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ABSTRACT 

 
Distributed models of the land surface are essential for global climate models because of 

the importance of land-atmosphere exchanges of water, energy, momentum.  They are also used 

for high resolution hydrologic simulation because of the need to capture non-linear responses to 

spatially variable inputs.  Continued improvements to these models, and the data which they use, 

is especially important given ongoing changes in climate and land cover. 

In hydrologic models, important aspects are sometimes neglected due to the need to 

simplify the models for operational simulation.  For example, operational flash flood models do 

not consider the role of snow and are often lumped (i.e. do not discretize a watershed into 

multiple units, and so do not fully consider the effect of intense, localized rainstorms).  To 

address this deficiency, an overland flow model is coupled with a subsurface flow model to 

create a distributed flash flood forecasting system that can simulate flash floods that involve rain 

on snow.  The model is intended for operational use, and there are extensive algorithms to 

incorporate high-resolution hydrometeorologic data, to assist in the calibration of the models, 

and to run the model in real time.  

A second study, which is designed to improve snow simulation in forested environments, 

demonstrates the importance of explicitly representing a near canopy environment in snow 

models, instead of only representing open and canopy covered areas (i.e. with % canopy 

fraction), as is often done.  Our modeling, which uses canopy structure information from Aerial 

Laser Survey Mapping at 1 meter resolution, suggests that areas near trees have more net snow 

water input than surrounding areas because of the lack of snow interception, shading by the trees, 

and the effects of wind.  In addition, the greatest discrepancy between our model simulations that 

explicitly represent forest structure and those that do not occur in areas with more canopy edges. 

In addition, two value-added Land Cover products (land cover type and maximum green 

vegetation fraction; MGVF) are developed and evaluated.  The new products are good successors 

to current generation land cover products that are used in global models (many of which rely on 

20 year old AVHRR land cover data from a single year) because they are based on 10 years of 

recent MODIS data.  There is substantial spurious interannual variability in the MODIS land 

cover type data, and the MGVF product can vary substantially from year to year depending on 



11 
 

climate conditions, suggesting the importance of using climatologies for land cover data.  The 

new land cover type climatology also agrees better with validation sites, and the MGVF 

climatology is more consistent with other measures of vegetation (e.g. Leaf Area Index) than the 

older land cover data.  
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CHAPTER 1: Introduction 

  

Distributed models of the land surface are important in meteorology and hydrology.  In 

meteorology, they are often used to provide lower boundary conditions for atmospheric models 

(for which exchanges of water, energy, momentum, and carbon are important).  As such, 

determination of the spatially variable surface energy budget and surface resistances are 

especially important.  In hydrology, the goal is often to make hydrologic predictions (e.g. to 

diagnose stream discharge).  To do so, it is often necessary to have some delineation between 

different portions of a watershed because of differences in how they behave.  For example, it has 

been estimated most of the annual runoff in watersheds in the western United States is generated 

from snowmelt in mountainous regions that geographically limited (Barros and Lettenmaier, 

1993). 

Distributed models tend to have very large data requirements.  Not only are they spatially 

expansive (for example Land Surface Models; LSMs; cover the whole globe), but they 

sometimes require data that is at a much higher resolution than the model grid itself (e.g. to 

parameterize sub-grid variability).  These data are often derived from remote sensing remotely 

sensed data is often gridded and applies over a large area. Such data include topographic data 

(which is essential for surface water routing), soils data (which influences the subsurface 

movement of water) land cover data (which influences land-atmosphere exchanges of water, 

energy, momentum and carbon), as well as other data that can be used to prescribe boundary 

conditions, validate models, etc. 

There have been enormous advances distributed models in the last half century.  For 

example, early land surface models (LSMs) which calculated evapotranspiration based on a 

simple bucket model, have been continually improved upon with better representations of soil 

heat fluxes, more complex vegetation models, better representations of sub-grid variability 

(especially as it relates to hydrological processes), representation of the exchanges of carbon, 

nitrogen, and other nutrients, and inclusion of groundwater-surface water interactions.  Other 

hydrologic models, which are more local in scope, have seen similar improvements, especially as 
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distributed data has become widespread since the 1990s.  However, there is always room for 

improvement, both involving the modeling and the data that they use.  

Notably, for some applications, operational distributed models are not even used.  For 

example, many flood and flash flood models used by the National Weather Service (NWS) 

Regional Forecast Centers (RFCs) are lumped.  Distributed models are preferable in such 

situations because of the localized nature of many flood producing storms: not only are the 

storms themselves localized, but the relationship between rainfall and runoff is nonlinear such 

that increases in the runoff response often exceed those of the rainfall itself.  Furthermore, nearly 

all flash flood models do not consider snow or snowmelt.  Snowmelt can exacerbate flooding 

when rainfall falls on and melts snow, or recently melted snow can increase a catchment’s 

susceptibility to flooding (by saturating the soil). 

For other applications, the representation of or the data that is used to define land surface 

features can also be improved.  This is particularly true of vegetation and vegetation 

distributions.  The representation of vegetation is often difficult in models because vegetation 

heterogeneity exists at all spatial scales: even in small plots, there are mixtures of vegetation.  In 

land surface models (e.g. the Community Land Model), this is accounted for introducing the 

concept that a grid cell is made up of plant functional types (PFTs), each accounting for a 

percentage of the grid cell’s area.  However, other models, such as distributed snow models do 

not have such a representation, and it has been unclear whether mixing canopy covered regions 

and canopy gaps has a significant impact on modeled results. 

 Furthermore, many models still use data products that are derived from older data.  For 

example, a majority of global models use land cover type data that is based on a single year of 

Advanced Very High Resolution Radiometer (AVHRR) land cover data (from April 1992 – 

March 1993).  This is not ideal because the AVHRR sensors have a lower spectral resolution 

than more advanced satellite sensors such as the Moderate Resolution Imaging 

Spectroradiometer (MODIS), and hence are not as well suited for monitoring vegetation.  

Furthermore, land cover is inherently dynamic, so the 1992-1993 data may not be representative 

of land cover in general, especially since it is 20 years old. 
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 We address these issues in the three chapters that follow.  Chapter 2 describes a new flash 

flood forecasting system that is distributed, accounts for snow, and has many other features that 

are important for flash flood forecasting, such as the ability to ingest data in real time.  Chapter 3 

describes a snow model that is informed with Aerial Laser Swath Mapping (ALSM) data and has 

a spatial resolution of 1 meter.  Chapter 4 describes and evaluates value-added global vegetation 

land cover type and fractional vegetation cover.  Finally, concluding remarks can be found in 

Chapter 5. 
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CHAPTER 2: A Distributed Hydrologic Model for Flash Flood Forecasting 

 

This chapter summarizes a paper about the coupling of two hydrological models for 

operational flash flood forecasting titled, “Coupling the Kinematic Erosion and Runoff 

(KINEROS) and hillslope-storage Boussinesq Soil Moisture (hsB-SM) Models for All-Season 

Operational Flash Flood Forecasting”, which has been accepted to the Bulletin of the American 

Meteorological Society and is currently in press.  The manuscript is found in Appendix A, and 

supplementary material for the manuscript is found in Appendix B. 

 

2.1 Background 

In the United States, flash floods kill more people annually than any other type of natural 

disaster.   They are difficult to predict, requiring high-resolution meteorologic observations and 

predictions, as well as calibrated hydrologic models, which should effectively simulate how a 

catchment filters rainfall inputs into streamflow.  An effective response to precipitation-caused 

flash flood events requires both hydrologic and meteorologic expertise: e.g. timely and accurate 

precipitation forecasts and accurate hydrological models to predict how runoff is generated from 

the rainfall. 

Currently, there are a number of tools available for flash flood forecasting, though there 

is no comprehensive strategy to model both the timing and magnitude of flash floods, while 

simultaneously considering the localized nature of the storms involved, the importance of 

snowmelt, and the high temporal resolution needed to predict these floods.  This study describes 

the development, evaluation, and deployment of a robust, site-specific flash-flood forecasting 

system for five humid watersheds in Delaware County, New York.  The model system leverages 

the Kinematic Erosion and Runoff (KINEROS) overland flow/channel routing model, and the 

hillslope-storage Bousinesq - Soil Moisture (hsB-SM) modular modeling framework.  hsB-SM 

was developed by the Surface Hydrology Group at the University of Arizona and includes 

physical descriptions of hydrological processes at pedon, hillslope and catchment scales, as well 

as an energy balance snowmelt model.  KINEROS and hsB-SM complement each other such that 

resulting system is a full-fledged continuous model system that has the following features: 
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• Fully Distributed (i.e. divides watersheds up into smaller elements) 

• Continuous (i.e. keeps track of catchment wetness and snow water equivalent) 

• Accounts for snow, variable infiltration, evapotranspiration, canopy interception, 

subsurface flow, overland flow, and channel routing 

• Flexible spatial and temporal resolution 

• Includes a framework to easily calibrate the models using historical data from the North 

American Land Data Assimilation System (NLDAS) 

• Real time operation using Stage III Radar Data (5 minute, 1 degree by 1 km), hourly 

precipitation estimates from the Multisensor Precipitation Estimator (MPE) and forecasts 

from the National Digital Forecast Database (NDFD). 

• Ability to perform data assimilation and run using multiple precipitation input scenarios 

Figure 1: Model schematic for the KINEROS/SM-hsB system that shows important modeled physical processes. 

Both KINEROS and hsB-SM are distributed and take into account a variety of surface and subsurface processes that 

are important for flash flooding. 
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2.2 Model Description 

KINEROS/hsB-SM involves a loose coupling between KINEROS (for overland flow and 

channel routing) and hsB-SM (for soil moisture accounting, baseflow generation, and snow 

modeling) to account for many of the important processes involved in flash flooding (Figure 1).  

This implementation of hsB-SM is also fully distributed with a spatial resolution of 0.0125 

degrees (about 1 km) and has a high temporal resolution (1 hour/5 minutes during events).  

Perhaps the most novel feature of this flash flood modeling system is the inclusion of a 

distributed energy balance snow model in order to better predict floods that result from a 

combination of rainfall and snowmelt.  It includes representations of turbulent (latent and 

sensible) fluxes at the snow surface, heat that is advected by precipitation, canopy interception, 

vegetation effects on incoming radiation using Beer’s law, and takes into account local 

topographic effects on solar forcing.  Currently, however, there is no representation of frozen 

ground, which can also be important for wintertime flooding events (this is a potential topic of 

future research). 

hsB-SM also includes modules that describe canopy interception of rainfall (Deardoff, 

1978), infiltration (Milly, 1986; Famiglietti et al. 1992; Troch et al. 1994), estimates of 

evapotranspiration (Teuling and Troch, 2005), vertical water transport in the upper soil layer, and 

has a shallow and a deep aquifer.  Baseflow from the deep aquifer is modeled as a simple 

nonlinear reservoir model, but baseflow from the shallow, unconfined aquifer, where the water 

table interacts directly with the unsaturated zone, is modeled based on the hillslope-storage 

Boussinesq (hsB) equation (Troch et al., 2003).  Due to computational constraints and the need 

to preserve the regionalization impacts of localized rainfall events (i.e. preserve the gridded 

nature of the rainfall estimates), the hsB model is emulated using a simpler storage-discharge 

model. Baseflow discharge, as well as non-infiltrated water (arising either because of infiltration 

excess or saturation excess) is routed off of hillslopes and down channels using KINEROS 

(Woolhiser et al., 1990; Goodrich et al., 2012).  Mathematical details about KINEROS/hsB-SM 

can be found in Appendix B Section 1. 
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Figure 2: Site map showing the modeled Upper Delaware Basin Watersheds.  Shown are the locations of streams 

and stream gauges, watershed boundaries, delineated hillslopes used for KINEROS, and ~1 km grid boxes on which 

the snow and subsurface models run.

 

2.3 Model Implementation 

KINEROS/hsB-SM has been implemented for five catchments in the Catskill Mountains 

in southeastern New York (Figure 2).  There are two watersheds along the main stem of the West 

Branch Delaware River (defined by outlets at the towns of Walton and Delhi, NY), and three 

smaller, steeper watersheds (East Brook, Town Brook, and Platte Kill). Spatial data includes 

digital elevation data, vegetation data, and soils data, which can be obtained from the US 

Geological Survey (USGS) and the National Resource Conservation Service (NRCS), which are 

processed using the USDA’s Automated Geospatial Watershed Assessment Tool (AGWA; 

(Semmens et al., 2004; Miller et al., 2007).  Forcing data comes from a variety of sources.  For 

past simulation, the North American Land Data Assimilation System (NLDAS) forcing product 

provides estimates of humidity, wind, incoming shortwave and longwave radiation, and is 

combined with the PRISM dataset to provide elevation-dependent estimates of air temperature 

and pressure.  The NWS’s Multisensor Precipitation Estimator (MPE) product is used to estimate 

precipitation for continuous simulation and high-resolution (1 km x 1 degree) radar data from the 

Binghamton NEXRAD radar site is used to estimate precipitation during major flood events.   
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During the calibration process, parameters that are associated with individual processes 

are calibrated separately and iteratively, similar to the methodology described in Carrillo et al. 

(2011).  The first calibration step involves the determination of the perched aquifer properties 

such that modeled aquifer discharge matches observed wintertime baseflow recessions: the steep 

upper portion of the baseflow recession is used to determine the parameters of the shallow 

aquifer while the lower portion is used to determine the parameters of the deeper aquifer.  The 

remaining portions of SM-hsB are calibrated using multiple year simulations.  Snow model 

parameters are optimized such that the model matches estimates from the Snow Data 

Assimilation System (SNODAS), and then parameters related to evapotranspiration and 

infiltration are calibrated such that the model matches multiple years of streamflow.  KINEROS 

is also tested during simulation of individual flood events.  Results of the calibration of the hsB-

SM parameters during continuous past simulation, as well as some case studies during major 

flood events are presented in Appendix B Section 2.  The calibration results show that 

KINEROS/hsB can reproduce streamflows over the course of many years, and the case studies 

demonstrate the model’s ability to simulate streamflow during extreme events.  They also 

demonstrate the difference that the inclusion of a snow model makes for simulating floods that 

occur during spring rain-on-snow events, the sensitivity of model results to antecedent 

conditions, and the effect of changing the source and temporal resolution of the rainfall 

estimates.

 Once calibrated, KINEROS-hsB-SM is designed to be run in real time with NWS forcing 

data.  In real time, it is forced with radar-derived rainfall products (MPE or ~1 km radar 

products), and downloads forecasts for all other required hydrometeorologic variables from the 

National Digital Forecast Database (NDFD).  Like past simulations, real-time model runs are 

continuous, and update automatically every hour, however, the model can be run more frequently 

during events.  In addition, model states can be updated to reflect observed values.  For example, 

KINEROS/hsB-SM displays daily snow estimates from the Snow Data Assimilation System 

(SNODAS) as well as the most recent available instantaneous USGS streamflow value.  The 

snow states can be updated either automatically or manually.   
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 There are three methods to display the model results.   First, the model outputs a graph 

similar to what is found on the NWS’s Advanced Hydrologic Prediction Service web page, 

where recent streamflows (for the past 48 hours) are shown alongside streamflow forecasts with 

information about flood stage for the next 24 hours (Figure 3a).  The user can also view time 

series charts for more modeled and observed quantities (precipitation, temperature, SWE, soil 

moisture, and streamflow) for the past 30 days (Figure 3b), as well as spatial maps showing 

where in each catchment there are potentially areas of high soil moisture or a lot of snow (Figure 

3c), which might exacerbate flooding problems.   
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Figure 3: Screenshots of real-time model output from KINEROS/SM-hsB; a) Timeseries of recent and predicted 

discharge values; b) Historical and predicted model values (including precipitation, temperature, snow water 

equivalent, soil moisture, and streamflow); and, c) Example spatial output from the model.  Note that that all units 

on the model output are English units to match the conventions of other operational products in the United States.
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CHAPTER 3: Representing Forest Structure in a Distributed Snow Model 

 

This section summarizes a paper that describes the combination of a distributed snow 

model with high resolution (1 meter) LIDAR-derived measurements of canopy characteristics 

and snow depths.  It demonstrates that the resolution of simulation matters for representing snow 

processes that vary substantially in different parts of the forest.  The manuscript titled 

“Quantifying the Effects of Vegetation Structure on Snow Accumulation and Ablation in Mixed-

Conifer Forests” is found in Appendix C, and Appendix D contains the supplemental material to 

the manuscript. 

 

3.1 Background 

A significant contribution from the aforementioned flash flood model is the inclusion of a 

snow model, which is given more attention here.  In particular, we focus on its applicability in 

forested environments because in these environments, snow and snow processes are very 

difficult to model (Essery et al. 2009; Rutter et al. 2009).  In particular, the tradeoff between 

interception and sheltering by the canopy is still relatively poorly understood.  For example, 

recent observational evidence suggests that a reduction in interception vapor losses following 

canopy removal (e.g. by a forest fire) can, in some places, be balanced by increases in 

sublimation losses from the snowpack surface (Biederman et al, 2012; Harpold et al. 2013).  

However, most models predict that a reduction in forest cover causes a decrease in mid-winter 

vapor losses because of the reduction in sublimation, suggesting that this tradeoff is not well 

represented. 

It is unclear whether our current generation of snow models can correctly capture this 

tradeoff because most models do not explicitly represent forest structure, which is important for 

both predicting interception losses (Pomeroy et al. 2002) and energy distributions at the snow 

surface (Rinehart et al. 2008; Veatch et al. 2009; Gustafson et al. 2010).  Because of this 

tradeoff, different areas in the forest can have drastically different snow depths (Figure 4).  

Multiple factors that influence the amount and distribution of snow in forests (e.g. snow 

interception, wind redistribution, and solar radiation transmission) do not average linearly 
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(Blöschl, 1999), so models using average forest characteristics at resolutions coarser than the 

individual processes are unlikely to capture how snow cover will respond to ongoing changes in 

vegetation and climate. 

 New high resolution vegetation and snow cover datasets can be combined with snow 

models to potentially help to identify processes that need to be represented at a high resolution or 

parameterized.  In particular, a new generation observations of forest structure using Light 

Detection And Ranging (LiDAR) is allowing improved representation of interception 

(Hopkinson et al. 2012, Varhola 2013) and energy inputs (Musselman et al, 2008).  In this study, 

we use a distributed snow model (which we call Snow Physics and LiDAR Mapping - 

SnowPALM) and vegetation/snow depth maps derived from Aerial Laser Swath Mapping 

(ALSM) at 1 meter resolution in order to determine the importance of explicitly representing 

forest structure and sub-canopy energy balance to predict the snow-water balance in 

heterogeneous forests. 

 
 

Figure 4: The complexity of mixed conifer forests results in a high degree of snow variability.  Top: oblique view 

showing LIDAR-derived snow depths, as well as points, representing Lidar-derived canopy height; bottom: 

Photograph taken within a forest gap illustrating the large degree of snow variability on different sides of the gap.  

The cartoon eye in the top panel shows the position and orientation of the photograph shown in the bottom panel. 
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Figure 5:Site maps showing the locations of the JRB and BC sites, as well as the locations of the observations used 

to force and to validate the model.  Both maps are in UTM projection (Zone 13 N, horizontal map units=meters).  

Insets for both panels show the forest structure at each site as well as the location of the in-situ snow 

measurement sites used in this study.  

 

3.2 Data and Model 

Observations for this study come from two intensively monitored study sites in 

mountainous forested environments.  To focus primarily on vegetation-snow interactions we 

chose modeling domains characterized by relatively gentle topography with little variability in 

elevation or aspect.  The study sites (Figure 5), located within the Jemez River Basin Critical 

Zone Observatory (CZO) in northern New Mexico (the ‘JRB site’) and near the Boulder Creek 

CZO in northern Colorado (the ‘BC site’), both experience extended periods of seasonal snow 

cover and have mixed-conifer forests, but the BC site has a colder, snowier climate and a denser 

forest cover.  Observations at both sites include snow on snow off ALSM in 2010, ultrasonic, 

vapor flux measurements from Eddy Flux towers, meteorological data for 8 years, and automated 

in-situ snow measurements from snow pillows and ultrasonic snow depth sensors.  Specific 
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details about each study site and observational data used in this study are provided in Appendix 

C, Sections 2 and Appendix D, Section 1. 

 

 

Figure 6: SnowPALM model schematic showing the relevant model processes and illustrating the data 

requirements of the model.  

 

SnowPALM (Figure 6) is designed for modeling snow processes at a fine spatial 

resolution in forested, mountainous environments, such as is found at our two study sites.  

Similar to many other snow models (Essery et al. 2012), it combines a variety of existing 

formulations to describe processes such as interception (Pomeroy et al., 1998; Liston and Elder, 

2006), canopy attenuation of radiation (Mahat and Tarboton, 2012) and wind distribution of 

snowfall (Winstral and Marks, 2002), on top of an energy balance model that has a snow layer 

(whose skin temperature is computed separately from the prognostic snowpack temperature) 

similar to that in the Utah Energy Balance model (Tarboton and Luce, 1996) and a single soil 
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layer. Critical for assessing forest influences on snow cover at high spatial resolution, 

SnowPALM also quantifies horizontal canopy influences (affecting solar radiation and wind) by 

calculating horizon angles at each pixel, which affect terrain and vegetation shadowing, sky-view 

factors, as well as the wind indices used in the Winstral and Marks (2002) wind-snowfall 

distribution model.  It is unique in its ability to combine such a fine-scale representation of forest 

structure with a full energy balance snowmelt model over a large area.  Details about 

SnowPALM can be found in Appendix D Section 2. 

  

3.3 Model Evaluation 

SnowPALM is evaluated with multiyear time series of SWE, snow depth and vapor 

fluxes from the eddy covariance towers, and using snow depths from the 2010 ALSM snow 

depth maps at each site (the results are shown in section 3.1).  Parameters are selected manually 

by comparing the results of model simulations to snow as well as integrated vapor flux estimates 

surrounding the Eddy Covariance towers at each site, and model results are compared with the 

2010 ALSM snow depth maps.  All simulations at both sites use the same parameter values, have 

an hourly timestep, and unless otherwise specified, have a spatial resolution of 1 meter. 

Detailed results of this model evaluation are given in Appendix C Section 3.1 and 

Appendix D Section 3.  Of the 8 years simulated, errors in maximum SWE (vapor fluxes) are 

14% (17%) at the JRB site and 16% (9%) at the BC site.  SnowPALM also simulates the 

observed snow variability at both sites reasonably well (Figure 7).  At the JRB site, the median 

and 25th-75th percentile of all snow depths is nearly the same as the 2010 ALSM depth map, and 

90% of the time, model snow depth errors are within 40 cm.  However, at the BC site, even 

though the Q25-Q75for modeled and observed snow depths are similar, modeled snow depths 

are a little bit deeper than observed snow depths, and model errors are about twice as large as at 

the JRB site.  This is partly related to the fact that the ALSM snow depth map at the BC site 

represents conditions significantly after peak Snow Water Equivalent (SWE), whereas at the JRB 

site, the ALSM snow depth map represents conditions near peak SWE.  This points to the 

difficulty of correctly capturing daily snow snapshots from a continuous model when the day-to-

day snowpack variations are large (e.g. during snowmelt). 
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Figure 7: a) Observed and b) modeled snow depths at the JRB site.  c) Observed and d) modeled snow depths at 

the BC site. 

 

3.4 Spatial patterns of snow accumulation and ablation 

Different processes are dominant in different portions of the forest landscape.  We focus 

on areas where there is an overhead canopy (‘under canopy’ pixels), where there is a nearby 

canopy cover (<15 m from canopy; ‘near canopy’ pixels), and where there is no nearby canopy 

cover (>15 m from canopy; ‘distant canopy’ pixels) because our aim is to determine, in practice, 

the importance of representing these areas explicitly.  See Appendix C Section 3.2-3.3 for 

detailed results. 

 Underneath tree canopies, interception is a dominant process (e.g. Hedstrom and 

Pomeroy, 1998), and our modeling suggests that for ‘under canopy’ pixels, 18% and 23% (at the 

BC and JRB sites respectively) of snowfall was intercepted and lost through sublimation from 

trees.  This is comparable with other estimates of interception losses at similar sites (e.g. Montesi 
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et al., 2004; who estimate that 20-30% of total snowfall can be lost over a 30 day period).   Tree 

branches also block much of the incoming shortwave radiation, but there is more longwave 

radiation flux beneath trees (Price and Petzold, 1984; Essery et al. 2008).  In our simulations, 

these largely compensate for one another. 

 

 

Figure 8: Maps and histograms of modeled cumulative wind distributed snowfall, interception loss, snowpack 

vapor loss, and snow melt for the JRB site (from 1-Oct to 31-May) averaged for WY2005-2012.  Each histogram is 

binned into 100 increments and normalized such that the sum of each series is one. 

 

 

Figure 9: Same as Figure 8 except for the BC site. 

 
Areas with nearby trees do not experience any interception, but there is still substantial 

shading (and longwave enhancement) from the vegetation.  Trees can also provide a sheltered 

environment for snow to preferentially accumulate in.  Therefore, these areas have a very large 

amount of snow variability (e.g. Golding and Swanson, 1986; Berry and Rothwell, 1992; Bernier 



29 
 

and Swanson, 1992; Murray and Buttle, 2003).  Compared to ‘distant canopy’ pixels, ‘near 

canopy’ pixels had relatively high wind distributed snow accumulation and relatively little 

incoming shortwave radiation.  As a result of these various influences, SnowPALM predicts that 

‘near canopy’ pixels have a greater total snow water input and have a greater maximum SWE 

than either ‘under canopy’ pixels (where interception losses are important) or ‘distant canopy’ 

pixels (which see less wind distributed snowfall) – Figures 8 and 9.

 

 

Figure 10: The ratio between modeled quantities 

(2010 snow depth, wind distributed snowfall, 

interception loss, snowpack vapor loss and net snow 

water input) predicted by the 100 meter simulation 

and those predicted 1 meter simulation as a function 

of near canopy gap fraction (defined as the fraction 

of 1 meter pixels that make up a 100 meter model 

grid cell that are considered to be canopy edge).  

Each dot represents a single 100 meter model grid 

cell, and grid cells that are made up of more than 5% 

of open canopy pixels are not considered. 

 
Furthermore, model simulations at 

larger spatial scales (e.g. where the pixel 

spacing is 10+ meters) do not necessarily 

give the same results as those run at an 

extremely fine spatial resolution (e.g. with a 

pixel spacing of 1 m) if the parameters are 

exactly the same, particularly for processes 

whose amount and variability are quite 

different for ‘under canopy’, ‘near canopy’, 

and ‘distant canopy’ pixels (e.g. interception 

vapor losses and below canopy shortwave 

radiation).  In general, there is also a greater 

mismatch between model simulations at 

with different spatial resolutions in areas 

that have more ‘near canopy’ pixels (Figure 

10).  In addition, there is much more of a 

difference between model simulations with 

resolutions of � 10 meters than between 

simulations with resolutions of � 10 meters, 

suggesting that care is especially necessary 

for merging in-situ snow observations with 

models. 
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The fact that our model results diverge in areas that have more ‘near canopy’ pixels, 

along with the result that modeled net water input for ‘near canopy’ pixels is greater than that for 

‘distant canopy’ pixels suggests the importance of explicitly representing a ‘near canopy’ 

environment in snow models (not just distinguish between canopy covered and non-canopy 

covered).  This might be especially important for predicting responses to forest disturbance.  For 

example, without properly representing the importance of nearby trees, a model might predict 

that reducing forest cover will increase water yield because of a reduction in interception without 

properly simulating decreases in net snow accumulation because of increased exposure to wind 

scour, as well as increases in snowpack vapor losses that occur because of the loss of forest 

shading.  Essentially, our result that  ‘near canopy’ pixels have more net snow water input than 

‘under canopy’ or ‘distant canopy’ pixels suggests that the effect of interception (which reduces 

net snow water input underneath trees) might be offset in areas next to trees, especially in forests 

with many gaps (more ‘near canopy’ pixels and less ‘under canopy’ pixels). 
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CHAPTER 4: Global Vegetation Mapping For Global Land Models 

 

This chapter summarizes two papers that describe and evaluate value-added global 

vegetation products for land cover type and fractional vegetation cover.  The manuscript titled 

“A Global Land Cover Climatology Using MODIS Data” (Appendix E) evaluates a 10 year land 

cover climatology both against MODIS land cover data from individual years (which is 

unrealistically variable from year to year) and against land cover data from a widely used land 

cover dataset based on older AVHRR data.  The manuscript titled “A MODIS-Based Global 1 

km Maximum Green Vegetation Fraction Dataset” (Appendix F) describes interannual 

variability of estimates of maximum green vegetation fraction (MGVF) from climatic variability 

and evaluates a MGVF dataset against an alternative dataset that is used in the Community Land 

Model (CLM). 

 

4.1 Background 

 Global land cover (LC) data are widely used in regional and global models because land 

cover influences land-atmosphere exchanges of water, energy, momentum and carbon.  LC type 

products are used in land surface models to specify model parameters [e.g., land surface 

roughness length (DeFries and Townshend, 1994); vegetation root distribution (Zeng, 2001)], to 

derive other quantities that are used directly as model inputs (e.g. fractional vegetation cover; 

Zeng et al. 2000), and to infer LC changes that might affect the Earth’s climate (Lawrence and 

Chase, 2010).  Green Vegetation Fraction (GVF), along with Leaf Area Index (LAI) is used to 

describe the overall abundance of vegetation in most global models.   

Many global vegetation products currently used in global models are derived from 

satellite remote sensing, especially from the Advanced Very High Resolution Radiometer 

(AVHRR) sensor.  For example, April 1992-March 1993 AVHRR data has been used to create 

maps of global 1 km LC type (e.g. DeFries and Townshend, 1994; Hansen et al., 2000; 

Loveland, 2000) and GVF (Gutman and Ignatov, 1998; DeFries et al. 1999; Zeng et al. 2000), 

while 8 km AVHRR data has been used to create global maps GVF (DeFries et al., 2000; Zeng et 

al., 2003; Hansen and DeFries, 2004).  More recently, data from the Moderate Resolution 
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Imaging Spectroradiometer (MODIS) sensor have been used to derive estimates of LC type 

(Friedl et al., 2002; 2010) and GVF (Hansen et al., 2003; Miller et al., 2006). 

MODIS sensors have a much higher spectral resolution than do AVHRR sensors and so 

MODIS data are more ideal for vegetation mapping: MODIS has seven narrow spectral bands 

that are appropriate for monitoring vegetation and AVHRR has just two wide bands.  Despite 

this, many global models still use legacy AVHRR-based land cover products.  In addition, many 

global models use data from just a single year.  For example, the Global Land Cover 

Characterization (GLCC) dataset (Loveland et al. 2000), which is based on AVHRR data (from 

April 1992 – March 1993), is used in the Goddard Earth Observing System Model, Version 5 

(GEOS-5) for the Modern-Era Retrospective Analysis for Research and Applications (MERRA) 

reanalysis (Rienecker et al. 2011), the global weather forecasting model at the European Center 

for Medium Range Weather Forecasts (EMCWF) (EMCWF, 2013), and the Noah Land Surface 

Model (Chen and Dudhia, 2001; Ek et al. 2003).  The fact that so many models used data from 

April 1992-March 1993 is also potentially problematic because LC is inherently dynamic, and 

not only fluctuates interannually (e.g. due to climate fluctuations) but also changes more 

permanently through time (e.g. due to land use change and climate change). 

On top of this, LC products are not perfect, and there can be significant disagreements 

between various LC datasets (e.g. Hansen and Reed, 2000; Giri et al. 2005; McCallum et al. 

2006).  For example, the Collection 5.1 MODIS Land Cover Type (MCD12Q1) dataset, which 

includes vegetation type maps for multiple years, has considerable interannual variability that is 

far greater than the amount of real vegetation change (e.g. Friedl et al. 2010; Liang and Gong, 

2010).  In fact, we find that 40% of land pixels have 1 or more LC classification changes during 

2001-2010, which is clearly unrealistic (see Appendix E Section 2 for details).  Changes in LC 

type are abundant on all continents and tend to occur frequently in areas that do not have an 

easily recognizable and homogenous LC type (e.g. the Sahel region in Africa or the Boreal 

forests in Eurasia and North America; Figure 11).  This affects the global distribution of 

vegetation if any one or many years of data are used, for example, to parameterize land processes 

in regional and global models.  It also suggests that if a LC product for a given year is used, for 
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example, to parameterize global models (e.g., Zeng et al. 2002; Lawrence and Chase 2007), the 

results would be strongly dependent upon the specific year used.   

Here, we describe two studies that evaluate value-added LC products for global land 

modeling that 1) use newer MODIS data, 2) do not have the drawbacks of being based only on a 

single year of data, and 3) are potentially good successors to the LC products that are currently in 

use by global models because they use climatologies of MODIS data.  The first study evaluates a 

LC type climatology based on ten years of MCD12Q1 data against MODIS land cover data from 

individual years as well as the widely used GLCC land cover dataset.  The second study, which 

builds on previous efforts by Zeng et al. 2000, who use 1 km AVHRR data from April 1992-

March 1993  and Zeng et al. 2003, who use 8 km AVHRR data from 1982-2000, describes 

interannual variability of estimates of maximum green vegetation fraction (MGVF) based on 

MODIS data, and evaluates the MGVF climatology with the MODIS Continuous Fields product 

(collection 4v3) that is currently used by the Community Land Model (CLM). 

 

4.2 Method to develop the land-cover climatology 

Our land cover climatology uses the primary International Geosphere Biosphere Program 

(IGBP; Townshend, 1992) land cover types as well as their confidence scores from each year in 

the MCD12Q1 product.  Using confidence scores to identify pixels that are more likely to represent 

the correct land cover class is probably justified because confidence scores for pixels where the 

land cover changes in the 2001-2010 data are quite different than those for pixels where land 

cover type remains consistent (Figure 12).  The most likely land cover type is selected by 

weighting each pixel’s land cover label for each year by its corresponding confidence score, 

adding up the weights, and choosing the land cover type that has the highest overall score: 

∑ =
=

N

i jj iBS
1

)(            (1). 

where � = 10 is the number of years in the data record, and )(iB j is the confidence score for a 

particular pixel with land cover type j  for a given year i .  The spatial resolution of all land 

cover type data is 500 m.  The land cover climatology is shown in Figure 13. 
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Figure 10: Global distributions of a) the number of vegetation types. 

 

 
Figure 11: Histograms of confidence scores for all pixels with a consistent land cover type, with two land cover 

types, and with three or more land cover types from 2001-2010.  The range for the boosting scores is from 1-99 to 

exclude areas that have 100% confidence (e.g. Greenland ice sheet or Sahara desert). 

 

 

Figure 12: Global map of our land cover type climatology. 
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Figure 13: Root mean squared error (RMSE) of the fraction of 0.5 km pixels in each 0.5 degree grid cell for each 

land cover class between the 2001-2010 data and the land cover climatology.  Also shown under each panel are 

the numbers of 0.5 degree grid cells that fall into each RMSE category (less than 0.1, between 0.1 and 0.2, and 

greater than 0.2).  Grid cells are shaded gray and not considered in the counts if the land cover type does not make 

up more than 5% of the area in any of the land cover maps.

 

4.3 Evaluation of the land-cover climatology 

Despite the large amount of interannual land cover variability in the MCD12Q1 product, 

the land cover climatology does not substantially alter the global frequencies of most LC classes 

relative to the average yearly global distribution.  However, their spatial distributions are 

sometimes substantially different (as can be seen in Figure 14, which shows the root mean 

squared error of the difference between abundances of each LC class based on yearly data and 

based on our climatology).  This considerable discrepancy between the yearly LC data and the 

LC climatology is primarily the result of spurious interannual variability in the MCD12Q1 

product. 
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Figure 14: Difference of fractional abundance of each land cover class in the 0.5 degree grid cells between our 

MODIS climatology and the V2 GLCC data.  The GLCC data (http://edc2.usgs.gov/glcc/) has a resolution of 30 arc-

seconds. Also shown under each panel are the numbers of 0.5 degree grid cells that fall into each category (less 

than -0.2, between -0.2 and 0.2, and greater than 0.2).  Grid cells are shaded gray and not considered in the counts 

if the land cover type does not make up more than 5% of the area in any of the land cover maps.

 

The LC climatology performs better than the yearly LC data at ground validation sites.  

We use the System for Terrestrial Ecosystem Parameterization (STEP) database (Muchoney et 

al. 1999) as well as additional pixels that we identified in Google Earth as ground validation sites 

(see Appendix E Section 4 for details).  For the STEP sites, our climatology predicts inconsistent 

but sometimes correct sites (those where there is more than one land cover classification from 

2001-2010, but at least one of which is correct, representing ~12% of land pixels) better than 

data from individual years by 9% to 37%.  In general, the earlier years (2001-2003) validate 

worse than the later years (2004-2012).  These results are consistent whether or not we include 

STEP sites that are used to train the MODIS algorithm.  Similarly, for the additional Google 
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Earth pixels, we find that on average, the LC climatology validates better than yearly LC data by 

about 10%. 

We also compare our climatology with the GLCC dataset that is widely used in regional 

and global models.  There are substantial differences between them in the distributions of nearly 

all of the land cover classes (Figure 15).  The GLCC data also validate worse than the MODIS 

product using the STEP sites (only considering those that are not used to train the MODIS data) 

and the additional pixels from the Google Earth imagery.  The percentage of correctly identified 

STEP sites improves by ~15%, and the number of correctly identified additional Google earth 

pixels improves by ~20%. 

 

4.4 Method to develop global MGVF data 

Our updated MGVF data uses MODIS Collection 5 NDVI Data (MOD13A2; Huete et al. 

2002) and IGBP land cover classes from the climatology described above.  Following Zeng et 

al., 2000, we define MGVF between 0 and 1 based on the annual Normalized Difference 

Vegetation Index (NDVI): 

��	
 = ��,������
��,����  (2). 

Here, ��,��� is the annual maximum NDVI at each pixel, and �� and  ��,� represent 0% and 

100% MGVF for each land cover type.  Rules for determining �� and  ��,� are the same as those 

used in Zeng et al., 2000, with a few minor exceptions (see Appendix D).  MGVF maps with a 

spatial resolution of 1 km are created for each calendar year from 2003-2012.   

 

4.5 Evaluation of the global MGVF data 

This MGVF product (averaged from 2003-2012) is shown in Figure 16a.  Globally, the 

average MGVF values are similar to those obtained by Zeng et al. 2000 for most LC classes, 

despite significant differences in the LC type data that is used (Zeng et al. 2000 use 1 km 

AVHRR data from April 1992-March 1993) and the fact that AVHRR NDVI estimates are 

substantially lower than MODIS NDVI estimates.  The major exception is that ‘open shrubland’ 

is substantially higher in our new MGVF product, which might be explained by the expansion of 
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‘open shrubland’ in the MODIS data to include highly vegetated areas that were previously 

classified as ‘closed shrubland’ in the AVHRR data.   

 

Figure 15:. a) Average annual MGVF from 2001-2012 (MG����), b) Standard deviation of annual MGVF from 2001-2012, 

c) MGVF from 2001 (MGCF) minus bare ground continuous fields (from 2001; MGCF), and d) MG���� minus MGCF.  

There is significant interannual variability for MGVF maps for individual years in certain 

portions of the world (Figure 16b). Much of this variability occurs in a few LC classes (‘open 

shubland’, ‘grassland’, ‘savanna’, and ‘cropland’).  Much of this interannual variability is 

probably associated with climatic variability, and is especially pronounced where MGVF is, on 

average, lower.   The standard deviation of MGVF is highest when MGVF is close to 0.5 (50% 

vegetation cover), and when normalized by the value of MGVF, the standard deviation of MGVF 

decreases monotonically with increasing MGVF (Figure 17).  This is perhaps a reflection 

reflection of the fact that vegetation is more responsive to climatic factors (especially 

precipitation) in drier, water-limited environments, and more vegetated regions, are less affected 

by interannual variability in precipitation (unless, for example, a severe drought or forest fire 

leads to a large-scale forest dieoff). Some of the regions with higher interannual variability of 

MGVF are the 
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same as those that are thought to have strong 

coupling with the atmosphere (Koster et al., 

2004; Zeng et al., 2010), further 

underscoring the need to have vegetation 

products that encompass multiple years 

(rather than just a single year). 

There are also substantial differences 

between our average annual MGVF (MG����) 
product and vegetation cover from the 

MODIS continuous fields (MGCF).  In most 

areas, MG���� is lower than MGCF, with notable 

exceptions in central North America, central 

Asia, and in extreme northern Siberia and 

Canada (Figure 16c).  Some of these 

differences can be attributed to the fact that 

MGCF is derived from a single year of data,  

IGBP This Study Other 

Type Avg 2001 Z00  MGCF 

1 0.90 0.85 0.90 0.99 

2 0.97 0.97 0.93 1.00 

3 0.93 0.92 0.92 0.98 

4 0.95 0.91 0.90 1.00 

5 0.95 0.91 0.88 1.00 

6 0.74 0.69 0.72 0.87 

7 0.58 0.58 0.39 0.69 

8 0.91 0.89 0.86 0.98 

9 0.88 0.87 0.81 0.96 

10 0.65 0.61 0.71 0.61 

11 0.83 0.80 0.85 0.97 

12 0.87 0.84 0.86 0.92 

13 0.70 0.75 0.74 0.85 

14 0.91 0.89 0.85 0.97 

16 0.06 0.07 0.11 0.03 

      

Table 1: Average MGVF (based on 2003-2012 data) 

and 2001 MGVF for each LC class, as well as MGVF 

from Zeng et al. 2000 (Z00) and from the MODIS 

continuous fields (MGCF).  

and MG���� uses 10 years of LC type data and 12 years of NDVI data, however, there are many more 

differences that cannot, as many  of the differences between MG����  and MGCF are not improved in 

the comparison between MGVF from 2001 (MG01) and MGCF (Figure 16 c-d).  In addition, there 

are many systematic differences between MG01 and MGCF that can be seen by comparing 

MG01/MGCF with other measures of vegetation (e.g. NDVI; Figure 18), again, confirming that 

MGCF is, in general, greener.   

It is difficult to judge whether the ‘greener’ (e.g. MGCF) or ‘less green’ (e.g. MG����) 
representation of MGVF is more accurate because of the difficulty of evaluating green 

vegetation fraction estimates at the kilometer scale.  In some cases, when compared with other 

vegetation indices, such as NDVI and LAI, MG���� appears to be more sensible, but this is somewhat 

inconclusive since there are aspects about the relationship between both MG���� and MGCF and LAI 

that are unrealistic.  We did find that, when asking people to estimate MGVF from Google Earth 
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Imagery (without training them with any other estimates of MGVF), they commonly predicted 

lower MGVF than both MG���� and MGCF.  Perhaps lower estimates of MGVF are more realistic. 

Despite the fact that it is difficult to judge whether the ‘greener’ or ‘less green’ 

representation of MGVF is more accurate, the methodology that we use (which is based directly 

on NDVI) has one clear advantage over the CF data: its spatial variability is significantly more 

consistent with LAI.  When compared with maximum LAI (from 2001; LAImax,01), the spatial 

correlations between MG01 and LAImax,01 are significantly higher than those between MGCF and 

LAImax,01. This consistency is important because both MGVF and LAI are used by global models 

to describe vegetation abundance.  Ideally, the spatial variability of MGVF and LAImax should be 

relatively consistent within a given land cover type, as they are both measures of vegetation 

abundance.  It is not surprising that there are high correlations between MG�  and LAImax,01, 

however, it is more surprising that the correlations between MGCF and LAImax,01 are significantly 

lower. 

 

Figure 16: Boxplots showing a) the relationship between average MGVF from 2001-2012 (�������) and the standard 

deviation of annual MGVF [!"#��$] and b) the relationship between �������  and the ratio of !"#��$ over �������.  

Each boxplot is broken into 100 bins from 0 to 1, and the shaded areas capture the 25
th

-75
th

 percentile range for 

each bin.  Also shown at 0.05 increments are median !"#��$ and !"#��$/ ������� for grassland (IGBP type 10) 

pixels (green circles), shrubland (types 6-7) pixels (yellow circles), barren (type 16) pixels (red circles), and forest 

(types 1-5) pixels (blue circles).
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Figure 17: Comparison between N',()* and MGCF in each IGBP land cover class (y-axis on left shows the scale).  

Black dots denote the median value MGCF data for each 0.01 N',()* increment, and the blue bars capture the 25th-

75th percentile.  Gray lines show N',()* histograms (y-axis on right shows the scale).  Comparisons between MGCF 

and N',()* are only shown where the histogram of N',()* is greater than 0.0025. Also shown are values of N+ and 

N,,- (vertical dotted lines) and the conversion between N',()*and MGNew (red lines). 
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CHAPTER 5: Conclusions 

  

The above work demonstrates both the utility of distributed hydrologic modeling in 

applications for which they are not normally used, as well as improvements to existing land 

cover data. We have demonstrated the development and use of a distributed flash flood model 

(called KINEROS/hsB).  KINEROS/hsB-SM improves over existing flash flood forecasting 

systems by including a snow model to help improve flash flood predictions for rain-on-snow 

events.  It also has many other essential features for successful flash flood prediction including 

the use of quantitative precipitation estimates and forecasts, a continuous distributed 

hydrological model that operates at the same spatial scale as convective storms, a 

programmatically assisted method of calibration/validation, and real time operation.  The snow 

model is expanded in the second study.  It is implemented at a very high spatial resolution (1 

meter with canopy characteristics determined from Aerial Laser Survey Mapping) and is 

modified so that it can represent physical processes that are important at such a high resolution.  

Model results both capture the observed snow variability at the 1 meter scale and identify spatial 

patterns in the dominant processes associated with snowpack variability. Furthermore, it 

demonstrates that 1 meter simulations can yield substantially different estimates for model 

processes that vary substantially in different parts of the forest, suggesting that explicitly 

representing forest cover geometry cover is important for representing the partitioning of 

snowfall in to vapor flux and available water resources.   

We also developed two value-added Land Cover products (vegetation type and green 

vegetation fraction).  Our new products are each based on 10 years of MODIS data (which is 

better than AVHRR data).   For the LC data there is substantial spurious interannual variability 

in the MODIS MCD12Q1 data, and for the MGVF product, there is a large amount of 

interannual vaiability of MGVF (which is the result of variable weather conditions for a given 

year).  This suggests that if a LC product for a given year is used, e.g. to parameterize global 

models, the results would be strongly dependent upon the specific year used.   We have also 

demonstrated that these new LC products improve upon the AVHRR-based GLCC data that is 

used in many global models, and the MODIS Continuous Fields data used in CLM: our LC 
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climatology validates better than the GLCC data using STEP sites (which are not included in the 

MODIS training data) as well as additional areas identified using Google Earth, and our MGVF 

product is more consistent with other vegetation indices, especially when looking at the spatial 

variability of LAImax.
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Abstract 

Flash floods can cause extensive damages to both life and property, especially because they are 

difficult to predict.  Flash flood prediction requires high-resolution meteorologic observations 

and predictions, as well as calibrated hydrologic models, which should effectively simulate how 

a catchment filters rainfall inputs into streamflow.   Furthermore, due to the requirement of both 

hydrologic and meteorologic components in flash flood forecasting systems, there must be 

extensive data handling capabilities built-in to force the hydrologic model with a variety of 

available hydrometeorologic data and predictions, as well as to test the model with hydrologic 

observations.  We have developed a working prototype of such a system, called KINEROS/hsB-

SM, after the hydrological models that are used: the Kinematic Erosion and Runoff (KINEROS) 

and hillslope-storage Boussinesq Soil Moisture (hsB-SM) models.  KINEROS is an event-based 

overland flow and channel routing model that is designed to simulate flash floods in semiarid 

regions where infiltration excess overland flow dominates, while hsB-SM is a continuous 

subsurface flow model, whose model physics are applicable in humid regions where saturation 

excess overland flow is most important.  In addition, KINEROS/hsB-SM includes an energy-

balance snowmelt model, which gives it the ability to simulate flash floods that involve rain on 

snow.  There are also extensive algorithms to incorporate high-resolution hydrometeorologic 

data, including Stage III radar data (5 minute, 1 degree by 1 km), to assist in the calibration of 

the models, and to run the model in real time.  The model is currently being used in an 

experimental fashion at the National Weather Service Binghamton, New York Weather Forecast 

Office.  

 

Capsule Summary 

This article describes a real-time flash flood forecasting system for small-medium sized 

upland humid catchments where snow might be a factor for flooding. 
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1. Introduction 

Flooding is among the worst natural disasters in the U.S. both in terms of economic costs 

and loss of human life.   Flash floods are particularly severe because of the short time available 

to warn and to respond to such events.  The US National Weather Service defines flash floods to 

be those that are produced within six hours of a causative event (Michaud et al., 2001), though 

because “flash flood” can mean different things in different regions and in different situations, 

they can generally be thought of as high velocity flows that occur in a short period of time 

(Gruntfest and Huber, 1991).  Effective prediction has been a major goal of flash flood research 

during the past decade (Hapuarachchi et al., 2011).  Advancements in flash flood prediction 

require improvements in observation networks, meteorological predictions, and in hydrologic 

models because floods have a variety of causative mechanisms and involve a ‘synergy’ between 

hydrologic and meteorologic factors (Davis, 2001).  That is, the nature of the flooding is not only 

modulated by atmospheric conditions (which affect the intensity and duration of storm 

precipitation) but also by the time dependent hydrologic states (e.g. soil moisture and snow pack) 

within a watershed.  Forecasting flash flooding is further complicated because the forecast 

should not only provide information about the occurrence but also about the timing and 

magnitude of the flood flow (Doswell, et al., 1996; Davis, 2001).    

Recent advancements in meteorological forecasts have been particularly important in 

flash flood situations.  For example, estimates of total fallen precipitation, i.e. Quantitative 

Precipitation Estimates (QPEs), have improved because of the combination of spatially 

distributed radar data, with accurate point measurements from rain gauge data (e.g. Krajewski, 

1987, Smith and Krajewski, 1991, Seo et al., 1999, Todini, 2001).  In addition, estimates of 

immediate future precipitation, i.e. Quantitative Precipitation Forecasts (QPFs), have improved 

(especially at short lead times) because of increased ability to combine Numerical Weather 

Prediction (NWP) model output with patterns derived from observed radar, satellite, and gauged 

rainfall trends (e.g. Smith and Austin, 2000).  In addition, there has been increasing 

communication of uncertainty (e.g. Collier, 2007), which is sometimes accomplished through the 

use of ensemble predictions. 
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Improvement in hydrologic models’ ability to utilize these new hydrometerologic 

products is needed in order to better predict flash floods.  Currently, process-based models, 

which have representations of the relevant physical processes, are commonly used at many 

operational forecast centers, because the models can be applied in a variety of environments, and 

they do not require an extensive historical dataset to calibrate them.  For example, the majority of 

National Weather Service (NWS) Regional Forecast Centers (RFCs) use the Sacramento Soil 

Moisture Accounting Model (SAC-SMA) for its Flash Flood Guidance (FFG) system.  However, 

such models are often lumped to increase computational efficiency and lower data requirements.  

These models can be improved by using distributed modeling because such models can account 

for the localized nature of many flash-flood producing storms.  Increased computing power and 

the increasing availability of high-resolution distributed data sets make such models attractive for 

flash flood forecasting (Hapuarachchi et al., 2011).   

Modeling of snow distributions is an important component that is often overlooked in 

flash flood modeling.  Although snowmelt by itself often occurs too slowly to be considered 

capable of producing flash flooding, snow and snowmelt can contribute to flash flooding when 

rain falls on top of snow, especially if the combined rainfall and snowmelt rates are high.  

Snowmelt can also cause antecedent conditions that make an area prone to flash flooding, as soil 

moisture reservoirs are filled to capacity during and after the melting of a significant snowpack 

(Hirschboeck et al., 2000).  When rain falls on snow, a snowpack can rapidly lose its cold 

content due to latent heat release as rain freezes on the snowpack.  In addition, turbulent transfer 

to the snow surface, especially in windy conditions, can cause condensation and additional 

snowmelt (Marks et al., 2001).  During these events, rainfall intensities, freezing levels, and 

snowpack conditions all influence the magnitude of the resulting streamflow (McCabe et al., 

2007).   Furthermore, rainfall can enhance snowmelt by penetrating and mobilizing the 

snowpack, resulting not only in significant flooding but also in significant transport of sediment 

and even debris flows.  Rain-on-snow events can be especially severe if ground is already 

saturated (e.g. due to recent snowmelt), especially since the atmosphere is often too cool for 

there to be significant evaporation.  
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This paper describes a coupled modeling system that considers the localized nature of 

many flash-flood producing storms, the importance of snowmelt, and allows high temporal and 

spatial resolutions required for accurate flash flood prediction.  The coupled model (called 

KINEROS/hsB-SM) combines the Kinematic Erosion and Runoff (KINEROS) overland 

flow/channel routing model and the hillslope-storage Boussinesq Soil Moisture (hsB-SM) 

modular modeling framework.  KINEROS is an event oriented, physically based overland flow 

simulation model (Woolhiser et al., 1990; Goodrich et al., 2012) that was developed by the US 

Department of Agriculture-Agricultural Research Service (USDA-ARS) Southwest Watershed 

Research Center (SWRC) to model floods, primarily resulting from overland flow in semi-arid 

and arid regions.  hsB-SM was developed at the University of Arizona and includes physical 

descriptions of processes related to baseflow generation (Carrillo et al., 2011), which is more 

applicable in humid areas.  In this application, hsB-SM also includes an energy balance snow 

model.   The resulting combination is an operational modeling system that has the following 

features:  

• Fully distributed (KINEROS divides watersheds up into a series of channel elements and 

overland flow planes, and hsb-SM runs on a 0.0125X0.0125 degree grid). 

• Continuous (i.e. keeps track of catchment wetness and snow water equivalent) 

• Applicable in a variety of environments as it accounts for snow, multiple flow generation 

mechanisms (infiltration excess or saturation-excess), evapotranspiration, canopy 

interception, subsurface flow, overland flow, and channel routing – see Figure 1 

• Flexible spatial and temporal resolution 

• Includes a framework to easily calibrate the models using historical streamflow data and 

historical meterological data as model input 

• Real time operation, using hourly precipitation estimates of rain that has already fallen 

and NWS Forecasts to predict streamflow up to 24 hours into the future. 

 We have implemented and tested KINEROS/hsB-SM for five catchments in the Catskill 

Mountains in southeastern New York State (Figure 2).  There are two watersheds along the main 

stem of the West Branch Delaware River (defined by outlets at the towns of Walton and Delhi, 

NY), and three smaller, steeper watersheds (East Brook, Town Brook, and Platte Kill).  These 
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catchments range in size from 36 sq. km. to 870 sq. km., and have different degrees of 

“flashiness”.  The region is sparsely populated and there are no major dams or reservoirs, though 

there is a significant amount of farming and pasture land.  The area is cool and humid, with 

annual precipitation totaling in excess of 1300 mm.  Of this, roughly 800 mm becomes runoff, 

giving annual runoff coefficients of ~0.65.  In general, the area receives adequate precipitation 

throughout the year, though streamflows are generally higher in the spring, and snowmelt is a 

significant factor in many of the watersheds.  Low flows occur during the summer because 

evapotranspiration is high and soils are drier.  Floods most commonly occur during the winter 

and spring because of a combination of rain and snowmelt over wet soils, but intense summer 

thunderstorms and tropical storms can also cause floods and flash floods during the summer and 

fall.  The model is currently being used at the National Weather Service Binghamton, New York 

Weather Forecast Office in an experimental fashion. 

 

2. Model Description 

This section contains a general overview of KINEROS/hsB-SM, however for a more 

detailed explanation, we refer you to the model documentation, which can be found in the 

Electronic Supplements for this article.  KINEROS/hsB-SM involves a loose coupling between 

the KINEROS and hsB-SM models, meaning that at this point, the components of each model 

run semi-autonomously from the other.  hsB-SM’s primary purpose is to keep track of 

distributed snow and soil moisture conditions between events.  This implementation of hsB-SM 

is also fully distributed with a spatial resolution of 0.0125 X 0.0125 degrees (about 1 km) and 

has a high temporal resolution (1 hour/5 minutes during events).  This gives it appropriate 

capabilities to resolve impacts from precipitation events that are limited in spatial extent.  This 

capability is especially important during the summer, when storms are more localized, and 

allows the model to take advantage of fine-resolution distributed rainfall data sets. 

Perhaps the most novel feature of this flash flood modeling system is the inclusion of a 

distributed energy balance snow model (which is broadly similar to the Utah Energy Balance 

Snow Model developed by Tarboton and Luce, 1996).  The snow model, which was developed to 

make snow predictions with high spatial and temporal resolutions, has been included to better 



55 
 

predict floods that result from a combination of rainfall and snowmelt.  It includes 

representations of turbulent (latent and sensible) fluxes at the snow surface, heat that is advected 

by precipitation, canopy interception, vegetation effects on incoming radiation using Beer’s law, 

and takes into account local topographic effects on solar forcing (Whiteman and Allwine, 1986). 

 hsB-SM also includes modules that describe canopy interception of rainfall (Deardoff, 

1978), infiltration (which is computed as a modified time-compression approximation of Philip’s 

equation (Philip, 1957), a solution to the Richards equation under a simplified set of initial and 

boundary conditions, as in Milly, 1986; Famiglietti et al. 1992; Troch et al. 1994), estimates of 

evapotranspiration (Teuling and Troch, 2005), vertical water transport in the upper soil layer, and 

has a shallow and a deep aquifer.  Baseflow from the deeper aquifer is modeled as a simple 

nonlinear reservoir model, but baseflow from the shallow, unconfined aquifer, where the water 

table interacts directly with the unsaturated zone, is modeled based on the hillslope-storage 

Boussinesq equation (Troch et al., 2003).  

 In KINEROS/hsB-SM, to preserve the regionalization impacts of localized rainfall 

events, as well as to better diagnose areas of partial saturation, the hsB model is applied for 

kilometer grid boxes, and the rates of outflow are used to predict water transport between 

adjacent grid cells.  This distributed modeling drastically increases the computational demand of 

the model, which must remain relatively fast for operational purposes (as well as for calibration, 

which requires repeated multi-year simulations).  Therefore, we have chosen to emulate the 

model as non-linear reservoirs . = /01 and aquifer height models of the form	ℎ#4$ = 50ℎ�#4$, 
where . is discharge, 0 is grid cell aquifer storage, ℎ� is a characteristic distribution of aquifer 

heights, (/, 6, and 5 are fitting parameters such that the simpler models are able to reproduce the 

behavior of the hsB model).  The parameters of each of these reservoirs are informed by the 

behavior of hsB for a particular watershed.  Figure 3 illustrates how this model emulation 

characterizes hsB's behavior in terms of both streamflow and aquifer heights.  This emulation 

step results in dramatic speed increases for the subsurface portion of the model and allows the 

simulation of regionally varying impacts on the groundwater system due to the location of 

precipitation. 
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 In KINEROS/hsB-SM, runoff generation can occur either as infiltration-excess overland 

flow (when the rainfall rate overcomes the infiltration capacity of soils) leading to Horton 

overland flow, or from saturation-excess, which usually occurs next to streams and can arise 

when the water table rises to the surface because of rapid infiltration in place and/or rapid 

movement of water downhill from upslope areas.  Of the two flow generation mechanisms, 

saturation-excess overland flow is less fully understood, as it is not definitively known how old 

water in the soil profile gets displaced by new water (e.g. Pearce et al., 1986, Sklash et al., 1986, 

McDonnell 1990), nor the relative importance of this displacement mechanism in relation to the 

rapid movement of subsurface storm flow through macropores (large soil pores in which water is 

not held by capillary forces).   Infiltration-excess overland flow results from high intensity 

rainfall events, and is very important for flash flooding in the Western United States, while 

saturation-excess overland flow is, to a greater degree, influenced by overall precipitation 

amounts and antecedent hydrologic conditions and is important in wetter catchments.  It is 

important to represent both of these processes in an area like New York’s Delaware Basin, which 

has flooding resulting from lower intensity storms during the winter, often in combination with 

snowmelt, as well as intense convective storms during the summer.     

Finally, runoff is routed to the channel outlet.  KINEROS (Woolhiser et al., 1990; 

Goodrich et al., 2012) is used as the runoff model.  In KINEROS, overland flow and channel 

routing are simulated using a kinematic wave approach over a network of hillslope (plane or 

curvilinear) and channel model elements, and it is used to simulate overland flow and channel 

routing of runoff from hsB-SM (see www.tucson.ars.ag.gov/kineros for more detailed 

information).  The overland flow and channel model elements are derived from the morphology 

of the landscape using the Automated Geospatial Watershed Assessment Tool (AGWA; 

Semmens et al., 2008; www.tucson.ars.ag.gov/agwa), and therefore do not follow the 1 km grid 

of the other model components.  To map between the 1 km grid and the KINEROS hillslopes, a 

weighting scheme is developed that indicates the relative contributions of each grid cell to each 

KINEROS model element.  Due to computational constraints, we also use a simple routing 

model that is that is based on catchment geometry and the Saint Venant equations for shallow 

water transport (Mesa and Mifflin, 1986, Troch et al., 1994) during continuous past simulations 
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(those involving many years of simulation at one time) used to calibrate parameters related to 

infiltration and evapotranspiration. 

 

3. Implementation and Calibration 

 KINEROS/HsB-SM is designed to be easy to learn to use and to implement.  Model 

components are coded in Fortran (KINEROS) and The Mathworks® Matlab (HsB-SM), while 

most of the interface is written in Matlab, making it relatively simple to modify model 

components and to visualize model results.  Although Matlab is proprietary software, the model 

can be compiled with the built in Matlab Compiler and distributed with runtime libraries for free 

(though end users will not be able to modify the code directly without Matlab).  KINEROS/hsB-

SM also relies on widely available national spatial and hydrometeorologic forcing datasets, 

giving it the capacity for broad implementation.  Spatial data includes digital elevation data, 

vegetation data, and soils data, which can be obtained from the US Geological Survey (USGS) 

and the National Resource Conservation Service (NRCS).  In addition, the model uses the 

capabilities of the USDA’s Automated Geospatial Watershed Assessment Tool (AGWA), which 

allows for watershed and hillslope delineation, as well as intersection with spatial datasets 

(Semmens et al., 2004; Miller et al., 2007).   

 Forcing data comes from a variety of sources.  For past simulation, the North American 

Land Data Assimilation System (NLDAS) forcing product is used to provide estimates of 

humidity, wind, Incoming shortwave and longwave radiation, and is combined with the PRISM 

dataset to provide elevation-dependent estimates of air temperature and pressure.  NLDAS is a 

1/8 degree product that is developed using North American Regional Analysis (NARR) 

reanalysis output, but is further enhanced by using bias corrected radiation estimates.  NLDAS 

precipitation data is replaced with higher resolution NWS radar rainfall estimates using the 

NWS’s Multisensor Precipitation Estimator (MPE) product.  MPE, which is generated on a 4 x 

4km grid, combines gauge precipitation measurements with radar-estimated spatial rainfall 

fields.    During the flood events, however, the model uses high-resolution (1 km x 1 degree) 

radar data from the Binghamton NEXRAD radar site with the NWS’s standard Z/R relationship 

(300 × 9 .;) to provide radar estimates of rainfall at a 5 minute temporal resolution.  Radar 
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rainfall estimates are then subject to a bias field, such that the precipitation amounts in each MPE 

grid box match the MPE (which already incorporates information from rain gauges) amounts.  

This provides a result that the precipitation fields are nearly identical in terms of their averages 

with the spatial pattern derived from the high-resolution radar data.  In addition to the forcing 

data that is used to drive the model, snow water equivalent (SWE) estimates from the Snow Data 

Assimilation system (SNODAS) are used to verify snow model results.  For real time simulation, 

the same data are used with the exception of NLDAS product, which is not available for real-

time operation.  Instead, forecast values of the necessary quantities are obtained from the 

National Digital Forecast Database (NDFD). 

 KINEROS/hsB-SM also requires model calibration.  The calibration process for 

KINEROS/hsB-SM seeks to provide a calibration that is physically consistent with the 

hydrologic processes that are simulated in the model.  During the calibration process, parameters 

that are associated with individual processes are calibrated separately and iteratively, similar to 

the process described in Carrillo et al. (2011).  KINEROS/hsB-SM also includes subroutines to 

easily automate any portion of this calibration process.  It is also easy to perform some 

calibration steps manually, which may lead to greater insight into how model parameters relate 

to a certain process, while at the same time automating others, so that the model is still 

manageable to set up and to calibrate. 

 The first calibration step involves the determination of the perched aquifer properties 

such that modeled aquifer discharge matches observed winter baseflow recessions.  That is, the 

modeled aquifer discharge is determined from periods when the catchment is relaxing from prior 

rainfall/snowmelt inputs.  To find the baseflow recessions, we first apply a lowpass filter to the 

streamflow hydrograph to separate baseflow from quicker stormflow (Lyne and Hollick, 1979).  

Once we separate out the baseflow time series, we connect each individual baseflow recession to 

the master recession curve according to the low streamflows in the tails of the recessions.  We 

only consider winter baseflow recessions to minimize effects from growing vegetation and 

evapotranspiration losses, so that the baseflow recessions are mainly controlled by aquifer 

properties.  Once the master recession curve is built, we infer that different portions of the 

baseflow recession curve are representative of contributions from different aquifers.  The upper 
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portion of the baseflow recession curve is steeper, and represents a quicker release of water than 

the lower portion.   We consider the upper portion to be indicative of the release from the 

shallow hsB aquifer, while the lower portion is indicative of the deeper bedrock aquifer, and the 

corresponding model is parameterized appropriately to match the baseflow recession 

characteristics.   

  The remaining portions of the model are calibrated using multiple year simulations.  

Parameters are only varied a few at a time (e.g. parameters that relate to a specific process are 

calibrated separately), but in most cases the model is optimized to be able to reproduce multiple 

years of observed streamflow using a standard optimization routine (Nelder and Mead, 1965).  

The only exception is the calibration of parameters that are associated with snow.  In this case 

the model is optimized to match multi-year observations of snow (or systems such as the Snow 

Data Assimilation System, which involve a model, but also assimilate snow observations).  The 

snow parameters are, by and large, meant to be applicable everywhere.  After the calibration of 

the snow model, parameters describing evapotranspiration, infiltration, and overland 

flow/channel routing are calibrated iteratively to get the best possible representation of 

streamflow.  In addition, KINEROS is also tested, and if necessary, calibrated during simulation 

of individual flood events or the long time-series simulation.  The second electronic supplement 

gives results of this continuous calibration, as well as case studies illustrating the performance of 

KINEROS/SM-hsB during flood events.  

 

4. Real Time Operation 

 Once calibrated, KINEROS-hsB-SM is designed to be run in real time with NWS forcing 

data.  It is forced with radar-derived rainfall products (MPE or ~1 km radar products), and pulls 

forecasts for all other required hydrometeorologic variables from the National Digital Forecast 

Database (NDFD).  Like past simulations, real-time model runs are continuous, and update 

automatically every hour.  In addition, the model can be run more frequently during events, as 

the model time step is set to be 5 minutes during real-time operation.  There is also some 

assimilation of observations during real-time operation of KINEROS/hsB-SM.  For example, 

daily snow estimates from SNODAS (which is a snow modeling system that is corrected with 
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observed data) are downloaded and displayed for comparison with KINEROS/hsB-SM’s snow 

model and can be used to update the model snow water equivalent as the model runs.  Also, 

USGS streamflow observations are downloaded continuously and used to make sure that 

modeled streamflows match observations for the historical period.  In addition to using the 

forecasted values of precipitation, the model can also be run with different precipitation 

scenarios, so that multiple streamflow scenarios can be viewed simultaneously. 

 There are three main methods to display the model results.   First, the model outputs a 

graph similar to what is found on the NWS’s Advanced Hydrologic Prediction Service web page, 

where recent streamflows (for the past 48 hours) are shown alongside streamflow forecasts with 

information about flood stage for the next 24 hours (Figure 4a).  The user can also view time 

series charts for more modeled and observed quantities (precipitation, temperature, SWE, soil 

moisture, and streamflow) for the past 30 days (Figure 4b), as well as spatial maps showing 

where in each catchment there are potentially areas of high soil moisture or a lot of snow (Figure 

4c), which might exacerbate flooding problems.  All of this is intended to give forecasters a 

fairly complete picture about potential flash flood threats. 

 

5. Conclusion 

 While KINEROS-SM-hsB takes into account many aspects of flash flood prediction in 

small to medium sized non-urban watersheds, it is just a step towards flash flood forecasting, and 

there is much room for improvement.  For example, flash flood producing storms are often 

associated with other natural hazards such as land-slides, which also present potentially serious 

hazards to life and property.  Using such a model in conjunction with a land slide model (e.g. 

Ren et al., 2010) would make sense in some cases.  We are also optimistic about the use of such 

flash-flood models in the future given fewer computational constraints and greater data 

availability, especially of high resolution precipitation data that can be used consistently 

throughout the modeling periods (e.g. the National Weather Service’s Q2 precipitation product).  

For this study, while we have sought to be as consistent as possible with our forcing data, the 

differences between the forecast period and the observed period, in terms of the temporal and 
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spatial resolutions of the available forcing products currently presents some challenges (see 

section 5, Appendix B).  Nevertheless, we believe that KINEROS/hsB-SM offers improvements 

over existing flash flood forecasting systems, including the use of a snow model to help improve 

flash flood predictions for rain-on-snow events.  It also has many other essential features of 

successful flash flood prediction including the use of quantitative precipitation estimates and 

forecasts, a continuous distributed hydrological model that operates at the same spatial scale as 

convective storms, which can be a major cause of flash flooding, a programmatically assisted 

method of calibration/validation, and real time operation.  The model is also designed to provide 

a balance between model parsimony, which allows for the successful and flexible model 

implementation, and enough complexity to be able to represent a range of important processes 

for flooding.  These aspects are among the many potential improvements over traditional 

methods used for operational flash flood forecasting.   
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Figures 

 

Figure 1: Model schematic for the KINEROS/SM-hsB system that shows important modeled 

physical processes. Both KINEROS andSM-hsB are distributed and take into account a variety 

of surface and subsurface processes that are important for flash flooding. 
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Figure 2: Site map showing the modeled Upper Delaware Basin Watersheds.  Shown are the 

locations of streams and stream gauges, watershed boundaries, delineated hillslopes used for 

KINEROS, and ~1 km grid boxes on which the snow and subsurface models run. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



67 
 

 

Figure 3: Charts illustrating the aquifer calibration of SM-hsB;  a) Master, as well as individual 

baseflow recession curves for the Delaware River (Walton) using a long (~60 year) streamflow 

time series (In the model, the upper portion of the baseflow recession corresponds to the 

discharge timescale of the hsB aquifer, and the lower portion of the recession corresponds to the 

deep aquifer timescale);  b) Model schematic illustrating the catchment width function used in 

the hsB model, as well as a typical distribution of aquifer heights predicted by the model;  c) 

Storages and discharges predicted by the hsB model, as well as the simpler storage-discharge 

model used to emulate it;  d) Same information as in “c”, except in terms of the distribution of 

aquifer heights predicted by the two models.  
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Figure 4: Screenshots of real-time model output from KINEROS/SM-hsB; a) Timeseries of 

recent and predicted discharge values; b) Historical and predicted model values (including 

precipitation, temperature, snow water equivalent, soil moisture, and streamflow); and, c) 

Example spatial output from the model.  Note that that all units on the model output are English 

units to match the conventions of other operational products in the United States. 
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APPENDIX B: 

 

Supplemental Material to “Coupling the Kinematic Erosion 

and Runoff (KINEROS) and hillslope-storage Boussinesq 

Soil Moisture (hsB-SM) Models for All-Season Operational 

Flash Flood Forecasting” 
 
 
 
Additional on-line material for: 
 
Broxton, P., Troch, P., Schaffner, M., Unkrich, C., Goodrich, D., 2014, Coupling the Kinematic 

Erosion and Runoff (KINEROS) and hillslope-storage Boussinesq Soil Moisture (hsB-SM) 

Models for All-Season Operational Flash Flood Forecasting, Bull. Amer. Meteor. Soc., doi: 

10.1175/BAMS-D-12-00212.1. 

 

© Copyright American Meteorological Society.  Used with permission. 
 

 
1. Model Description for KINEROS/ hsB-SM 

KINEROS/hsB-SM is a full-featured hydrological model that includes an energy balance snow 

model.  hsB-SM describes radiation over complex terrain, potential evaporation, canopy storage 

of rain and snow, snow accumulation and melt, and root zone and phreatic aquifer processes, 

while KINEROS estimates runoff, erosion, and sediment transport over a variety of types of 

surfaces. Below is a synopsis of the important processes simulated by KINEROS/hsB-SM.  

 

a) Radiation 

The first process that is computed in the model is the radiative balance 

(incoming/outgoing radiation) over complex terrain.  The overall radiation balance equation is: 

luldsn RRRR −+−= εα )1(   (1) 

Where nR is the net radiation, sR is the shortwave radiation ldR  and luR  are the incoming and 

outgoing longwave radiation, α is the land surface albedo, and ε is the surface emissivity.  The 
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model keeps track of net radiation at the ground and at the top of the canopy separately so that 

different processes can use either canopy radiation estimates (e.g. for potential 

evapotranspiration) or ground radiation estimates (e.g. for snowmelt). The model first computes 

extraterrestrial incoming solar radiation, and then applies atmospheric corrections including 

those that involve cloud cover.  Terrain influences are taken into account for direct shortwave 

radiation by comparing flat surface incoming solar radiation with that hitting an inclined plane 

(Whiteman and Allwine, 1986).  Incoming longwave radiation is computed as a function of 

atmospheric temperature and cloud cover, and outgoing longwave radiation is computed as a 

function of the temperature and emissivity of the surface.  For computational efficiency, surface 

temperature is assumed to be the same as that of the atmosphere for snow free surfaces. 

b) Snow Model 

Precipitation, which is given as a forcing variable, is partitioned into rainfall and snowfall, 

depending on whether the air temperature is above or below freezing.  However, the modeler can 

change the rain-snow transition temperature because in some cases, there can be freezing rain or 

snow falling at temperatures above freezing.  For incoming precipitation, canopy storage is taken 

into account using the method of Deardoff (1978). When there is snow, it is allowed to 

accumulate on the land surface until it acquires enough energy to melt.  

 The snow model is broadly similar to the Utah Energy Balance Snow Model (Tarboton 

and Luce, 1996).  The overall energy balance for the snowpack is calculated as: 

QGAEHRQ pnm ∆−++++= λ   (2) 

where mQ  is the energy available for melt, nR  is the net radiation computed from above, H  is 

the sensible heat exchange, Eλ  is the latent heat exchange, pA is the heat advected from 

precipitation, and G is the ground heat exchange, is given by 
z

T

∆

∆
κ  (κ is the thermal 

conductivity of soil, T∆ is temperature, and z∆ is a vertical distance over which that variation 

takes place), and Q∆ is the change in internal energy in the snowpack. The sensible heat 

exchange and the latent heat exchange are computed using a bulk transfer approach. Heat can 

also be advected to the snowpack by precipitation, and through the subsurface as a ground heat 
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flux.  These energy inputs can cause sublimation, heating of the snowpack, or melt (once the 

cold content of the snowpack is overcome). 

 The snow model is also able to capture behaviors related to variability in snow depth and 

snow albedo.  Snow depth is computed from the snow density and snow water equivalent.  The 

snow density is allowed to change through time, depending on the age of the snow in the 

snowpack.  Also, as the snow surface ages, its albedo can decrease dramatically. These 

considerations are taken into account through the use of parameterizations. 

 

c) Baseflow and Soil Moisture 

Snowmelt from the above formulation, combined with rainfall input (minus canopy 

storage), give the total water input into the soil.  The infiltration of this precipitation is computed 

as in Milly, 1986; Famiglietti et al. 1992; Troch et al. 1994. The infiltration equation is the time 

compression approximation to Philip’s equation (Philip, 1957), which is a solution to the 

Richards equation: 
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(where θ  is the soil moisture content, ψ  is the matric head, and ( )ψK  is the hydraulic 

conductivity) with the assumptions of a step change in soil moisture at the soil surface and an 

initially uniform moisture profile in the unsaturated zone: 

si cKstd
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2

1 −=   (4) 

where *
id  is the infiltration capacity, < is the sorptivity, sK  is the saturated hydraulic 

conductivity, and c  is a constant that includes the effect of gravity (experimentally determined to 

be ~0.5 – Milly, 1986).  The time compression approximation removes time from the Philip’s 

equation by assuming that infiltration capacity is a function of cumulative infiltration (Milly, 

1986).   The infiltration then becomes:  
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where iD  is the accumulated infiltration.  We use an analytical expression for s  from Sivapalan 

and Wood (1986).   

Infiltrated precipitation adds to the soil water, which is either lost to evapotranspiration or 

it is subject to drainage.  The water balance in the root zone is given by: 

rri

rz

rz dQEcd
dt

d
D −−+= *θ

 (6) 

where rzD  is the depth of the root zone, rzθ  is the volumetric soil moisture content of the root 

zone, *
id is the infiltration rate, QE  is the rate of evapotranspiration, rc 	is the capillary rise flux 

from the water table, and rd  is the recharge to the water table.  The rate of capillary rise is given 

by (Gardner, 1958) as presented in Eagleson (1978): 
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where cϕ  is the depth of the capillary fringe, ca and cb  are parameters related to the Brooks-

Corey soil water retention parameters,  and sK  is the saturated hydraulic conductivity.  Root 

zone drainage is given by (Campbell, 1974): 
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where rzθ  and sθ  are the root zone and saturated soil moisture contents, and B  is the Brooks-

Corey pore size distribution index.  Soil parameters are determined using the SSURGO soil 

dataset. 

In this version of hsb-SM, potential evapotranspiration is computed using the Penman-

Monteith model for the whole canopy due to its computational efficiency:  
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Where GRn −  is the available energy to be partitioned into sensible and latent heat, ρ is the 

density of air, and pc  is the specific heat of dry air.  Also, in Equation 3, sTr , the bulk stomatal 

resistance of the whole canopy, is treated as a user-defined parameter while ∆ , the slope of the 

saturation vapor pressure curve, and γ , the psychrometric constant, ar , the atmospheric 

resistance  are computed assuming neutral conditions.  In particular, the aerodynamic resistance 

is given by: 
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where )(zu is the wind speed at the measurement height (z), k is von Karman’s constant, d is the 

zero plane displacement height, and oz  is the roughness length of the canopy.    Vegetation 

characteristics are allowed to vary both spatially (using a vegetation cover map) and temporally 

(as a function of weekly temperature): when the average temperature is above (below) a certain 

threshold, the canopy density and LAI are maximized (minimized) with a smooth change in 

between.  Finally, the rate by which water is computed as in Teuling and Troch, 2005: 

( ) ( ) p

LAI

rrc EeFuptake
ξβω −−= 11  (11) 

where ( ) 3/2/ crc ww=ω  is the aerial fraction of wet canopy (Deardoff, 1978), rF is the root 

fraction, ξ is the light use efficiency parameter, pE , is the potential evapotranspiration rate, and 

β  is the soil moisture stress function, given by: 
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( wθ  is the wilting point and cθ is the threshold that stressed transpiration begins to occur).   

 Baseflow is generated according to the hillslope-storage Boussinesq equation (Troch et 

al., 2003), which accounts for complex hillslope geometries and subsurface properties:  
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Here S  is the hillslope storage, α  is the slope, hW  is the width of the hillslope, x  is a coordinate 

along a sloping bed, N is the recharge to the aquifer and hk  and f  are parameters representing 

horizontal hydraulic conductivity and drainable porosity. Different versions of hsB-SM can be 

run on daily or finer time steps, in distributed mode (separately on each individual hillslope) or 

in semi-distributed mode (where hillslopes are lumped into a single catchment hillslope such that 

their collective geometries are still preserved in a “catchment width function”).  However, it is 

computationally intensive as it numerically solves the Boussinesq equation.  For KINEROS/hsB-

SM, to satisfy the requirement of high temporal and spatial resolutions (in particular, preserving 

the regionalization impacts of localized rainfall events) as well as for numerical speed for real-

time forecasting, the subsurface flow part of hsB-SM has been simplified and optimized to 

effectively simulate the rapid response of floods and to apply on a distributed model grid in a 

computationally efficient manner.  Characteristic hsB responses are computed for each hillslope 

prior to the main model run to preserve within-catchment subsurface variability and to take 

advantage of hsB’s ability to simulate different behaviors on different hillslopes.  These 

responses are represented as non-linear reservoirs . = /01 and aquifer height models of the 

form	ℎ#4$ = 50ℎ�#4$, where . is discharge, 0 is grid cell aquifer storage, ℎ� is a characteristic 

distribution of aquifer heights, (/, 6, and 5 are fitting parameters such that the simpler models 

are able to reproduce the behavior of the hsB model).  The parameters of each of these reservoirs 

are informed by the behavior of hsB for a particular watershed.  Models of this form can be 

vectorized (performed as matrix operations over an entire area) and they require much less 

computational effort for remarkably similar results (many orders of magnitude faster than 

solving the hsB equations at each timestep over a distributed area).  Figure 3 in the main text 

illustrates how this model emulation characterizes hsB's behavior in terms of both streamflow 

and aquifer heights.   

 

d) Overland Flow and Channel Routing 

Water that emerges from hillslopes as baseflow is discharged directly into streams, and water 

that cannot infiltrate into the subsurface (either because it is saturated, or the rain/snowmelt 

intensity is too high) runs off and flows over the land surface, and then ends up in streams.  This 
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stream water is then routed to the channel outlet.  The model has two ways to handle such flows.  

During the calibration of other model components during continuous past simulations (those 

involving many years of simulation at one time), the model can use a simple routing model that 

is based on the catchment geometry and the Saint Venant equations for shallow water transport 

(Mesa and Mifflin, 1986) to boost computational efficiency.  In this model, the unit impulse 

response function is given by: 

∫
∞

=
0

hh )(),()( dxxHtxqtf   (14) 

where =#4$ is referred to as the catchment width function and .>#4, ?$ is the solution to the 

linearized diffusion equation to a unit impulse response (Brutsaert, 1973).  The basin response is 

then calculated by a convolution of responses from individual events.  See Troch et al. (1994) 

and Carrillo et al. (2011) for further details. 

 During real-time operation and for simulation of individual past flood events, KINEROS 

is used as the runoff model.  KINEROS is a standalone model that was developed by the U.S. 

Department of Agriculture-Agricultural Research Service (USDA-ARS).  KINEROS is a 

distributed, event-oriented, physically based model describing the processes of interception, 

infiltration, surface runoff, and erosion from small agricultural and urban watersheds. It 

estimates runoff, erosion, and sediment transport in overland flow (hillslope), channel, detention 

pond, urban, injection, and non-pressurized culvert model elements (Woolhiser et al., 1990; 

Goodrich et al., 2012).  In KINEROS, overland flow is described by the 1-D kinematic wave 

equation (Woolhiser et al., 1990). The numerical solution provides discharge at any point in time 

and at any distance along a flow path. Rainfall can produce ponding by both infiltration excess 

and saturation excess mechanisms.  Routing of overland flow is accomplished within KINEROS 

by solving the kinematic-wave equations using a four-point implicit finite difference method 

using either the Manning or Chezy hydraulic resistance law (Engman, 1986).  Simulation of 

unsteady, free-surface flow in channels is also represented by kinematic approximation to the 

unsteady, gradually varied flow equations. A simple or compound trapezoidal channel cross-

section (to accommodate overbank flow) can be represented in KINEROS. The main channel 

and overbank portions of the channel can have different roughness and infiltration 
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characteristics. Channel segments may receive uniformly distributed but time-varying lateral 

inflow from overland flow elements on either or both sides of the channel, from one or two 

channels at the upstream boundary, from an upland area, and/or from an injection element (i.e. 

discharge from a pipe). The dimensions of overland flow elements are chosen to completely 

cover the watershed, so rainfall on the channel is not considered directly. As in the overland flow 

case, channel routing is computed dynamically with infiltration (and erosion and sediment 

transport if that option is selected) for a more realistic treatment of advancing flow fronts on 

highly permeable soils in the overland flow case or to treat channel transmission losses in 

ephemeral channels. 

In KINEROS/hsB-SM the KINEROS model is used to simulate overland flow and 

channel routing of runoff generated by hsB-SM, though the routing of baseflow is always 

performed by the simple routing model.  More information about KINEROS can be found at 

http://www.tucson.ars.ag.gov/kineros/.  

 

2. Model Calibration and Case Studies for KINEROS/hsB-SM 

In the following sections, we present results of the calibration and validation of KINEROS/SM-

hsB using six years of continuous data, as well as four brief case studies, which provide further 

evaluation of the model.  The first two case studies deal with past flood events on smaller 

streams, involving a rain-on-snow flood and a rain-only flood.  In the third case study, we 

present a real-time simulation a rain-on-snow event that was captured by a real-time simulation 

of KINEROS/HsB-SM.  The fourth case study is about a spring and a fall flood in all five 

watersheds. These case studies not only demonstrate the model’s capabilities to forecast 

streamflow, but they also provide insight into the functioning of various parts of the model.  The 

first case study focuses on the snow model, the second case study focuses on issues involving 

precipitation forcing data, the third demonstrates the diagnostic and predictive capabilities of the 

real time model, and the fourth evaluates how the temporal characteristics of precipitation 

influence the modeled streamflows. 

 



78 
 

a)  Results of the Calibration of Evapotranspiration, Infiltration, and Aquifer Parameters 

 As mentioned in the main text, the calibration process for KINEROS/hsB-SM seeks to 

provide a calibration that is physically consistent with the hydrologic processes that are 

simulated in the model.  The first calibration step involves the determination of the perched 

aquifer properties such that modeled aquifer discharge matches observed winter baseflow 

recessions.  This requires matching the observed master baseflow recession curve (which is 

generated from a series of baseflow recessions) with the modeled aquifer discharges to ensure 

that the aquifer timescales match that of the baseflow recession.  The remaining portions of the 

model are calibrated using multiple year simulations, and parameters that are associated with 

individual processes are calibrated separately and iteratively.  For the routing parameters, 

however, it can be advantageous to pay attention to individual events for calibration. 

 Figures 1 and 2 show a graphical timeseries of the 3 year calibration period and 3 year 

validation period, as well as flow duration curves (which are used in a performance measure 

during calibration of parameters that effect evapotranspiration), and Table 1 tabulates the Nash-

Sutcliffe efficiencies and model biases for the warm (April-October) and cool (November-

March) seasons during the Calibration Periods.  In general, the three year period used for 

calibration (2005-2007) is better represented by KINEROS/SM-hsB than the three year perod 

used for validation (2008-2010).  However, we do not believe that this is because of a poor 

calibration because when we switched the calibration and validation periods, the model still 

performed better during the 2005-2007 period.  The period that was used for our validation 

period was just simply more difficult to model.  Breaking up the period of record into calibration 

and validation periods is good practice for hydrological modeling, but in the case of flash flood 

modeling, where the real test of the model is how well it performs during flash flood events, it 

would probably be fine to use a larger period of record to calibrate the model. 

 

b) late March-early April 2005 Delaware Basin Flooding 

In this case study, we model a set of floods that occurred on March 28-29, 2005, and then 

on April 4-5, 2005 in the Platte Kill watershed.  The first flood involved a rain-on-snow event 

that occurred on March 28-29, 2005, which was caused by moderate, but widespread rainfall on 
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a deep snowpack (for the area); however it was followed almost immediately by an even larger 

flood that caused extensive damage in the region.  The flood simulations show both events, but 

focus on the first because it directly involves snow cover.  This represents a fairly common 

flooding situation for the region, when spring rain storms occur in quick succession at the end of 

the winter snow accumulation season when snow is still on the ground.  

Figures 3 and 4, illustrate model performance before and during the late March-early 

April Floods.  Figure 3 shows streamflow and snow water equivalent (SWE) for the snow-

accumulation season leading up to the events, while Figure 4 shows a close up of the late March 

and early April flood events.  In addition, for comparison, the simulations are run with and 

without the snow model (the snow model is calibrated so that it accurately reproduces the winter 

snow pack during the 2005 snow accumulation season so that the simulation can better match the 

real-time operation case, where the snow model is periodically updated with observations).  

During the first storm, precipitation mainly started out as snow, adding to the already deep 

snowpack.  However, it quickly turned to rain and the cold content (CC) in the snowpack 

diminished as the rain fell on it due to latent heating from both rainwater freezing to the cold 

snowpack and from condensation from the atmosphere (in addition to some of sensible heating 

from the warmer air).  There was a large amount of latent heating due to condensation of water 

vapor because the relatively warmer, moist air came into contact with the cooler snowpack.  

Condensation is particularly important for rain-on-snow events because it is prolonged (lasting 

through the event) and because warmer air (above the snowpack) can hold a lot more water than 

cooler air (at the snow surface).   

In addition, a lot of heat was advected to the snowpack from the liquid precipitation at 

first, but this is not the case after the snowpack turned isothermal.  This is because when rain 

falls on a cold snowpack, it not only releases energy as the water cools (via sensible heating), but 

also as it freezes to a cold snowpack (via latent heating).  However, after a snowpack becomes 

isothermal, the falling precipitation still cools, but on net, there is no longer any water freezing to 

the snowpack because an amount of freezing water would generate equal amounts of melt.   At 

this point, there is a much smaller amount of heat being advected by the precipitation because the 

latent heat of fusion for water is 4.187 kJ/kg-K while the specific heat of water is only 334 kJ/kg.  
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In reality, rainfall is also important for the development of preferential flow pathways for water 

to move through the snowpack.  In total, including the snow that accumulated at the start of the 

storm, this snow melt accounted for ~70% of the total precipitation input during the late March-

early April 2005.     

After the first event, and because of the warm temperatures, the snow continued to melt, 

keeping streamflows high and leaving very little snow left by the April 3rd event.  The April 3rd 

event illustrates more of an indirect effect from melting snow, that snow melt leads to saturated 

soils and makes a watershed more prone to flooding. This can clearly be seen in Figures 3 and 4 

by comparing the simulations with a snow model to the simulations without a snow model.  In 

the absence of the snow model, not only are the events that directly involve rain on snow 

affected by the lack of a snow model (e.g. the event on the 29th of March, as well as an event in 

January), but also events whose impact is worsened by saturated soils are impacted as well (e.g. 

the event on the 3rd of April). 

 

c) June 2006 Delaware Basin Flooding 

The largest recent Delaware Basin flood in our record occurred on June 27-28, 2006 in 

response to a few days of very heavy rainfall.  There was a persistent blocking pattern, with high 

pressure located in the western Atlantic Ocean.  This pattern was responsible for funneling 

abundant moisture into the region and blocking weather systems from moving out to the sea.  

Most of the United States East Coast received abundant rainfall, but the Mid-Atlantic States were 

particularly hard hit.  This event involved intense and prolonged rainfall, with many areas 

receiving heavy rainfall for several consecutive days leading to multiple flood peaks in many 

places.  In this case study, model results are presented for two of the smallest watersheds, East 

Brook, in the western portion of the study area, as well as Town Brook, in the eastern portion of 

the study area. 

 Because this event involved a mixture of convective (which is localized in nature) and 

stratiform precipitation (which is more regional in nature), it is useful to compare different 

precipitation datasets.  Here, we use both the Stage III radar rainfall estimates using a standard z-

r relationship (300 × 9 .;) and corrected it, such that it matches the magnitude of the MPE 



81 
 

precipitation.  Figure 5 shows that the rainfall estimates based on raw-radar data were much 

higher than those based on the MPE.  It also appears that the western portion of the Delaware 

Basin received much more rainfall than the eastern portion.  This is similar in both data sources 

as they are both informed with radar trends.  There are a number of potential limitations which 

should be considered when using these radar-derived rain fields.  First, it is noted that the radar 

data is from the Binghamton radar station, which is located to the west, so it may have better 

success at diagnosing rainfall rates that are closer to the radar, i.e. in the western portion of the 

study area.  Also, the observations, which are part of the MPE, probably caused the MPE results 

to be less than those involving just radar rain rates.  Third, it is possible that this particular z-r 

relationship was not appropriate for this event, because the precipitation was likely 

overestimated. 

 Figure 6 shows how these various rain rates translate into streamflow responses.  For 

both East Brook and Town Brook, the use of stage III radar data alone led to overestimation of 

streamflows, MPE led to underestimation of streamflows, while some intermediate rain rates 

give the best results (here, rain rates of 75% of the radar estimates are shown).  For East Brook, 

both flood peaks can be well represented if the radar rain rates are corrected with a simple 

reduction factor.  For Town Brook, the radar precipitation estimates seem to work the best.  

Significantly, the MPE has a couple of precipitation episodes on the 28th that do not show up in 

the observed streamflow record.  In addition to these discrepancies in the precipitation dataset, 

the hydrologic model also appears to have some shortcomings, especially in Town Brook.  For 

example, the hydrograph rose too quickly for both flood peaks on Town Brook, but especially 

for the first.  One possible explanation was that there was a greater capacity to absorb the 

precipitation prior to runoff than is simulated by the model.  

 

d)  Real-Time Modeling of Two March 2010 Rain on Snow Events 

In the third case study, we describe two rain on snow events that were captured with the 

real-time model.  These events are similar to the 2005 Delaware Basin floods (described above) 

in that they involved two large storms, separated by less than a week.  However, the first event 

did not melt all of the snow.  Rather, the initial rain turned over to all snow after the cold front 
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moved through, and the snowpack stayed intact until it all melted during the second event, which 

involved mainly rainfall.  Each storm only brought ~50-80 mm of precipitation, and half of the 

precipitation during the first event fell as snow, but there was a significant snowpack on the 

ground prior to both events (~75-100 mm of SWE prior to the first event, and ~50-80 mm of 

SWE prior to the second event).   

 As with the simulations for the 2005 floods, the modeled water input was comprised of 

both rainfall and snowmelt.  Figure 7a is a screenshot of the KINEROS/HsB-SM’s real time 

output after both events had occurred.  Notice, especially, that during the first half of the first 

storm, when the air temperature was warm, the model melted a significant amount of snow, but 

during the second half of the storm, the temperatures turned cold and the snow re-accumulated.  

Then, during the second storm, the model melted nearly all of the remaining snow.  The model 

did, though, over-predict the magnitude of the second flood peak.  This might partly be due to 

the fact that the model might have simulated too much snow on the ground prior to the event, or 

more likely, it melted too much snow during the event.  Comparing the model snow results with 

the SNODAS values (blue dots in the second panel from the top), it appears that the latter is the 

more likely explanation, though it is difficult to determine the exact cause for this, whether the 

rainfall estimates were too high, leading to too much snowmelt, or the modeled energy fluxes 

were off a little bit during the storm, or both.  Figure 7b depicts just the forecast panels of where 

the second flood peak is forecasted.  It contains the official forecast, as well as different 

scenarios involving different amounts of rainfall, illustrating the affects that different amounts of 

rainfall have on both streamflow and snowmelt.   

 For this simulation, KINEROS/HsB-SM was initialized just prior to the March 6th event.  

At this point, there was very little data especially in relation to catchment wetness (for the 

months leading up to the March floods, the USGS gauges were not available for real-time data), 

though it is likely that the catchments were quite wet because there was a period of snowmelt on 

the 18th-19th of February, and a moderate rain on snow event (bringing ~1 inch of rain) on March 

1st.  Also, as with the 2005 rain-on-snow floods, the antecedent wetness was probably a 

significant factor for the severity of the floods.  Figure 8 depicts the modeled streamflow during 

the March 6th flood with different initial conditions, ranging from a fairly typical catchment 
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wetness, to near full saturation.  Changing these initial conditions just a little bit makes a large 

difference in the magnitude, or even the occurrence, of a predicted flood, underscoring the 

importance of correctly diagnosing antecedent catchment conditions prior to a potential flood. 

 

e) Evaluation of the Temporal Characteristics of Precipitation during a Spring and a Fall Flood 

 In KINEROS/hsB-SM, due to current limitations in available data, especially for long 

time period simulation, the forcing data has different temporal and spatial characteristics (e.g. 

MPE has a 4 km, 1 hour resolution whereas Digital Hybrid Reflectivity (DHR) radar data has ~1 

km – depending on the distance from the radar - and 5 minute resolution).  This presents a 

concern for flash flood modeling because the infiltration excess runoff generation mechanism, in 

particular, is highly sensitive to rainfall intensities as well as the total amount of precipitation.  In 

the Delaware basin watersheds, we do notice some issues with changing the temporal resolution 

of precipitation.  Figure 9 shows modeled flood hydrographs resulting from 5 minute radar-

estimated rainfall during the Spring 2005 rain-on-snow event in all of the modeled Delaware 

Basin watersheds as well as the resulting hydrographs if the precipitation is binned hourly or six 

hourly.  Figure 10 shows the same thing except for the October 2010 flood event.  In general, 

both the timing and magnitude of the flood peaks were affected (the use of a coarser temporal 

resolution of precipitation had the effect of delaying and dampening the flood peak), but the 

effect of changing the temporal resolution of the precipitation data does not appear to be too 

extreme, possibly due to the importance of the saturation excess runoff generation mechanism in 

the Delaware Basin, which is less sensitive to changing rainfall intensities.  Nevertheless, the 

temporal resolution of precipitation measurement could be an especially large issue in other 

areas, such as the western United States, where the infiltration excess mechanism dominates, and 

flash flood producing storms typically have a short duration and high intensity.  Note that for 

these tests, the spatial resolution of precipitation was not adjusted. 

 Additionally, we suggest that one possible way to deal with such differences in the 

temporal resolution of precipitation, especially during the forecast period when there are 

relatively few temporal discretizations, is through the use of ensembles that take into account the 

temporal distributions of typical storms.  Figures 9 and 10 also show very simple ensemble hind 
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cast predictions for these flood events (red lines).  The ensemble predictions are created by 

collecting 6 hourly storm rainfalls for ten large precipitation events in the region, normalizing 

each period with respect to total precipitation during the time window, and drawing from this 

distribution to represent distribution of precipitation during 6 hourly increments during each 

storm (six hours was chosen to match the temporal resolution current precipitation forecasts 

issued by the National Weather Service). These simulations are set up such that the total amount 

of precipitation during each six hour window is preserved, and no distinction is made for 

different types of storms.   In total, there were 50 six hour windows to choose from, since we 

selected only windows with significant precipitation.  For the October 2010 flood, the use of the 

ensembles led to higher streamflow predictions, even than when the 5 minute radar data was 

used, though this was not the case for the spring 2005 flood.  This is probably due to the nature 

of each of the storms having different temporal properties than the ‘typical’ storm, represented in 

our ensembles.  Based on these two events, it is difficult to distinguish different affects in 

different sized watersheds. 
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Tables 

 

Table 1: Nash-Sutcliffe Efficiencies for observed vs. modeled streamflows for the three year 

calibration period (2005-2007) and the three year evaluation period (2008-2010). 

 

Calibration Period Evaluation Period % Bias % Bias 

  Summer Winter Summer Winter Calib. Period Eval. Period 

Delaware River (Walton) 0.84 0.69 0.75 0.66 -7.1% 2.6% 

Delaware River (Delhi) 0.81 0.69 0.55 0.61 -10.0% -3.8% 

Platte Kill  0.71 0.74 0.15 0.45 -22.1 -15.1 

East Brook  0.73 0.65 0.12 0. 35 -8.1% 1.5% 

Town Brook  0.63 0.63 0.62 0.42 -8.2% -20.9% 
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Figures 

 

 
Figure 1: Streamflows and flow duration curves for the Delaware River watersheds during the 

calibration period (2005-2007). 
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Figure 2: Streamflows and flow duration curves for the Delaware River watersheds during the 

validation period (2008-2010). 
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Figure 3: Time series of modeled and observed quantities for the snow accumulation season 

proceeding the late March-early April 2005 storms for Platte Kill:  a) KINEROS/SM-hsB’s 

modeled snow water equivalent (SWE), along with SNODAS estimates of SWE; and, b) 

Observed and modeled streamflows in the case where the snow model is not used, and for the 

case where the snow model is used. 
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Figure 4: Time series of modeled and observed quantities for the late March-early April storms 

for Platte Kill:  a) Rainfall, snowfall and modeled snowmelt time series; b) Air temperature 

(green) and net radiation (blue); c) SWE (blue) and snowpack cold content (CC - green); and, d) 

observed and modeled streamflows in the case where the snow model is not used, and for the 

case where the snow model is used. 
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Figure 5: Total rainfall estimates between 6-26-2006 and 6-29-2006 for the Delaware Basin: a) 

Derived from Stage III radar mosaics with the NWS’s standard Z/R relationship (300 × 9 .;); 

and, b) the Multisensor Precipitation Estimator (MPE). 
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Figure 6: Time series of rainfall and observed/modeled streamflows for the 6-26-2006 to 6-28-

2006 storm for a) East Brook; and, b) Town Brook.  The colored lines represent modeled 

streamflow when the model is forced with Stage III radar-derived rainfall rates (the “no 

correction” case), when the model is forced with radar rainfall estimates that are corrected with 

the MPE (the “MPE correction” case), and when the model is forced with radar rainfall estimates 

with a reduction factor (0.75x). 
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Figure 7:  Real time model output for KINEROS/SM-hsB:  a) Historical period (going back 30 

days); and, b) Forecast period (next 24 hours).  Normally, these figures are shown side by side, 

both corresponding to the forecast time, but here a) corresponds to a later time when both flood 

peaks are shown; and b) corresponds to a forecast time just prior to the second flood peak.  

Going from top to bottom, the panels plot rainfall (red) and snowfall (blue), air temperature 

(dashed black line) and the freezing temperature (dashed blue line), model SWE (dashed black 

line) and daily SNODAS SWE snapshots (blue dots), soil moisture, and observed (solid black 

line) and modeled (dashed black line) streamflow. Other features to note are that KINEROS/hsB-

SM keeps track of where the snow and soil moisture states are updated, and the model can be run 

with multiple forecast scenarios corresponding to different amounts of precipitation.  All 

measurements have been changed to metric units to match other figures. 
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Figure 8: Flood peak magnitudes for the March 6th, 2011 flood given various initial conditions. 
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Figure 9: Modeled flood hydrographs given different precipitation temporal resolutions.  The 
blue line shows the observed hydrograph, and the black lines (solid, dashed, and dashed-dot) 
show the modeled hydrographs given 5 minute, 1 hour, and 6 hour temporal resolutions of the 
precipitation.  The thin red lines show model hydrographs resulting from precipitation hind casts, 
which use the temporal structure of precipitation during large storms in the region to create 
precipitation scenarios. 
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Figure 10: Same as figure 9 Except for Oct-2010 flood event. 
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Abstract 

Snowmelt from forested, mountainous environments in the western United States is a critical 

regional water resource for streamflow and ecological productivity.  Many of these landscapes 

are undergoing rapid changes from the combined effects of forest fires, insect infestation, and 

changes in climate.  Numerous observational studies demonstrate that trees control snowpack 

accumulation and ablation over scales of tens of meters.  Representing this heterogeneity is 

critical to understanding changes in climate and vegetation cover and to evaluation of forest 

management alternatives; yet, many snow models simplify a forest into two categories: canopy 

covered and non-canopy covered.  In this study, we combine existing parameterizations of mass 

and energy flux within a new three-dimensional framework informed by Aerial Laser Survey 

Mapping (ALSM)-derived canopy maps and evaluated with ALSM-derived snow depth maps.  

Model results capture the observed snow variability depicted in the 1-meter ALSM-derived snow 

depth maps.  Observations and modeled results identify open areas < 15m from tree canopies as 

having more snow and more snow variability than areas > 15 from tree canopies, and modeled 

results predict that open areas <15 m from tree canopies have 30-40% more net snow water input 

than areas that are underneath tree canopies and 10-25% more net snow water input than areas 

that are >15 m from tree canopies.  Furthermore, 1 meter simulations give higher estimates for 

net snow water input than courser resolution simulations, mainly in areas with fewer trees.  

These results suggest the importance of explicitly representing canopy edges in snow models. 

 

1. Introduction 

Snowmelt is critically important in forested mountainous environments in the western 

United States because these areas contribute substantially to the region’s water resources (Barros 

and Lettenmaier, 1993; Serreze et al. 1999; Barnett et al. 2005; Bales et al. 2006). Snowcover 

and snowmelt also influences biogeochemical cycling (Bowman, 1992; Brooks et al. 2011), 

provides water for the establishment, survival, and productivity of vegetation (Fagre et al., 2003, 

Trujillo et al., 2012), and can be a dominant influence on soil moisture (Molotch et al., 2009; 

Williams et al., 2008), soil frost (Brooks & Williams, 1999; Hardy et al. 2001; Öquist and 

Laudon, 2008), and stream chemistry (Bishop et al. 2004; Campbell et al. 2000; Brooks et al. 
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1999; Brooks et al. 2001).  Currently, snow models perform less consistently in forested sites 

than in open ones (Essery et al. 2009; Rutter et al. 2009), and land surface models have trouble 

simulating mid-winter snow ablation in forested environments (Slater et al. 2001). 

This is an important concern for water resources management, particularly because of the 

need to know how snow processes will be affected by ongoing changes in forests from the 

combined effects of climate change, forest fires, insect infestation, and human disturbance 

(Breshears et al., 2005; Breshears et al., 2009; Bentz et al., 2010; Harpold et al., 2012; Marlon et 

al., 2012; Raffa et al., 2008).  These changes, which generally result in the reduction of forest 

cover, can dramatically alter both the canopy characteristics as well as the energy balance at the 

snowpack, affecting vapor losses from both the forest canopy and from the snowpack surface.  

There are also conflicting results found in the literature about how canopy removal affects snow 

accumulation and ablation at specific sites (Varhola, 2010). 

Especially important for understanding how snowpacks will respond to changes in land 

cover and climate is the tradeoff between interception and sheltering by forest canopy.   Tree 

canopies can intercept significant amounts of falling snow in forested environments, and much of 

the snow in the canopy may sublimate from tree branches before reaching the snowpack on the 

ground (e.g. Hedstrom and Pomeroy, 1998; Pomeroy et al., 2002; Storck et al., 2002; Essery et 

al, 2003; Molotch et al., 2007).  However, trees can also influence the energy balance at the snow 

surface over a much larger footprint than the trees themselves (Link and Marks, 1999; Lawler 

and Link, 2011).  These sub-canopy energy distributions are primarily influenced by tree shading 

(e.g. Essery et al 2007, Essery et al 2008; Pomeroy et al., 2009; Mahat and Tarboton 2012; Reid 

et al., 2013), longwave radiation emission (Hardy et al. 2004; Essery et al., 2008; Pomeroy et al., 

2009), and modification of wind speeds and turbulent fluxes to the snowpack (e.g. Wigmosta et 

al., 1994; Harding and Pomeroy, 1996; Pomeroy et al., 1998).  In addition, trees also modify 

wind patterns, which are very important for determining snow accumulation patterns (Marks and 

Winstral, 2001; Winstral and Marks, 2002), as snow is scoured from exposed areas and 

deposited in sheltered areas (e.g. immediately downwind of trees).   

Some recent studies have suggested that due to this tradeoff between interception and 

sheltering, maximum snowpacks can occur in forests of intermediate forest density (Musselman 
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et al. 2008; Veatch et al. 2009), and  forests with lower canopy cover can retain more snow for 

longer (Lundquist et al., 2013) .  Furthermore, recent work suggests that a reduction in 

interception vapor losses following canopy removal can be balanced by increases in sublimation 

losses from the snowpack surface (Biederman et al, 2012; Harpold et al. 2013a).  For example, 

after trees are killed during an insect infestation, pine needles fall over a period of many years, 

resulting in a progressive reduction in interception balanced by increases in solar radiation 

reaching the snowpack over a larger footprint than the tree itself (Varhola et al., 2010; Pugh and 

Small, 2012; Biederman et al., 2012).  

The tradeoff between interception and sheltering by forest canopy is difficult to model 

because most models do not explicitly represent canopy structure.  In particular, models do not 

represent forest edges and instead only use a canopy covered portion and a non-canopy covered 

portion (i.e. percent canopy cover).  In reality, snow distributions for areas that are close to trees 

are different from snow distributions for areas that are far from trees.  In addition, many factors 

that influence the amount and distribution of snow in forests (e.g. snow interception, wind 

redistribution, and solar radiation transmission) do not average linearly (Blöschl, 1999), and so 

models running at coarser resolutions (which mix areas that are close to and far from canopy in a 

single grid cell) are unlikely to represent this tradeoff in the same way that a model would if it 

were running at a finer resolution.  However, a new generation of observations of forest structure 

using Light Detection And Ranging (LiDAR) is allowing improved representation of 

interception (Hopkinson et al. 2012, Varhola 2013) and energy inputs (Musselman et al, 2008; 

Lawler and Link 2011) at a very fine spatial resolution. 

In this study, we combine new high resolution (1 meter) vegetation and snow cover 

datasets with existing parameterizations of snow processes in a new framework called Snow 

Physics and LiDAR Mapping (SnowPALM) to assess the importance of explicitly simulating 

different snow processes in different portions of a forest (i.e. at different distances to canopy).  

We apply SnowPALM at multiple sites (located in northern New Mexico and northern 

Colorado).  SnowPALM includes a canopy interception model, an energy balance snow model, 

and explicitly simulates heterogeneity in processes that occur in different portions of a forest.  

SnowPALM is evaluated with multiyear timeseries’ of SWE, snow depth, and vapor flux 
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estimates, as well as spatially distributed estimates of snow depths from ALSM at each site.  We 

use ALSM observations and SnowPALM model results to assess the importance of areas with 

nearby trees for maximum snow acccumulation and net water input for forested environments.  

Then, we run SnowPALM at different resolutions to determine how model results for 

simulations that explicitly represent forest structure are different from those that do not. 

 

2. Data and Methods 

Observations for this study come from two intensively monitored locations in 

mountainous forested environments.  To focus primarily on vegetation-snow interactions we 

choose modeling domains characterized by relatively gentle topography with little variability in 

elevation or aspect.  The study sites, located within the Jemez River Basin Critical Zone 

Observatory (CZO) in northern New Mexico (the ‘ JRB site’) and near the Boulder Creek CZO 

in northern Colorado (the ‘BC site’), both experience extended periods of seasonal snow cover, 

have similar forest composition, and are both well instrumented for snow studies, but differ in 

climate and vegetation density.  Observations at both sites include snow-on and snow-off ALSM 

in 2010, ultrasonic snow depth sensors, vapor flux measurements from Eddy Flux towers, 

meteorological data for 8 years, and automated in situ snow measurements from snow pillows 

and ultrasonic snow depth sensors.  Specific details are provided below under each site 

description. 

 

a) JRB Site 

The JRB site includes a snow instrument cluster at ~3040 meters a.s.l. that has been 

extensively used in previous snow monitoring studies (Lyon et al, 2008; Musselman et al, 2008; 

Molotch et al. 2009; Rinehart et al. 2008; Veatch et al. 2009; Gustafson et al. 2010).  It is located 

on the shoulder of Redondo Peak, a resurgent dome in the middle of the Valles Caldera, which is 

a volcanic collapse feature in the Jemez Mountains 18 km NW of Los Alamos, New Mexico, 

USA (Figure 1a).  The Valles Caldera is on the southern margin of the Rocky Mountains 

ecoregion (Brooks and Vivoni, 2008), near the transition with the semiarid lands to the south.  

Normally, snowfall makes up about half of the annual precipitation. Vegetation at the JRB site 

consists predominantly of conifer trees.  Some portions of Redondo Peak have been logged 
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extensively in the past, including portions of our study area, while others have remained 

relatively undisturbed, giving a patchwork of dense forest and areas of scattered tree stands 

separated by sub-alpine meadows.  The JRB site also has relatively gentle topography (10-20% 

slopes) with no overall preference toward north and south-facing slopes within the study area.  

Table 1 shows important topographic, vegetation, and hydrometeorologic information about the 

JRB site. 

Meteorological observations at the JRB site are taken directly from the Valles Caldera 

Mixed Conifer (MCon) Eddy covariance tower (Ameriflux US-Vcm), located in the northeastern 

portion of the study site (Figure 1) for all forcing variables since January 2007. The MCon tower 

provides required hourly meteorological inputs to SnowPALM (temperature, humidity, wind 

speed and direction, and incoming shortwave radiation, and incoming longwave radiation).  We 

also use other nearby meteorological observations to fill in missing data and to extend the data 

record to October 2004 (described in section 1.1 of the electronic supplement).  Precipitation 

data for the JRB site comes from two meteorological towers operated by the Valles Caldera 

National Preserve, since they offer continuous high quality precipitation data since 2004.  The 

meteorological towers are located at the base and near the top of Redondo Peak, and lapse rates 

of monthly precipitation are used to distribute wintertime precipitation data from these towers 

similar to the approach used by Gustafson et al. (2010).  Precipitation data is validated with a 

weighing-type precipitation gauge (Environmental Technologies, Inc. - Noah-II Total 

Precipitation gauge) since 2011 at the MCon tower site and compared with precipitation data 

from the nearby Quemazon Snotel, which is at a similar elevation as the study area (2895 m vs 

~3000-3040 m).  Details about the forcing data at the JRB site are described in the electronic 

supplement (section 1.1).   

Model evaluation data was collected at several long-term snow measurement sites near 

the MCon Tower, and vapor fluxes were measured at the MCon Tower itself using a LiCor 7500 

open-path IRGA sensor 21.65 meters above the land surface.  There is a cluster of 9 Judd 

Communications snow depth sensors (Molotch et al, 2009) which measured snow depths from 

2005-2010 and a snow pillow and a cosmic ray sensor that is operated by Sandia National 
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Laboratories in Albuquerque, NM for WY2009 and 2010.  There is also a snow depth sensor 

located adjacent to the snow pillow which provided snow depth measurements during WY2011.  

Spatial data (elevation, canopy height and density, and snow depth map) are derived from 

a series of Airborne Laser Swath Mapping (ALSM) flights by the National Center for Airborne 

Laser Mapping (NCALM) during March 27th to April 3rd 2010 (snow on) and again from July 1st 

to July 8th, 2010 (snow off; Harpold et al, 2013b).  Concurrent manual snow surveys were used 

to validate airborne mapping of snow depths.  The aircraft altitude was on average 600 meters 

above the ground surface, with an average point density of 10.28 pts/m2 and a reported average 

horizontal resolution of 0.254 m (cross track) and 0.383 m (down track) (NCALM, 2011).  The 

root mean square of height differences during bore sight calibration (over nearby residential 

neighborhoods) was 0.034 m for the snow-on series of flights and 0.054 m for the snow-off 

series of flights.  Elevation and canopy height maps at 1-m resolution were obtained as 

deliverables from NCALM. Snow depth maps were derived by differencing the ground elevation 

for the snow-on and snow-off surveys using a DTM-DTM differencing methodology (Harpold et 

al., 2013b), and canopy density maps were generated by dividing the number of canopy returns 

by the total number of returns in each square meter.  For this analysis, further quality control was 

performed on the snow depth maps by masking out areas that did not have at least one ground 

return for the snow-on map (to minimize the influence of interpolation of the snow surface) or 

where the standard deviation of at least 3 ground returns for the snow-off map was greater than 5 

cm (to minimize uncertainty in the snow-free land surface elevation).  The primary effect of this 

was to remove many areas beneath tree canopies that did not have sufficient LIDAR data to 

estimate snow depths.  

 

b) BC Site 

The BC site is located on Niwot Ridge on the eastern slopes of Colorado’s Front Range ~ 

8 km east of the continental divide and ~35 km west of Boulder, Colorado (Figure 1b).  It is 

similar to the JRB site in that it is also located in an area of relatively gentle topography (10-20% 

slopes) at ~3050-3100 (median: 3078) meters a.s.l. and primarily forested with conifer trees, 

though due to its more northerly location, it receives substantially more snowfall (averaging 537 
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vs. 295 mm water equivalent snowfall from 2004-2012), and the snow lasts longer into the 

spring (the average snow covered season lasts from early-November until late-May, versus mid-

November until mid-April for the JRB site; Table 1).  Vegetation at the BC site is primarily 

composed of Engelmann spruce (Picea engelmannii) and Lodgepole Pine (Pinus contorta).   The 

area was also logged, but unlike the JRB site, the forest has had nearly 100 years to recover since 

clear cutting (Turnipseed et al., 2002).  The forest at the BC site is denser than at the JRB site, 

though there are still areas with large clearings and small forest gaps between the trees (Figure 

1).  The most significant topographic feature within the BC site is a glacial moraine, which 

covers part of the southwestern edge of the study area and forms a narrow escarpment with 

somewhat steeper slopes through the middle of the study area. 

Similar to the JRB site, there are many long-term meteorological, eddy flux, and in-situ 

snow measurement data at the BC site. Meteorological data (excluding precipitation) at the BC 

site comes from the Niwot Eddy Covariance tower (Ameriflux site US-NR1), which is located in 

the central portion of the study area (Figure 1).  Precipitation data is based on observations from 

the Niwot SNOTEL and a NOAA Climate Reference Network (CRN) gauge located near to the 

Niwot Tower (~300 meters from the Niwot Snotel).  Details about the forcing data at the BC site 

are given in the electronic supplement to this paper (section 1.2).  Snow data used for model 

evaluation includes automated snow water equivalent (SWE) and snow depth measurements at 

the Niwot Snotel as well as snow depth measurements from a cluster of 10 Judd 

Communications snow depth sensors (Molotch et al., 2009) located within 100 meters of the 

Niwot Snotel and deployed in various positions with respect to canopy.   Vapor fluxes measured 

at the Niwot Eddy Covariance Tower using a Li-Cor 6262 Gas Analyzer 21.5 meters above the 

surface are also compared to our model results. 

Spatial data for the BC site are derived from ALSM flights that took place from April 

29th to May 20th (snow-on) and August 21st to August 26th 2010 (snow off).  For this study, 

snow-on data is from the 20th of May.  The point densities for the LIDAR flights were 

comparable with the JRB flights: 10.28 pts/m2 for the snow-on collection and 11.08 for the snow-

off collection. The RMS of height differences during bore sight calibration (over nearby 

residential neighborhoods) was 0.077 m for the snow-on flights and 0.038 m  for the snow-off 
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flights.  Elevation and canopy height maps were obtained as deliverables from NCALM, and 

snow depth maps were created and quality controlled as for the JRB site described above.   

 

c) Modeling Description 

SnowPALM is designed for modeling snow processes at a fine spatial resolution (~1m) 

in forested, mountainous environments, such as is found at our two study sites (Figure 2).  Like 

many other snow models (Essery et al. 2012), it combines a variety of existing formulations to 

describe processes such as interception (Pomeroy et al., 1998; Liston and Elder, 2006), canopy 

attenuation of radiation (Mahat and Tarboton, 2012) and wind distribution of snowfall (Winstral 

and Marks, 2002), on top of an energy balance model that has a snow layer (whose skin 

temperature is computed separately from the prognostic snowpack temperature) similar to that in 

the Utah Energy Balance model (Tarboton et al., 1995) and a single soil layer. Critical for 

assessing forest influences on snow cover at high spatial resolution, SnowPALM also quantifies 

horizontal canopy influences (affecting solar radiation and wind) by calculating horizon angles at 

each pixel, which affect terrain and vegetation shading, sky-view factors, as well as the wind 

indices used in the Winstral and Marks (2002) wind-snowfall distribution model.  It is unique in 

its ability to combine such a fine-scale representation of forest structure with a full energy 

balance snowmelt model over a large area.  Additional details about SnowPALM can be found in 

Appendix A. 

SnowPALM is evaluated with multiyear time series of SWE, snow depth and vapor 

fluxes from the eddy covariance towers, and using snow depths from the 2010 ALSM snow 

depth maps at each site (the results are shown in section 3.1).  SnowPALM is applied at both 

study sites for eight years (WY 2005-WY2012), as there is sufficient data to run the model at 

both sites during this period.  Parameters are selected manually by comparing the results of 

model simulations to snow data (at the locations of snow pillows) as well as integrated vapor 

flux estimates for a 50x50 meter region surrounding the Eddy Covariance towers.  Next, 

modeled snow depths are compared with observed snow depths from the 2010 ALSM surveys.  

Particular attention is paid to how the distribution of snow depths is related to position with 

respect to canopy. To analyze the 1 meter snow maps, we divide the landscape into units defined 
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by distance to canopy: pixels with an overhead canopy > 1% are called ‘under canopy’ pixels, 

pixels that are <15 m from canopy are called ‘near canopy’ pixels, and pixels that are located 

>15 m from canopy are called ‘distant canopy’ pixels.  In practice, few pixels exhibit 1% canopy 

cover, but this value was chosen to effectively identify a binary distinction between ‘under 

canopy’ and ‘near canopy’ locations. Similarly, 15 meters was chosen to define ‘distant canopy’ 

as this is the approximate fractal distance scale break length for snow depths at other forested 

sites with gentle topography (Deems et al., 2006).  All simulations at both sites use the same 

parameter values, have an hourly timestep, and unless otherwise specified, have a spatial 

resolution of 1 meter. 

Sections 3.2 and 3.3 illustrate how modeled snow accumulation and ablation are 

influenced by explicit representation of forest structure.  Section 3.2 shows how forest structure 

affects patterns of snow accumulation and ablation at both sites, again, focusing on ‘under 

canopy’, ‘near canopy’, and ‘distant canopy’ pixels separately.  Section 3.3 shows how changing 

model resolution (thereby mixing areas with overhead canopy with those where snow 

distributions are highly influenced by trees, but with no overhead canopy) affects annual water 

balance estimates.  All cumulative fluxes reported in sections 3.2 and section 3.3 are averaged 

for all winters from WY2005-WY2012, and in section 3.3, topographic and vegetation 

characteristics for the courser model grids are determined by aggregating the LIDAR derived 

characteristics to the larger scale (i.e. taking averages of internal 1 meter pixels within larger grid 

boxes).  

 

3. Results 

a) Time series of SWE and vapor fluxes 

There are considerable differences between the study sites in terms of how much snow 

accumulates and how much snow sublimates during the winter.  On average, between WY 2005-

2012, the BC site received far more snowfall that the JRB site (350 vs. 580 mm).  As a result, 

snow pillow observations show that there was less snow at peak SWE at the JRB site than at the 

BC site (222 mm vs. 367 mm; Table 2), however the interannual variability at the JRB site was 

much higher: the standard deviations of observed snow depths at the JRB and BC sites were 109 
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and 61 mm.  In fact, peak SWE ranged from 56-238 mm at the JRB site and from 279-432 mm at 

the BC site.  In addition, eddy flux measurements show that the BC site also has more total vapor 

loss (Table 2).  This is due to both the longer snow-covered season and higher rates of 

wintertime vapor loss than at the JRB site (WY2005-2012 mean of 29 mm/month vs. 16 

mm/month). 

Despite these inter-site differences, SnowPALM simulates multiyear timeseries’ of SWE 

and vapor fluxes almost equally as well at both sites.  In general, modeled peak SWE is slightly 

overestimated and vapor fluxes are slightly underestimated at both sites.  On average, modeled 

peak SWE is 94 and 90 percent of observed peak SWE at the JRB and BC sites, and modeled 

vapor losses are 116% and 108% of average at the JRB and BC sites.  The relative model error 

for peak SWE (computed as the average of mean absolute errors at peak SWE divided by peak 

SWE for each year) is 14% and 17% for the JRB and BC sites, respectively, and the relative 

model error for cumulative vapor fluxes is 16% and 9% for the JRB and BC sites, respectively.  

Complete time series of observed and modeled SWE and snow depths (from WY2005-2012), as 

well as vapor losses (from WY2009-2012) are shown in section 3 of the electronic supplement. 

 

b) Spatial variability of observed and modeled snow depths 

The ALSM-derived 1-m snow depth map shows substantial spatial variability of snow 

depths at each site (Figures 3 and 4), especially closer to trees.  At the JRB site, the 2010 snow 

depth map shows that ‘under canopy’ and ‘near canopy’ pixels have more variable snow depths 

than ‘distant canopy’ pixels: the 75th-25th percentile (Q75-Q25, which is a measure of the 

histogram spread) of snow depths for ‘under canopy’ and ‘near canopy’ pixels is about twice that 

for ‘distant canopy’ pixels. Similarly, at the BC site, the 2010 ALSM snow depth map shows that 

‘distant canopy’ pixels have substantially less snow and snow variability than ‘under canopy’ 

and ‘near canopy’ pixels.  Both median and Q75-Q25 of observed snow depths for ‘distant 

canopy’ pixels is less than a third of what they are for ‘under canopy’ and ‘near canopy’ pixels at 

the BC site.  Conversely, at the JRB site, ‘under canopy’ pixels have the shallowest snow of the 

three categories. 
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The high variability of snow depths in ‘near canopy’ pixels is partially due to the fact that 

shallower snow is found on the south sides of canopy and deeper snow is found on the north 

sides of canopy.   Median observed snow depths for ‘near canopy’ pixels immediately to the 

north or south of canopy is 89 cm for south-edge and 98 cm for north-edge, while at the BC site, 

it is 59 cm at south-edge and 70 cm at north-edge.  At the JRB site, these differences are 

comparable to median snow depth differences between north (100 cm) and south (86 cm) facing 

slopes, however at the BC site, they are much larger than the differences between north  (63 cm) 

and south (61 cm) facing slopes. 

SnowPALM simulates snow depth variability at each site satisfactorily, but the overall 

agreement between modeled and observed snow depths is higher at the JRB site than at the BC 

site.  At the JRB (BC) site, the Q75-Q25 of modeled snow depths for ‘under canopy’, ‘near 

canopy’, and ‘distant canopy’ pixels are 98% (125%), 127% (110%), and 95% (107%) of the 

corresponding values for the ALSM snow depths, respectively.  However, at the BC site, 5th to 

95th percentile of the error distribution between modeled and observed snow depths is -0.85 cm 

to 0.76 cm, about twice as much as at the JRB site, which has a smaller range from -33 cm to 39 

cm.  In addition, modeled snow depths are, in general, deeper than observed snow depths at the 

BC site, but not at the JRB site.  At the JRB (BC) site, the median of modeled snow depths for 

‘under canopy’, ‘near canopy’, and ‘distant canopy’ pixels are 105% (111%), 106% (144%), and 

92% (187%) of the corresponding values for the ALSM snow depths. 

 

c) Spatial variability in modeled processes affecting net snow water input 

The processes that affect snow accumulation and melt affect ‘distant canopy’, ‘near 

canopy’, and ‘under canopy’ pixels differently (Figures 5-6).  For example, eight year model 

simulations predict that at both sites, wind distributed snowfall is lower in magnitude and 

variability for ‘distant canopy’ pixels than ‘near canopy’ pixels, though this effect is more 

pronounced at the BC site.  Also, interception losses only affect ‘under canopy’ pixels, where the 

median interception losses are 18% and 23% of the snowfall amount at the BC and JRB sites, 

respectively.  On average, model simulations predict that snowpack vapor losses are similar for 

‘under canopy’, ‘near canopy’, and ‘distant canopy’ pixels though.  The median snowpack vapor 
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loss for all three categories is close to 60 mm at the JRB site, and 160 mm at the BC site.  Also, 

shortwave radiation varied significantly between canopy pixel groupings.  For example, at the 

JRB (BC) site, the average below canopy incoming shortwave radiation estimates range from 

151 (111) W/m2 for ‘under canopy’ pixels to 252 (233) W/m2 for ‘distant canopy’ pixels. 

As a result of these influences, average modeled maximum SWE and cumulative 

modeled net snow water input to the soil are the lowest for ‘under canopy’ pixels and highest for 

‘near canopy’ pixels at both sites (Figures 5 and 6).  At the JRB site, the median maximum SWE 

for ‘near canopy’ pixels is 195 mm, whereas for ‘under canopy’ and ‘distant canopy’ pixels, it is 

144 and 162 mm, and at the BC site, the median maximum SWE for ‘near canopy’ pixels is 274 

mm, whereas for ‘under canopy’ and ‘distant canopy’ pixels, it is 181 and 171 mm.  Similarly, at 

the JRB site, the median amount of net snow water input for ‘near canopy’ pixels is 294 mm, 

whereas for ‘under canopy’ and ‘distant canopy’ pixels, it is 221 and 269 mm, and at the BC site, 

the median amount of net snow water input for ‘near canopy’ pixels is 396 mm, whereas for 

‘under canopy’ and ‘distant canopy’ pixels, it is 308 and 324 mm.  Both sites also have less 

variability of average maximum SWE and net snow water input in the ‘distant canopy’ grouping 

than in the ‘under canopy’ and ‘near canopy’ groupings. 

 

d) Sensitivity of modeled snowpack to spatial resolution 

Less snow is predicted for model simulations with courser resolutions at both sites, but 

especially at the BC site (Table 3). For example, the spatially averaged modeled snow depths 

(corresponding with the WY2010 ALSM-derived snow depth maps) for the 1- and 100-m 

resolution simulations are 75 and 29 cm (compared with 63 cm for the observed ALSM map) at 

the BC site, and 94 and 77 cm (compared with 88 cm for the observed ALSM map) at the JRB 

site.  The average maximum SWE predicted by high resolution simulations is also higher than 

that predicted by lower resolution simulations at both sites (ranging from 168 mm to 144 mm for 

the 1- and 100-meter simulations at the JRB site, and from 209 mm to 158 mm for the 1- and 

100-meter simulations at the BC site 

Modeled mass and energy fluxes are also affected by the resolution of simulation (Table 

3, Figure 7), as averaging across these environments affects model results when SnowPALM is 
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run at coarser resolutions.   For example, the higher-resolution simulations give higher estimates 

of wind-distributed snowfall, more interception losses, and less snowpack vapor losses than 

lower resolution simulations.  At the JRB (BC) site, the 1-meter simulation gives values of wind 

distributed snowfall, interception losses, and snowpack vapor losses that are 107 (108)%, 147 

(126)%, 94 (99)% of those given by the 100 meter simulation.  In addition, the high resolution 

simulations give sub-canopy radiation estimates that are smaller than those given by the lower-

resolution simulations.  As a result, the higher resolution simulations predict more net snow 

water input than lower resolution simulations (primarily due to the fact that wind distributed 

snowfall is higher). At the JRB (BC) site, the 1-meter simulation predicts that there is 6 (10) % 

more net snow water input than the 100-meter simulation.  In all cases, the 1 and 100 m 

simulations are most dissimilar, and most of the differences occur between 1 and 10 m (Figure 

7)..   

Most of the discrepancies among model resolutions (for nearly all variables) occur in 

areas where the 1-m pixels show a lack of canopy cover (Figure 8).  Disagreement generally 

increases with the proportion of 1 meter ‘near canopy’ pixels that are included in the larger 

model grid box.  In some cases, e.g. for 2010 modeled snow depths at the BC site, this difference 

is dramatic.  For example, on 5-20-2010, the 100 meter simulation predicts no snow at the BC 

site for grid cells that are made up of > 50% ‘near canopy’ pixels.  For other quantities (e.g. wind 

distributed snowfall and snowpack vapor loss), the mismatch between the 10 and 100 meter 

simulation is only ~10% for grid cells that are made up of > 50% ‘near canopy’ pixels. 

 

4. Discussion 

 The power of SnowPALM is its ability to relate fine-scale observed snow variability to 

variability of modeled snow processes, while still being able to simulate interannual timeseries of 

SWE.   Our model is thus unique among snow models in its ability to explicitly represent 

different or spatially variable processes in different portions of a forest.   SnowPALM correctly 

predicts many aspects of ALSM-derived snow depth variability.  For example, it simulates 

greater snow depth variability for ‘under canopy’ and ‘near canopy’ pixels at both sites, higher 

snow depth variability at the BC site than the JRB site, deeper snow for ‘under canopy’ and ‘near 



111 
 

canopy’ pixels than for ‘distant canopy’ pixels at the BC site, and deeper snow for ‘near canopy’ 

and ‘distant canopy’ pixels than for ‘under canopy’ pixels at the JRB site.  The lower agreement 

between observed and modeled snow depths at the BC site, as compared to the JRB site, might 

be due to the fact that the ALSM flights occurred much later than maximum snow accumulation 

at the BC site.  This points to the difficulty correctly capturing daily snow snapshots from a 

continuous model when the day-to-day snowpack variations are large due to snowmelt. 

 SnowPALM also explicitly represents different or spatially variable processes that arise 

as a consequence of the interactions between topography and forest canopy structure.  

Underneath tree canopies, interception is a dominant process, and much of this intercepted snow 

can be sublimated back to the atmosphere without reaching the ground (e.g. Hedstrom and 

Pomeroy, 1998; Storck et al., 2002).  Our modeling suggests that for ‘under canopy’ pixels, 

about 18% and 23% of snowfall is intercepted and sublimated from trees at the BC and JRB 

sites, respectively.  This is comparable with other estimates of interception losses at similar sites 

(e.g. Montesi et al., 2004); who estimate that 20-30% of total snowfall can be sublimated from 

trees.   Because of this interception, SnowPALM predicts that on average, ‘under canopy’ pixels 

have less net snow water input and average maximum SWE than ‘near canopy’ and ‘distant 

canopy’ pixels.   

 Next to trees, spatially variable energy inputs, from attenuation of shortwave solar 

radiation (e.g. Hardy et al, 2004; Sicart et al. 2004; Lawler and Link, 2011; Mahat and Tarboton, 

2012; Reid et al., 2013) as well as increased longwave radiation flux from trees (Price and 

Petzold, 1984; Essery et al. 2008), and spatially variable wind distributed snowfall (e.g. Marks 

and Winstral, 2001; Winstral et al. 2002) leads to large spatial variability without interception 

losses. The ALSM snow depth maps suggest that ‘near canopy’ pixels have more spatial 

variability of snow than ‘distant canopy’ pixels. This is consistent with other studies that show 

large amounts of snow variability in forest gaps (e.g. Golding and Swanson, 1986; Berry and 

Rothwell, 1992; Bernier and Swanson, 1992; Murray and Buttle, 2003).  ‘Near canopy’ pixels 

also showed more spatial variability of many of the modeled processes than ‘distant canopy’ 

pixels.  Our model results suggest that ‘near canopy’ pixels are especially important because, in 
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general, they have more wind distributed snowfall than ‘distant canopy’ pixels, resulting in more 

maximum SWE and more net snow water input to the soil. 

 The importance of representing fine-scale variability that results from vegetation effects 

(both beside and beneath tree canopies) is made clearer by comparing coarse (10+ meter; which 

do not explicitly resolve forest structure) simulations with fine (1 meter ; which can explicitly 

represent forest structure) simulations.  Effectively, at larger scales, the ‘near canopy’ pixels 

disappear as they are progressively mixed with ‘under canopy’ pixels to become new pixels that 

only distinguish between canopy and no canopy based on a fractional cover.  Running 

SnowPALM at coarser resolutions leads to substantially different results for processes whose 

amount and variability are quite different for ‘under canopy’, ‘canopy edge’, and ‘distant 

canopy’ pixels (e.g. wind distributed snowfall and interception).  As a result, net snow water 

input is 6-10% higher for the 1 meter simulation than the 10+ meter simulations.  In general, 

there is also a greater mismatch between model simulations at with different spatial resolutions 

in areas that have more ‘near canopy’ pixels.  It is possible that SnowPALM could have been 

reprameterized to produce comparable results at different resolutions, but it is almost certain that 

the different parameterizations would diverge for predicting responses to, for example, forest die 

off.  It is better to have a more robust model representation in the first place. 

The fact that our model results diverge in areas that have more ‘near canopy’ pixels, along with 

the result that modeled net water input for ‘near canopy’ pixels is greater than that for ‘distant 

canopy’ pixels suggests the importance of explicitly representing a ‘near canopy’ environment in 

snow models (not just distinguish between canopy covered and non-canopy covered).  This 

might be especially important for predicting responses to forest disturbance.  For example, 

without properly representing the importance of nearby trees, a model might predict that 

reducing forest cover will increase water yield because of a reduction in interception without 

properly simulating decreases in net snow accumulation because of increased exposure to wind 

scour, as well as increases in snowpack vapor losses that occur because of the loss of forest 

shading.  Essentially, our result that  ‘near canopy’ pixels have more net snow water input than 

‘under canopy’ or ‘distant canopy’ pixels suggests that the effect of interception (which reduces 
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net snow water input underneath trees) might be offset in areas next to trees, especially in forests 

with many gaps (more ‘near canopy’ pixels and less ‘under canopy’ pixels).   

 

5. Conclusion 

In this study, we have combined a distributed snow model with high resolution 

vegetation/snow depth maps derived from ALSM at 1 meter resolution to determine the 

importance of explicitly representing forest structure and sub-canopy energy balance to predict 

the snow-water balance at two high elevation sites with heterogeneous mixed conifer forests.  At 

both sites, there is a large amount of variability of snow that occurs not only underneath, but also 

next to trees.  SnowPALM largely captures the observed snow variability, and relates it to 

process variability.  It also suggests the particular importance of areas without overhead canopy, 

but with trees nearby.  Model results show that these areas do not have canopy interception, but 

they, on net, accumulate more snow and are typically shaded more than areas that are farther 

from trees, leading to higher maximum snow accumulation and more net snow water input.  We 

also find that model resolution can substantially affect the simulation of snow processes, 

especially in areas that have less ‘under canopy’ pixels and more ‘near canopy’ pixels, 

suggesting the potential importance of explicitly considering near canopy environments in snow 

models. 
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Tables 

 
Table 1: Topographic and vegetation, snowpack, and hydrometeorologic information about the 

JRB and BC sites.  The topographic and vegetation data are for our model domains, snow data is 

from snow pillow observations, and climate data (the generation of which is described in the 

electronic supplement, sections 1 and 2) are from October-1 through May-31 from WY 2005-

2012 at each site. 

 

  JRB Site   BC Site 

Landscape 

  25th Median 75th   25th Median 75th 

Elevation (m): 3009 3019 3033 3050 3078 3101 

Slope (-): 0.10 0.15 0.23 0.10 0.15 0.22 

Northness (-): -0.09 -0.01 0.07 -0.06 0.01 0.08 

Canopy Height (m): 2.40 5.82 9.66 0.76 4.64 7.83 

Median Mean Median Mean 

Canopy Cover:   11% 39%     73% 60% 

Snow 

  Mean Stdev     Mean Stdev   

Start of Season: 18-Nov 12 days 1-Nov 13 days 

End of Season: 17-Apr 8 days 27-May 9 days 

Date Max SWE: 12-Mar 12 days 22-Apr 24 days 

Max SWE: 222 109 mm 367 61 mm 

Climate 

  Mean Stdev     Mean Stdev   

Cum Rainfall: 118.5 32.6 mm 43.9 14.8 mm 

Cum Snowfall: 295.9 97.0 mm 537.2 103.8 mm 

Av Max Air Temp.: 4.6 1.0 C 1.5 0.8 C 

Av Mix Air Temp.: -4.2 0.9 C -7.6 0.7 C 

Av Rel Humidity: 52.2 6.6 % 57.1 2.4 % 

Av Wind Speed: 3.2 0.2 m/s 5.5 0.5 m/s 

Av Wind Dir.: 298.4 12.2 degrees 318.3 3.1 degrees 

Av Incoming Srad: 197.1 13.7 W/m
2
 164.5 6.4 W/m

2
 

Av Incoming Lrad: 231.0 6.1 W/m
2
   228.0 4.0 W/m

2
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Table 2: Maximum observed and modeled SWE, as well as cumulative observed and modeled 

vapor fluxes for WY 2005-2012.  To ensure that only the snow covered period is captured, vapor 

fluxes are for December 15th through March 15th for the JRB site, and November 15th through 

April 15th for the BC site. 

 

  JRB Site BC Site 

Year Max. SWE (mm) Cum. V (mm) Max. SWE (mm) Cum. V (mm) 

  Obs Mod Obs Mod Obs Mod Obs Mod 

2005 375.9 396.1 340.4 325.4 113.9 148.2 

2006 55.9 50.4 325.1 217.6 164.7 171.6 

2007 274.3 163.0 454.7 332.7 154.2 153.0 

2008 261.6 245.1 50.7 54.4 378.5 344.5 172.3 163.0 

2009 188.0 162.7 39.7 42.4 406.4 375.6 150.6 173.8 

2010 327.7 338.5 52.6 63.3 317.5 287.3 127.3 127.4 

2011 101.6 85.1 41.4 58.3 431.8 537.7 151.9 176.4 

2012 190.5 226.0 52.4 56.7 279.4 213.6 141.8 152.5 

Average 221.9 208.4 47.4 55.0 366.7 329.3 147.1 158.2 

 

  



122 
 

 

Table 3: Modeled WY2005-WY2012 average cumulative mass fluxes and below canopy 

incoming shortwave radiation and net radiation (ending 31-May for the JRB site and 30-June for 

the BC site) at different model resolutions. 

 

Pixel 

Resolution 

2010 

Depth 

Wind Dist. 

Snowfall 

Snowpack 

Vapor Loss 

Interception 

Vapor Loss 

Net Snow 

Water In. 

Max 

SWE 

Inc. SW 

Rad. 

  (cm) (mm) (mm) (mm) (mm) (mm) (W/m
2
) 

JRB Site 

1 meter 93.7 356.9 -57.9 -36.3 262.5 167.8 176.6 

3 meter 87.1 348.0 -58.6 -33.3 255.8 160.1 210.4 

10 meter 82.2 335.3 -58.9 -28.5 247.4 150.2 225.4 

30 meter 78.9 334.6 -60.1 -26.1 248.1 147.0 223.6 

100 meter 77.1 334.3 -61.2 -24.6 248.3 144.3 224.4 

BC  Site 

1 meter 74.8 583.7 -161.2 -76.3 346.0 209.2 110.1 

3 meter 48.3 559.8 -160.2 -69.5 329.9 180.3 130.4 

10 meter 29.7 538.3 -162.0 -63.3 313.0 158.9 134.6 

30 meter 29.9 538.4 -162.3 -62.1 313.8 159.0 133.9 

100 meter 29.6 538.3 -163.4 -60.8 314.0 157.6 133.4 
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Figures 

 
 

Figure 1: Site maps showing the locations of the JRB and BC sites, as well as the locations of 

the observations used to force and to validate the model.  Both maps are in UTM projection 

(Zone 13 N, horizontal map units=meters).  Insets for both panels show the forest structure at 

each site as well as the location of the in-situ snow measurement sites used in this study. 
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Figure 2: SnowPALM model schematic showing the relevant model processes and illustrating 

the data requirements of the model.  
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Figure 3: Observed and modeled snow depths at the JRB site. a) Snow depths derived from 

ALSM flights in March-April 2010 at the JRB site; b) distributions of observed and modeled 

snow depths ‘under canopy’, ‘near canopy’ (open areas < 15 m from canopy), and ‘distant 

canopy’ (open areas > 15 m from canopy) pixels; c) modeled snow depths for 27-Mar 2010; d) 

histogram of errors between modeled and observed snow depths.   In b), the histograms are 

binned into 20 increments from 0 to 2 meters and normalized such that the sum of each series is 

one, and in d), the histogram is binned into 100 increments from -150-150 cm and normalized 

such that the sum is one. 
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Figure 4: Same as Figure 3 except for the BC site. The snow depths shown in a) are derived 

from ALSM flights in May 2010, and c) shows modeled snow depths for 20-May 2010. In d), the 

histogram is binned into 100 increments from -250-200 cm and normalized such that the sum is 

one.
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Figure 5: Maps and histograms of modeled cumulative wind distributed snowfall, interception 

loss, snowpack vapor loss, net snow water input, and average maximum SWE for the JRB site 

(from 1-Oct to 31-May) averaged for WY2005-2012.  Each histogram is binned into 100 

increments and normalized such that the sum of each series is one.    
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Figure 6: Same as Figure 5 except for the BC site. 
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Figure 7: Thick solid lines: average wind distributed snowfall and net snow water input for the 

JRB and BC sites predicted by SnowPALM simulations with different resolutions.  Thin dashed 

lines): percent descrepancies from the 1 m simulation for wind distributed snowfall (WDS), 

snowpack vapor loss (SVL), interception vapor loss (IVL), net snow water input (NWI), and 

maximum SWE (maxS).  As in Table 3, all values are based on simulations from WY2005-

WY2012.  
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Figure 8: The ratio between modeled quantities (2010 snow depth, wind distributed snowfall, 

interception loss, snowpack vapor loss and net snow water input) predicted by the 100 meter 

simulation and those predicted 1 meter simulation as a function of near canopy gap fraction 

(defined as the fraction of 1 meter pixels that make up a 100 meter model grid cell that are 

considered to be canopy edge).  Each dot represents a single 100 meter model grid cell, and grid 

cells that are made up of more than 5% of open canopy pixels are not considered. 
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APPENDIX D: 

 

Supplemental Material to “Quantifying the Effects of 

Vegetation Structure on Snow Accumulation and Ablation 

in Mixed-Conifer Forests” 
 

This document provides supplemental information for the manuscript.  There are four 

sections.  The first section provides a model description of SnowPALM (this is Appendix A in 

the submitted manuscript). Section 2 and 3 describes the forcing datasets are used in the model 

simulations.  Specifically, it describes how we deal with missing data for the primary forcing 

datasets from the Mixed Conifer Eddy Covariance Tower at the JRB site (section 2) and from the 

Niwot Eddy Covariance Tower at the BC site (section 3).  Section 4 shows the results of the 

timeseries model evaluation, and in particular, how the model performs with respect to both 

snow amounts (SWE + snow depths measured with in-situ data) and winter vapor fluxes 

(measured at the Eddy flux towers), as well as additional spatial evaluation where the landscape 

is broken into different energy, wind, and canopy regimes, instead of categories based on 

distance from canopy. 

 

1.  Model Description 

a) Overview 

The Snow Physics And Lidar Mapping (SnowPALM) model is a distributed energy 

balance snowmelt model for small study areas, which takes into account complex topography, 

represents canopy processes (e.g. interception, shading, and longwave radiation emission) and 

accounts for variable patterns of wind distributed snowfall.  SnowPALM is applied at our study 

sites using 1-meter ALSM-derived maps of elevation, canopy height, and estimates of canopy 

coverage.  It also uses hourly forcing data from meteorologic towers at or study sites. 

SnowPALM uses forcing data for wind vector, temperature, humidity, pressure, 

precipitation (which is considered to be rain or snow if the air temperature is above/below 2°C), 
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incoming flat surface shortwave radiation, and incoming flat surface longwave radiation.  Fields 

of air temperature and pressure are distributed across the model domain with lapse rates (on 

monthly maximum/minimum temperature) though since our study areas have a relatively limited 

range of elevations, this does not have too much of an effect.  Fields of canopy surface potential 

shortwave radiation (direct and diffuse; which is used for  canopy energy balance calculations) 

are calculated with a Matlab script developed by Felix Hebeler that is based on Kumar et al. 

1997, and are compared to flat surface potential shortwave radiation (computed using the same 

method) to determine factors to multiply the observed shortwave radiation by.  Below canopy 

shortwave radiation estimates are determined by applying a Beers Law attenuation model (Mahat 

and Tarboton, 2012; see section A2.2) to a potential (no vegetation) incoming shortwave 

radiation map (using the same method as above) in areas that are shadowed by forest canopy 

(both beneath and behind canopy). Below canopy estimates of longwave radiation are 

determined using a sky view factor, which is calculated as in Skartveit and Olseth, 1987 (see 

section A2.3).  Wind fields are created using an empirical model applied to the !� terrain 

parameter from Winstral et al., 2002 (similar to Winstral et al., 2009; see section A4), and 

relative humidity is assumed to be constant across our model domains. 

Precipitation is distributed based on the model of Winstral et al., 2002 (see section A4).  

This model accounts for the effects of wind scour (given by a factor called !�) and deposition in 

areas where there are turbulent eddys created by breaks in slope (given by a factor called !1) to 

give estimates of net wind distributed snowfall.   Before precipitation reaches the ground, it 

interacts with the canopy using an interception/mass balance model (Pomeroy et al., 1998, as 

presented in Liston and Elder, 2006; section A2.1).   Once surface fluxes of incoming mass and 

energy fluxes are computed, they are treated with an energy balance model that has a snow layer 

(whose skin temperature is computed separately from the prognostic snowpack temperature) 

similar to that in the Utah Energy Balance model (Tarboton and Luce, 1996) and a single soil 

layer.  Additional technical details of these components are given below. 
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b) Canopy-Snowpack Influences 

i) Interception and Canopy Mass Balance 

The overall mass balance of snow in the canopy is given by: 

@�A = @�A� + C� + D� −�� − F�   (A1) 

where @�A is the canopy storage of snow at the current timestep, @�A�  is the canopy storage of 

snow at the previous timestep and C� is canopy loading due to falling snow, D� is sublimation of 

intercepted snow, �� is melting of snow in the canopy, and F� is unloading of snow from the 

canopy.  Likewise, the canopy storage of liquid is given by:  

@GA = @GA� + CG + DG +�� − FG  (A2) 

where  @GA is the canopy storage of liquid water at the current timestep, @GA�  is the canopy storage 

of snow at the previous timestep 	C� is canopy loading due to falling rain, D� is evaporation of 

liquid water in the canopy, and F�  is water drip from the canopy.  In SnowPALM, canopy 

interception of snowfall is treated by the interception model of Pomeroy et al., 1998, as presented 

in Liston and Elder, 2006.  This model assumes the interception capacity of a canopy as a 

function of its leaf area index (LAI), @��� = 4.4 × CI@ (@��� is the interception capacity given 

in mm), and includes a physically-based canopy-sublimation model and an empirical, 

temperature-based canopy drip model.   The interception model for liquid in the canopy is a 

bucket type interception model for rainfall (Deardorff, 1978).  In this model, the canopy storage 

capacity and a canopy drip rate of liquid water are both user defined parameters, and the canopy 

liquid water storage is subject to wet canopy evaporation that is scaled by how much water is in 

the canopy.  In SnowPALM, LAI is scaled linearly with canopy cover fraction, such that 100% 

canopy cover represents a maximum local LAI (LAImax). 

 

ii) Attenuation of Shortwave and Longwave Radiation 

The canopy also causes attenuation of incoming solar radiation and emission of longwave 

radiation.  For radiation attenuation, we use the model described in Mahat and Tarboton, 2012 

for canopy radiation tramission.  This model is ideal to use on SnowPALM’s distributed model 

grid because it assumes multiple scattering of the light beams, it is more parsimonious and 
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computationally efficient than detailed multilayer radiative transfer models, and it uses LAI as 

the key model parameter.  Direct and diffuse canopy transmittances are given by (Mahat and 

Tarboton, 2012): 

J1 = K�LMNOP,       (A3a) 

 JQ = #1 − 5R�C$K�LMSP + #5R�C$T, UV#1, 5R�C$   (A3b) 

where  5R = √1 − X is a coefficient that quantifies the effect of multiple scattering, Y1 =	 S
,Z+	#[$ 

is the non-scattering attenuation coefficient (� is the geometry factor; \ is the solar zenith angle), 

and C is the LAI.  Because radiation attenuation occurs not only beneath but also beside tree 

canopies, SnowPALM first calculates pixels that are shadowed given the horizon angle and 

azimuth of the sun, and then reduces the incoming radiation for all pixels that are in shadow (and 

not covered by canopy) by applying the Beer’s law attenuation factor that is associated with a 

LAImax.  Sun angles and direct and diffuse radiation on inclined hillslopes are calculated using a 

Matlab script developed by Felix Hebeler based on Kumar et al. 1997. 

 

iii) Below Canopy Longwave Radiation 

At the snowpack, a sky view factor is used to weight longwave radiation emitted from an 

unobstructed sky (given by the forcing data), and longwave radiation emitted in a forested 

setting:  

9GQ = ! × 9GQ� + #1 − !$ × ]JQ × 9GQ� + #1 − JQ$ × 9GQ�^     (A4) 

 where 9GQ is the longwave radiation reaching the snowpack, ! is the sky view factor, 9GQ� is the 

longwave radiation emitted from the sky (given by the forcing data), and 9GQ� is the longwave 

radiation emitted from a canopy surface, and JQ is the canopy transmittance for longwave 

radiation.     Radiation emission by the canopy is computed by: 9� = _� × `a;, where _� is the 

canopy emissivity, ` is the setfan-boltzmann constant, and a is the skin temperature of the 

canopy in K (which is solved iteratively at every time step to ensure that the energy fluxes are in 

balance). 
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c) Snowpack Mass and Energy Balances 

 For the snowpack, energy, ice mass, and liquid mass terms are accounted for explicitly.   

The overall energy balance for the snowpack is calculated as: 

Qb
QA = 9c + = + dU + I� + � − Q�, (A5) 

where D� is the energy available for melt, 9c is the net radiation, = is the sensible heat 

exchange, dU is the latent heat exchange, I� is the heat advected by precipitation, and � is the 

ground heat exchange. 9c is computed as the balance of incoming and outgoing shortwave and 

longwave radiation componenets, sensible and latent heat are computed as:  

= = fY∗h�i� + j�Lk#a� − a�$  (A6a) 

dU = Y∗ℎ� �.lTTm�
n� fK� − K�#a�$k  (A6b) 

where h� is the air density, i�is the heat capacity of the air at constant pressure, j�L is the 

windless convection coefficient for sensible heat flux (7.2 kJ-K/m2-h), o� is the atmospheric 

pressure, K� is the air vapor pressure, K� is the saturated vapor pressure, and ℎ� is the latent heat 

of sublimation of ice.  Here, the bulk transfer coefficient is given is modified to account for 

stable and unstable atmospheric stability (Price and Dunne, 1976): 

Y∗ = Y#1 + 109V$, stable 9V > 0 (A7a) 

Y∗ = Y#1 − 109V$, stable 9V > 0 (A7b) 

where the bulk Richardson number is computed as in Koivusalo et al., 2001: 

9V = p#q��qr$s
tu]�.v#q��qr$wTxy. v^  (A8) 

The heat advected by precipitation is computed as:  

I� = izhzo#a{ − a�$ + fhzd|ok  (A9) 

where o is the rain rate, a{ is the rain temperature (assumed to be the air temperature), a� is the 

temperature of the snowpack, and d| is the latent heat of fusion.  The ground heat flux is 

computed as: 	� = }#q��q~~$
q~~  where a� is the snowpack temperature.   

The snowpack temperature is computed as an invertible relationship with “cold content” 

of the snowpack, that is, the energy required to raise the snowpack temperature to 0°C, according 

to (Tarboton et al., 1995): 
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F� = � aj��hz a < 0, C| = 0
C|ℎ|j��hz a = 0, C| � 0   (A10) 

where a is the average snow temperature, j� is specific heat of ice, �is the water equivalent of 

the snow, hz is the density of water, and C| is the mass fraction of liquid water.  The skin 

temperature of the snowpack is computed separately by balancing net radiation with the sensible 

heat exchanges, as well as conductance of heat to the middle of the snowpack.  This heat 

conductance is calculated by: D = − L�
Q #a� − a$, where 5� is the thermal conductivity of snow 

(given by Anderson, 1976), a� is the snow surface temperature, a is the temperature of the 

middle of the snowpack, and � is the distance from the top to the middle of the snowpack. 

The mass balance of ice is given by: 
Q��
QA = o{ + o� −� − U, where o{ is incoming 

rainfall, o� is incoming snowfall, � is snowmelt, and U is snow sublimation.  o{ and o� are given 

by the canopy interception models (though if there is no cold content, 	o{ adds directly to the 

snowpack’s liquid water content) , U is computed directly from the latent heat term, and � is 

calculated as:  

� = ��
m����  (A11) 

where D� is the excess energy that drives melt, h is the density of water, and d| is the latent heat 

of fusion for water, and � is the snow’s thermal quality.  A ripe snowpack can hold a certain 

amount of liquid water before it melts from the base of the snowpack, and a snowpack cannot 

become cold again unless all of the liquid refreezes. 

 

d) Additional Snow Considerations 

In addition to the energy balance considerations above, the snow model also accounts for 

snowpack compaction, to make adjustments to snowpack albedo, and to account for wind 

distribution of snowfall.  Both snow density and surface albedo are emperical functions of age 

(for density, it is the average age of all of the snow in the pack, and for albedo, it is the time 

since the last fresh snowfall) and temperature.  Albedo has a linear decay with time for cold 

snow and an exponential decay with time for melting snow (similar to section 4.3.2 of Essery et 
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al., 2012).  Snow compaction is a function of the age of the snowpack (similar to section 4.1.2 of 

Essery et al., 2012).  

Sx and Sb (from Winstral and Marks, 2002) diagnose areas of wind scour and deposition, 

are used to determine multipliers for snowfall and to distribute wind speeds across the model 

grid.  The Sx algorithm computes horizon angles from every grid cell in 30 degree increments in 

the upwind direction, to determine the degree of shelter from the wind, while the Sb algorithm 

finds abrupt breaks in slope that are likely to generate turbulent wakes where blowing snow is 

likely to settle out.  Details of the calculation of Sx and Sb are found in eqs. 1-5 in Winstral and 

Marks, 2002. In this study, Sx and Sb are computed from the 1-meter ALSM elevation and 

vegetation height maps.  The empirical Sx adjusted wind speed factor is given in Winstral and 

Marks (2009; equation 5), and the snow distribution factors are emperical functions of both Sx 

and Sb. 

 

2.  JRB Site Forcing Data 

Because data for the Mixed Conifer (MCon) Eddy Covariance Tower at the JRB site is 

not available prior to 2007, and even after 2007, there were periods with data gaps, we 

constructed a continuous backup forcing dataset for the JRB site that is used to fill in missing 

data from the MContower.  This dataset is based on several other sources (including two 

meteorological stations operated by the Valles Caldera (VCNP towers), which are located at the 

bottom and near the top of Redondo Peak as well as the North American Land Data Assimilation 

System (NLDAS) forcing dataset.  The lower VCNP tower (2643 meters a.s.l.) is located ~3.5 

km southeast of the study area, and the upper tower (3231 meters a.s.l.) is located ~1.5 km to the 

southwest of the study area.  Lapse rates are used to distribute temperature and precipitation data 

from the two towers, while wind direction, wind speed, relative humidity, and incoming 

shortwave radiation are all taken from the upper VCNP tower location.  NLDAS provides 

estimates of longwave radiation and air pressure.  For temperature, when MCon data is used, 

lapse rates are no longer considered due to the relatively gentle topography within the study area 

at the JRB site.  Sensor descriptions for the MCon, as well as for the VCNP towers are given in 

Table ES1. 
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Figure ES1 shows record lengths for each meteorological variable.  Most of the backup 

forcing data compared reasonably well with the observed variables.  However, there were several 

notable differences that warranted minor corrections before the creation of the final dataset.  We 

especially paid attention to incoming longwave radiation, wind speed, and wind direction 

because there were an increased number of data gaps (for the wind speed and wind direction 

data) or a shorter record (for incoming longwave radiation) in the MCon tower data.  First, wind 

directions were consistently more northerly at the upper VCNP tower by about 40 degrees 

(especially visible in the diurnal cycle) than at the MCon tower.  The topographic position of the 

upper VCNP tower, which is located in a saddle between Redondo and Redondito Peaks, as well 

as its positioning in relation to nearby vegetation, might explain this difference.  Also, wind 

speeds were about 2x higher at the MCon tower than the Upper VCNP tower (which can be 

explained by different measurement heights – 2 vs. 21 meters), and longwave radiation was 

slightly higher at the MCon tower than in the NLDAS forcing dataset (by about 10%).  For these 

corrections, the bias was adjusted so that scatterplots between the backup and MCon forcing data 

follow the 1:1 line.  Figure ES2 shows the constructed dataset, and its relation to the observed 

dataset in terms of the diurnal cycle of forcing variables during the winter.  Notice, especially, 

that despite their close proximity, the two Valles Caldera towers and the MCon tower had a 

significantly different diurnal temperature range, suggesting the importance of cold air drainage 

for the Valles Caldera towers (one of which is located in the valley bottom next to Redondo 

Peak). 

 There were also no continuous, reliable precipitation measurements near the MCon tower 

prior to WY2011.  In 2011 and 2012, precipitation was measured via a weighing type 

precipitation gauge - Environmental Technologies, Inc., Noah-II Total Precipitation gauge.  

Again, we use a constructed dataset that is based on the two VCNP towers for precipitation, 

though to maintain consistency, this reconstructed dataset is used throughout the study, and we 

used all precipitation measurements at the MCon tower after WY2010 as validation data.  Like 

with temperatures, lapse rates (on the monthly precipitation sums) between the two VCNP 

towers are used to distribute snowfall but not rainfall (in general, the area around the site is 

characterized by strong precipitation gradients during the winter, but not during the summer).  
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The top panel in Figure ES1 shows the accumulated precipitation from the constructed dataset, 

plotted against precipitation from the nearby Quemazon Snotel , which is at a similar elevation 

(2895 m vs. 3043 m for the MCon Tower) as well as precipitation data collected at the MCon 

tower after WY2010.  Overall, there is a remarkable similarity involving accumulated 

precipitation from the different data sources when looking at the entire period.  Figure  

 

 

 

 

 

Figure ES1: Timeseries’ showing the length of record for each 

variable.  Black lines indicate data from the MCON tower.  Red 

lines indicate that data is filled in using the constructed dataset 

(VCNP/NLDAS data).  Also shown in the cumulative precipitation 

plot is precipitation at Quemazon Snotel (blue line). 

Figure ES2: Diurnal cycle for 

the MCON data (black lines) 

and the VCNP/NLDAS data 

(red lines). 
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ES3 shows how the constructed dataset compares against the MCon Tower records.  The 

constructed dataset gives about 10% higher precipitation estimates than is measured at the MCon 

tower, and this is factored in prior to running SnowPALM. Table ES2 shows annual values for 

all of the forcing variables used in the SnowPALM simulations (WY2005-WY2012), as well as 

characteristics of snow measured at the Quemazon Snotel. 

 

Figure ES3: Accumulated Precipitation for the constructed dataset (red line), measured at the MCon tower (black 

line), and at the Quemazon Snotel (blue line) for the 2011 and 2012 water years.  The constructed dataset is used 

for our SnowPALM simulations. 

 

 

Mixed Conifer Eddy Covariance Tower Measurement 

Variable Description Height 

Air Temperature HMP45C Vaisala Temperature/ RH Probe 4.28 meter 

Relative Humidity HMP45C Vaisala Temperature/ RH Probe 4.28 meter 

Wind Speed and Direction CSAT 3-D Sonic Anemometer 21.65 meter 

Pressure Vaisala PTB101B Barometric Pressure 2 meter 

Net Radiation CNR1 Kipp&Zonen Net Radiometer 20 meter 

H20 Flux LiCor 7500 open-path IRGA 21.65 meter 

VCNP Redondo Met 

Tower   Measurement 

Variable Description Height 

Precipitation 

Texas Electronics Tipping bucket rain gauge, TE525WS, 

CS705 snowfall adaptor 2 meter 

Air Temperature HMP45C-L Vaisala Temperature/ RH Probe 2 meter 

Relative Humidity HMP45C-L Vaisala Temperature/ RH Probe 2 meter 

Wind Speed and Direction Met One Wind Set 034B, Part # 15797 2 meter 

Solar Radiation LiCor LI200X-L pyranometer 2 meter 

Table ES1: Instrumentation for the JRB site.  The Mixed Conifer Eddy Covariance tower is located inside the 1 km
2
 

study area, while the VCNP Redondo met tower (along with the lower VCNP met tower) is located outside the 

study area and is used to fill in missing data. 
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Climate (November 1 - April 30) 

  WY05 WY06 WY07 WY08 WY09 WY10 WY11 WY12 

Rainfall (mm): 141.3 77.3 176.3 104.9 121.8 80.2 114.3 131.9 

Snowfall (mm): 425.7 123.1 301.6 324.7 297.0 397.3 206.2 291.5 

Max Air Temp. (C): 4.7 6.5 4.4 3.6 4.7 3.5 4.3 5.0 

Min Air Temp. (C): -5.6 -5.0 -4.2 -4.4 -3.3 -4.8 -3.7 -2.8 

Relative Humidity: 67.1 49.9 56.0 47.9 50.2 50.4 47.5 49.0 

Wind Speed (m/s): 3.2 3.6 3.3 3.4 3.2 3.0 3.2 3.0 

Wind Dir. (rad): 281.3 278.8 298.8 304.4 302.4 304.4 302.8 314.4 

Incoming SRad (W/m2): 182.2 191.6 183.2 190.1 193.8 201.9 218.8 215.0 

Incoming LRad (W/m2): 242.8 232.3 233.9 225.5 232.2 222.9 227.1 231.2 

Snow 

Start of Season (d): 14-Nov 17-Nov 12-Nov 24-Nov 10-Nov 14-Nov 16-Dec 13-Nov 

End of Season (d): 28-Apr 10-Apr 16-Apr 11-Apr 20-Apr 30-Apr 13-Apr 8-Apr 

Date Max SWE (d): 26-Mar 13-Mar 6-Mar 14-Mar 12-Mar 29-Mar 18-Feb 9-Mar 

Max SWE (mm): 376 56 274 262 188 328 102 191 

Table ES2: Hydrometeorologic and snowpack information for WY2005-2012 at the JRB site. Snow data are from 

the Quemazon Snotel, and climate data are from the dataset described above and represent hydrometeorological 

conditions from November 1 through April 30. 

 

 

3. BC Site Forcing Data 

The BC site has on-site climatic data that is nearly continuous for all meteorologic 

variables since 1999 at the Niwot Eddy Covariance Tower.  The radiation variables (incoming 

shortwave and incoming longwave) were missing for some of the time at the beginning of our 

modeled period.  Again, we used incoming shortwave and incoming longwave radiation from the 

NLDAS dataset to fill these gaps.  Like for the JRB site, NLDAS longwave radiation was about 

10% lower than that which was measured at the NWEC Tower, and this was taken into account 

prior to the creation of the model forcing dataset.  Figure ES4 shows the missing data in the 

Niwot Tower record.    As in Figure ES2, we give the diurnal cycle of forcing variables for the 

BC site in Figure ES5, as well as that for the NLDAS shortwave and longwave radiation 

variables after the minor adjustments described above.  Precipitation data comes from the Niwot 

SNOTEL site and a NOAA Climate Reference Network (CRN) gauge located ~300 meters from 

the Niwot SNOTEL.  This dataset is prepared by D. Gochis (NCAR).  Table ES3 gives 

information about the instrumentation on the NWEC Tower used in this study. Table ES4 shows 
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annual values for all of the forcing variables used in the SnowPALM simulations (WY2005-

WY2012), as well as characteristics of snow measured at the Niwot Snotel. 

 

Niwot Eddy Covariance Tower Measurement 

Variable Description Height 

Air Temperature HMP-35D Vaisala Temperature/ RH Probe 8 meter 

Relative Humidity HMP-35D Vaisala Temperature/ RH Probe 8 meter 

Wind Speed and Direction CSAT 3 Sonic Anemometer 21.65 meter 

Pressure Vaisala PTB101B Barometric Pressure 12 meter 

Net Radiation REBS Q*7.1 Net Radiometer 25.5 meter 

H20 Flux Li-Cor 6262 Gas Analyzer 21.5 meter 

Table ES3: Instrumentation for the BC site.  

 

Climate (October 1 - May 31) 

  WY05 WY06 WY07 WY08 WY09 WY10 WY11 WY12 

Rainfall (mm): 50.5 52.7 39.9 31.6 52.5 33.0 68.4 22.5 

Snowfall (mm): 547.0 430.9 553.9 559.1 539.5 566.8 726.1 373.8 

Max Air Temp. (C): 1.7 2.0 1.6 0.7 2.1 0.4 0.7 2.6 

Min Air Temp. (C): -7.4 -7.3 -7.3 -8.6 -6.7 -8.7 -7.7 -7.3 

Relative Humidity: 59.6 53.9 58.5 55.3 56.3 58.3 60.1 54.5 

Wind Speed (m/s): 4.9 6.1 5.3 5.8 6.0 4.9 5.9 5.4 

Wind Dir. (rad): 324.3 317.9 321.2 315.2 317.4 318.1 315.3 316.8 

Incoming SRad (W/m2): 166.2 176.0 156.4 165.6 160.5 160.8 160.1 170.5 

Incoming LRad (W/m2): 234.5 226.4 230.3 223.9 229.5 226.1 230.7 222.6 

Snow 

Start of Season (d): 26-Oct 13-Nov 18-Oct 21-Nov 14-Nov 23-Oct 23-Oct 26-Oct 

End of Season (d): 27-May 16-May 2-Jun 1-Jun 24-May 1-Jun 12-Jun 15-May 

Date Max SWE (d): 4-May 31-Mar 27-Apr 18-Apr 20-Apr 16-May 24-May 11-Mar 

Max SWE (mm): 340 325 455 378 406 318 432 279 

Table ES4: Hydrometeorologic and snowpack information for WY2005-2012 at the BC site. Snow data are from the 

Niwot Snotel, and climate data are from the dataset described above and represent hydrometeorological 

conditions from October 1 through May 31. 
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Figure ES4: Timeseries’ showing the available data for each 

variable.  Black lines indicate data from the Niwot Eddy 

Covariance tower, and red lines indicate that data is filled in with 

the NLDAS forcing product.  Also shown in the cumulative 

precipitation plot is precipitation at Niwot Snotel (green) and 

University Snotel (blue).  Note that precipitation data is derived 

Figure ES5: Diurnal cycle for the 

Niwot Eddy Covariance data (black 

lines) and the NLDAS radiation 

data (red lines) that is used to fill 

in missing Tower data. 
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Figure ES6: Modeled vs. observed SWE and snow depth timeseries’ for the Jemez and Boulder Creek sites.  Each 

curve represents the modeled and observed quantities at the physical location of the snow meausrement site (at 

the Mixed Conifer Snow Pillow at the JRB site and the Niwot Snotel at the BC site).  Note that for the JRB site, 

observed timeseries’ of SWE and Snow Depth from the Quemazon SNOTEL, as well as from a nearby cluster of 

snow depth sensors are also shown because in-situ SWE and snow depth measurements are not available at the 

Mixed Conifer Snow Pillow prior to WY 2008.  

 

4. Model Evaluation 

In this section, we present the SnowPALM evaluation results with snow and vapor flux 

timeseries data.  For the JRB site, the snow data is from a snow pillow and a cosmic ray sensor 

that is operated by Sandia National Laboratories in Albuquerque, NM for WY 2009-2010, and 

snow depth data is measured at a cluster of 9 Judd Communications snow depth sensors 

(Molotch et al, 2009) which measured snow depths from WY2005-2011 and a snow depth sensor 

that is adjacent to the snow pillow that recorded data for WY 2011.  The separation between the 
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MCon tower and the snow pillow is 125 meters.  Because of the discontinuous record at each 

location, these data are also compared with data from the Quemazon Snotel (~ 15 km to the east 

and at a similar elevation: 3035 m at the snow pillow at the JRB site and 2896 m at the 

Quemazon Snotel).  Snow depths from 2005-2010 from the cluster of depth sensors that recorded 

the deepest snow matched, to a high degree, what was measured at the Quemazon Snotel, with 

snow being, during most years, a little deeper, and lasting a little longer at the JRB study site.  

This is similar to the relationship between the 2011 snow depths measured near the snow pillow 

and at Quemazon, so these deeper depth sensors from the cluster are used in the timeseries 

evaluations for WY 2005-2010.  Figure ES6a,b show the modeled (at the snow pillow) and 

observed SWE and depths from WY 2005-2012.  The solid black lines represent data from the 

JRB site, and the dashed black lines show data from the Quemazon Snotel.  Using the data in 

ES6 a,b, the relative error between modeled and measured maximum SWE and snow depth is 

14% and 15%. 

For the BC site SWE and snow depth measurements occur at the Niwot Snotel, which is 

located ~300 meters from the Niwot Tower, and snow depth data from a cluster of 10 snow 

depth sensors located within 10s of meters east of the Niwot Snotel are only used to visually 

compare to snow depths at the Niwot Snotel, as no data filling was performed on the Snotel 

record at the BC site.  Figure ES6c,d show the modeled (at the Niwot Snotel) and observed SWE 

and depths from WY2005-2012 at the BC site.  Using the data in ES6c,d, the relative error 

between maximum SWE and snow depth is 17% and 13%. 

In addition to verifying the modeled SWE and depth with observations, we also 

compared modeled latent fluxes (from the snowpack and from canopy interception losses) to 

data at the MCon and Niwot tower data because 1) latent heat fluxes are a central part of this 

study, and 2) these fluxes are directly comparable to Eddy Flux data during the winter, as there is 

probably very little transpiration by plants in these environments.  Figure ES6 shows 

accumulated, daily, and an average diurnal cycle for latent heat fluxes at the Mon tower along 

with those that are predicted by SnowPALM (for a 50 m2 square surrounding the tower) for 4 

years.  We see that at the JRB site, the modeled and measured accumulated vapor losses match 

reasonably well.  In figure ES6, the period shown is from December 15th to March 15th to ensure 
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that the tower-measured vapor losses do not include significant transpiration (the measured 

record does show a steeper slope in December 2008, 2011, and 2012, as well as march 2010 

though, indicating that there may be contributions besides snow vapor losses during these 

periods).  The diurnal range of vapor fluxes (3rd row in Figure ES6) is a little more pronounced 

in the observed data than in the modeled results though: SnowPALM predicts more vapor flux at 

night and less vapor flux during the day, especially during WY 2010 and WY 2012.  In fact, the 

measured vapor fluxes are very low during the night time, , and they are quite high during the 

day. 

At the BC site, vapor fluxes are significantly higher than at the JRB site.  Figure ES7 

shows this to be especially true of nighttime vapor fluxes, possibly indicating much greater 

nighttime turbulence.   Also, the rate of vapor loss at the BC site is about twice  

 

 Figure ES7: Accumulated (top row panels), daily (middle row panels), and average diurnal cycle 

(bottom row panels) for the Mixed Conifer Eddy Covariance Tower for four water years (2009-2012) at 

the JRB site.  The heavy-solid black lines are the measured fluxes at the tower, while the dashed black 

lines are modeled results for a 50 m
2
 area surrounding the tower (to ensure that the model simulates a 

representative sample of canopy/no canopy areas surrounding the tower). 
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that at the JRB site (~28 mm/month vs. ~15 mm/month, based on the eddy flux data).  This, 

combined with a longer snow season, explains the much higher vapor losses (in absolute 

magnitude) at the BC site, which can be at least partly be attributed to higher wind speeds.  Like 

at the JRB site, daytime vapor fluxes are significantly higher than nighttime vapor fluxes.  

SnowPALM captures this diurnal trend better at the BC site than at the JRB site.  

 In addition to the spatial evaluation where the landscape is broken into different 

categories based on distance from canopy (as it is in the text), we also broke the landscape into 

different energy, wind, and canopy regimes.  Table ES1 shows the ability of SnowPALM to 

represent snow amount and variability in these groupings.   At the JRB site, SnowPALM predicts 

snow depth averages and standard deviations in each category to within 10 cm.  At the BC site, 

there were more discrepancies between modeled and observed snow depths, especially involving 

net radiation categories.  For example, the differences between predicted snow depths between 

the Net Radiation+ and Net Radiation- for canopy covered, canopy gap, and open canopy 

Figure ES8: Accumulated (top row panels), daily (middle row panels), and average diurnal cycle (bottom 

row panels) for the Mixed Conifer Eddy Covariance Tower for four water years (2009-2012) at the BC 

site.  The heavy-solid black lines are the measured fluxes at the tower, while the dashed black lines are 

modeled results for a 50 m
2
 area surrounding the tower (to ensure that the model simulates a 

representative sample of canopy/no canopy areas surrounding the tower).  



148 
 

categories at the BC site are 36, 56, and 10 cm, whereas the differences between measured snow 

depths between those categories are 6 and 19, and 3 cm. 

 

  Jemez Site Boulder Creek Site 

Observed Depth: Modeled Depth: Observed Depth: Modeled Depth: 

  Med. Q75-Q25 Med. 

Q75-

Q25 Med. Q75-Q25 Med. Q75-Q25 

Canopy Covered: 80 23 85 22 64 38 71 48 

    NetRadiation+: 74 24 74 19 60 38 48 53 

    NetRadiation-: 85 21 93 21 68 37 90 31 

    WindDistSnowfall+: 81 22 84 22 71 35 88 46 

    WindDistSnowfall-: 79 23 85 23 61 38 64 50 

< 15 m. from Canopy 94 26 100 20 62 56 90 61 

    NetRadiation+: 84 23 89 19 54 55 67 80 

    NetRadiation-: 103 21 108 12 71 54 112 42 

    WindDistSnowfall+: 94 26 105 16 78 36 109 35 

    WindDistSnowfall-: 93 26 94 20 39 57 60 78 

> 15 m. from Canopy 93 13 86 13 8 15 15 16 

    NetRadiation+: 92 18 77 13 9 16 7 12 

    NetRadiation-: 94 10 90 5 6 14 21 37 

    WindDistSnowfall+: 95 14 87 16 10 21 16 18 

    WindDistSnowfall-: 91 11 85 11 6 11 14 14 

 

Table ES1: Averages and standard deviations of observed and modeled snow depths (in cm) for different landscape 

units for the Jemez and Boulder Creek sites.  The general categories are canopy covered, canopy edge (<15 meters 

from canopy), and canopy gap (>15 meters from canopy), and each grouping is further broken down into high (+) 

and low (-) energy environments, and areas with more (+) and less (-) wind distributed snowfall.  The subcategories 

are determined such that half of the pixels in each category are in the (+) grouping, while the other half are in the 

(-) grouping. 
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Abstract 

Global land cover data are widely used in weather, climate, and hydrometeorological models.  

The Collection 5.1 MODIS Land Cover Type (MCD12Q1) product is found to have a substantial 

amount of interannual variability, with 40% of land pixels showing land cover change one or 

more times during 2001-2010.  This affects the global distribution of vegetation if any one or 

many years of data are used, for example, to parameterize land processes in regional and global 

models.  Here we develop a value-added global 0.5 km land cover climatology by weighting 

each land cover type by its corresponding confidence score for each year and using the highest 

weighted land cover type in each pixel in the 2001-2010 MODIS data.  We validate our 

climatology by comparing it to the System for Terrestrial Ecosystem Parameterization (STEP) 

database as well as additional pixels that are identified from GoogleEarth™.  Compared to any 

individual year’s data our climatology does not substantially alter the overall global frequencies 

of most land cover classes, but does affect the global distribution of many land cover classes.  In 

addition, it validates as well as or better than the MODIS data for individual years.  Finally it is 

based on higher quality data and validates better than the Global Land Cover Characteristics 

(GLCC) database, which is based on 1 year of AVHRR data and represents a widely used first-

generation global product.  

 

1. Introduction 

Global land cover information is important for regional and global models because plant 

functional types (PFTs) strongly influence the land-atmosphere exchanges of water, energy, and 

carbon (e.g. Dickinson et al. 1986; Sellers et al. 1996; Bonan, 1996).  In particular, having an 

accurate baseline of land cover distribution is essential for modeling land surface processes, 

which affect many aspects of the Earth’s climate system (Bonan et al. 2002).  Land cover 

products are used in land surface models to specify model parameters [e.g., land surface 

roughness length (DeFries and Townshend, 1994); vegetation root distribution (Zeng, 2001)], to 

derive other quantities that are used directly as model inputs (e.g. fractional vegetation cover; 

Zeng et al. 2000), and to infer land cover changes that might affect the Earth’s climate (Lawrence 

and Chase, 2010). 
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Land cover data for global models are typically derived from moderate resolution (0.5-1 

km) land cover datasets based on satellite imagery.  Further, many global land models use 

vegetation type data derived from one year of satellite imagery.  In particular, the Global Land 

Cover Characterization (GLCC) dataset (Loveland et al. 2000), which is based on one year of 

Advanced Very High Resolution Radiometer (AVHRR) land cover data (from April 1992 – 

March 1993), is used in the Goddard Earth Observing System Model, Version 5 (GEOS-5) for 

the Modern-Era Retrospective Analysis for Research and Applications (MERRA) reanalysis 

(Rienecker et al. 2011), the global weather forecasting model at the European Center for Medium 

Range Weather Forecasts (EMCWF) (EMCWF, 2013), and the Noah Land Surface Model (LSM; 

Chen and Dudhia, 2001; Ek et al. 2003) as implemented in the Global Forecast System (GFS) 

model and the Weather Research and Forecasting (WRF) regional model.  In addition, the plant 

function types (PFTs) and other land surface properties in the Community Land Model (CLM) 

are largely determined from land products that use April 1992 – March 1993 AVHRR data and 

2001 MODIS data (Lawrence and Chase, 2007; DeFries et al., 2000; Ramankutty and Foley, 

1999; Friedl et al. 2002). 

The use of a single year of land cover data can be problematic not so much because of 

actual land cover changes, but because of the low accuracies of the land cover datasets.  There 

are significant disagreements between the various moderate-resolution land cover datasets (e.g. 

Hansen and Reed, 2000; Giri et al. 2005; McCallum et al. 2006), and there can even be 

disagreement within a single dataset spanning multiple years.   For example, the Collection 5.1 

MODIS Land Cover Type (MCD12Q1) dataset, which includes vegetation type maps for 

multiple years, has considerable interannual variability that is far greater than the amount of 

actual vegetation change (e.g. Friedl et al. 2010; Liang and Gong, 2010).  This is despite the 

consistency of the algorithm to generate maps for each year and the steps taken to eliminate 

some of the interannual variability in the product’s creation.   

Given these disagreements, it is natural to wonder whether these annual data can be 

condensed to create a more accurate product.  There have been attempts at harmonizing various 

vegetation products in the past, but these efforts are often hampered because there are many 
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factors that need to be considered when comparing vegetation products from different sources 

(e.g. differences in legends, classification algorithms, sensors, etc.; Herold et al. 2006, 2008).  In 

this study, we take a simpler approach by developing a consistent land cover climatology based 

on ten years of MCD12Q1 data. Since we focus only on these MODIS data, we do not deal with 

complexities such as inconsistent legends, spatial resolutions, or classifiers.   

To assess the potential benefits of using the land cover climatology we pose two 

questions: 1) how is the land cover climatology different from land cover data for individual 

years? and 2) is the land cover climatology any more accurate than the land cover data from 

individual years?  In Section 2, we describe the extent of the interannual variability in the 

MCD12Q1 product, while we discuss the method for developing our land cover climatology in 

Section 3. Our value-added product is evaluated using two independent validation datasets, and 

compared with the original MODIS annual data and the GLCC data in Section 4. Concluding 

remarks are provided in Section 5. 

 

2. Interannual variability of MODIS land cover data  

The Collection 5.1 MCD12Q1 dataset contains vegetation type information for each year 

from 2001-2010 at a ~ 500 meter pixel resolution.  The classification uses a supervised decision 

tree algorithm (Quinlan, 1993) along with a technique to improve classification accuracies 

known as boosting (Freund and Schapire, 1997).  Essentially, boosting combines a group of 

weaker learners into a single stronger learner by voting based on the accuracies of the learners.  

In this context, boosting is significant because it gives, as an output, probabilities of class 

membership (Friedman et al. 2000) that are useful for assessing classification confidence.  In this 

study, we use the International Geosphere Biosphere Program (IGBP; Townshend, 1992) 

classification of land cover types for each year from 2001-2010, as well as the confidence scores 

provided by the decision trees at each pixel. 

There is a large amount of interannual variability in the 2001-2010 MCD12Q1 product.  

About 40% of all non-water pixels undergo at least one change between 2001-2010 (Table 1).  

Changes in land cover type are abundant on all continents and tend to occur frequently in areas 

that do not have an easily recognizable and homogenous land cover type (e.g. the Sahel region in 
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Africa or the Boreal forests in Eurasia and North America; Figure 1a).  In fact, only the ‘urban’, 

‘snow/ice’, ‘barren’, and ‘evergreen broadleaf’ classes have a single land cover type for more 

than 80% of pixels during the ten year record.  In all of the remaining types, 30% or more of 

their pixels have two land cover types, and in all but the ‘open shrublands’ type, 10% or more of 

their pixels have three or more land cover types between 2001-2010.  In the most unstable types 

(‘ deciduous needleleaf’, ‘permanent wetlands’, and ‘closed shrublands’), about half of the pixels 

have three or more land cover types during the 10 year period.   

Areas with two or more land cover types also have a large number of toggles (switches 

between different land cover types in subsequent years) in the 2001-2010 data (Table 1; Figure 

1b).   Predictably, pixels with more vegetation types in the period have a larger number of 

toggles, but the number of toggles is typically higher than the number of land cover types, 

suggesting that in many areas the labels repeatedly toggle back and forth between the same two 

land cover types.  However, the number of toggles can also be fewer than the number of land 

cover types if there is only one change in the ten-year record (corresponding to two land cover 

types).  Except for the four relatively stable land-cover classes mentioned above (‘urban’, 

‘snow/ice’, ‘barren’, and ‘evergreen broadleaf’), more than 30% of pixels in the remaining land 

cover types have two or more toggles.  In the least stable land cover classes (‘deciduous 

needleleaf’, ‘permanent wetlands’, ‘and closed shrublands’), 65.3% to 80.6% of all of the pixels 

undergo two or more toggles.  Globally, about 30% of all land pixels undergo two or more 

toggles. 

Clearly, the above interannual variability in land cover types shown in Table 1 and Figure 

1 mostly reflects the deficiencies of the MODIS Land Cover Type product rather than actual 

vegetation change.  It also suggests that if the land cover product for a given year was used, for 

example, to parameterize global models (e.g., Zeng et al. 2002; Lawrence and Chase 2007), the 

results would be strongly dependent upon the specific year used.  Therefore, the question arises:  

how can we develop a land cover type climatology using the strengths (rather than weaknesses) 

of the MODIS land cover product? This question will be addressed next in Section 3. 
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3. Method to develop the land-cover climatology 

To develop a value-added and sensible climatology that does not reflect the interannual 

variability described in Section 2, we use the primary IGBP land cover types as well as their 

confidence scores from each year in the MCD12Q1 product.  Our climatology is based on the 

principle that pixels with higher confidence scores are more likely to represent the correct land 

cover class.  Indeed, confidence scores for pixels where the land cover changes in the 2001-2010 

data are quite different than those for pixels where land cover type remains consistent (Figure 2).   

For example ~64% of consistent pixels with one land cover type have confidence scores of 80 or 

above, while only 19% (or 9%) of pixels with two (or more) land cover types have confidence 

scores of 80 or above.  Therefore, it is logical to consult the confidence scores to identify more 

likely candidates for the land cover climatology. 

To this end, we select the most likely land cover type by weighting each pixel’s land 

cover label for each year by its corresponding confidence score, adding up the weights, and 

choosing the land cover type that has the highest overall score: 

∑ =
=

N

i jj iBS
1

)(            (1). 

where � = 10 is the number of years in the data record, and  )(iB j is the boosting score for a 

particular pixel with land cover type j  for a given year i .  If a pixel is not assigned a boosting 

score for a particular year, affecting on average ~0.5% of land areas only, a boosting score of 

75.7 (the average boosting score for all land pixels) is assumed.  

 

4. Evaluation of the land-cover climatology 

a) Agreement between the climatology and individual years’ data 

Despite the large amount of interannual land cover variability described in Section 2, the 

land cover climatology (Figure 3) does not substantially alter the global frequencies of most land 

cover classes relative to the average yearly global distribution.    A few of the classes do, 

however, have substantial differences in their frequencies (Table 1).  Most notably, the 

‘deciduous needleleaf’ and ‘permanent wetland’ classes are ~20-30% more abundant in the 

climatology than for individual years, and the ‘closed shrubland’ class is about half as abundant 
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in the climatology.  These three classes are less stable (defined by the percentage of “no change” 

pixels in the first column of Table 1) than other land cover classes. The ‘deciduous needleleaf’ 

and ‘permanent wetland’ classes have very high confidence scores, while the ‘closed shrubland’ 

class has the lowest confidence scores of any class.  The high confidence scores for the 

‘deciduous needleleaf’ and ‘permanent wetland’ classes can be explained by the fact that these 

two classes are adjusted post-classification by eliminating their occurrence if they have 

confidence scores lower than some threshold (Friedl et al. 2010).   

While the global frequencies of many climatological land cover classes are similar to the 

yearly data, their spatial distribution is sometimes substantially different.  Figure 4 illustrates the 

agreement between the climatology and the yearly MCD12Q1 data for each land cover class on a 

0.5 degree grid (to match the grid used in CLM land data).  Specifically, to make a comparison 

that is analogous to the way PFTs are used in CLM, the number of 0.5 km pixels in each land 

cover type is counted for each 0.5 degree grid cell using MCD12Q1 data for each year versus 

using the climatology discussed in section 3, and expressed as a percentage of the total number 

of land pixels in the 0.5 degree grid cell.  We then calculate the root mean square error (RMSE) 

of these numbers between the climatology and the 10 year data record in each grid cell. This 

gives a measure of how closely the land cover abundances based on the yearly data are to those 

based on the climatology. ‘Grasslands’, ‘Open Shrublands’, ‘Savannas’, and ‘Woody Savannas’ 

are the classes with the largest differences between the yearly land cover maps and the 

climatology: they each have more than two thousand 0.5 degree grid cells where the RMSE is ≥ 

0.1.  

 

b) Validation 

One method to validate our climatology is to compare it with a land surface database that 

is used in the development of the MCD12Q1 product called the System for Terrestrial Ecosystem 

Parameterization (STEP) database (Muchoney et al. 1999), as this is one of the most complete 

and extensive land cover evaluation datasets available.  Specifically, we compare the IGBP class 

label for each STEP site with the corresponding 500 meter MODIS pixel at the center of that site.    

In this study, we use Version 6 (V6) of the STEP database, which includes 2463 sites with 
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labeled IGBP classes (Figure 5a).   The V6 STEP database is slightly different than Version 5.1 

(V5.1; which is used to train Collection 5.1 of the MODIS data) in that some sites have been 

modified or deleted because of recent changes in land cover type or improved information 

regarding the site.  Therefore, it contains some independent sites, but is still largely dominated by 

MODIS training sites, and so gives unrealistically high estimates of product accuracies (e.g., 

consistent and correct for 1908 pixels out of 2463 sites, or 77.5% of pixels, in Table 2).  For 

completeness, we present results of this analysis using the entire V6 STEP database, using the 

subset of V6 STEP sites that are not included in V5.1 (to avoid training data for the Collection 

5.1 MCD12Q1 product), as well as a subset of V6 STEP sites that have a single land cover 

classification for all MODIS pixels within a site (to provide additional assurances that the center 

pixel is representative of the entire STEP site).  As we discuss below, the same conclusions can 

be drawn from all three of these approaches. 

Because our methodology does not improve the correctness of pixels that are consistent 

and correct (i.e. always classified correctly), consistent and incorrect (i.e. always classified with 

the same, incorrect class), or inconsistent and always incorrect (i.e. not always classified with the 

same class, but always incorrect), we focus our analysis on those pixels that are inconsistent and 

sometimes correct, which represents ~12% of the pixels (Table 2).  In terms of validation, our 

climatology performs better than the MCD12Q1 product for each year.  In particular, compared 

to the MCD12Q1 data from 2001-2003 and 2010, our climatology increases the number of 

correctly classified sites by 26 to 107 (or 9% to 37% of the total number of inconsistent but 

sometimes correct sites). 

 Similar results can be obtained if we only consider the 688 V6 STEP sites that are not 

included in the V5.1 database or the 1092 V6 STEP sites where 100% of our climatology pixels 

are of a single IGBP type.  Again, data from the later years validates better than data from earlier 

years, and the climatology performs slightly better than data from the later years.  Of 143 

inconsistent and sometimes correct sites in the subset data that is not included in the V5.1 STEP 

database, an average of 60 are correctly classified from 2001-2003, 76 are correctly classified 

from 2004-2010, and 80 are correctly classified in the climatology. The major difference between 

using the entire STEP database and this subset is that the agreement of the MODIS land cover 
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data with the assigned classes in the STEP database is much lower (for example, ~47% instead of 

~77% of the sites are consistently and correctly classified with the subset data).  Likewise, of 106 

inconsistent and sometimes correct sites in the subset data that has 100% homogenous land cover 

based on our climatology, an average of 55 are correctly classified from 2001-2003, 71 are 

correctly classified from 2004-2010, and 78 are correctly classified in the climatology. 

To assess how well the climatology performs against a truly independent sample, we also 

compare our climatology (as well as the 2001-2010 data) with GoogleEarth™ imagery at 100 

additional 500 meter pixels.  We assess whether these pixels are correctly identified as having a 

significant human influence (over 50% cropland or city) or not because it is relatively easy to 

visually identify cropland and city from high-resolution satellite imagery.  These pixels are 

chosen randomly from a pool of potential candidates that are determined by selecting from each 

MODIS tile a random set of pixels that has at least two classes represented as well as at least one 

occurrence of ‘cropland’ or ‘urban/built up’ land cover classes in the 2001-2010 MCD12Q1 data.  

Further, we only consider pixels where there is high-resolution imagery in GoogleEarth™ to 

provide an accurate visual inspection of the area (i.e., identify areas where cropland or city cover 

a majority of the area of the pixel).  The locations of these pixels and the results of this test are 

shown in Figure 5.  As we demonstrate for the STEP sites, the climatology performs as well as 

or slightly better than the 2001-2010 MCD12Q1 data.  There is a noticeable difference for 

human influenced pixels, as 42 out of 57 pixels are correctly identified as cropland or city for the 

climatology versus an average of 32.8 out of 57 pixels for the 2001-2010 data.   However, for the 

natural sites, the climatology and the 2001-2010 data are nearly equally correct (31 out of 43 

natural pixels are correctly identified instead of an average of 31.5 out of 43). 

In addition to the climatology based on Equation 1 (Section 3), we also investigate an 

alternative climatology based on the most frequent land cover type in the 2001-2010 MODIS 

data.   We prefer a climatology based on Equation (1) because it is not uncommon to have two or 

more land cover types that are represented equally as often in the 2001-2010 data, and without 

other information, random chance dictates the winner of these ties.  For the STEP database, our 

climatology based on Equation (1) is better than the alternative climatology as they respectively 



158 
 

identify 210 and 201 inconsistent and sometimes correct STEP sites correctly. Their 

performances are very similar compared with the Google Earth imageries: they respectively 

classify 42 and 41 pixels correctly as being dominated by cropland/city, and classify 31 and 33 

pixels correctly as being dominated by natural vegetation. 

  

c) Comparison with GLCC Data 

Because the GLCC (Version 2) dataset is widely used in regional and global models (e.g., 

ECMWF, GEOS5, GFS, and WRF), we also compared it with our climatology.  Figure 6 shows 

that there are substantial differences between them in the distributions of nearly all of the land 

cover classes.  For instance, ‘bare ground’ is much more common in Central Asia in our MODIS 

climatology (where ‘open shrublands’ were more common in the GLCC data), and it is much 

less common at high northern latitudes (where it is predominantly classified as ‘grasslands’ or 

‘open shrublands’ in our MODIS climatology).   There are also large differences between the 

GLCC data and our MODIS climatology in terms of global frequencies (Table 3).  For example, 

percentage of urban area in the GLCC data is less than half of that in our MODIS climatology, 

while ‘closed shrublands’ are 18 times as abundant in the GLCC data.  ‘Permanent wetlands’, 

‘grasslands’, ‘savannas’, and ‘woody savannas’ are also at least 20% less common in the GLCC 

data, while ‘evergreen needleleaf’, ’deciduous broadleaf’, ‘mixed forests’, ‘croplands’, and 

‘cropland/natural vegetation mosaics’ are at least 20% more common in the GLCC data. 

The GLCC data also validates substantially worse than the MODIS product using the 

STEP sites and the additional pixels from the Google Earth imagery.  For a fair comparison, we 

only use the subset of V6 STEP sites that are not used in the training dataset for the V5.1 

MCD12Q1 data and only consider pixels that have a classification in the GLCC data. There are 

substantially more discrepancies between the STEP sites and the GLCC data than the MODIS 

data (Table 3).  Overall, 393 of 669 pixels (58.7%) are classified differently in the GLCC data 

than in the STEP database.  For comparison, 277 of 669 pixels (41.4%) are classified differently 

based on our MODIS climatology.  In fact, only the ‘closed shrublands’ class has more errors in 

our MODIS climatology than in the GLCC data.  If we further only consider STEP sites that 

have a homogenous land cover type, based on our climatology, 151 of 284 pixels (53.2%) are 
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classified differently in the GLCC data than in the STEP database, and 118 of 284 pixels (41.5%) 

are classified differently based on our MODIS climatology. 

Similarly, in our second validation test based on the Google Earth imagery, 20 human-

influenced pixels and 25 natural pixels are correctly identified, whereas 35 human-influenced 

pixels and 10 natural pixels are incorrectly identified in the GLCC data (again, neglecting pixels 

that have no classification in the GLCC data).  This gives a success rate of 36% for human-

influenced pixels and 71% for natural pixels.  For comparison, the success rate for our MODIS 

climatology is 74% for human-influenced pixels and 72% for natural pixels. 

 

5. Discussion 

There is substantial interannual variability in the MODIS (Collection 5.1) Land Cover 

Type (MCD12Q1) data, despite the steps taken to reduce this interannual variability in the 

product’s creation (Friedl et al., 2010).  This makes it difficult to get consistent land cover 

distributions, especially at smaller spatial scales.  In fact, 40% of non-water pixels undergo at 

least one change from 2001-2010, and of these pixels, most undergo more changes than are 

physically reasonable, suggesting that a majority of changes in the 2001-2010 data are probably 

spurious.   Only a few classes (‘urban’, ‘snow/ice’, ‘barren’, and ‘evergreen broadleaf’) have 

more than 80% of pixels experiencing no classification changes in the 2001-2010 data.  With the 

exception of the urban class (which is based on an independent product; Schneider et al. 2009, 

2010), these stable classes have larger land areas, especially as large homogenous expanses (e.g., 

Sahara and Middle Eastern deserts, tropical jungles, and Greenland and Antarctic Ice sheets) 

where the confidences are relatively high.   

The reason for this high degree of interannual variability is difficult to determine from the 

data itself, but it is commonly attributed to the fact that many landscapes include mixtures of 

vegetation classes (e.g. Latifovic and Olthof, 2004; Smith et al. 2002, 2003; Herold et al. 2008).  

These mixtures exist at nearly all spatial scales (DeFries et al. 1999).  This can make it difficult 

to determine the dominant vegetation type from satellite sensors because different vegetation 

types might have different spectral characteristics and phenologies.  In addition, class 

definitions for such land cover classifications do not necessarily correspond with classes that are 
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consistently and accurately identified by satellite sensors.  As a result, there can be poor 

spectral-temporal separability between vegetation classes.  For example, it is difficult to 

separate ‘savannas’ from ‘grasslands’ based on spectral characteristics alone (Friedl et al. 2010).  

Finally, specific land cover classes can exist in a variety of climatic regions with a variety of 

different land use practices, making it difficult to identify those classes in all regions.  For 

example, shrublands exist in multiple climate zones, and there can be spectral confusion 

between shrublands and different classes in these different climate zones (Sulla-Menashe et al. 

2011).  Another example is that croplands can include industrial-scale corn and wheat 

production in the North American central plains to highly fragmented agriculture in tropical 

regions of Africa.   

Because there are so many spurious toggles (i.e., switches between different land cover 

types) between adjacent years, it makes sense to develop a land cover climatology that does not 

reflect this variability, and which hopefully resolves some of the conflicts.  To develop this 

climatology we use confidence scores included with the product because they reflect uncertainty 

in the original land cover classification.  Overall, we find that our climatology does not 

significantly affect the global distribution of most land cover classes from the 2001-2010 data.  

The exceptions are ‘deciduous needleleaf’, ‘permanent wetland’, and ‘closed shrubland’ classes, 

presumably because these classes are often confused with other classes, yet their confidence 

scores are considerably different from the surrounding classes.  However, because of the high 

level of interannual variability, there are differences involving the distributions of many of the 

classes between using data from just one year and using the climatology.  For example, when 

aggregated to 0.5 degree climate model grid boxes, the RMSE of the abundances of certain land 

cover types between the climatology and the 2001-2010 data can be greater than 0.2.  The 

climatology also performs as well as or better than the yearly land cover data at the validation 

sites. 

In addition, our climatology based on Collection 5.1 MCD12Q1 data is substantially 

different than the GLCC product, which is derived from the AVHRR data from April 1992 – 

March 1993.  Many of these differences probably have to do with differences between the 

MODIS and the AVHRR instruments (with the former having higher spatial and radiometric 
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resolutions) as well as a high resolution database used to train the MODIS classifiers (which now 

includes imagery from GoogleEarth™).  However, it might also be related to the fact that the 

GLCC data uses a single year of land cover data from 1992-1993, though it is difficult (without 

more than one year of AVHRR data) to determine how different land cover data would be using 

multiple years of AVHRR data.  Nevertheless, we show that the MODIS data validates 

substantially better than the GLCC data based on the STEP database and our additional sites that 

are identified in GoogleEarth™. 

These changes will be important for modeling in certain areas.  For example, in a region 

in central Asia (63-66°N, 83-89°E) where the predominant LC classification changed from 

‘wetland’ in the GLCC data to ‘open shrubland’ in the MODIS data, the albedo calculated for the 

region (using the rules for computing land surface properties for various LC types listed in Table 

1 of Yucel 2006) changes from 0.13 for the GLCC data to 0.19 for the MODIS data.  Such 

changes are probably common in polar regions where the GLCC data has more forests and 

wetlands and the MODIS data has more grasslands and shrublands.  In other areas, the 

interannual variability in the MODIS data might lead to important changes as well.  For example, 

for a region in eastern Australia (21-24°S, 145-148°E) where the LC classification switches 

between  open shrubland and savanna, the computed roughness length changes between 0.30 and 

0.42 m (for comparison, the roughness lengths for the MODIS climatology and GLCC data are 

0.33 and  0.58).  In another instance (which probably involves real land cover change) for a 

region in South America (9-13°S, 54-60°W), where deciduous broadleaf forest becomes less 

common and savanna becomes more common from 2001-2010, roughness length changes from 

2.11 m to 1.82 m (compared with 2.02 for the MODIS climatology and 2.45 for the GLCC data). 

 

6. Conclusion 

Our value-added MODIS-based land surface climatology represents a conceptual 

improvement over the multi-year data, which is subject to significant interannual variability that 

is not real, while not adversely affecting (and actually slightly improving) the validation of the 

dataset.  We demonstrate that this interannual variability can lead to substantially different land 
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cover distributions in some areas of the world, even at a typical climate model resolution, 

suggesting that global modeling efforts should base their land cover data on a climatology rather 

than data from individual years.  In addition, our land cover climatology represents an 

improvement over the GLCC data (which represents a widely used first-generation global land 

cover data) because it is based on 10 years of data rather than only one year of data, and MODIS 

data have a better quality than AVHRR data.  We intend to work with modeling groups to assess 

the impacts of the new land cover climatology on weather, climate, and hydrometeorology in the 

future. The data are freely available from the authors. 
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Tables 

Table 1: IGBP Land Cover (LC) classes ordered by stability (defined by the percentage of “no 

change” in the first column) of each non-water class.  Columns 1-5 show the percentages of each 

class that undergo a specified amount of change from 2001-2010.  Column 6 shows the average 

global abundances of each class (as a percentage of all non-water pixels) for the 2001-2010 

MCD12Q1 data, column 7 shows the average confidence scores for each class from the 2001-

2010 MCD12Q1 data, and column 8 shows the average global abundances of each class for our 

land cover climatology.  

IGBP Type 

No 
Change 

(%) 

2 
Types 
(%) 

3+ 
Types 
(%) 

1 
Toggle* 

(%) 

2+ 
Toggles* 

(%) 

2001-
2010 

Area (%) 

2001-
2010 
Conf. 

Climatol. 
Area (%) 

13) Urban 99.5 0.5 0.0 0.1 0.4 0.5 68.1 0.5 

15) Snow/Ice 96.0 3.0 0.9 1.3 2.7 10.5 97.1 10.5 

16) Barren 87.5 10.0 2.4 2.7 9.7 13.3 87.3 13.2 

2) Ev. Broadleaf 80.7 13.6 5.6 5.8 13.5 8.9 87.2 9.1 

7) Open Shrub. 57.7 32.9 9.4 11.6 30.7 13.9 70.7 14.1 

12) Croplands 55.0 31.4 13.6 10.2 34.8 8.3 74.5 8.5 

10) Grasslands 51.6 34.1 14.3 11.7 36.6 12.9 71.5 12.6 

5) Mixed Forests 51.1 32.8 16.1 11.4 37.4 5.6 68.1 5.5 

4) Dec. Broadleaf 44.9 39.1 16.1 11.8 43.3 1.1 68.8 1.0 

1) Ev. Needleleaf 38.7 37.5 23.8 10.6 50.7 2.0 67.8 2.0 

9) Savannas 36.6 39.7 23.7 12.9 50.5 6.8 61.4 6.8 

8) W. Savannas 35.6 38.1 26.3 12.5 51.9 7.7 59.7 7.4 

14) Crop/Nat Veg. 29.1 43.5 27.4 16.5 54.5 6.2 63.4 6.0 

3) Dec. Needleleaf 23.9 28.1 48.0 10.9 65.3 1.0 87.8 1.3 

11) Wetlands 13.8 30.9 55.3 12.7 73.5 1.1 86.1 1.5 

6) Closed Shrub. 8.8 38.9 52.3 10.7 80.6 0.2 52.4 0.1 

Area Average 60.2 26.4 13.4 9.1 30.7   75.7   

Note: The categories in columns 1-5 are determined from our LC type climatology at the native MODIS 
resolution of 0.5 km, and the sum of columns 2 and 3 is the same as that of columns 4 and 5 
*Toggles denote switches between different land cover types in subsequent years 
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Table 2: Number of STEP sites that are correctly and incorrectly classified in the 2001-2010 data 

and in the land cover climatology.  Sites with inconsistent and sometimes correct land cover 

classifications can become correct or incorrect in the climatology or in successive years, so this 

category is expanded to show data for all years, as well as for the climatology. 

    # Correct # Incorrect 

Consistent (No Toggles) 

    1908 143 

Inconsistent/Never Correct 

    0 121 

Inconsistent/Sometimes Correct 

2001 101 190 

2002 161 130 

2003 178 113 

2004 189 102 

2005 193 98 

2006 189 102 

2007 205 86 

2008 197 94 

2009 203 88 

  2010 182 109 

  Climatol. 208 83 
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Table 3: Global abundances and validation for the GLCC product, versus our MODIS 

climatology, showing (for both datasets) the global frequencies (as a percentage of all non-water 

pixels) of each class, the number of pixels that are incorrectly identified in each class and the 

percentage of total pixels that are incorrectly identified in each class based on a subset of the 

STEP database (Version 6) that are not used in the training dataset for the MODIS data. 

IGBP Type 

GLCC Version 2.0 MODIS Climatology 

Area (%) # pixels % Error Area (%) # pixels % Error 

1) Evergreen Needleleaf 3.3 6 46.2 2.0 6 46.2 

2) Evergreen Broadleaf 9.2 13 48.1 9.1 11 40.7 

3) Deciduous Needleleaf 1.3 1 33.3 1.3 0 0.0 

4) Deciduous Broadleaf 1.5 12 100.0 1.0 9 75.0 

5) Mixed Forests 6.8 15 57.7 5.5 10 38.5 

6) Closed Shrublands 1.8 15 78.9 0.1 18 94.7 

7) Open Shrublands 14.1 35 52.2 14.1 28 41.8 

8) Woody Savannas 5.7 46 90.2 7.4 34 66.7 

9) Savannas 5.2 45 84.9 6.8 39 73.6 

10) Grasslands 7.2 51 53.7 12.6 32 33.7 

11) Permanent Wetlands 0.7 31 91.2 1.5 23 67.6 

12) Croplands 10.3 29 52.7 8.5 14 25.5 

13) Urban and Built Up 0.2 29 25.7 0.5 6 5.3 

14) Cropland/Natural Veg. 7.9 41 82.0 6.0 29 58.0 

15) Snow/Ice 12.4 7 77.8 10.5 1 11.1 

16) Barren 12.5 17 40.5 13.2 17 40.5 

Overall   393 58.7   277 41.4 
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Figures 

 

 

Figure 1: Global distributions of a) the number of vegetation types and b) the number of toggles 

(or switches) between vegetation types from 2001-2010.  To reduce data volume, the original 

data on a ~0.5 km sinusoidal grid is projected to geographic coordinates at a 0.1 degree 

resolution form 60 S to 80 N. 
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Figure 2: Histograms of confidence scores for all pixels with a consistent land cover type, with 

two land cover types, and with three or more land cover types from 2001-2010.  The range for 

the boosting scores is from 1-99 to exclude areas that have 100% confidence (e.g. Greenland ice 

sheet or Sahara desert).  
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Figure 3: Global map of our land cover type climatology.  To reduce data volume, the original 

data on a ~0.5 km sinusoidal grid is projected to geographic coordinates at a 0.1 degree 

resolution from 60 S to 80 N. 
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Figure 4: Root mean squared error (RMSE) of the fraction of 0.5 km pixels in each 0.5 degree 

grid cell for each land cover class between the 2001-2010 data and the land cover climatology.  

Also shown under each panel are the numbers of 0.5 degree grid cells that fall into each RMSE 

category (less than 0.1, between 0.1 and 0.2, and greater than 0.2).  Grid cells are shaded gray 

and not considered in the counts if the land cover type does not make up more than 5% of the 

area in any of the land cover maps. 



173 
 

 

Figure 5: a) Global map of the STEP sites and 100 additional validation sites. b) Example 

Google Earth imagery used to determine areas that are predominantly cropland or city.  (c) Bar 

chart to show the number of additional validation sites that are categorized correctly as having 

man-made and natural landscapes in the climatology and in the 2001-2010 data (on average).  

The climatology correctly identifies 73% of these sites and the 2001-2010 data correctly 

identifies an average of 64.3% of the sites. 
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Figure 6: Difference of fractional abundance of each land cover class in the 0.5 degree grid cells 

between our MODIS climatology and the V2 GLCC data.  The GLCC data 

(http://edc2.usgs.gov/glcc/) has a resolution of 30 arc-seconds. Also shown under each panel are 

the numbers of 0.5 degree grid cells that fall into each category (less than -0.2, between -0.2 and 

0.2, and greater than 0.2).  Grid cells are shaded gray and not considered in the counts if the land 

cover type does not make up more than 5% of the area in any of the land cover maps. 
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Abstract 

Global land cover data are widely used in regional and global models as land cover 

influences land-atmosphere exchanges of water, energy, momentum and carbon.  Many models 

use Maximum Green Vegetation Fraction (MGVF) data to describe vegetation abundance.  

MGVF products have been created in the past using different methods, but their validation with 

ground sites is difficult.  Furthermore, uncertainty is introduced because many products use a 

single year of satellite data.  In this study, we develop a global 1 km MGVF product based on a 

climatology of MODIS normalized difference vegetation index (NDVI) and Land Cover (LC) 

type data, which removes biases associated with unusual greenness and inaccurate land cover 

classification for individual years.  MGVF shows maximum annual variability from 2001-2012 

for intermediate values of average MGVF, while the standard deviation of MGVF normalized by 

its mean value decreases nearly monotonically as MGVF increases.  In addition, there are 

substantial differences between our climatology and MGVF data from the MODIS Continuous 

Fields (CF) collection 4v3 data, which is currently used in the Community Land Model.  

Although the CF data only use 2001 MODIS data, many of these differences cannot be explained 

by the usage of different years of data.  In particular, MGVF based on CF data is usually higher 

than that based on our MODIS climatology.  While it is difficult to judge which product is more 

realistic due to lack of ground truth, our new MGVF product is more consistent than the CF data 

with the MODIS leaf area index product (which is also used to describe vegetation abundance in 

models). 

 

1. Introduction 

Vegetation cover influences the land-atmosphere exchanges of water, energy, and carbon 

(e.g. Dickinson et al. 1986; Sellers et al. 1996; Bonan, 1996; Dai et al. 2003).  Green Vegetation 

Fraction (GVF; Deardorff, 1978) is widely used in global models along with many other 

applications such as studies of land cover change.  Along with Leaf Area Index (LAI, Myneni et 

al., 2002), GVF is used to describe the abundance of vegetation in most global models.  Some 

models, such as the Community Land Model (CLM, Lawrence and Chase, 2007) represent this 

abundance with a seasonally varying LAI and a maximum annual GVF at each grid cell (or 
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subgrid tiles of a grid cell), while other models, such as the Noah land model (Chen and Dudhia, 

2001; Ek et al. 2003), represent this abundance with a constant maximum LAI and a seasonally 

varying GVF.  As such, some GVF datasets represent seasonally varying vegetation cover (e.g. 

Gutman and Ignatov, 1998; Miller et al., 2006), while others represent the maximum annual 

vegetation cover ( e.g. DeFries et al., 1999; Zeng et al. 2000; Hansen et al, 2003). 

Currently, CLM uses estimates of maximum GVF from Continuous Fields data based on 

measurements from the Moderate Resolution Imaging Spectrometer from 2001 (MODIS; Hansen 

et al. 2003).  Basing land cover data on one year of data is a potential drawback because 

anomalous conditions (e.g. flood/drought) can lead to unusual vegetation greenness in certain 

areas. This is especially problematic in semiarid environments, where vegetation greening is 

strongly linked to the availability of water (e.g. Hadley and Szarek, 1981; Weiss et al. 2004).  

This might lead to inconsistencies with other vegetation data that are used in the model, 

especially if the data are from different years. 

Another simpler method to derive GVF, which can be updated annually, is to use 

satellite-based vegetation indices, directly. Considerable research has shown that the widely used 

Normalized Difference Vegetation Index (NDVI; Tucker, 1979) is related to GVF (e.g. Leprieur 

et al. 1994; Carlson and Ripley, 1997; Wittich, 1997; Gutman and Ignatov, 1998; Purevdorj et al. 

1998).  This relationship has been used to create maps of GVF for global studies (e.g. Gutman 

and Ignatov, 1998; Zeng et al. 2000; Zeng et al. 2003) and such implementations have been 

tested in global models (Barlage and Zeng, 2004; Miller et al., 2006).  The derivation of high 

resolution datasets for maximum GVF using this methodology (which we refer to as Maximum 

Green Vegetation Fraction; MGVF) has largely relied upon NDVI measurements from previous 

generation Advanced Very High Resolution Radiometer (AVHRR) sensors, though more 

advanced satellite sensors (e.g. MODIS) have better spectral resolutions, and so are more ideal 

for measuring vegetation indices such as NDVI (e.g. Fensholt and Sandholt, 2005).  Therefore 

these efforts should be updated with newer data.   

Building on our prior efforts by Zeng et al. (2000; based on 1 km AVHRR data from 

April 1992-March 1993) and Zeng et al. (2003; based on 8 km AVHRR data from 1982-2000), 

here, we develop an updated 1 km MGVF product for global applications that is based on 10 
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years of MODIS data.  We both analyze the interannual variability in the new MGVF product, 

and compare it to collection 4v3 Continuous Fields data that is currently used in CLM. 

 

2. Developing Global MGVF Data 

 This study uses MODIS Collection 5 NDVI Data (MOD13A2; Huete et al. 2002) and 

MODIS Collection 5.1 Land Cover Type Data (MC12Q1; Friedl et al., 2010) to define MGVF.  

The MOD13A2 product contains 16 day composites of NDVI from 2003-2012 at a ~1 km pixel 

resolution on the MODIS sinusoidal grid.  Land Cover (LC) classes are defined using the 

International Geosphere Biosphere Program (IGBP; Townshend, 1992) LC classification in the 

Collection 5.1 MCD12Q1 dataset.   

Our recent study (Broxton et al. et al., 2014) demonstrated that there is considerable 

spurious interannual variability of the LC data (which is generated annually since 2001). 

Therefore, instead of using the MCD12Q1 data directly, we generate a land cover climatology 

that is based on 2001-2010 LC data using the confidence scores in the MCD12Q1 data to weigh 

the LC classification for individual years (Broxton et al. 2014).  The LC data has a ~0.5 km 

spatial resolution on the sinusoidal grid.  

Following Zeng et al. (2000; hereafter referred to as Z00), we define MGVF between 0 

and 1 based on the annual maximum of NDVI: 

��	
 = �������
��,����  (1). 

Here, ���� is the annual maximum NDVI at each pixel, and �� and  ��,� represent 0% and 

100% MGVF for each pixel.  Rules for determining �� and  ��,� require that histograms of ���� 

be generated for each LC category.  To determine global histograms of ���� for each LC type 

for each year, the ~0.5 km LC type climatology is resized to ~1 km using nearest neighbor 

interpolation.  Then, all ���� pixels are grouped according the LC type to generate the 

histograms.  We use the same rules (with a couple of exceptions, described below) to determine 

�� and ��,� as Z00, who estimate �� and ��,� based on GVF estimates from 1- and 2-meter 

satellite data.  �� is taken to be a global constant and is defined to be the value of the 10th 

percentile of the ���� histogram of the ‘Barren’ IGBP type.  The value of ��,� is unique to each 

IGBP land cover type, and it takes the value of the 75th percentile of the  ���� histogram for 
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most IGBP types with the exception of ‘closed shrubland’, ‘open shrubland’, ‘urban’, and 

‘barren’ IGBP types.  For ‘closed shrubland’, ��,�  is the 95th percentile of the ���� histogram, 

for ‘urban’, it is the 90th percentile of the ���� histogram, and the value of ��,� for ‘open 

shrubland’ and ‘barren’ is the same as that for ‘closed shrubland’. More details on Eq. (1) and 

relevant parameters are provided in Z00. 

These rules for the MODIS data are the same as those used in Z00, who use April 1992-

March 1993 AVHRR data, with a couple of exceptions.  First, the ���� histogram percentile of 

�� is adjusted (from the 5th percentile to 10th percentile) to ensure that known desert areas have 

near zero vegetation cover in the new classification.  This is possibly a reflection of better LC 

classification of ‘barren’ areas in the MODIS-based classification than in the previous AVHRR-

based classification (including fewer areas with vegetation).  In addition, the ���� histogram 

percentile ��,� for ‘closed shublands’ is adjusted (from 0.90 to 0.95), partly because a much 

smaller proportion of the earth’s surface is covered by ‘closed shrublands’ in the new MODIS 

LC classification.   

MGVF maps are created using this methodology for each calendar year from 2001-2012 

(annual values of MGVF will henceforth be referred to as ��).  Values of �� are computed for 

each ~1 km pixel as the average of �� values using the four LC type values in each ���� pixel 

because it considerably softens edges created by the fact that different LC types have different 

values of ��,�. This has a minimal impact on the �� maps at the global scale though.  In this 

study, comparisons are made between the 12-year averaged annual �� (denoted as �������), �� 

from 2001 (denoted as ��� ), and the 2001 bare ground percentage map [with (1 – bare 

percentage) denoted as ����] in the Collection 4v3 Continuous Fields (CF) product (Hansen et 

al., 2002; Hansen et al. 2003).  We do not compare to the Collection 5 CF product because it 

only provides tree cover fraction (without bare soil fraction).  The CF data (Collection 4v3) as 

used here are generated using a regression tree with MODIS surface reflectance data, 

MOD09A1, as input from November 2000-November 2001.  Maps of ���� are downloaded for 

each continent separately (from the University of Maryland Global Land Cover Facility; 

http://glcf.umd.edu/data/vcf/).  The continental ���� maps, which have a ~0.0045 degree (or 
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~0.5 km) pixel resolution, are stitched together, and maps of ��� , ������� and ���� are regridded 

(using bilinear resampling) to a 0.01 degree (or ~1 km) pixel resolution for comparison.   

For consistency check, we also compare these products with Collection 5 MODIS LAI 

product (MOD15A2; Myneni et al. 2002) that is retrieved from the same MODIS surface 

reflectance data used in CF and our MGVF development. The methodologies for the 

development of these three products, however, are largely independent of each other. The LAI 

data, whose native resolution is ~1 km on the sinusoidal grid, is also regridded (using bilinear 

resampling) to a 0.01 degree pixel resolution for analysis.  In this study, we compare ���  and 

���� to the maximum annual LAI from 2001 (CI@���,� ; computed for each pixel by finding 

the maximum LAI value from the eight day MOD15A2 LAI composites for 2001). 

 

3. Results 

a) Characteristics of our Maximum Green Vegetation Fraction 

  Overall, the �������	values computed in this study are similar to MGVF values 

obtained by Z00 for most LC classes (Table 1), despite significant differences between LC 

abundances and ��,� values.  Values of ��,� and �� from this study are significantly higher than 

those reported by Z00. The average of ��,� values for all land use types in this study is 0.84 

instead of 0.62 in Z00, and our �� value here is 0.09 instead of 0.05. Some LC types are much 

more abundant in our newer LC classification: based on the MODIS data used in this study, 

types 5, 10, and 13 (‘mixed forest’, ‘grassland’, and ‘urban’) make up 6.15%, 14.13%, and 

0.50% of global land areas, while Z00, who used an AVHRR-based classification, reported that 

these classes cover  4.86%, 8.53%, and 0.2% of land areas.  Other MODIS LC classes are much 

less abundant: we find that types 1, 3, 6, and 14 (‘evergreen needleleaf’, ‘deciduous broadleaf’, 

‘closed shrubland’, and ‘cropland/natural vegetation’) make up 2.25%, 1.09%, 0.11%, and 

6.71% of global land areas, while Z00 found their percentages of 5.03%, 2.50%, 2.01%, and 

10.80%, respectively.  However, the average ������� values for most LC classes are within 0.07 of 

those found by Z00, with the exception of type 7 (‘open shrubland’), which we find to have an 

average ������� of 0.58 (compared with 0.39). The larger difference for open shrubland is partially 
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caused by the more abundant MODIS open shrubland areas (by including some closed shrubland 

pixels with higher MGVF) than in the original AVHRR LC data. 

The global distribution of our ������� product is shown in Figure 1a.  In many places, ������� is 

similar from year to year, but in some places, there is a substantial amount of interannual 

variability.  Globally, the standard deviation of �� (Figure 1b) from 2001-2012 is less than 0.05 

for 64% of land areas, it is between 0.05 and 0.15 for 34% of land areas, and it is greater than 

0.15 for 2% of land areas.  Certain LC classes are also prone to more or less interannual 

variability of �� than others (Table 2).  Types 1-5, 8, 14, and 16 (the five forest classes, ‘woody 

savanna’, ‘cropland/natural veg.’ and ‘barren’) have a lower amount of interannual variability 

than the remaining classes as the median  (95th percentile) of the standard deviation maps for 

these classes is <0.04 (0.08).  Types 7, 9, 10, and 12 (‘open shubland’, ‘grassland’, ‘savanna’, 

and ‘cropland’) have a high degree of interannual variability and are globally abundant, so much 

of the interannual variability shown in Figure 1b is found in these classes.  Despite the 

sometimes substantial amount of interannual variability in some land cover types, we find that 

MG for each land cover class is (averaged across all pixels of a given type) quite consistent from 

year to year (the range never exceeds 0.03; Table 1). 

The interannual variability of �� also changes systematically with �������: it is more 

pronounced at lower to intermediate �� values.  In general, the highest variability of �� occurs 

where ������� is 30-60% (Figure 2a).  At lower ��, this interannual variability is limited by the fact 

that ������� is low. For higher ������� (primarily for forests), it is limited as well.  In fact, when viewed 

relative to �������, the variability of �� decreases nearly monotonically (Figure 2b). The amount of 

interannual variability for a given �������	varies widely for different LC classes.  For example, the 

‘barren’ class (type 16) exhibits a high amount of interannual variability (relative to the ������� 

value) throughout the entire range of ������� values that are common for barren, while the forest 

classes (types 1-5) exhibit a low amount of interannual variability throughout the entire range of 

������� values.  The interannual variability in other LC classes, such as ‘shrublands’ (types 6-7) and 

‘grasslands’ (type 10), decrease relative to �������, albeit at different rates.  As a result of this higher 

interannual variability at lower �������, we find that even on a 0.5 degree climate model grid (e.g. 
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that used by CLM), the average absolute difference between �� for a particular year and �������, is 

over 20% of the value of ������� for 11% of global land areas.   

 

b) Comparison with Bare Ground Continuous Fields 

 Comparison between �������	and ���� (i.e., 1 – bare soil fraction) is complicated by two 

factors.  First, while ������� is based on data from 2001-2012, ���� is based on data from 2001 

only. In some places, the difference between �������	and ���� reduces dramatically by comparing 

��� 	and ����.   For example, in a region in the Great Plains of southern Canada (Lat: 50°-55° 

N, Lon: 105°-110° W), ���� of 0.76 is more similar to ��� (0.75) than ������� (0.84).  In another 

instance, in eastern Saudi Arabia (Lat: 27°-29° N, Lon: 44°-46° E), ���� of 0.20 is different 

from �������	of 0.07 but is very close to ���  of 0.18.  The fact that some of the differences 

between �������	and ���� are related to interannual variability also partly explains some of the co-

dependence between the standard deviation of �� (Figure 1b) and differences between 

��� �������	and ���� (Figure 1c).  After all, many of the LC classes with larger differences between 

���� and �������	are the same classes with large variability of �� (Table 3).   

 In many places, though, the fact that MGCF is based on 2001 MODIS data and �������	is 

based on 2001-2012 MODIS data cannot explain the differences between �������	and ����.  Not 

only are there many differences between data for a comparable time period (shown by the 

comparison of ���  and ���� in Figure 1c), but these differences are not much smaller than 

those between �������	and ���� in many areas in Figure 1d.  In addition, there are many global 

systematic differences between ���  and ����. Consistent with the conclusion from Fig. 1c 

and Table 2 that ����  is, in general, larger than ��� , ���� is usually higher for a given ���� 

(from 2001; referred to as ����,� ) than ��� in Fig. 3.  In fact, for the forest types, ���� is 

close to 1 (100% cover) for nearly the entire range of ����,�   that occurs in these classes. The 

relationship between ����,�  and ���� 	is similar to that between ����,�  and ��� only in 

types 10 and 16 (‘grasslands’ and ‘barren’).   

Similarly, for most LC classes (again, except for ‘grasslands’ and ‘barren’), ����	is 

higher than corresponding ���  at a given CI@���,�  (Figure 4).  In fact, for most LC classes, 
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���� 	is close to one for CI@���,�  values as low as two, and in some cases (e.g. types 1 and 11; 

‘evergreen needleleaf’ and ‘permanent wetland’), ���� 	is above 0.9 for CI@���,�  values as low 

as one.  At the same time, ��� 	is below one for all except for very high CI@���,�  values for 

some LC classes (e.g. 6 for types 4 and 5; ‘evergreen broadleaf’ and ‘mixed forest’), though 

usually ���  is greater than 0.9 above CI@���,�  = 4.  The relationships between ������� and the 

average annual ���� from 2001-2012 (�����������), and between ������� and the average value of 

CI@���from 2001-2012 (CI@������������) are almost identical to those between ��� and ����,�  and 

between ���  and CI@���,� . 

 There is better spatial agreement between ���  and CI@���,�  than between ���� and 

CI@���,� . Table 3 presents the coefficient of determination (or squared correlation coefficient, 

R2) between the spatial variability of CI@���,�  and ���� / ���  along transects shown in 

Figure 1d.  Transects are 0.5 degrees wide, have a variable length, and are located to measure 

spatial variability in areas with homogenous LC Classes, but with poor agreement between ���  

and ����.  Each transect is divided into 0.5 degree increments (to match the spatial resolution of 

the land cover data used in CLM), and values of CI@���,� , ����, and ���  are averaged for 

each 0.5 degree grid cell.  Linear regression is performed on the collection of averaged values for 

each 0.5 degree grid cell for each transect, as most relationships are linear or only weakly 

nonlinear.   

The agreement between ���  and CI@���,�  is higher than that between ���� and 

CI@���,� for almost all transects, and the average R2 of 0.87 is 0.20 higher for the former than 

the latter (Table 3).  The R2 differences are usually significant, as the 95th confidence intervals 

for each trend line (which are found using a Fisher Z-transformation) do not overlap with the 

other trend line except for transects B, H, I, M, and N.  For comparison, the R2 coefficient 

between ����  and CI@������������ is 0.85, and the R2 coefficient between ���� 	and CI@������������ is 0.59 (a 

difference of 0.26). 
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4. Discussion and Conclusion 

We have created a MODIS-based MGVF product for global applications.  This product 

uses 12 years of MODIS satellite data of NDVI and land cover type, which have a higher 

spectral resolution and an overall better quality than previous generation AVHRR-based data. 

We find that for most LC classes, values of ������� are similar to those found by Z00 (upon which 

this work is based), despite significant differences between LC abundances and ��,� values, 

demonstrating the robustness of the methodology in Z00.  The exception is type 7 (‘open 

shrubland’), for which MGVF is substantially higher than that found in Z00.  This is probably a 

reflection of the fact that the MODIS ‘open shrubland’ areas are more abundant (by including 

some ‘closed shrubland’ pixels with higher MGVF) than in the original AVHRR LC data. In 

general, ��,� values are lower in Z00 because the AVHRR NDVI used in Z00 is lower than 

MODIS based NDVI.  In addition, the LC type products based on AVHRR data [e.g. the Version 

2 Global Land Cover Classification (GLCC) dataset that is widely used in regional and global 

models] are substantially different, and validate worse than the MODIS LC type data (Broxton et 

al. 2014). 

The MGVF values computed in this study are highly variable from year to year in some 

parts of the world.  It is unlikely that uncertainty of NDVI values can lead to the amount of 

interannual variability that characterizes ��, suggesting that the variability is largely real, 

perhaps reflecting variability in climatic conditions for a given year.  We also find that in many 

parts of the world, much of the interannual variability of �� occurs in the ‘open shubland’, 

‘grassland’, ‘savanna’, and ‘cropland’ classes. This is consistent with Zeng et al. (2003), who 

found that these four classes are among the most variable classes from 1982-2000.   

Furthermore, areas with lower �������  are more likely to have higher interannual variability 

of ��.  The standard deviation of �� is highest for ������� that is close to 0.5.  For low values of 

�������, interannual variability of �� is limited by the fact that there is not much vegetation cover.  

However, there is also less variability of �� for more vegetated regions (e.g., forests).  In fact, 

relative to �������, the standard deviation of �� decreases nearly monotonically with �������.  This is 

probably a reflection of the fact that vegetation is more responsive to climatic factors (especially 

precipitation) in drier, water-limited environments (e.g. Hadley and Szarek, 1981; Weiss et al. 
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2004).  More vegetated regions, which are not water-limited, are less affected by interannual 

variability in precipitation (unless, for example, a severe drought or forest fire leads to a large-

scale forest dieoff).  Some of the regions with higher interannual variability of �� are the same 

as those that are thought to have strong coupling with the atmosphere (Koster et al., 2004; Zeng 

et al., 2010), further underscoring the need to have vegetation products that encompass multiple 

years (rather than just a single year). 

This interannual variability can explain some, but not all differences between ������� and 

����.  In some parts of the world, the differences between ������� and ���� are much larger than 

those between ���  and ����, suggesting that these differences are more likely to reflect real 

differences between 2001-2012 ‘average’ conditions and those during 2001.  However, a 

majority of the differences between ������� and ���� remain in the comparison between ���  and 

����, and so cannot be explained by the different years of data used.  In most regions, ���� is 

higher than ��� , and for most LC classes, ���� is higher than ���  for a given value of 

����.  It is difficult to judge whether the ‘greener’ or ‘less green’ representation of MGVF is 

more accurate due to a lack of ground truth. For example, ���� for most LC classes is close to 

one for unrealistically low CI@���,�  values (as low as 1-2), however at the same time, for some 

classes ���  does not approach 1 until very high LAI values (as high as 5-6), although most of 

the time ���  is higher than 0.9 for LAI values from 3-4.  In addition, there is uncertainty in the 

way that both products relate ���� to MGVF.   

On the other hand, the methodology that we use (which is based directly on NDVI) has 

one clear advantage over the CF data: its spatial variability is significantly more consistent with 

LAI.  Along transects that are located in areas with a homogenous land cover type but where 

there is poor agreement between ���  and ����, we find that the spatial variability of ��� 	is 

more consistent with that of CI@���,�  than ����.   This consistency is important because both 

MGVF and LAI are used by global models to describe vegetation abundance.  Ideally, the spatial 

variability of MGVF and CI@��� 	should be relatively consistent within a given land cover type, 

as they are both measures of vegetation abundance.  For example, for grasslands, it does not 

make sense to have CI@��� decrease as MGVF increases (across space) and vice versa because 

vegetation structure is probably not highly variable at the 1 km scale.  For other LC classes, such 
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as ‘open shrublands’, where one would expect more diversity in terms of vegetation structure, it 

is a little more realistic to have differing spatial variability for MGVF and CI@���, but the two 

should still probably be very closely related.  It is not surprising that there are high correlations 

between ���  and CI@���,�  (with an average R2 of 0.80), however, it is more surprising that 

the correlations between MGCF and CI@���,�  are significantly lower.   

In this study, we develop a global 1 km MGVF product based on a climatology of 

MODIS NDVI and LC type data. The MGVF climatology is better than the product for a single 

year as it removes biases associated with unusual greenness and inaccurate land cover 

classification for a specific year.  Its spatial variability is also more consistent with that of annual 

maximum LAI (which is also used to describe vegetation abundance in models, and therefore 

should be relatively consistent with MGVF) than is the CF data.  Therefore, we believe that it is 

a good candidate for global modeling applications that use MGVF to describe vegetation 

abundance. The data are freely available from the authors. 
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Tables 

 
Table 1: Percent of land area, ��,� used in Equ. (1), ������� and the minimum and maximum annual 

MG values in parenthesesa from 2001-2012, ��� , values for �� reported by Z00 (based on 

AVHRR from April 1992-March 1993) and ���� (from 2001) for each IGBP land cover type 

provided in Fig. 3. 

IGBP Px.   �������   

Type  (%) Nc,v av (min-max) ���  �����  ����  

1 2.25 0.85 0.90 (0.89-0.91) 0.91 0.90 0.99 

2 10.13 0.93 0.97 (0.96-0.97) 0.97 0.93 1.00 

3 1.44 0.84 0.93 (0.92-0.93) 0.93 0.92 0.98 

4 1.09 0.91 0.95 (0.95-0.95) 0.95 0.90 1.00 

5 6.15 0.90 0.95 (0.95-0.96) 0.95 0.88 1.00 

6 0.11 0.85 0.74 (0.73-0.75) 0.74 0.72 0.87 

7 15.80 0.85 0.58 (0.58-0.60) 0.59 0.39 0.69 

8 8.24 0.86 0.91 (0.91-0.92) 0.91 0.86 0.98 

9 7.57 0.81 0.88 (0.86-0.89) 0.89 0.81 0.96 

10 14.13 0.64 0.65 (0.63-0.65) 0.64 0.71 0.61 

11 1.63 0.79 0.83 (0.82-0.84) 0.83 0.85 0.97 

12 9.45 0.82 0.87 (0.86-0.88) 0.87 0.86 0.92 

13 0.50 0.80 0.70 (0.69-0.71) 0.71 0.74 0.85 

14 6.71 0.85 0.91 (0.90-0.91) 0.91 0.85 0.97 

16 14.78 0.85 0.06 (0.05-0.06) 0.06 0.11 0.03 
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Table 2: Median and 95th percentile values for the standard deviation of �� map (Figure 1b) and 

the absolute value of the ���  - ���� map (Figure 1c) for each IGBP land cover class.  

IGBP Figure 1b Figure 1c 

Type Median 95th Median 95th 

1 0.03 0.07 0.06 0.22 

2 0.02 0.04 0.02 0.09 

3 0.02 0.06 0.03 0.14 

4 0.02 0.05 0.02 0.18 

5 0.02 0.05 0.03 0.12 

6 0.06 0.11 0.13 0.29 

7 0.05 0.12 0.12 0.30 

8 0.03 0.07 0.05 0.20 

9 0.04 0.10 0.06 0.21 

10 0.07 0.17 0.08 0.29 

11 0.04 0.08 0.10 0.34 

12 0.06 0.13 0.05 0.22 

13 0.05 0.11 0.14 0.32 

14 0.03 0.08 0.04 0.19 

16 0.01 0.07 0.04 0.13 
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Table 3: R2 values (the coefficient of determination or squared correlation coefficient) showing 

the strength of the regression between CI@���,�   and ��� /���� for the indicated land cover 

type in each 0.5 degree grid box over the zonal cross sections in Fig. 1d. 

Cross  ���  - ����  - 

Sect. Type CI@���,�  CI@���,�  

A 7 0.85 0.65 

B 13 0.90 0.80 

C 10 0.92 0.76 

D 7 0.97 0.82 

E 7 0.92 0.68 

F 7 0.86 0.44 

G 7 0.84 0.73 

H 7 0.96 0.94 

I 7 0.95 0.93 

J 7 0.86 0.41 

K 7 0.79 0.69 

L 10 0.93 0.68 

M 10 0.74 0.67 

N 10 0.83 0.78 

O 13 0.84 0.55 

P 7 0.86 0.54 

Q 7 0.75 0.37 

Average 0.87 0.67 
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Figures 

 
 

Figure 1: (a) Average annual �� from 2001-2012 (�������), (b) Standard deviation of �� from 

2001-2012, (c) ���  minus ���� (from 2001), and (d) difference between the absolute 

difference between �������/���  and ����.  In (d), warm colors indicate better agreement between 

���  and ���� than between ������� and ����, and cool colors indicate better agreement between 

������� and ���� than between ���  and ����.  To reduce data volume, the original data on a ~1 

km sinusoidal grid  in (a) and (b) and 0.01 degree grid in (c) and (d) are projected to geographic 

coordinates at a 0.1 degree resolution from 60°S to 80°N. 
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Figure 2: Boxplots showing a) the relationship between �������  and the standard deviation of �� 

[!"#��$] and b) the relationship between �������  and the ratio of !"#��$ over �������.  Each 

boxplot is broken into 100 bins from 0 to 1, and the shaded areas capture the 25th-75th percentile 

range for each bin.  Also shown at 0.05 increments are median !"#��$ and !"#��$/ ������� for 

grassland (IGBP type 10) pixels (green circles), shrubland (types 6-7) pixels (yellow circles), 

barren (type 16) pixels (red circles), and forest (types 1-5) pixels (blue circles). 
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Figure 3: Comparison between ����,�  and ���� (ordinate on left shows the scale) in each 

IGBP land cover class.  Black dots denote the median value of ���� data for each 0.01 ����,�  

bin, and the shaded areas capture the 25th-75th percentile range.  Gray lines show ����,�  

histograms (ordinate on right shows the scale).  Comparisons between ����,�  and ���� are 

only shown where the histogram of ����,�  is greater than 0.0025. Also shown are values of �� 
and ��,� (vertical dotted lines) and the conversion between ����,�  and ���  (red lines). 
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Figure 4: Comparison between CI@���,�  and ���� (black dots and blue bars) and ���  (black 

dots and red bars) for each IGBP land cover class (ordinate on left shows the scale).  Black dots 

denote the median ���� or ���  value for each 0.01 CI@���,�  bin, and the blue and red bars 

capture the 25th-75th percentile range.  Gray lines show histograms of maximum CI@���,�  in 

each category (ordinate on right shows the scale).   Comparisons between ���� or ���  and 

CI@���,�  are only shown for CI@���,�  categories where the histogram of CI@���,�  is greater 

than 0.0025. 

 


