized peak SWE (b), SDD (c) and melt rate (d) for 2007 and 2008 versus 2005. 
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Figure S2.3: Multiple alternative model and parameter options used in the spread analysis under a 

simplified conceptual diagram of SUMMA framework, integrated as part of the SUMMA 

numerical solver. Pie charts and plots show model alternative options and some of the parameter 

options that we explored in the accurate ensemble spread after OF2. We apply melt Rate OF with 

20% threshold, plus peak SWE OF (OF2) that leads to 508 ensemble members.  
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Figure S2.4: Multiple alternative model and parameter options used in the spread analysis under a 

simplified conceptual diagram of SUMMA framework, integrated as part of the SUMMA 

numerical solver. Pie charts and plots show model options and some of the parameter options that 

we explored in the accurate ensemble spread after OF3. We apply cold content OF with 60% 

threshold plus melt rate and peak SWE OFs (OF3) on 188500 SWE time series that leads to 217 

ensemble members.  
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Figure S2.5: Variation of projected peak SWE (a), melt rate (b), and day of snow disappearance 

(SDD) (c) under three different sets of objective functions (OF1: peak SWE; OF1+OF2: peak SWE 

+ melt rate; OF1+OF2+OF3: peak SWE + melt rate + cold content) for 2007 (dry year) and 2008 

(wet year). 

 

a 

b 

c 
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Figure S2.6: Variation of projected net shortwave radiation (a) net longwave radiation (b) and net 

turbulent fluxes (c) under three different sets of objective functions (OF1: peak SWE; OF1+OF2: 

peak SWE + melt rate; OF1+OF2+OF3: peak SWE + melt rate + cold content) for 2007 (dry year) 

and 2008 (wet year). 

a 

b 

c 
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Figure S2.7: Variation of projected net energy budget (W/m2) of snowpack under three different 

sets of objective functions (OF1: peak SWE; OF1+OF2: peak SWE + melt rate; OF1+OF2+OF3: 

peak SWE + melt rate + cold content) for 2007 (dry year) and 2008 (wet year). 

 

 

Figure S2.8: Annual sublimation (mm) under three different sets of objective functions (OF1: peak 

SWE; OF1+OF2: peak SWE + melt rate; OF1+OF2+OF3: peak SWE + melt rate + cold content) 

for 2007 (dry year) and 2008 (wet year). 
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Chapter 3 

Unraveling the Controls on Snow Disappearance in Montane Forests 

Using Multi -Site Lidar Observations 

Abstract 

Snow disappearance date (SDD) affects the ecohydrological dynamics of montane forests, by 

altering water availability, forest fire regime and the land surface energy budget. The forest canopy 

modulates SDD through competing processes; denser canopy intercepts snowfall and enhances 

longwave radiation (LWR) while shading snowpack from shortwave radiation (SWR) and 

sheltering it from wind. Limi ted ground-based observations of snow presence and absence have 

restricted our ability to unravel the dominant processes affecting SDD in montane forests. We apply 

a lidar-derived method to estimate fractional snow cover area (fSCA) at two relatively warm sites 

in the Sierra Nevada and two colder sites in the Rocky Mountains, in the Western United States. 

Warm sites and lower elevations are characterized by higher LWR and canopy snow interception 

leading to less snow retention under denser canopy. In contrast, snow retention in colder forests 

can be greater in open or under canopy locations depending on interactions between vegetation 

structure and topography. In these colder climates, snow is retained longer under canopy on north 

facing slopes, specifically with low vegetation density areas. In contrast, snow is retained longer in 

open area than under canopy at lower elevations and on south facing slopes. We use this spatial 

pattern to develop a new conceptual model to predict SDD that incorporates the role of topography 

and vegetation structure into existing climate-based frameworks that rely on winter air temperature. 

This new conceptual model can help to improve hydrological modeling and provide targeted forest 

management recommendations in diverse montane forests. 
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3.1 Introduction  

Snow and ice melt provide about 20% of global water supply (Barnett et al., 2005), of which 40% 

falls in northern hemisphere forests (Stueve et al., 2011). Snowmelt timing and disappearance date 

have substantial impacts on montane forests, by affecting soil moisture and deeper recharge (Bales 

et al., 2011; Conner et al., 2015; Flerchinger et al., 1992; Harpold et al., 2015b; Huntington and 

Niswonger, 2012; Pavlovskii et al., 2019), ecosystem water availability and streamflow timing 

(Harpold, 2016; Kormos et al., 2017, Stewart et al., 2004), growing season length (OôLeary et al., 

2018; Harpold, 2016), spring phenology (OôLeary et al., 2018; Pederseng et al., 2018), soil 

greenhouse gas emission (Blankinship et al., 2018), and land surface-atmosphere energy fluxes 

(Knowles et al., 2014; Peichl et al., 2013; Slater et al., 2001). A later snow disappearance delays 

soil water inputs, resulting in a longer recession in soil moisture (Harpold and Molotch, 2015), 

delays peak forest transpiration (Cooper et al., 2020), and limits the duration of soil moisture stress 

for vegetations (Harpold, 2016). Since climate change portends shorter snow duration in montane 

forests (Bach et al., 2018; Cooper et al., 2016; Dibike et al., 2018; Li et al., 2017; Harpold and 

Molotch, 2015), improving predictions of snow retention is critical. However, processes and factors 

controlling the fate of seasonal snowpack are complex and strongly influenced by local climate, 

forest structure, and topography (Broxton et al., 2015; Dickerson-Lange et al., 2017; Lundquist et 

al., 2013; Tennant et al., 2017, Varhola et al., 2010). A lack of detailed, high spatial resolution 

snow observations across climate and topographic gradients in mountain forests has limited our 

ability to unravel the interacting processes that affect snow disappearance. New remote sensing 

tools, like lidar (Light Detection and Ranging), allow for estimates of snow retention across 

variable topography and forest characteristics that are hard to obtain from limited ground-based 

observations.  

The influence of forest canopy on snow retention and melt is complex due to tradeoffs between 

https://onlinelibrary.wiley.com/doi/10.1002/hyp.10400#hyp10400-bib-0029
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biophysical processes that reduce snow accumulation (e.g. snow interception and sublimation from 

the canopy) and processes that alter snowpack ablation (e.g. shortwave radiation (SWR) shading 

and wind sheltering). Dense forests can intercept more than 50% of snowfall in the winter (Ellis et 

al., 2011; Moeser et al., 2016; Roth and Nolin, 2017). Snow interception and subsequent loss by 

sublimation are the main factors causing longer snow duration in the open than under canopy 

locations in denser, warmer forests (Varhola et al., 2010) where interception efficiency is high 

(Dickerson Lange et al., 2017; Storck et al., 2002). Colder snowfall has lower snow interception 

efficiency (Pfister and Schneebeli, 1999; Roth and Nolin, 2017). In windier locations snow 

redistributes more, increasing sublimation losses, resulting in more snow retention under canopy 

(Dickerson Lange et al., 2017). Using a simple set of models, Lundquist et al. (2013) demonstrated 

a radiative paradox between longwave radiation (LWR) and SWR: warmer sites have LWR as the 

primary radiative component of the energy budget controlling snow disappearance timing but 

snowpack energy budget in cold forests is dominated by SWR. High emissivity of warm forest 

enhances LWR toward the snowpack by up to 150% (Todt et al., 2018; Webster et al., 2016a; Perrot 

et al., 2014) and typically causes positive net LWR under dense canopy cover, while net LWR is 

negative in open locations (Lundquist et al., 2013). This LWR enhancement can affect the energy 

budget of the snowpack within a radius of one-half nearby tree heights (Musselman et al., 2017) 

and leads snow to disappear one to two weeks earlier under tree canopies compared to adjacent 

open areas (Lundquist et al., 2013). SWR shading, on the other hand, can delay snowmelt under 

forest canopies, especially in cold climates and north facing slopes (Strasser et al., 2011; Lundquist 

et al., 2013, Malle et al., 2019, Musselman et al., 2015, Musselman et al., 2012) in late winter and 

spring, when the solar zenith angle decreases (i.e. the sun is higher in the sky). In addition to the 

influence of trees on the snowpack net radiation budget, sensible and latent heat exchange between 

trees and atmosphere around the snowpack are not negligible and can substantially contribute to 

the snowpack energy budget specifically at cold windy sites (Conway et al., 2018; Harder et al., 
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2019; Mahat et al., 2013; Reba et al., 2012). The tradeoffs of these processes on the differential 

snow disappearance timing in open and under canopy areas are typically investigated at the point 

scale and the effects of forest canopy have been ignored at large scale due to limitations in ground-

based observations (Lundquist et al., 2013; Dickerson Lange et al., 2017).  

The interactions between forest structure (e.g. height, leaf area index (LAI), percent cover, and 

spatial arrangement of tree canopy) and topography (e.g. elevation, aspect, and slope) differentially 

alters the energy and mass balance of open and under canopy snowpack in ways that are challenging 

to observe and predict across mountain climates. A current paradigm for predicting differential 

snow disappearance under canopy and in open areas suggests that locations with December-

February (DJF) mean air temperature above -1°C have earlier snow disappearance under canopy 

areas (Lundquist et al., 2013), whereas sites with DJF mean air temperatures below that threshold 

exhibit earlier snow disappearance in open areas. This paradigm was developed from plot-scale 

observations and has not been applied across gradients in canopy structure or slope-aspect that are 

typical features of montane, forested areas. For example, warmer northern-hemisphere areas have 

longer snow retention on northern slopes (Lopez-Moreno et al., 2014; Maxwell et al., 2019; 

Seyednasrollah et al., 2013) due to partitioning of incoming SWR. Heterogeneous forest canopy 

structure (e.g. height and leaf area) and differences in inter-canopy gaps are important factors 

controlling fine-scale snow retention (Jonas and Essery, 2011; Webster et al., 2016b). The first-

order effects of topography and forest structure on snow retention (Zheng et al., 2016; Trujillo et 

al., 2009), support the development of a prediction tool (more sophisticated than an air temperature-

based index) for predicting differential now disappearance in open and under canopy across 

montane forests.   

Active remote sensing tools, like airborne-based Light Detection and Ranging (lidar), can penetrate 

the forest canopy to provide novel information on snow disappearance timing in montane forests. 
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Ground based observation such as snow courses, temperature loggers, and time-lapse cameras 

(Dickerson-Lange et al., 2015b; Raleigh et al., 2013) are also used to estimate snow disappearance 

date (SDD, defined as the first date when snow disappears after peak snow water equivalent, SWE). 

Dickerson Lange et al. (2015a; 2017) collected spatially distributed snow data and show that 

cameras can detect snow presence or absence with higher spatial resolution than ultrasonic snow 

depth sensors, however their installation over large extents is challenging. Other ground-based 

methods that are capable of measuring snow disappearance over large extents, like distributed 

temperature sensing (DTS) (Tyler et al., 2009), are typically too costly to maintain, automate, and 

operate over large domains (Dickerson-Lange et al., 2015b; Fujihara et al., 2017). Most passive 

remote sensing-based estimates of fractional snow cover area (fSCA, percentage of a given area 

covered by snow) assume that open and under canopy fSCA are identical (Molotch and Margulis, 

2008; Raleigh et al., 2013). Thus, the major limitations of passive remote sensing techniques (i.e. 

optical sensors like MODIS, Sentinel, and Landsat) is their inability to detect under canopy 

snowpack presence/absence due to occlusion by the canopy (Raleigh et al., 2013; Coons et al., 

2014). A new method proposed and validated by Kostadinov et al. (2019), based on ñsnow onò and 

ñsnow offò lidar datasets showed that under canopy fSCA could be predicted in complex terrain. 

The lidar-based fSCA estimates using the Kostadinov et al. (2019) method can potentially elucidate 

differential snow retention in open versus under canopy locations during ósnapshotô lidar flight 

surveys, because as fSCA decreases snow must be disappearing from the landscape. Lidar can also 

map topography and vegetation structure; therefore, this method is ideal for understanding the 

interactions of forest structure and topography in controlling snow retention in montane forests 

(Deems et al., 2013; Harpold et al., 2015a; Kostadinov et al., 2019; Mazzotti et al., 2019; Revuelto 

et al., 2015; Tennant et al., 2017).  

In this paper we aim to unravel how winter climate interacts with topography and vegetation 

structure to alter snow disappearance in open versus under canopy locations. We leverage existing 
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snow-on and snow-off lidar observations at two relatively warm sites in the Sierra Nevada (Sagehen 

Creek Watershed and Kings River Experimental Watersheds, California) and two colder sites in 

the Rocky Mountains (Boulder Creek, Colorado and Jemez River Basin, New Mexico) to map 

fSCA over large spatial extents using the technique proposed by Kostadinov et al. (2019). This 

analysis allows us to answer three questions:  

6) How do open and under canopy fSCA and snow disappearance date (SDD) vary based on 

slope/aspect and elevation at sites with different climate?  

7) Does vegetation structure have greater impact on under canopy fSCA and SDD in some 

climates and/or topographic conditions than in others?  

8) What are the inferred energy and mass balance drivers causing differences in fSCA and 

SDD across open versus under canopy areas in warmer and colder climates?  

Our results provide insights into the role that topography and forest structure play in modulating 

snow retention across a climatic gradient of montane forests. 

3.2 Study Sites and Data 

We chose four sites, two in the USA Rocky Mountains (Boulder Creek, Colorado (CO) and Jemez 

River Basin, New Mexico (NM)) and two in the USA Sierra Nevada (Sagehen Creek Watershed 

and Kings River Experimental Watersheds in California (CA)) (Figure 3.1). These sites represent 

strong climate and vegetation gradients, have snow-on and snow-off lidar datasets and detailed 

point observations of snow depths for multiple years, including years that overlap with the lidar 

flights acquisition. Site characteristics are shown in Table 3.1 (Harpold et al., 2015b; Tennant et 

al., 2017; O'Geen et al., 2018; Kostadinov et al., 2019) and lidar flights characteristics are shown 

in Table 3.2. The flights were conducted at an above ground level altitude of 600 m above the 

ground and they used a pulsed laser with a wavelength of 1047 nm. Vertical and horizontal position 
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accuracies are 5-30 cm (1 sigma) and 1/5, 500 × altitude (1 sigma) respectively. Vertical datum for 

all lidar flights are NAVD88 (GEOID 12A). 

3.2.1 Boulder Creek, CO (Boulder) 

Boulder Creek, hereafter referred as Boulder, is located 35 km west of the city of Boulder, 

Colorado, USA, and is part of the U.S. National Science Foundation network of Critical Zone 

Observatories (CZOs). Boulder is the coldest of the four study sites with an average annual air 

temperature of 10°C (Harpold et al., 2015). The mean annual ratio of incoming SWR to incoming 

net radiation is 0.43 (Table 3.1, Tennant et al., 2017). The average wind speed in winter is 6.5 m/s 

and the mean annual snowfall is about 1040 mm (Harpold et al., 2015a). The site is equipped with 

three pairs of ultrasonic snow depth sensors in the open and under canopy areas and snow depth 

data were recorded from 2007 to 2011 (Table 3.1). In-situ snow depth data is used to track the snow 

disappearance date (SDD, first date when snow disappears after peak SWE) in the open and under 

canopy for five continuous years. A Snow Telemetry (SNOTEL) site is located within 1 km of the 

snow depth sensors. Previous study using lidar data in this site snow depth shows a positive 

relationship of snow depth with elevation with a rate of 0.73 Ñ 0.2 cm per 100 m increase in 

elevation (Tennant et al., 2017). The dominant vegetation is subalpine fir (Abies lasiocarpa), 

Engelman spruce (Picea engelmannii) and lodgepole pine (Pinus contorta). The snow off lidar 

survey for Boulder was conducted in a 600 km2 area within the Boulder Creek Watershed in August 

2010. The snow-on lidar surveys were acquired in May 5, 9, 20, and 21, 2010, and were combined 

together for the same area as the snow off lidar survey (Table 3.2). The lidar products are  available 

at Open Topography (http://opentopo.sdsc.edu/datasets) in the NAD83 horizontal datum and are 

composed of 1-m Digital Terrain Models, and LAS-formatted point cloud tiles with an average 

return point density of 10 points/m2.  

http://opentopo.sdsc.edu/datasets
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Figure 3.1: Location, lidar-based terrain elevation, hillshade (0 represents the darkest areas, and 

255 shows the brightest) and the extent of processed lidar data at the four study sites: Sagehen 

Creek Watershed, CA, Kings River Experimental Watersheds, CA, Boulder Creek, CO and Jemez 

River Basin, NM.  

3.2.2 Jemez River Basin, NM (Jemez) 

The Jemez River Basin, hereafter referred as Jemez, is a CZO site at the southern end of the Rocky 

Mountains in northern New Mexico, USA. The average winter air temperature and wind speed are 

ī3.3ÁC and 3.9 m/s, respectively. The ratio of incoming SWR to incoming net radiation is 0.44, 

which is the highest among our sites (Tennant et al., 2017). The mean annual snowfall in the basin 

is around 1310 mm. In-situ data measurement to track SDD includes three paired ultrasonic snow 

depth sensors under canopy and in the open locations. The snow depth observations were recorded 
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from 2005 to 2011 (excluding 2007) at an elevation of 3060MASL (Meters above sea level) at 

Jemez (Tennant et al., 2017). Forest covers 33% of the basin with various types of conifers, 

including Douglas fir (Pseudotsuga menziesii), white fir (Abies concolor), blue spruce (Picea 

pungens), limber pine (Pinus flexilis) and ponderosa pine (Pinus ponderosa) (Harpold et al., 

2015b). High-resolution snow-off lidar surveys were carried out in June and July 2010 by the 

National Center for Airborne Laser Mapping (NCALM), covering an area of 722 km2 in northern 

New Mexico. Lidar products have an average point density of 9.1 points/m2. The point cloud data 

are provided in LAS format in the NAD83 datum at open Topography 

(http://opentopo.sdsc.edu/datasets). 1-m Digital Surface Model (DSM) and 1-m hill shade dataset 

derived from the Digital Elevation Model (DEM) are also provided. The Jemez snow-on lidar 

dataset was collected in March and April 2010 (Table 3.2). 

3.2.3 Kings River Experimental Watershed, CA (Kings) 

Kings River Experimental Watersheds hereafter referred as Kings, is a part of large Kings River 

Basin and mostly located within the Providence Creek in the west slope of the southern Sierra 

Nevada in California, USA. Kings has an average annual snowfall of about 1750 mm. We use 

ultrasonic snow depth sensors at Kings between 2010 and 2012 to determine snow presence or 

absence in open and under canopy locations. Average winter wind speed is 1.6 m/s and the average 

ratio of incoming SWR to incoming net radiation is 0.36 (Tennant et al., 2017). Average annual 

and winter (DJF) air temperatures are 8°C and 2.2°C, respectively (O'Geen et al., 2018). This 

domain is mostly covered by mixed-coniferous forest (60%), consisting of white fir (Abies 

concolor), ponderosa pine (Pinus ponderosa), Jeffrey pine (Pinus jeffreyi), California black oak 

(Quercus kelloggii), sugar pine (Pinus lambertiana Douglas), and incense cedar (Calocedrus 

decurrens) (O'Geen et al., 2018). Kings lidar flights were part of a larger Southern Sierra CZO 

effort acquired in 2010, comprising two flights, a snow-on flight in March and a snow-off one in 
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August. The lidar product projection is UTM Zone 11 N with datum NAD83 (Table 3.2). This 

dataset includes a 1-m digital surface model (DSM) and a LAS-formatted point cloud with an 

average point density of 11.6 point/m2 in 1 km2 tiles. 

3.2.4 Sagehen Creek Watershed, CA (Sagehen) 

Sagehen Creek Watershed, hereafter referred as Sagehen, has a drainage area of 28 km2 and is 

located in the northern Sierra Nevada, California. The elevation ranges between 1800 and 2700 

MASL and the mean annual snowfall is 850 mm (WRCC, 2020). Sagehen is a forested montane 

watershed covered by mixed conifers including White Fir (Abies concolor), Red Fir (A. magnifica), 

Lodgepole Pine (Pinus contorta), Jeffrey Pine (P. jeffreyi), Sugar Pine (P. lambertiana), Western 

White Pine (P. monticola), and Ponderosa Pine (P. ponderosa) (Godsey and Kirchner, 2014; Li and 

Nieber, 2017). The snow-off surveys were conducted by NCALM (USFS, 2015) in the summer of 

2014, as part of the USFS Tahoe National Forest lidar collection (Table 3.2). Snow-on datasets 

were acquired in March 26, April 17, and May 18, 2016, by the NASA Airborne Snow Observatory 

(ASO) (Painter et al., 2016). Since there are no paired ultrasonic snow depth sensors in open and 

under canopy, an in-situ distributed temperature sensor (DTS) is used as ground-based observation 

data to assess the paired presence or absence of snow under canopy and in the open. DTS records 

near-continuous temperatures along a fiber optic cable by applying a Raman spectrum scattering 

and time-domain reflectometry techniques (Tyler et al. 2009). The DTS instrumentation in Sagehen 

recorded ground temperature every 30 min between March 10 and May 18, 2016, every 0.25 m 

along a 1500-m stretch of fiber optic cable. At each 0.25-m point along the DTS cable, we assume 

snow is on the ground if the daily air temperature is between -1 and 1°C and the daily standard 

deviation of observed temperatures is less than 0.35 ÁC (see Kostadinov et al., 2019). The cable 

was georeferenced to the UTM WGS84 coordinate system and converted to NAD83 to match the 

lidar dataset (Kostadinov et al. 2019). 
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Table 3.1: Characteristics of the study sites 

a Averaged over December, January and February. 

b Calculated over the entire domain. 
c Details given in section 3.  

 

Characteristics 

Kings River 

Experimental 

Watershed, CA  

Sagehen Creek 

Watershed, CA 
Jemez River Basin, NM 

Boulder Creek, 

CO 

Latitude (at the center of lidar 

dataset domain) 
37Á5ǋN 39Á25ǋ53ǌN 35Á53ô18ǌN 40Á0ô53ǌN 

Longitude (at the center of 

lidar dataset domain) 
119Á28ôW 120Á14ǋ23ǌW 106Á31ô55ǌW 105Á16ô14ǌW 

Mean elevation (MASL ï in 

lidar dataset domain) 
1846 2200 2702 3109 

Slope (degrees) ~ 22 15.8 7.0 Ñ 3.7 7.3 Ñ 3.5 

Aspect (from North 

increasing clockwise?) 
~ 312 ~159 164 Ñ 105 94 Ñ 61 

Numbers of paired snow 

depth sensors in the open and 

under canopy 

5 NA 3 3 

(a,b) Average winter air 

 temperature (°C) 
2.2 ~ -1 ī3.3 Ñ 0.3 ī5.4 Ñ 2.6  

(b) Mean annual Precipitation 

(mm)  
2000 1215 1980 1300 

(b)Average daily winter 

incoming SWR (W/m2)  
209.1 127.97 150.6 149.6 

(b)Average daily winter 

incoming LWR (W/m2)  
251.3 254.4 201.6 199.9 

(b)Vegetation type Mixed conifer Mixed conifer  Mixed conifer Mixed conifer 
(b)Average forest height (m)  13.3 15 7.7 Ñ 4.4 7.2 Ñ 2.8 
(b)Average vegetation density 

(in areas with slope < 30o) 
0.59 0.3 0.4 0.47 

(c) Air temperature (Co) lapse 

rate equation 
- 0.003 × elevation 

+ 7.29 

TMar = - 0.001 × 
elevation + 2.79 

TApr = - 0.001 × 
elevation + 2.05 

TMay = - 0.002 × 
elevation + 5.25 

- 0.005 × elevation + 8.67 
 - 0.007 × 
elevation + 17.82 

(c) Precipitation (cm) lapse 

rate equation3 

0.06 × elevation - 

13.978 

0.08 × elevation - 

130.65 
0.006 × elevation + 15.52 

0.03 × elevation  

- 68.98 

Source of climate data used 

https://www.fs.fed

.us/psw/topics/wat

er/kingsriver/data.

shtml 

https://www.wcc.n

rcs.usda.gov/snow

/snotel-data.html 

https://www.nrcs.

usda.gov/wps/port

al/wcc/home/snow

ClimateMonitorin

g/ 

 

https://criticalzone.org/cat

alina-

jemez/infrastructure/field

-area/jemez-river-basin/ 

https://www.wcc.nrcs.usd

a.gov/snow/snotel-

data.html 

https://www.nrcs.

usda.gov/wps/por

tal/wcc/home/sno

wClimateMonitor

ing/ 

https://wcc.sc.ego

v.usda.gov/nwcc/

site?sitenum=663 

https://www.fs.fed.us/psw/topics/water/kingsriver/data.shtml
https://www.fs.fed.us/psw/topics/water/kingsriver/data.shtml
https://www.fs.fed.us/psw/topics/water/kingsriver/data.shtml
https://www.fs.fed.us/psw/topics/water/kingsriver/data.shtml
https://www.wcc.nrcs.usda.gov/snow/snotel-data.html
https://www.wcc.nrcs.usda.gov/snow/snotel-data.html
https://www.wcc.nrcs.usda.gov/snow/snotel-data.html
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://criticalzone.org/catalina-jemez/infrastructure/field-area/jemez-river-basin/
https://criticalzone.org/catalina-jemez/infrastructure/field-area/jemez-river-basin/
https://criticalzone.org/catalina-jemez/infrastructure/field-area/jemez-river-basin/
https://criticalzone.org/catalina-jemez/infrastructure/field-area/jemez-river-basin/
https://www.wcc.nrcs.usda.gov/snow/snotel-data.html
https://www.wcc.nrcs.usda.gov/snow/snotel-data.html
https://www.wcc.nrcs.usda.gov/snow/snotel-data.html
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://www.nrcs.usda.gov/wps/portal/wcc/home/snowClimateMonitoring/
https://wcc.sc.egov.usda.gov/nwcc/site?sitenum=663
https://wcc.sc.egov.usda.gov/nwcc/site?sitenum=663
https://wcc.sc.egov.usda.gov/nwcc/site?sitenum=663
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Table 3.2: Lidar dataset properties for the study sites 

a Information provided here is the same for all Sagehen flights 
b Average point density of snow-on lidar dataset in May 5, 9, 20, and 21, 2010 

 

3.3 Materials and Methods  

3.3.1 Vegetation and Snow Presence/Absence Classification 

We used vegetation and snow presence classifications presented by Kostadinov et al. (2019) to 

estimate under canopy and open fSCA at all sites. Point cloud lidar data is aggregated to a raster 

Properties 

Kings River 

Experimental 

Watershed, CA  

Sagehen Creek 

Watershed, CA a 

Jemez River Basin, 

NM 

Boulder Creek, 

CO 

Organization that 

acquired the flight 

National Center for 

Airborne Laser 

Mapping, funded by 

National Science 

Foundation 

And Southern Sierra 

Critical Zone 

Observatory 

National Center for 

Airborne Laser 

Mapping, Funded 

by USDA Forest 

Service and U.S. 

Geological Survey; 

ASO/NASA for 

snow on 

National Center for 

Airborne Laser 

Mapping, Jemez 

River Basin and 

Santa Catalina 

Mountains Critical 

Zone Observatory, 

University of 

California, Merced, 

Funded by National 

Science Foundation 

Boulder Creek 

CZO and the 

National Center 

for Airborne 

Laser Mapping 

(NCALM), 

funded by the 

National Science 

Foundation (NSF) 

Sensor 

Optech GEMINI 

Airborne Laser Terrain 

Mapper mounted in 

either a twin-engine 

Cessna Skymaster 

(N337P) or Piper Twin 

PA-31 Chieftain 

Optech GEMINI 

Airborne Laser 

Terrain Mapper 

(ALTM) mounted 

in a twin-engine 

Piper Navajo PA-

31 

Optech GEMINI 

Airborne Laser 

Terrain Mapper 

mounted in either a 

twin-engine Cessna 

Skymaster (N337P) 

or Piper Twin PA-31 

Chieftain 

Optech GEMINI 

Airborne Laser 

Terrain Mapper 

(ALTM) mounted 

in a Piper Twin 

PA-31 Chieftain 

Average point 

density, snow-off 

(points/m2) 

11.65  8.91 9.68  11.33 

Average point 

density, snow-on 

(points/m2) 

9.21 ~3 9.08 7.29 b 

Swath overlap 50% >50% 50% 50% 

Horizontal datum 
UTM Zone 11N 

NAD83 

UTM Zone 10N 

NAD83 (2011) 

UTM Zone 13N 

NAD83 

UTM Zone 13N 

NAD83 

Time of Acquisition 

Snow-off 
August 2010 August 2014 June and July 2010 August 2010, 

Time of Acquisition 

snow-on 
March, 2010 

March, April, and 

May 2016  

March and April 

2010 

May 5, 9, 20, and 

21, 2010 
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resolution of 1-m grid cells to classify vegetation structure and snow presence/absence. To enhance 

the accuracy of the vegetation and snow presence classification, slopes greater than 30° are 

excluded from the analysis, as the uncertainty in elevation estimates increases significantly 

(Kostadinov et al. 2019). At each site, a small section of a road that is maintained snow-free, is 

selected to compare snow-on and snow-off flights and eliminate potential vertical bias between the 

snow-on lidar return elevations and the snow-off DTM. Even though, this is the typical method for 

vertical lidar bias correction (Ferraz et al., 2018; Hopkinson et al., 2012), vertical biases are not 

necessarily uniform across the study domain as they are often assumed (i.e. Harpold et al., 2014). 

The comparisons show that snow-on elevation returns in each grid cell over roads are 0.28 m, 0.08 

m, and 0.03 m higher than snow-off returns for Kings, Jemez and Boulder, respectively. Kostadinov 

et al. (2019) made the same analysis for three flights over Sagehen and concluded three mean 

vertical biases of 0.23 m, 0.26 m, and 0.38 m for the March 26, April 17 and May 18, 2016 ASO 

lidar flights, respectively. These biases are subtracted from all snow-on return elevations (see 

Kostadinov et al. (2019) for details).  

Vegetation presence is classified using the snow-off lidar. A 1-m grid cell is defined as tree-covered 

if  there is any lidar return above 2 m in the grid cell. If the tree-covered grids have any return 

between 0.15 and 2 m, those grids are classified as tree-covered with low branches. The latter grid 

cells are removed from the analysis (about 41% on average from all domains) because low branches 

can be confused with the snow surface during the snow-on flights (Kostadinov et al. 2019). Grid 

cells with all returns above -0.30 (i.e. below the mean 1-m grid cell elevation) and below 0.15 m 

are classified as óopenô due to uncertainty in the bare earth analysis. If a tree-covered grid cell (low 

branches grid cells excluded) has snow-on returns with elevation between 0.15 m and5 m during 

the snow-on flight, it is classified as snow-covered (snow presence). If the returnôs elevation is 

between -0.30 m and 0.15 m, the grid cell is classified as snow-free. The same approach is used to 

classify open grid cells as snow-covered. More details on the classification approach are presented 
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by Kostadinov et al. (2019). Under canopy fSCA is calculated by dividing the number of vegetated 

grid cells classified as snow-covered by the total number of tree-covered grid cells within the 

domain. Whereas fSCA in the open is calculated by dividing the number of óopenô (i.e. non-

vegetated) grid cells classified as snow-covered by the total number of open grid cells in the 

domain. fSCA in open and under canopy grid cells are then computed over different sub-domains 

with different elevation and vegetation characteristics (see section 3.2). 

Vegetation density is calculated by dividing the number of lidar returns that hit the canopy (i.e. 

height >2 m) by the number of total returns in each 1-m grid cell (Broxton et al., 2015). If the 

vegetation density is below 0.4 the pixel is classified as a low vegetation density (lowVD) and 

greater than 0.6 is classified as high density (highVD). In this simple approach we exclude grid 

cells with moderate vegetation density from 0.4 - 0.6 to determine the effects of low and high 

vegetation density on SDD.  

3.3.2 Topographic Classification 

To investigate the impact of aspect and slope on open and under canopy fSCA and SDD, a northness 

index (Amatull et al., 2018) is calculated from the DTM for each site at 1-m grid-cell scale, so that:  

Northness = cos(aspect) × sin(slope)                                                                                           (3-1) 

where slope and aspect are in radians, and aspect is measured clockwise from true north. Northness 

is +1 on north facing terrain with steep slopes of 90°, and ī1 on south facing terrain with slopes of 

90°. Northness is 0 for flat terrain. Grid cells are classified as ñexposedò if Northness < -0.1, ñflatò 

if  -0.1 < Northness < 0.1, and ñshelteredò if  Northness > 0.1. In the extratropical Northern 

Hemisphere, terrain with Northness < -0.1 is generally exposed to more solar radiation during 

afternoon heat for locations with the same latitude. 

Each domain is binned into ten elevation bands to study the effect of elevation on open and under 



64 

 

 
 

canopy fSCA. These bands cover ranges of 2820-3050 MASL, 2800-3130 MASL, 2100-2400 

MASL and 1600-1850 MASL for Boulder, Jemez, Sagehen and Kings, respectively (Figure 3.1). 

Relationships between elevation and air temperature and precipitation (i.e. lapse rates) for each site 

are developed using observed mean daily air temperature and precipitation from local weather 

stations (Table 3.1) between December 1st and the date of the flights. We did not consider cold air 

drainage or temperature inversion in our analysis to estimate the air temperature lapse rate. These 

site-specific lapse rates are used to estimate average December-January-February air temperature 

(TDJF) for the elevation bands (hereafter referred as TDJF bands) at each site.  

3.3.3 Derivation of Snow Retention Metrics 

To statistically examine the difference between under canopy and open fSCA, a random sample of 

grid cells (sample size =100 grid cells) within each site and TDJF bands are collected to determine 

statistical differences. We repeat this random sub-sampling for 100 times to reduce random error. 

The under canopy and open fSCA is calculated for the 100 sub-samples, and they are averaged. 

Then, a Wilcoxon signed-rank test (at a 5% significance level) is conducted to examine whether 

under canopy and open fSCA are statistically different using the 100-samples per subdivision 

(northness and TDJF band). Wilcoxon signed-rank test is a nonparametric test and does not assume 

normality in the data. The p-values from the 100-samples are averaged to estimate if the under 

canopy and open fSCA are statistically different. 

3.3.4. Random Forest Modeling to Analyze Vegetation and Climate Impacts on fSCA 

A machine learning approach based on a regression type of random forest model (RFM) is used to 

examine the importance of radiative and mass fluxes in controlling the difference between open 

and under canopy fSCA. The RFM utilizes an ensemble of regression trees to build a predictive 

model based on a series of predictors and a response variable (here, fSCAopen ï fSCAunderCanopy). The 

RFM is also used to rank predictorsô importance. A RFM is developed for each lidar flight (three 
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for Sagehen and one for each remaining domain) to predict the difference between fSCAopen and 

fSCAunderCanopy (fSCAopen ï fSCAunderCanopy) and how it changes with increasing vegetation density 

at 100-m resolution. Included predictor variables are vegetation density, mean winter incoming 

SWR and LWR, precipitation and air temperature. We investigate the influences of these five 

variables in predicting the difference between fSCAopen and fSCAunderCanopy. We did not include 

topographic variables, such as elevation and aspect/slope, because they are already captured in air 

temperature and SWR predictor variables. The average air temperature and precipitation of each 1-

m grid cell are calculated using lapse rate equations in Table 3.1. Averaged winter air temperature 

and precipitation are computed at a scale of 100-m grid cells for the RFMs. Hourly incoming SWR 

and LWR at the top of the canopy are calculated using the pre-processing toolbox of the Snow 

Physics and Lidar Mapping model (SnowPALM; Broxton et al., 2015) at 1-m spatial resolution. 

SnowPALM downscales hourly incoming SWR from phase-2 of the North American Land Data 

Assimilation System (NLDAS-2; Xia et al., 2012) using the methods of Kumar et al. (1997) that 

corrects for terrain shadowing. Although this approach does not correct potential biases in NLDAS-

2 radiation fluxes, it provides adequate incoming radiation fluxes for snow modeling over complex 

terrain (Harpold et al., 2020; Broxton et al., 2015). Incoming SWR and LWR are averaged to daily 

100-m grid cells from December 1st to the date of each flight. The number of trees in our RFM is 

limited to 200, as higher number of trees does not change the accuracy of results. We randomly 

select 70% of our data to train the model and the remaining 30% data for verification. To decrease 

the bias in the selection of the training and verification data, we apply a K-fold (here 10-fold) cross-

validation procedure. This resampling approach is commonly used to avoid RFM overfitting 

(Cawley and Talbot, 2010). This technique splits the dataset into 10 random groups that train and 

test the model independently. The mean absolute error (MAE) metric is used to evaluate the 

accuracy of the RFMôs predictions: 
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where xi is the observed [fSCAopen ï fSCAunderCanopy], yi is the modeled [fSCAopen ï fSCAunderCanopy] 

and ὲ is the number of the 100-m grid cells. The average RFM mean absolute errors (MAEs) for 

Sagehen in March 26, April 17 and May 18, 2016, Kings, Jemez, and Boulder are 0.07, 0.06, 0.05, 

0.12, 0.10, and 0.11 (fSCA is dimensionless), respectively. 

Since higher elevations typically have greater fSCA and, hence, different drivers (i.e. predictors) 

may affect fSCAopen ï fSCAunderCanopy. We classified the grid cells into four bins for each flight: 

fSCA<0.3, 0.3ÒfSCA<0.55, 0.55ÒfSCA<0.8 and 0.8ÒfSCA. We selected these bins because they 

have roughly the same number of grid cells in each bin. Grid cells with fSCA>0.99 and fSCA<0.01 

are exclude. This classification allows a better comparison between predictor variables among sites 

with highly variable fSCA and snow disappearance date, resulting from differences between 

controlling variables of vegetation density, incoming SWR and LWR, precipitation and mean 

winter air temperature in each fSCA bin. We also used our RFM model to predict how change in 

vegetation density leads to difference between fSCAopen and fSCAunderCanopy (refer to section 4.5).  

3.4 Results 

3.4.1 In-situ observed differences in open and under canopy snow disappearance 

The ground-based observations from ultrasonic snow depths and DTS data show that snow 

generally lasts longer under canopy at the colder Jemez and Boulder sites (TDJF < -1°C), but not in 

the warm and dry years at Jemez (2006) and Boulder (2007 and 2010). Mean SDD, including both 

open and under canopy, is approximately two months later at Boulder than at Jemez (Figure 3.2). 

The mean standard deviation of snow disappearance over the snow depth sensors at Jemez is 

relatively small in the open and under canopy (1.5 and 5.0 days, respectively). The mean standard 

deviation of SDD over the snow depth sensors at Boulder is 7.8 days under canopy (mostly because 
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of large standard deviation of SDD in 2008) and 3.8 days in the open. In contrast, snow lasts on 

average 5.0 and 7.3 days longer in the open at the warmer Sagehen and Kings sites (TDJF > -1°C), 

respectively. SDD happens about 41 days earlier in Sagehen than Kings. The standard deviation of 

SDD is larger for open and under canopy in Sagehen (15.2 and 18.1 days, respectively) than in 

Kings (5.8 and 10.6 days, respectively) and the colder sites. Note that we consider each DTS point 

as a single sensor, and calculate standard deviation of SDD for a sample of 1500 DTS points in one 

winter. 

 

Figure 3.2:  Snow disappearance day (SDD) under canopy and in the open at Sagehen (a), Kings 

(b), Jemez (c) and Boulder (d) sites in different years. We used snow depth observations from the 

ultrasonic sensors at Boulder, Jemez, and Kings, and DTS data at Sagehen to determine under 

canopy and open SDD. Snow generally lasts longer under canopy at the colder Jemez and Boulder 

sites (TDJF < -1°C), but it persists longer in the open at the warmer Sagehen and Kings sites (TDJF 

> -1°C).  



68 

 

 
 

3.4.2 In-situ relationship between fSCA and SDD 

Since we use under canopy and open fSCA to analyze snow retention, here we explore the 

relationship between SDD and fSCA at Sagehen using the DTS dataset. Decreased fSCA on a given 

date is related to earlier SDD (Figure 3.3) (i.e. if fSCA is lower, then SDD must be earlier in the 

season). The relationship between fSCA and SDD is estimated by calculating fSCA and SDD every 

10 m of the DTS cable for every day in the melting season at Sagehen. We assume every 10 m of 

DTS cable as a grid cell, and snow presence/absence data is sampled every 25 cm (at each DTS 

point). Hence, there are 40 values of snow presence (1) or absence (0) at each grid cell. For instance, 

if the number of ñ1ò values (snow presence) equal 20, then fSCA is 20/40 = 0.5. SDD is the first 

day of the year when snow disappears completely from each 10-m grid cell. Figure 3.3 depicts the 

fSCA and SDD relationship at Sagehen on the day of ASO lidar survey in April 17, 2016. A fitted 

sigmoidal relationship between fSCA and SDD has the highest correlation with observed data 

(R2=0.76), when a decline of fSCA from 0.8 to 0.2 is equivalent to 20±3.1 days change in SDD. 

The correlation of the fSCA and SDD relationships is weaker in March and May 2016.  

 

 

3.4.3 Lidar -derived relationships between snow retention and topography 

Open and under canopy fSCA in each TDJF band indicates that fSCA is higher when TDJF is colder 

(i.e. elevation increases) in most cases at all sites (Figure 3.4). Open fSCA is higher than under 

Figure 3.3: Relationship between fSCA 

and SDD in a small area within Sagehen 

on April 17, 2016 derived from DTS data 

analysis. A decrease of fSCA from 0.8 to 

0.2 represents 20 days earlier SDD. 

 



69 

 

 
 

canopy fSCA at TDJF bands between -5 to +2 °C at all sites. Under canopy fSCA is significantly 

higher than open areas at the colder Boulder site in TDJF bands < -7 °C (Figure 3.4 f), but this 

difference is insignificant at the coldest TDJF band. At Jemez, there are not large differences between 

under canopy and open fSCA in TDJF bands < -5°C because fSCA is close to 1. Conversely, fSCA 

in the open is significantly higher than under the canopy (Figure 3.4 e) for TDJF bands >-5.5 °C at 

Jemez. At the warmer sites of Sagehen and Kings, fSCA is generally larger in the open areas 

compared to under canopy. However, in warmer TDJF bands of Kings (TDJF > +2°C) where fSCA is 

<0.4, under canopy fSCA is higher than open fSCA (Figure 3.4 d). There are little differences 

(mostly insignificant) between under canopy and open fSCA at Sagehen on March 26, 2016, in the 

colder TDJF bands (TDJF < -1.8°C), mostly because fSCA is close to 1 (Figure 3.4 a). As snowmelt 

progresses into April and May at Sagehen, fSCA declines and it becomes greater in the open than 

under canopy in all but the coldest bands (TDJF < -2°C), where fSCA remains close to 1.  

We define under canopy fSCA bias as the ratio of the difference in open and under canopy fSCA 

to the open fSCA; [fSCAopen ï fSCAunderCanopy]/ fSCAopen. Under canopy fSCA bias in south facing 

(northness<-0.1) and north facing (northness>0.1) slopes over different TDJF bands shows different 

interactions with elevation and slope/aspect at each site. However, north facing slopes have 

consistently higher fSCA than south facing slopes (Figure 3.7). Generally, south facing slopes show 

greater differences between open and under canopy fSCA than north facing slopes at most sites. At 

the coldest Boulder site and in the coldest TDJF bands (TDJF < -9°C) fSCA is higher in the open than 

under canopy in south facing slopes (Figure 3.5 f). Conversely, north facing slopes in colder bands 

(TDJF < -8°C) at Boulder have higher under canopy than open fSCA (except for the coldest TDFJ 

band). In warmer TDJF bands at Boulder (TDJF > -7.5°C), open fSCA is higher than under canopy 

fSCA on north facing slopes (except for the warmest TDFJ band), but opposite is true on south facing 

slopes (Figure 3.5 f). Colder TDJF bands (TDJF < -5°C) at Jemez show slight difference between open 

and under canopy fSCA in both south- and north facing slopes. Warmer TDJF bands at Jemez act 
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similar to warmer parts of Boulder, where fSCA in the open is higher than under canopy on north 

facing slopes and vice versa for south facing slopes (Figure 3.5 e). In Kings, fSCA in the open is 

higher than under canopy in colder TDJF bands but reverses in warmer TDJF bands across north and 

south facing slopes (Figure 3.5 d). At Sagehen, open fSCA is higher than under canopy fSCA on 

both north- and south facing slopes for most warmer bands (TDJF >-2 C) during March and April 

2016 (Figure 3.5 a, b).  

 

Figure 3.4: Under canopy and open fSCA in each TDJF band for lidar flights over Sagehen on 

March 26, April 17 and May 18, 2016 (a, b, c), Kings in March 2010 (d), Jemez in April 2010 (e), 

and Boulder in May 2010 (f). ñ+ò signs in all panels represent statistically different under canopy 

and open fSCA, based on Wilcoxon signed-rank test. Note that the range in the x-axis is different 

for each site. In general, fSCA, is higher when TDJF is colder (i.e. elevation increases) at all sites, 

and open fSCA is higher than under canopy fSCA at -5 °C < TDJF < +2 °C at all sites. 
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Figure 3.5: Under canopy fSCA bias ([fSCAopen ï fSCAunderCanopy]/ fSCAopen) for south facing and 

north facing slopes over different TDJF bands for each Lidar flight over Sagehen in March 26, April 

17 and May 18, 2016 (a, b, c); Kings in March 2010 (d); Jemez in April 2010 (e); and Boulder in 

May 2010 (f). Positive numbers of canopy fSCA bias indicates higher fSCA in the open and 

negative numbers show higher fSCA under canopy. ñ+ò signs indicate statistically significant 

difference between [fSCAopen ï fSCAunderCanopy]/ fSCAopen (y axis value) in south- and north facing 

slopes. South facing slopes generally show greater differences between open and under canopy 

fSCA than north facing slopes. 

3.4.4 Lidar -derived relationships between snow retention and forest structure 

The hypsometry (i.e. distribution of site area across the elevation) and the co-variation of slope and 

vegetation vary at each site in ways that could affect the interpretation of under canopy versus open 

fSCA. The hypsometry varies among sites, with a bias to more relatively low elevation area in 

Sagehen and Jemez to more relatively high elevation area in Kings and Boulder. The effects of 

elevation and aspect on vegetation distribution is also evident in Figure 3.6, with more area of high 

vegetation density at higher elevation at Kings and more lower vegetation density at the higher 

elevations of Sagehen and Boulder. 
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Figure 3.6: Percentage of area with south facing and north facing slopes, and low and high 

vegetation density over different elevation bands within each site: Sagehen 2016 (a); Kings 2010 

(b); Jemez 2010 (c); and Boulder 2010 (d). The hypsometry and the co-variation of slope and 

vegetation vary at each site. 

 

We spatially classify under canopy fSCA with low vegetation density (lowVD, 0.01 < vegetation 

density < 0.4) and high vegetation density (highVD, 0.6 < vegetation density < 0.99) to investigate 

the role of vegetation density at each site (Figure 3.7). We exclude 16%, 10%, 7% and 5% of grid 

cells in Boulder, Jemez, Sagehen, and Kings, respectively, which are covered by vegetation density 

between 0.4 and 0.6, as we aim to differentiate the effects of vegetation density end-members. In 

general, under canopy fSCA is higher under lowVD compared to highVD (Figure 3.7) on both 

north and south facing slopes, except in Jemez. Over colder TDJF bands (TDJF < -6.5°C for Boulder, 
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and TDJF < -4.5°C for Jemez), this pattern can be seen clearly; while in warmer TDJF bands at 

Boulder and Jemez, fSCA is higher under highVD for both south- and north facing slopes (Figure 

3.7 e, f). At the warmest TDJF bands at Kings site (> 2°C) fSCA is highest under highVD in south 

facing slopes and lowest under lowVD in north facing slopes (Figure 3.7 d). At Sagehen over all 

TDJF bands, there is a large difference between fSCA on south facing and north facing slopes under 

both lowVD and highVD (Figures 3.7 a, 3.6 b, c) and increases in warmer months and warmer TDJF 

bands. fSCA is highest in north facing slopes under lowVD and lowest in south facing slopes under 

highVD at Sagehen, and colder TDJF bands at Kings (TDJF < 1.5 °C) and Boulder (TDJF < -7°C).  

 

Figure 3.7: Under canopy fSCA for south facing and north facing slopes with low and high 

vegetation density (lowVD and highVD, respectively) across TDJF bands for each lidar flight over 

Sagehen in March 26, April 17 and May 18, 2016 (a, b, c), Kings in March 2010 (d), Jemez in April 

2010 (e), and Boulder in May 2010 (f). Under canopy fSCA is higher under lowVD compared to 

highVD on both north- and south facing slopes, except for south facing slopes in Jemez and warmer 

Kings sites. fSCA is highest in north facing slopes under lowVD and lowest in south facing slopes 

under highVD at Sagehen and colder TDJF bands of Kings (TDJF < 1.5 °C) and Boulder (TDJF < 

-7 °C). 
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3.4.5 Investigating controls on differential  under canopy and open fSCA with a Random 

Forest model  

We develop site-specific Random Forest models (RFM) to predict fSCAopen ï fSCAunderCanopy, with 

mean absolute errors (MAEs) of 0.07, 0.06, 0.05, 0.12, 0.10, and 0.11 (absolute fSCA units, i.e. 

fractions) for Sagehen in March 26, April 17 and May 18, 2016, Kings, Jemez, and Boulder, 

respectively. The RFM for Boulder has the highest MAE in fSCA prediction, which may be due to 

this site having a low point density for snow-on lidar that was acquired over three days in April 

2010 (Table 3.2). Vegetation density is the most important variable in the RFM for predicting fSCA 

differences in the colder sites (Figure 3.8). However, the role of vegetation density lessens with 

declining fSCA. This guide us to investigate the relative importance of predictor variables in four 

fSCA bins (Figure 3.8). In general, LWR and SWR have the same importance as vegetation density 

in controlling differential under canopy and open fSCA at warmer and lower fSCA bins at Kings 

and Sagehen (Figure 3.8 a,d). The importance of precipitation and temperature is largest in the 

lowest fSCA bins, except at Sagehen (Figure 3.8). 

We use the RFM models to predict the difference between open and under canopy for 

0.3<fSCA<0.8 across all possible vegetation densities at each site (Figure 3.9). To simulate the 

effects of low and high insolation environments, we forced the RFM with the 20th and 80th 

percentiles of SWR data, simulating a north- and south facing slope, respectively, and the mean of 

all other predictor variables. Following the analysis from Figure 3.7, the RFM shows that fSCA in 

the open is higher than under canopy across all vegetation densities at the warm sites of Kings and 

Sagehen, with the exception of 80th percentile of SWR scenario with vegetation density <0.4 at 

Kings. The RFM models show fundamental differences among colder sites, such as higher under 

canopy fSCA than open fSCA across lower vegetation density areas at Boulder and the opposite 

effect of vegetation density at Jemez. Areas with vegetation density > 0.4 generally have higher 
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open fSCA relative to under canopy fSCA at all sites except for Jemez. Similarly, as vegetation 

density exceeds ~0.4, differences between open and under canopy fSCA stabilize (i.e. reach an 

asymptote) at all sites except Jemez, and April 17 in Sagehen to a lesser degree.  

 

Figure 3.8: Importance of five predictors: vegetation density (VD), average incoming shortwave 

(SWR) and longwave (LWR) radiation, total precipitation (P) and average air temperature (T), from 

December 1st to the day of lidar overflights for predicting [fSCAopen - fSCAunderCanopy] in fSCA bins 

of fSCA<0.3, 0.3<=fSCA<0.55, 0.55<=fSCA<0.8 and 0.8<=fSCA for each lidar flight: Sagehen 

in March 26, April 17 and May 18, 2016 (a, b, c), Kings in March 2010 (d), Jemez in April 2010 

(e), and Boulder in May 2010 (f). The importance of vegetation density generally declines with 

declining fSCA across sites. 
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Figure 3.9: Prediction of [fSCAopen ï fSCAunderCanopy] across all sites using the RFM for 20th 

and 80th percentile of mean DJF incoming SWR across different vegetation densities, and the mean 

of incoming LWR, precipitation and temperature for each lidar flight over Sagehen in March 26, 

April 17 and May 18, 2016 (a, b, c), Kings in March 2010 (d), Jemez in April 2010 (e), and Boulder 

in May 2010 (f). 

3.5 Discussion 

Leveraging a new method of a multi-site snow-on airborne lidar analysis allows new insights into 

the causes of differential snow retention in open versus under canopy areas. Our site with the 

smallest lidar dataset has 2.6 million 1-m2 grid cells (Kings), compared to the typical small sample 

size of around ~5-10 ground-based sensors per site (Figure 3.2). Lidar surveys have an obvious 

advantage for accurate determination of snow presence or absence over large spatial extents, though 

only providing a snapshot in time. Ground-based observations provide a continuous time-series 

over a much smaller domain, but they are impractical for observing snow presence at high spatial 
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resolution across the gradients of vegetation density and topography, done in this study. The large 

number of points also provides statistical power (i.e. decreases uncertainties), that otherwise could 

overwhelm a small sample of ground-based observations. As the availability of snow-on lidar 

datasets increases (Deems et al., 2013; Painter et al., 2016), the method pioneered by Kostadinov 

et al. (2019) can be improved and expanded in several ways. Detection of snow surface versus low 

canopy branches, is a fundamental challenge in dense canopy (or deep snowpack) unless the 

method or datasets are improved. Timing of each lidar flight also represents snowpack 

characteristics at the moment of flight time at each site. The RFM analysis tries to avoid the non-

time varying quality of lidar data by making a space-for-time substitution that includes the lower 

and higher elevations with different underlying snowpack mass and energy budgets. To minimize 

this assumption, we divide the RFM analysis into fSCA bins. Sites with multi-temporal snow-on 

lidar datasets during one snow season like Sagehen ASO flights (Painter et al., 2016) offer the 

potential to track fSCA (or snow disappearance) directly. They also allow a better representation 

of how under canopy and open snowmelt timing varies in time and space, which was only 

preliminarily explored here with existing datasets. Lidar flights that target maximum SWE and only 

show relatively high fSCA (e.g. >0.6 in Jemez) are less practical for the analysis of snow 

disappearance timing. Future work might consider linking fSCA to SDD to use lidar to estimate 

SDD in terms of days (i.e. Figure 3.3), which is more consistent with ground-based observations 

used in previous studies (Dickerson-Lange et al., 2015a; 2015b; Lundquist et al., 2013).  

Our findings suggest that local site characteristics, like topography and vegetation structure, can 

modify the role of climatic factors (i.e. air temperature, Lundquist et al., 2013), and dictate snow 

disappearance timing in open versus under canopy areas. Despite relationships between air 

temperature and snowpack energy fluxes (Ohmura, 2001), differences between open and under 

canopy fSCA are not well predicted by thresholds in TDJF only (Figures 4, 5, 7). Terrain shading 

caused by slope and aspect, generally reduces SWR and air temperature on north facing slopes and 
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increases LWR relative to SWR in snowpack net radiation budget compared to south facing slopes 

(Lopez-Moreno et al., 2014; Maxwell et al., 2019; Malle et al., 2019, Musselman et al., 2012; 

Strasser et al., 2011). Our findings suggest that aspect can accentuate the effects of climate: north 

facing slopes have greater snow retention under canopy at colder sites while south facing slopes 

have greater snow retention in open areas at warmer sites. Forest canopy has high emissivity and 

emits more LWR than the surrounding atmosphere when warmed by SWR, which efficiently 

ablates both north- and south facing under canopy snowpack at warm sites like Sagehen (Todt et 

al., 2018; Webster et al., 2017). For example, there is greater snow retention in open areas in south- 

and north facing slopes at most TDJF bands at Sagehen and higher elevation at Kings, while north 

facing sites only promoted snow retention under canopy at the coldest TDJF bands at Jemez and 

Boulder (Figure 3.5). In addition to slope-aspect effects, denser forest canopy in warmer climates 

intercepts snowfall more efficiently (Roth and Nolin, 2017). Thus, sites with taller or denser trees 

from the same warmer climate, would be expected to have less snow under canopy due to canopy 

interception and sublimation losses. This is confirmed by higher fSCA in low versus high 

vegetation density (Figure 3.7) and the corresponding importance of vegetation density in the RFM 

(Figure 3.8), which suggest that denser forests cause earlier snow disappearance under canopy 

(Figure 3.7 and 3.9). Interestingly, the relative importance of meteorological data in the RFM (i.e. 

T, P, SWR, and LWR) suggests a lower role for topography compared to slope-aspect analysis in 

Figures 3.5 and 3.7, hinting at important interactions between climate, topography, and vegetation 

structure in controlling snow retention. 

Interactions between topography and vegetation structure can alter the dominant snow 

accumulation and ablation processes controlling open versus under canopy snow retention. These 

interactions are infeasible to measure with ground-based measurements at the landscape to regional 

scale. Prediction of snowmelt patterns over large extent (>10 km2) is typically prescribed in land-

surface models that struggle to capture at a fine-scale (~1 m) (Broxton et al. 2015, Sun et al. 2018, 
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Mazzotti et al. 2020). However, our large lidar extent elucidates many of the fine-scale processes 

affecting the snowpack radiation budget. SWR is highest on south facing slopes during the ablation 

season when solar zenith angle is low (Strasser et al., 2011), which disproportionately warms trees 

and increases LWR, compared to north facing slopes (Jonas and Essery, 2011; Todt et al., 2018; 

Webster et al., 2016a, b). LWR from warm canopies could help to explain the reduced snow 

retention under canopy at warm, south facing slopes (Figure 3.5 and 3.7) that would also receive 

considerable early season SWR. At Sagehen, south facing slopes have less under canopy snow 

retention early in the ablation season, but north-facing have less snow under canopy later in the 

ablation season (Figure 3.5) as solar angles become sufficiently high to warm the canopy of shaded 

north facing slopes. Once snow is intercepted by the canopy, local energy budgets dictate whether 

that snow sublimates, melts and drips to the ground, or sloughs to the snowpack (Harder et al., 

2018; Molotch et al., 2007). Interception efficiency is typically higher at warm, north facing areas 

where snow can be retained on canopy for a sufficient time to sublimate compared to south facing 

slopes where snow is more likely to drip or slough (Harpold et al., 2020; Moeser et al., 2016; Roth 

and Nolin, 2017). Blowing snow is more likely to scour in open areas and redistribute under canopy 

(Erickson et al., 2005), which may explain greater under canopy snow retention on north facing 

slopes in the coldest bands at the windy Boulder site (Tennent et al., 2017; Toendle and Leaf, 1980). 

These process insights help to recontextualize the controls on open versus under canopy snow 

disappearance and include the important role of topography and forest structure. 

We develop a new conceptual framework for researchers and resource managers that explains how 

topography and vegetation structure interact to control open and under canopy snow retention 

across different climates (Figure 3.10). Our framework builds upon simpler, well-established, one-

way effects (i.e. air temperature) to include the interactions of canopy, terrain, and climate that 

cause differential snow retention across sites. Generally, snow retained longer under canopy on 

south facing slopes due to shading effects in very warm and cold climate (Figure 3.10). Interception 
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causes an opposite outcome, with less snow under canopy than in open at all sites with an additional 

increase in interception efficiency during warmer snowfall (Roth and Nolin, 2017). This is 

supported by less snow under canopy in warmer climates (Figure 3.10). However, interactions 

between interception, shading from SWR, LWR enhancement, and wind sheltering are necessary 

to explain SDD differences across sites. For example, south facing slopes generally have greater 

snow retention under canopy at colder sites. Moreover, the warmest, south- and north facing areas 

have greater snow retention under canopy when vegetation density is higher, which is contrary to 

the simple effects of interception and longwave radiation that reduce hasten under canopy snow 

disappearance. We attribute these contrary effects to the importance of vegetation shading at all 

sites, particularly as solar altitude angles become higher later in the ablation season (and in deeper 

snowpack). The coldest areas in our sites (TDJF < -7 °C) show fundamentally different controls that 

lead to more snow under canopy. We hypothesize a high influence of SWR shading in the snowpack 

net radiation budget (Tennant et al. 2015), as well as a higher chance of colder snow redistributing 

by wind at colder sites. Overall, our conceptual model captures these broad effects in a relatively 

simple visualization (Figure 3.10) designed to inform future research and management actions. 

Our new lidar-based conceptual model, explaining differential snow disappearance in open and 

under canopy areas, has practical management implications but will need continual refinement. 

Greater snow retention delays the soil water inputs, resulting in a shorter soil moisture recession 

(Harpold and Molotch, 2015) and limits the water stress period for ecosystems (Harpold, 2016). 

Later snowmelt similarly delays the dry down of surface fuels, thus, reduces extreme wildfire 

activity (Westerling et al., 2006). Forest management actions (e.g. tree removal and controlled fire) 

designed to retain snow have a long history (Alexander et al., 1985; Anderson, 1983; Golding and 

Swanson, 1986; Varhola et al., 2010). However, our insights allow more spatially explicit 

management strategies that account for natural variability of climate and forest structure in complex 

topography (Figure 3.6). For example, thinning or gap cutting should generally decrease LWR and 
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snow interception, which has been shown to increase snow accumulation and melt volumes in 

recent fine scale modeling results in the Sierra Nevada (Krogh et al., 2020). Thus, canopy removal 

could help retain snowpack in warmer and denser canopy areas of Sagehen. Similarly, lower 

elevations of colder north facing areas (e.g. Boulder) may experience benefits of tree removal, 

while colder, south facing slopes with low canopy density (especially at higher, windier elevations) 

might experience reductions in snow retention if canopy was removed. This is consistent with the 

lack of snowpack response to tree removal in the Rocky Mountains in previous studies of insect-

caused tree mortality (Biederman et al., 2014) and fire caused canopy loss (Harpold et al., 2014). 

However, our simplistic treatment of vegetation neglects several important controls: 1) differences 

in species and growth limitations, 2) different inter- and intra-site disturbance history, and 3) fine-

scale canopy structure and gaps. For example, our simple treatment of canopy density cannot 

adequately capture differences in interception efficiency across conifer species (Roth and Nolin, 

2019, Huerta et al., 2020). The co-variation of tree species with elevation (and aspect) may limit 

the utility of the space-for-time efforts done in the RFM because the overall distribution of forest 

canopy (Figure 3.6) are not accounted in our approach. Aspect and slope also feedback into the 

forest disturbance history (i.e. fire severity and return frequency; Pelletier et al., 2017). Fine-scale 

forest structure, like the size of canopy gaps and the spacing of trees, can be an important control 

on snow distributions (Currier and Lundquist, 2018; Mazzotti et al. 2019, Sun et al. 2018, Mazzotti 

et al. 2020) that is not considered here. Future studies should better account for forest structure by 

using very high-density snow-on and off lidar dataset that can characterize three-dimensional forest 

structure in ways that account for differences in tree spacing, species, and other fine-scale effects. 

Improvements in the lidar analysis techniques could be combined with testing and improving high-

resolution, process-based snowpack energy budget models (Broxton et al. 2015, Mazzotti et al. 

2020) to increase the predictive certainty of snow-forest interactions and post-forest disturbance 

hydrology.  
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Figure 3.10: Conceptual framework indicating differential snow disappearance in open and under 

canopy areas and the impact of topography and vegetation structure on open and under canopy 

snow retention across different climates. Terrain shading from slope and aspect causes more similar 

patterns on south facing slopes where there is generally more snow retained under canopy due to 

shading effects. Interception causes an opposite outcome, with less snow under canopy than in 

open. Orange color shows greater snow retention in the open; and green color shows greater 

snow retention under canopy. 
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3.6 Conclusions 

Changing the forest canopy is one of the few ways that forest and water resource managers can 

control snow disappearance timing and mitigate the negative consequences of climate change on 

local and downstream water availability and wildfire regime. The rain-snow transition is likely to 

increase in elevation due to climate change, causing warmest area (e.g. lower elevation in Kings) 

to only receive rainfall (Klos et al., 2014). Colder areas (like Jemez and Boulder) may act more like 

historically warm areas (like Sagehen and Jemez) which may lead to greater snow retention in open 

areas as interception efficiency and net longwave radiation increases. Because warm areas with 

dense vegetation typically have potential for canopy removal to increase snow retention, especially 

on south facing slopes, forest practices may have to update in locations where snow-vegetation 

interactions are changing from global warming. Ablation by SWR in open areas is important at 

both warm and cold sites and is generally expected to decrease from increased atmospheric 

humidity and clouds (Schwarz et al., 2020; Wild et al., 1995). Changes in forest density in response 

to future climate may accentuate our findings on forest thinning on north facing slopes to increase 

snow retention (Figure 3.10). In order to predict the effects of climate change on snow-vegetation 

interactions across complex terrain, these process inferences need to be incorporated into 

hydrological modeling and translated into decision support tools for resource managers. Given the 

few ways to monitor under canopy snow disappearance in montane forests, we believe lidar-based 

inferences should continue to be refined as an important tool for improving water resource 

prediction. 

 

All snow-on and snow-off lidar datasets for Jemez, Boulder and Kings and snow-off lidar dataset 

for Sagehen are freely available from https://portal.opentopography.org/datasets public data 

servers.  

https://portal.opentopography.org/datasets
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Chapter 4 

Estimating Evapotranspiration Gradients in a Montane Forest Using 

Thermal Observations and Two-Source Energy Budget Modeling 

Abstract 

Evapotranspiration (ET) as the key component of energy and water cycles of land-atmosphere 

system, regulates the local water budget that is critical to downstream communities. Estimating and 

monitoring ET is essential to identify the sensitivity of forests and downstream communities to 

climate change. However, a large spatial variability in ET, because of complex topographic 

gradient and canopy distribution, makes its prediction challenging in montane forests. In this study, 

we aimed to explore whether thermal-based two-source energy balance (TSEB) model using 

imagery from an unmanned aerial system (UAS) and the NASA Ecosystem Spaceborne Thermal 

Radiometer Experiment (ECOSTRESS) can capture fine-scale spatial and temporal ET variations 

caused by topographic and vegetation gradients. We perform our experiment in a mixed coniferous 

forest and meadow field site at mountainous Sagehen Creek Basin, California, USA. Sap flux 

measurements show that trees along a hillslope have different timing of seasonal transpiration and 

ET observations at eddy covariance towers suggest that subcanopy ET are comparable to overstory 

transpiration. We conducted four UAS flights at 3 pm in April 29, June 11, July 11, August 15 in 

2019, and collected and calibrated the land surface temperature (LST) imagery at 12 cm spatial 

resolution. The difference between the UAS-based land surface temperature (LST) and air 

temperature (AT) or æT reflects spatial thermal stress, consistent with observations, whereas 

coarse-resolution ECOSTRESS-based LST cannot sense any large difference in æT across the 

study site. We then estimate ET using the TSEB model coupled with UAS LST that indicated the 

higher daily ET in lower elevations in meadow and the lower in higher elevations. However, both 
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UAS- and ECOSTRESS-based TSEB overpredict mean daily canopy transpiration by about 4 

mm/day, compared to eddy covariance measurements. The ECOSTRESS and UAS TSEB also 

overpredict the relative contribution of tree overstory ET and underpredict the contribution of 

subcanopy grass, shrub, and soil ET to total ecosystem ET. Our results show challenges in high 

resolution ET estimates in complex terrain, particularly over large domains, and underscores the 

necessity to combine high resolution meteorological and landscape datasets with high-resolution 

aerial LST products to capture critical ET gradient in montane forests.   

4.1 Introduction  

Evapotranspiration (ET) couple water and energy cycles and has cascading effects on the 

lithosphere, hydrosphere, biosphere, and atmosphere. ET is the largest component of montane 

forest water budgets and thereby regulates downstream freshwater resources. However, climate 

change has been influencing montane forestôs ET (Rosado et al., 2016; Cooper et al., 2020; 

Gaertner et al., 2019) and growing season length (Harpold, 2016; O'Leary et al., 2018) in snow-

dominated, Mediterranean climates, like the Sierra Nevada, USA. The montane forests in the Sierra 

Nevada receive most of their precipitation as snow, hence they mostly rely on snowmelt water 

(Trujillo et al., 2012). Earlier snowmelt due to global warming (Mote et al., 2018; Musselman et 

al., 2017) leads to earlier water input to soil system when lack of energy may limit transpiration. 

Shifts in soil moisture timing from earlier snowmelt increases the days that trees are water limited 

in the Sierra Nevada (Cooper et al., 2020). In addition to one-dimensional changes in water inputs, 

lateral redistribution of water in complex topography alters the land surface energy and water 

budgets at large scales (Tague and Peng, 2013; McNamara et al., 2011). Hence, effective ET 

estimates are needed not only for current water supply and forest management, but for predicting 

the climate change effects in future with limited snowpack (Evan, 2019; Dibike et al., 2018).  

Evapotranspiration has been observed using field measurements and methods that operate at the 
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tree to ecosystem scale with different advantages and drawbacks. At the scale of an individual tree, 

plant chambers, weighting lysimeters, and sap flow techniques are common (Yang et al., 2017; 

Zhang et al., 2014). Weighting lysimeters and plant chambers have been used to estimate 

transpiration of plants and small trees, but it is not applicable on tall trees (Magliano et al., 2017). 

Sap flow technique estimates tree-scale transpiration and can be scaled up to stand-scale of multiple 

tall trees (Berry et al., 2018), even over complex terrain with varying elevation, slopes, and aspects 

(Looker et al., 2016, 2018). However, converting sap flow density to transpiration rates requires 

making significant assumptions about tree species, root depth distribution, diurnal/nighttime sap 

flow, and sapwood area (Lu et al., 2004; Klein et al., 2014; Kume et al., 2016). The timing of sap 

flow density can be used to estimate periods of water stress without making those assumptions 

(Cooper et al., 2020). Eddy covariance (EC) techniques measure a high frequency time series of 

water vapor and carbon dioxide concentrations and 3-D velocity fields to estimate ET (Tie et al., 

2018). EC-based estimates of ET have relatively small and often uncertain footprints, as well as 

inability to separate evaporation from transpiration (Zitouna-Chebbi et al., 2018); nonetheless, EC 

towers can be deployed under and above canopy to separate overstory and understory ET (Scott et 

al., 2013). However, this technique contains uncertainty when applied to complex terrain (Shimizu 

et al., 2015) that dominates montane forests, like the Sierra Nevada. 

The costs of field-based tools and an inability to scale up to larger areas have inspired new aerial 

and remote-sensing tools to estimate forest ET and water stress using thermal imagery of land 

surface temperature (LST) and energy budget modeling (McCabe et al., 2017, Seyednasrollah et 

al., 2019, Kustas and Anderson, 2009; Norman et al., 2000). LST controls the longwave radiation 

emitted from the surface and sensible heat exchange between the atmosphere and the surface 

(Bertoldi et al., 2010). Aerial canopy thermal stress, defined as the difference between LST and air 

temperature (AT), is a result of the balance between heat loss from ET and net radiation (Ding et 

al., 2013; Seyednasrollah et al., 2019; Yang et al., 2013). A decrease in thermal stress is caused by 
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an increase in ET, defined as latent heat cooling (Mildrexler et al., 2011; Seyednasrollah et al., 

2019). Therefore, thermal stress is a reliable proxy to examine water stress in vegetation (Ding et 

al., 2013; Seyednasrollah et al., 2019). Seyednasrollah et al. (2019) show that a 1 ÁC decrease in 

the thermal stress is comparable to 1ï1.2 mm/day of ET, depending on site and climate conditions, 

but it cannot directly provide an estimate of canopy water use and soil evaporation. Satellite- and 

aerial-derived thermal imagery can be used to estimate sensible (H) and latent (LE) heat flux in 

combination with empirical or physically-based models across large domains (Kustas and 

Anderson, 2009; Fisher et al., 2008; Garcia and Tague, 2015; Norman et al., 2000; Sun et al., 2011; 

Vanderhoof and Williams, 2015; Song et al., 2018; Zipper and Loheide, 2014). Empirical 

approaches introduce uncertainty by simplifying the actual ET to a fraction of Reference ET and 

do not detect rapid changes in ET (Chiesi et al., 2013). Most physically-based models, on the other 

hand, link the water and energy budgets of an ecosystem (Silva et al., 2017), and partition incoming 

net radiation (Rn), composed of shortwave (SWR) and longwave radiation (LWR), into ground 

heat flux (G), and turbulent fluxes of sensible heat and latent heat, neglecting internal changes of 

energy during relatively small time-steps (Kustas et al., 2018; Sun et al., 2017). These physically-

based models typically close the energy budget by making some assumptions on land surface 

properties, such as vegetation type, plant growth stage, topography, land management (Magliano, 

et al., 2017; Yang, et al. 2017), and energy fluxes parameterizations. Thermal energy-based 

physical models employ measurements of LST and cooling effect of ET to improve latent and 

sensible heat estimates and constrain the energy budget (Kustas and Anderson, 2009; Castelli et 

la., 2018; Yang et al., 2017). One source energy balance model (OSEB), as an example of these 

models, uses LST for mixed soil and vegetation conditions and does not distinguish vegetation and 

soil temperature. These limitations lower the performance of OSEB in tree transpiration estimate 

(Kustas and Anderson, 2009). Two source energy balance (TSEB) model, on the other hand, 

segregates land surface energy fluxes into soil and vegetation latent and sensible heat fluxes for 
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heterogeneous terrains (Anderson et al., 1997; Kustas and Anderson, 2009; Yang et al., 2017) by 

linking aerodynamic radiometric surface temperature (TRAD) to soil (TS) and canopy temperature 

(TC) separately (Norman et al., 1995). This model partitions ET into direct evaporation from the 

soil surface (Es), canopy evaporation of intercepted water (Ei) and tree transpiration (Et) (Brenner 

et al., 2018; Hoffmann et al., 2016; Kustas and Norman, 2000; Song et al., 2017; Silva et al., 2017; 

Vicente et al., 2018). TRAD can be derived from direct thermal infrared (TIR) sensors or high-

resolution thermal imaging from aerial systems (Xia et al., 2016). Besides LST dataset, wind speed, 

air temperature, air pressure, humidity, incoming shortwave and longwave radiations, are key 

temporally-varying forcing data, and leaf area index (LAI ), canopy height, effective leaf width, and 

soil and canopy aerodynamic roughness lengths and emissivity are the main parameters.  

Satellite systems have been providing LST imagery that has been employed to estimate ET using 

TSEB model over large domains. MODIS (MODerate resolution Imaging Spectroradiometer 

produces daily LST at 1-km resolution, whereas Landsat provides LST maps at 100ï120 m 

resolution every 16 days, and both have been widely applied in TSEB models (Cammalleri et al., 

2013; 2014; Yang et al., 2017). However, most of satellite-based thermal images have either 

relatively low spatial resolution and/or low temporal resolution (Cammalleri et al., 2013), 

preventing a highly accurate detection of spatial or temporal ET variations in the montane forests 

(Kustas and Anderson, 2009; Silva et al., 2017; Yang et al., 2017). Some studies have combined 

daily MODIS and 30m-resolution Landsat LST imagery to provide optimal spatiotemporal 

coverage (Cammalleri et al., 2014; Yang et al., 2017). Recently, the ECOsystem Spaceborne 

Thermal Radiometer Experiment on Space Station (ECOSTRESS) mission is acquiring LST 

images at a spatial resolution of 38m×68m (Guillevic et al., 2014, Anderson, 2018). ECOSTRESS 

LST imagery is currently being used with a TSEB model to create daily, 30m by 30m estimates of 

ET in the United States (Anderson, 2018). This is a step forward improving high resolution, 

regional ET estimates; however, its performance in representing complex montane forest ET over 
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steep topographic domains need to be examined. LST from unmanned aerial system (UAS) can 

provide high spatial resolution (cm to m scales) thermal images for TSEB applications (Xia et al., 

2016; Khaliq et al., 2019). Nieto et al. (2018) applied UAS thermal and multispectral imagery to 

test a TSEB model to estimate latent and sensible heat fluxes for short canopy vineyard and orchard 

farms. However, application of TSEB model with UAS-based LST has not been assessed in 

complex terrain, where aerial imagery is challenged by thermal infrared instrument bias, pixel 

mixing between canopy and sub-canopy (Pestana et al., 2019) and thermal reflections of the 

atmosphere and signal attenuation by water vapor (Aubrecht et al., 2016). UAS-based observation 

over melting snow, as a black body with high emissivity, is a unique approach to calibrate UAS-

derived LST for instrumental bias (Pestana et al., 2019). Mixed pixel LST images are problematic 

since a single pixel can represent LST from both canopy and soil, which can be very different due 

to canopy transpiration cooling effect (Khaliq et al., 2019). Influence of sky thermal reflections and 

signal attenuation by water vapor between the vegetation and camera is another source of error in 

LST thermal imagery (Aubrecht et al., 2016), which is substantial when thermal camera are 

mounted tens of meters away from vegetation. However, this can be corrected using estimates of 

incoming LWR and atmospheric water vapor, canopy and air emissivity and sky temperature 

(Aubrecht et al., 2016). The application of TSEB modeling with carefully-calibrated thermal LST 

imagery could help to resolve forest ET in complex terrain that often have important hydrological 

gradients at the tree- to hillslope-scale. 

We develop a unique set of ground-based and UAS-based thermal imagery observations across 

topographic gradients to test and improve TSEB-derived ET. At our mixed conifer forest and 

meadow study site (Sagehen Creek, California, USA), we utilize sap flow and eddy covariance 

observations to study two hydrological gradients: 1) groundwater availability up in a hillslope 

transect and 2) overstory tree ET versus understory grass and soil ET. Comprehensive observations 

of LST from field radiometers, UAS and ECOSTRESS LST imagery during the 2019 growing 
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season allowed us to explore ET estimates from TSEB model. Our UAS-derived ET estimates take 

advantage of high-resolution imaging (12-cm) and local vertical observations of air temperature, 

wind speed, and atmospheric humidity, compared to ECOSTRESS LST and ET products that are 

much coarser. We explore these research questions: 

1) How does observed ET vary across tree clusters on a hillslope with differential 

groundwater access and differ between above versus below canopy vegetation? 

2) Can UAS and ECOSTRESS LST imagery capture the heterogenous latent cooling effects 

and does the TSEB model capture these ET gradients?  

3) What factors produce more or less skill in TSEB estimates of ET using thermal imagery 

from UAS and ECOSTRESS, and what are the implications for future satellite missions? 

4.2 Study Site and Data 

4.2.1 Study Site 

Our study site is the Sagehen Creek Watershed that is located in the northern Sierra Nevada, 

California, US. Sagehen has a drainage area of 28 km2 and an average elevation of 2200 MASL 

ranging between 1800 and 2700 MASL. The average winter air temperature is approximately -1.2 

°C and the mean annual precipitation is 1215 mm, of which 70% is snowfall (WRCC, 2020). 

Sagehen is a forested montane watershed covered by mixed conifers including White Fir (Abies 

Concolor), Red Fir (A. Magnifica), Lodgepole Pine (Pinus Contorta), Jeffrey Pine (P. Jeffreyi), 

Sugar Pine (P. Lambertiana), Western White Pine (P. Monticola), and Ponderosa Pine (P. 

Ponderosa) (Godsey and Kirchner, 2014; Li and Nieber, 2017). The soil composition in hillslopes 

is predominantly loamy sand soils, developed in weathered volcanic parent material (Cooper et al., 

2020). We focus our study at the lower elevation of the watershed where the elevation ranges 

between 1930 and 2005 MASL (Figure 4.1). The lower (1930-1978 MASL), the medium and 
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higher (1990-2005 MASL) elevations are referred as the meadow, midslope and upslope, 

respectively (Figure 4.1). The meadow is equipped with three meteorological towers (called Main 

Tower and Subcanopy Towers in the basin-wide network), and three eddy covariance (EC) towers 

at the same locations (Figure 4.1). We set a tower in a mixed tree and grass cover site close to a 

Lodgepole Pine (Pinus Contorta) tree in the meadow to collect radiative data (Rad Tree tower, 

Figure 4.1). 

4.2.2 In-situ Measurement of Meteorological Data and Sap Flux Density  

The Rad Tree tower is equipped with five co-located pyranometers and infrared radiometers that 

measure incoming shortwave radiation (SWR) and surface temperature, respectively, in 4 different 

aspects of the tree. It has one pyranometer measuring outgoing SWR, one pyrgeometer to collect 

incoming and outgoing LWR, a CHR4-L, 4-Channel Radiometer to measure near infrared and 

infrared wavelength to estimate greenness at the top of the tree, two thermometers and pyrgeometer 

sensors at low and high height of Rad Tree to measure relative humidity (RH), air temperature 

(AT), windspeed (WS) and wind direction, and four sap flow sensors at four aspects of the tree 

(Figure 4.1).  

Main and Subcanopy towers (yellow rectangles in Figure 4.1) measure air temperature, windspeed, 

and atmospheric humidity at 3.25, 13, 20, and 30 m every 30 min. They also provide 30-min air 

pressure (AP), air vapor pressure (VP), incoming and outgoing longwave and shortwave radiations. 

Three eddy covariance located at the meteorological towers record latent (LE) and sensible (H) 

heat fluxes every 30 min. EC systems are operated by ETH university since July 2017, located 

above and below canopy, measure the density of water vapor and carbon dioxide (hence latent and 

sensible heat fluxes), wind velocity, and full radiation budget. The towers also have thermocouples 

to measure soil heat fluxes (G). Sap flow density is collected using thermal dissipation sap velocity 

probs (TDP) that have an electric heater measuring the difference between the temperature of two 
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needles (Cooper et al. 2020). Sap flow sensors are distributed in two hillslope (midslope and 

upslope) clusters, and one cluster in the meadow near the Rad Tree (red circle; Figure 4.1). The sap 

sensors in Sagehen are collecting the data from 2017 every 15 minutes (Please refer to Cooper et 

al. 2020 for more details). At sap flow cluster we also measure 15-min soil moisture and 

temperature at 10 cm, 30 cm, and 50 cm depths, and LST with thermal radiometer sensors.  

 

Figure 4.1: Location of the Rad tree, equipped with the radiometers and the meteorological sensors. 

Red circles show the location of pine trees equipped by sap flow sensors in three clusters of the 

meadow, midslope and upslope. Yellow rectangles depict the location of main tower and two 

subcanopy towers, as well as eddy covariance (EC) towers. UAS RGB and LST imagery are also 

shown.  

4.2.3 Thermal Infrared (TIR) Imagery Via U nmanned Aerial System 

We collected five days of thermal infrared (TIR) and RGB imagery via unmanned aerial system 

(UAS) over our study site in the April-October 2019 period (Figure 4.1). The TIR camera was 






















































































