Alpine Snow Data Records for Water Resources
Management and Research
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Introduction

With the significant maturation of Earth Science products in the EOS era, wm dhe
verge of true quantitative integration of these higbolution, spatially explicit data records into
water resource management and rese&aowmelt runoff forecasting in the western United
States has developed as empirical models forced by spasstl measurements of snow water
equivalent that lie primarily in subalpine regiorighese models rely on a data record that
represents a system that is in qesisady state, and as such, are theoretically ill suited for water
management in a changimgmate. Moreover, they are unable to accurately address water r
sources during extreme events, such as sustained spring snowfall in the ahg@aleovealmost
all measurement sites

The coupling presented here of quantitative fractional snow covetiofral snow albedo,
and snow water equivalent provides water managers with spatially and temporally dense data
records that populate the modeling inputs thoroughly for forecasting and research p@poses.
approach packages our product generation apprimaa system we call the Alpine Snow Data
Record Engine (ASDaRE), an inexpensive, eagplicated hardware/software package that can
be targeted |ike a fAvirtual sensoro at sel ect

Background: Previous Work on Fractional Snow Cover and Abedo

Snow Albedo

In the current generation of climate and snowmelt models, snow albedo is typically either
prescribed or represented by empirical aging functions, when truly it is a dynamic vafiable a
fected by grain growth and liglatbsorbing impuritiesModeling, analysis, and monitoring of the
snow cover will improve if we understand the seasonal evolution of both the snow cover and its
albedo.

In the visible part of the spectrymean, deep snow is bright and white, irrespective of the
size of the grms. Beyond the visible wavelengths in the Aeérared and shortwaviafrared,
however, snow is one of the most colorful substances in nature. Newly fallen snow usually has a
fine grain size, but metamorphism and sintering throughout the winter and smiease the
grain size and reduce reflectance in wavelengths beyond about (MBigcombe and Warren
1980]

This behavior of snow is I mportantdedreaset he s
in albedo often ozurs as the incoming solar radiation becomes greater, and to the interpretation
of snow properties from remote sensing. Estimating fractional owered area and albedo
from remote sensing data is best done through an understanding of the relatiohsbgn be
snowds physical properties and the resulting

Snow evolves after it falls. Long before radiative transfer in snow was understood, energy
balance data had shownagee | at ed decrease in snowoOscalal bedo



decay functiongU.S. Army Corps of Engineer$956] More recent work has addressed tke d
velopment of a physical model for albedo evolution, based on diffusion of the water molecules in
snow to redue the specific surface area of the grdilanner and Zender2006]

We see this @ledo decay in both field and satellite measurements of albedo. Figure 1 shows
incoming and reflected radiation data for four years at Mammoth Mountain, -altitgkde, mid
latitude station in the Sierra Nevada. Incoming solar radiation increases thineuggatsonseb
cause of higher solar elevation and longer days. However, the progressive decrease of broadband
albedo causes the net solar radiation to increase more than the incoming.
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Figure 1. Field measurements of broadband albedo at Mammoth Mountain in the Sierra Nevada for (a)
2003, (b) 2004, (c) 2005, (d) 2006. For each year, the three graphs show incoming and reflected solar
radiation in the visible and near-infrared wavelengths, albedo for the solar spectrum and for the visible
and near-infrared, and net solar radiation. All radiation values are daily averages in Wm' 2 and the
seasonal decline in albedo is apparent, especially in the near-infrared.



In the context of spatially distributed hydrologic models, this albedo dexsaggatial vaa-
bility. Molotch et al.[2004b] examined snow ablation from a gitidsed distributed snowmelt
model, using field data from extensive snow surveys during the melt season to initialize the
model with a spatial distributioof snow water equivalent and then to test the model withesubs
guent surveys. Spatially distributed albedo estimated &wborne imaging spectrometdata
(AVIRIS) typically differed by 20% from albedo estimated using a commomw-syebased
empirical reationapplied uniformly across the domain

The Case for Subpixel Analysis

Snowcovered area in alpine terrain usually varies at a spatial scale finer than that of the
ground instantarais fieldof-view of the remote sensing instrument. This spagaétogeneity
poses dmixed-pixelo problem becaus¢he sensor may measure radiance reflected from snow,
rock, soil, and vegetation. To use the snow characteristics in distributed hydrolodgds, we
must therefore map sneeovered area at subpixel resolution in order to accurately represent its
spatial distribution; otherwise, systematic errors may result. The left imagigune 2 shows
snow cover irthe Sierra Nevada at the end of January 4807ar a dry year in this mountain
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Figure 2. Left image shows snow cover in the Sierra Nevada on 30 Jan 2007 (9399km?). Middle image
shows snow cover only for those pixels with less than 50% coverage (3712km?). Right image shows a
binary snzow map, whereby pixels with greater than 50% coverage are mapped as entirely covered
(7772km?).



range) the middle image shows only those pixels with less than 50% snow cover. Typically a
binary map of snow, where each pixel is classified as either stom@red or snoviree, is tuned

to classify a pixel as snow if its coverage is greater than 50% andfe®wtherwisgHall et

al., 1995; 2002] In this example59% of the pixels that have snow have less than 50% snow.
Snow covers about 98km? on this date370km? in pixels with less than 50% caage. A b-

nary algorithm woulastimate780km? of snow, shown in the rightriage ofFigure2.

Spectral Mixture Analysis

Mapping of surface constituents at subpixel scale ysestral mixture analysiwith either
imagng spectrometers or multispectral sensgkdams et aJ. 1993] Linear spectral mixture
analysis is based on the assumption that the radiance measured at the sensor is a lin@ar combin
tion of radiances reflected from individual surfacesimemberswhose spectral signatures are
unique and well separated above a random image noisqd $alml et al. 1992] A set of simi
taneous equations fofrendmembers, one for each wavelength band, results:
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'Y_h isthepixelaver aged r ef | ec tFdasthe &actonal covarage Wwithimtiget h  o-.
pixel of endmembeyy, ‘Y_yQ is the reflectance of endmembeat wavelengtte; and-_ is the spe-

tral residual. Given measurementsYf in M wavelength bands, we normally solve for e

values by minimizingY0 ™O= b,iBizl-j 112, although other minimization criteria can be
used.

Snow does not have a unique reflectance in each wavelength band goutgphysical cér-
racteristics such as grain size and amount and composition of impurities, a snow endmember can
be chosen. The concept of multiple endmember spectral mixture afRgberts et a).1998]is
to cycle througha range of snow endmembers and choose the one that results in the lowest
RMSE[Painter et al. 2003] The information thereby derived is the fractional sromwvered area
for each pixel and the grasize for the snow in that pixel that enables estimation of albedo
[Dozier and Painter2004]

Spectral Mixing with Multispectral Sensors

While results with the AVIRIS instrumedemonstrated the ability to derive both snow cover
and albedo at subpixel resolutj imaging spectrometetata are available too infrequently to use
them regularly in hydrologic models. Multispectral sensors, such as Landsat and MG®IS, pr
vide data over wider swaths and at more frequent intervals than imaging spectrometers. From
Landsa, the spatial resolution is 30m at 16d intervals, whereas the information from MODIS is
at 500m spatial resolution but at daily interyadgice daily if we use the MODIS data from both
Terra and AquaPatrticularly in the case of MODIS, a snow and albadpping algorithm must
use the limited spectral information to estimate the subpixel snow properties. Otherwese, syst
matic errors in mountain ranges will result, particularly where snow cover increases wéth elev



tion. The albedo measurements are necessargistributed energpalance model is to use the
snow properties as input.

vegetation, including snow, fine

g 08 trees, shrubs, and grass 0.8 to coarse grain
g B g
& 06 [ ~ S 06
g AN A 2
c W™ “ %
S 04 . s 04
= 3]
g g
g 02 02

0 0

1 15 2 25 05 1 15 2 2.5

MODIS bands 1-7

1 114
soil,including - snow
. - ~
08 various loams and silts 08 - vegetation
8 II"\ il
<] \ - i
5 2 06 o1
(9] ] R |
2 s
¢ = 04
= T P
o
v
0.2
oL
0.5 1
wavelength, pm wavelength, um

Figure 3. Typical spectral reflectivity and variability for vegetation, soil, and snow. These surface covers
are generally well separated in the MODIS bands.

In our REASON projectMulti-Resolution Snow Products for the Hydrologic Scienges,
adapted the multiple endmember spectral mixture analysis rffeaieker et al, 2003] origind-
ly usedwith AVIRIS, to produce enhanced snow cover products from MODi&ier et al,
2006] The products include fractional snow cover within each 500m pixel, plus the grain size
and albedo of that fractional snow cover. The MODSCAG model (MODIS snow coaerad
and grain size/albedo) model is specifically aimed at providing an accurate estimate of snow
cover for regional studies in mountainous areas anywhere, but also applicable to polarsand gras
land regions. The model uses spectral libraries for snow entlere generated with a radiative
transfer model for varying grain size snow, adapted to the specific scene solar gebigetey.
3 shows spectral reflectivity for vegetation, soils and snow. In the 7 MODIS bandseatifsig
use over land, these scene components are well separated.

MODSCAG is currently in an intensive validation phadéth measurements of fractional
snow covered area from 30m Therodflapper data, we scale to 50@o validate MODSCAG
retrievals Figure 4). These resultshowthat MODSCAG hasegional mean errors isnow
covered area dfl1% and standard deviations ord&. However, these erroe partly caused



by overesmation by the Thematic Mapper, because this sensor atarages over pixels with
large snow cover fraction.
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Figure 4. Fractional snow-covered area from MODIS (500m) and the
Thematic Mapper (30m) for a region covering the Rabbit Ears and North supply from. meting
Park Meso-cell Study Areas (25km x 25km) of the Cold Land Processes snow or glaciers, toka
Experiment on April 4, 2002. The triangular void in upper left of the Thematic  jng more than a billion
Mapper image is outside the image swath. These data demonstrate the | ldwid
spatial consistency and accuracy of MODSCAG. people RS

[Barnett et al. 2005]

The raw daily productare often occluded by cloud cover and perturbed by variations in viewing
geometry We therefore take advantage of the daily time series to smooth and filter the MODIS
snow cwer and albedo informatiorfherefore the snow cover and albedo information will be
available in threelata records

1 Fractional snowcovered area, grain size (and contaminants) from daily MODIS imalges,
configured for VIIRS data, which will be avail&birom NPP and NPOESS.

1 Bestassimilatedestimate of snoveovered area and broadband albedo on that date, @xtrap
lated and smoothed from previous history to that date.

1 Endof-seasorassimilatedreanalysis of daily snowovered area and broadband albede, i
terpolated and smoothed.

A related applications product derives from the integration of stmwered area and albedo
with surface measurements of snow water equivalent and energy balance models to estimate a
value for snow water equivalent over every gmdl every day. We will use two approaches for
this product:

1 Interpolation of snow pillow data with fractional sn@evered area.

1 Estimatesof snowcover depletion with a spatially distributed energy balance mddegn
by GOES estimates of solar and aried radiationalbedo estimates froMODSCAG, and
knowledge of the date thahow disappears from each grid cell.

Core Product: Daily Snow Cover and Albedo

Raw Snow Coveand GrainSizeThe input product from NASA iMOD09GA, atmospher
cally corrected sdace reflectance at 500m resolution from MODIS bandsid the ISIN po-
jection. In addition to the reflectance values, a cloud product is included with cloud categories
from 0-3, as are data for zenith and azimuth angles for solar and viewing geomdane Be



processing, we reproject the MODIS data to a projection that is most consistent with otber hydr
logic data for theregion of interest. For example, for the Sierra Nevada we use the projection
adopted by the California Data Exchange Center (CDEC),llaerg\equakreaconic projection

with standard parallels 34° and 40.5°N, meridian 120faMe northing4,000,000. We use the
WGS84 datum for consistency with SRTM elevation data.

From equatior{l), we estimate thedctional snowcovered area, using tls@eowendmember
whose grain size produces the minimBMSE Figure5 shows a typical result for a cloudy day.
MODIS does noteliably distinguish snow from cloud. A disguished adiative transfer scmre
tist once told us, Anlf you can identify the s
problem is the reverse, we want to know where the clouds are, and then we can identify the
snow.Our snow cover image in the uppertlisfthe result of our first processing stegnttiudes
clouds,which are masked posteriorj and thestarndardODI S fAcl oud categori e
the upper mddle includes snow. From the grain zenow rarely has an effective grain radius

less than 8um, and never less than 30finand the eleation, we separate snow from cloud. In

Figure 5. MODIS snow cover and grain size images of the Sierra Nevada, 23 March 2005, when clouds
covered the whole region. The top row shows the snow cover, clouds, and grain size (um) as estimated
from the MODSCAG model. The bottom row shows the visible snow cover, after correcting for clouds, the
Apossi bl ed s nhelastdapthesurfack was wisible, and the grain size associated with the
possible snow cover.



