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A Prototype AMSR-E Global Snow Area and
Snow Depth Algorithm
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Abstract—A methodologically simple approach to estimate Furthermore, successful estimation of volumetric storage of
snow depth from spaceborne microwave instruments is described. snow water at a basin scale should improve the management
The scattering signal observed in multifrequency passive mi- of water supply. Remote sensing has been used to monitor

crowave data is used to detect snow cover. Wet snow, frozencom.nental scale seasonal Snow covers for 25 vears [2] with
ground, precipitation, and other anomalous scattering signals are ' W COov Y [2] wi

screened using established methods. The results from two different Much of this effort focused on the use of remote sensing of
approaches (a simple time and continentwide static approach snow cover area using visible and infrared sensors [3], [4].
and a space and time dynamic approach) to estimating snow \While this effort is starting to mature, the successful estimation

depth were compared. The static approach, based on radiafive o g15ha| snow volume [snow depth or snow water equivalent
transfer calculations, assumes a temporally constant grain size SWE) is still at a d | tal st
and density. The dynamic approach assumes that snowpack( )] is still at a developmental stage.

properties are spatially and temporally dynamic and requires Progress in retrieving snow depth or SWE has been made
two simple empirical models of density and snowpack grain through the available “instruments of opportunity” such as the
radius evolution, plus a dense media radiative transfer model Scanning Multichannel Microwave Radiometer (SMMR) and

based on the quasicrystalline approximation and sticky particle the Special Sensor Microwave Imager (SSM/I). Neither instru-

theory. To test the approaches, a four-year record of daily snow t desi d licitly f licati but h
depth measurements at 71 meteorological stations plus passivemen S were daesigned explicitly for snow applications but have

microwave data from the Special Sensor Microwave Imager, land been found to be effective for this application [3], [6]. For snow
cover data and a digital elevation model were used. In addition, detection, passive microwave instruments tend to underestimate
testing was performed for a global dataset of over 1000 World Me- the snow area compared with estimates from visible-infrared
teorological Organization meteorological stations recording snow snow mapping methods [7]. Additionally, the errors of estimates

depth during the 2000-2001 winter season. When compared with f | tend to be | ith standard f 20
the snow depth data, the new algorithm had an average error of of snow volume tend to be large with standard errors o

23 cm for the one-year dataset and 21 cm for the four-year dataset MM SWE and greater not uncommon (e.g., see [8]). The per-
(131% and 94% relative error, respectively). More importantly, ceived need by water resource managers and land surface and
the dynamic algorithm tended to underestimate the snow depth climate modelers is for high accuracy, local scale estimates of
less than the static algorithm. This approach will be developed g4y yolume on a daily basis. Unfortunately, the spatial res-
further and implemented for use with the Advanced Microwave . . .
Scanning Radiometer—Earth Observing System aboard Aqua. oluyon of the SMMR anql SSMII mstrumgnts tends to restrict
their effective use to regional-scale studies. Furthermore, cur-
rently available SSM/I data is acquired twice daily only at high
latitudes with coverage more restrictive at lower latitudes. The
Advanced Microwave Scanning Radiometer—Earth Observing
|. INTRODUCTION System (AMSR-E) aboard Agua, which was launched in 2002,
NOW COVER estimation is important for climate changéhOUId helpto_overcome some of these drawbacl_<s. Ta_ble | gives
tudies and successful water resource managementfselltf'l(:ted details of the AMSR-E af.‘d .SS_M/I F:onﬁgqrahons and
has been shown that snow cover can affect directly clim Vﬁ@.'le AMSR-Etem_poraI coverage is similar, its spatial the reso-
dynamics [1], and so our ability to estimate global sno?'ft'_on is generally finer than that of the SSMI/I. ngrall, techno-
Iqglcal improvements should be matched by the improvements

coverage and volumetric storage of water in seasonal a timation. H there i d to devel
permanent snowpacks impacts on our ability to monitor climalfg SNOW cover estimation. HOWEver, there 1S a heed 1o develop
global snow monitoring algorithm (area and volume) that is

and climate change and to test climate model simulatiorfs! ) : .
temporally and spatially dynamic so that current retrieval errors

can be reduced further.
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TABLE |
COMPARISON OFAQUA AMSR-E [9] AND SSM/I SENSORCHARACTERISTICS[10]

AMSR-E Center Freq (GHz) 6.9 10.7 18.7 23.8 36.5 89.0
Band Width (MHz) 350 100 200 400 1000 3000
Sensitivity (K) 0.3 0.6 0.6 0.6 0.6 1.1
IFOV (km x km) 76 x 44 49x28 28x16 31x18 14 x 8 6x4

SSM/IL Center Freq (GHz) 19.35 22.235 37.0 85.5
Band Width (MHz) 240 240 900 1400
Sensitivity (K) 0.8 0.8 0.6 1.1
IFOV (km x km) 69x43 60x40 37x29 15x13

in nature and the second is of a practical consideration. First[18], and [14]), and as Armstrongt al. [15] notes, the suc-
regions where SWE data are sufficiently available, microwawess of these algorithms might be because the mean grain size
algorithms have been developed to estimate SWE (e.g., [8] aradiations over passive microwave footprints are not substantial.
[11]). To estimate snow depth alone using passive microwaWwhen snowpack physical properties are heterogeneous in both
observations, assumptions about the snow density need tohbezontal and vertical space and through time (as is often the
made because microwave radiation is sensitive to both depth @ade in nature), deterministic models of electromagnetic radia-
density and not just one variable alone. This is the reason wiign emission from the snow coupled with a hydrological model
previous “static” algorithms have worked reasonably well fasf the snowpack have been successful in estimating snow depth
average seasonal and global snow depth estimation. At the Idédl However, the drawback at the global scale for the more com-
scale, however, and over short time periods, estimates have bglem physically based modeling approach is that it is often site
subjectto errors as aresult of rapid changes in internal snowpaglecific or requires snowpack parameterization fiositu ob-
properties (density, layering) to which the microwave responservations. Furthermore, implementation is achieved using mul-
is sensitive. Thus, the implication is that algorithms should hiple high quality input snowpack parameters that are often not
developed to estimate not snow depth but SWE which is a budkailable globally; Armstrongt al.[15] concludes that detailed
property of the snowpack that directly influences the microwaveimerical description of the snow structure within a passive mi-
response. Second, however, and counter to the first issue, is tiratvave footprint probably is neither possible nor practical to
on a practical level and for the validation of a global algorithrobtain. Therefore, an alternative, nonsite specific strategy of pa-
there are consistently and considerably fewer global SWE meameterizing the pack is desirable that is more generic but which
surement sites than there are snow depth measurement sias.be used to describe the space and time varying average state
One could develop a SWE algorithm but there are so few datithe local pack.
globally available with which to test the estimates so that tradi- The naturally emitted microwave brightness temperature
tional validation would be a problem. In this paper, therefore, {fT'b) of a snowpack is related to several components. Primarily,
the absence of global SWE validation datasets, our effortis cdhe number of snow grains along the emission path (the
cerned on a practical level with snow depth estimation, whigdmow depth in centimeters), the size of grains (grain radius in
has a greater global validation potential. millimeters), and the packing of the grains (volume fraction
in percentage or density in kilograms per cubic meter are
probably the most important factors controlling the propagation
of radiation at higher frequencies (e.g., 37 GHz). Snow physical
In this paper, we use the difference between low (19 GHz) atemperature also affects snow emissivity [16], although it is
high (37 or 85 GHz) frequency brightness temperatures frornnsidered of secondary importance compared with grain size,
the SSM/I to detect scattering sources; a positive differencedisnsity and snow depth. Furthermore, by using a brightness
regarded as a scatterer and might possibly have been emittetdogperature difference between 19 and 37 GHz (Th19-Th37),
the snow [12]. Generally, the greater this difference, and hentiee snow temperature effect is minimized.
the scattering signal, the greater the snow volume assumed to bBeneath the snowpack, the subnivean soil roughness and di-
present. Unfortunately, a major problem with this assumptionegectric properties can be important for emitted microwave ra-
that in nature, changes to snowpack physical properties can algion. Hoekstra and Delaney [17] showed that at temperatures
cause changes to the microwave scattering response of the plads than 0 C, when the soil is frozen, the imaginary part of the
a change in the observed scattering equally might be causeddmlectric constant of soil is invariant for any given water content
an increased snow volume or a change in the physical structugeto 15%. The real part of the soil dielectric constant is slightly
of the snow resulting from snowpack metamorphism. For hdifferent for different moisture contents but does not change ap-
mogeneous snowpacks, the scattering signal can be convertgaréziably with temperature. Hallikainetal.[18] found that for
SWE or snow depth using an empirical algorithm or physicallyifferent frozen soils, these dielectric properties are constant be-
based static algorithm. This approach is often static in characteeen 19 and 37 GHz. Thus, by using the Tb19-Th37 difference,
in the sense that constant “average” snow conditions (grain sitteg effect of the dielectric properties on the brightness tempera-
density) are used to parameterize the algorithm for applicatiture difference is effectively canceled out. For soil temperatures
globally and throughout the entire winter season. Some succgssater than OC, if the soil is dry, the dielectric constant be-
has been achieved from this methodology (e.g., see [5], [Lhhves the same as its frozen state. If the soil is wet, frequency
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dependent changes to the dielectric constant can be obsemedr quality snow depth measurements were taken (no variation
and will affect upwelling radiation through and from the snowin snow depth from month to month), stations with close prox-
With respect to the surface roughness of a dry soil, Schmuggaty to large water bodies and stations located in mountainous
[19] demonstrated that its effect on microwave emission isrrain. Fig. 1 shows the location of the 71 meteorological
small. Hence, by using a brightness temperature differerg@ations comprising the four-year record. Second, a set of daily
factor, this effect is almost completely removed from thenow depth measurements spanning October 2000 to April
retrieval process. If the soil is wet, the soil roughness exe601 (inclusive) from the WMO-GTS data archive was also
a greater influence on the upwelling emission. Overall, thesed: 8000 stations comprise this second dataset although
largest impact on snowpacks from roughness and dielectiéss than 1500 stations record snow depth with any regularity.
properties are most likely to be located in maritime regiorfsor both datasets, snow depth measurements were converted
where soil temperatures are above freezing particularly whisnm inches to meters and reprojected to the 25-km Equal Area
the soil is wet. In other parts of the world that are dominateSicaleable Earth Grid (EASE-grid) [21]. Also, global SSM/I
by seasonal continental snowpacks, soil temperatures are atwath data were acquired for each day in the two WMO-GTS
below freezing, and the soil roughness and dielectric propertiesords. SSM/I brightness temperature measurements were
can probably be disregarded. reprojected to the EASE-grid projection and for each day, the
For this paper, therefore, we assume that the soil temperatgemgraphically closest suite of SSM/I brightness temperature
at the base of a snowpack is less than or equal%@ 8o that samples (19-, 22-, 37-, and 85-GHz channels) were paired with
the dielectric constant and soil surface roughness are assumsgatially coincident snow depth observations.
to have a negligible effect on the microwave emission from the Problems exist with the WMO-GTS data since snow depth
snow. We assume that average snow grain radius, density, &ndot the prime measured variable; snow depth records are
depth are the prime controls of microwave emission from th@esent but sometimes only on a very irregular basis (espe-
snow and that the snow temperature is of secondary importaweély during the early and late times in the winterseason).
to these three variables. We then implement two conceptudiyrthermore, an assumption is made that station measurements
simple models of average bulk grain size and average bulk snof\snow depth were representative of the averagex 2% km
density that can be varied in space and time using estimated st#SE-grid cell snow depth. However, in many regions, terrain
face kinetic temperature information. While lacking complexitgnd vegetation are heterogeneous [22] and can produce large
of more comprehensive snowpack models, our approach hasghatial variations in snow depth within an EASE-grid cell. Nev-
advantage that it can be applied easily at a global scale. Téttheless, despite these drawbacks, the WMO data were used,
method is not time independent; it is assumed that the snowpaskthey constituted the only independent means of quantifying
grain size and density have histories and so the method cannoglmdal snow depth on the ground. In the following sections the
implemented successfully without prior knowledge of the pack992-1995 WMO-GTS data with coincident SSM/I observa-
evolution. Once the grain size and density have been estimatieds were used for both algorithm development (Section 1V)
at a given time step, a dense media radiative transfer (DMRANd algorithm testing (Section V). The 2000-2001 WMO-GTS
model based on the quasi-crystalline approximation (QCA) addta and SSM/I observations were used for algorithm testing
sticky particle theory is used to estimate the snow depth togetloaty (Section VI).
with observed SSM/I data.

IV. ALGORITHM DEVELOPMENT
I1l. D ATASETS USED AND GEOGRAPHICAL PARAMETERS A. Snow Detection

For global studies, it is impossible to obtain a comprehensiveFor a global algorithm, it is important to identify only areas
and internally consistent set of SWE measurements for aifiiit might have snow present. The climatological probability of
given winter season since generally they do not exist exceptSROW cover presence is obtained from [23] and [24]; if a pixel
a few local regions around the world. Therefore, the methol§-located where the presence of snow cover is climatologically
ology developed here is tested using snow depth observati6f: this pixel is flagged as no snow. In addition, ice sheets and
collected globally, albeit at various levels of quality. In th&€0mplex mountainous terrain are also screened from the algo-
absence of spatially intensive snow depth measurements, i since these terrains are dominated often by complex mi-
available extensive data are often the only globally consistéfpwave signals for which the snow retrieval is very difficult. If a
data available. Two datasets from the World MeteorologicBiXe! is located where snow is possible, the microwave signal is
Organization (WMO) Global Telecommunications Systeﬁgsted for scattering. A surface scattering signal can be detected
(GTS) network were used in this paper for algorithm developSing the expression developed by Chatgl. [5] to estimate
ment and testing purposes. Hereafter the data are referred t§?WV depth using microwave observations
WMO-GTS data. First, a dataset consisting of 100 distributed
Northern Hemisphere meteorological stations obtained from SD = a(Tb18H — Th36H) [cm]. 1)
the WMO-GTS archive [20] was used to test the grain growth
model. These early morning daily data cover the period froftP iS the snow depth and’b18H andTh36H are the hori-
January 1992 to December 1995 (inclusive). They were quam9nta|ly polarized brightness temperatures at 18 and 36 GHz,
controlled to remove 29 stations that contained substantially
anomalous or erroneous data. Such examples were sites wheltetp://iwf.ncdc.noaa.gov/ (last visited 6/11/2002)
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Fig. 1. Location of the 71 meteorological stations used to recalibrate the snow depth retrieval algorithm mapped to the EASE-grid projection.

respectively, and. is a coefficient (1.59 cm K!) determined ever, for spaceborne passive microwave observations over large
from radiative transfer model experiments of snow. In that studgotprints, Ranget al.[28] demonstrated that that’s at hor-

the grain radius and snow density was assumed to be 0.3 nmontal and vertical polarization have very similar relationships
and 300 kg m3, respectively. The algorithm was developed fowith snow depth or snow water equivalent. Furthermore, when
use with SMMR, and Armstrong and Brodzik [7] has shownsing aTb difference algorithm at these two frequencies, the
that a—5-K adjustment to the (Tb18H-Tb37H) term is requirednowpack stratigraphy effects in one channel frequency will be
when the algorithm is applied to SSM/I data (on account of difery similar to the effects in the other. To detect snow, it could be
ferences in SSM/I channel central frequencies compared wittgued that the horizontal polarization channels are more appro-
SMMR). If SD is greater than 0 cm then the original algorithnpriate (as they are very slightly sensitive to a marginally greater
flags the presence of snow. Confusion of surface category cange of snowpack properties) while for snow depth estimation,
occur when other nonsnow scattering surfaces are present,ties-vertical polarization channels are very slightly less affected
pecially rainfall, cold desert, and frozen ground. Using the apy the snowpack properties.

proach described in [25], these nonsnow surfaces are screened.

In addition, wet snow, which has a negligible scattering signd, Snowpack Grain Growth

is excluded from the retrieval using the method in [26]. During the seasonal metamorphism of a snowpack there are
There is some question about the choice of polarization thgkiinct phases which affect directly the microwave response of
should be used in (1). From ground-based microwave measyfgs snow, It has been noted that the snowpack grain size is im-
ments, Matzler [27] has shown that the horizontally p°|a”29;5’ortant for the microwave behavior of the snow [29]. Gener-
channels at 19 and 37 GHz are slightly more sensitive to SNOY(ly, the snow density and grain radius is the smallest on de-

pack stratigraphy than the vertically polarized channels. Howaition [30]. After about two to three days, the grains start to
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Fig. 2. Variation of grain size and temperature difference for a meteorological station in Russ&2(32" N, 78° 21' 00" E) between 1992-1995 inclusive.

sinter naturally, a process whereby the crystal branches breakses in horizontal and vertical space. Furthermore, the snow-
down and snow crystals begin to become rounded and physack is represented as a single layer and is not discretized into
cally cohesive. Under equitemperature growth conditions (smaiultiple layers, a simplification of many natural snow covers.
temperature gradient through the snowpack), theoretically, tiNevertheless, since average snow grain sizes tend to increase
rounding can take a long time; qualitative observations in thieiring the course of the winter season, it is suggested that such
laboratory suggest that this is a slow process that can take se\growth system could reflect the general behavior of a pack
eral weeks. It is characterized by slow grain radius growth rategolution.

and we use a constant rate of 0.0001 mmdayhis rateisan  Determination of the growth regime is achieved in different
approximation and not rigorously tested and so requires furtheays. Fresh snow undergoes negligible radius growth [24]
investigation. However, it seems slow enough to produce sunid is assumed to last for four days, after which the other
millimetric changes to the grain size over months. Alternativelgrowth regimes take over as the sintering or faceting processes
under kinetic growth conditions where the thermal and vapdominate growth. Whether or not kinetic or equitemperature
gradientis large, snow grain radii can grow rapidly; the branchgsowth regimes are prominent depends on the thermal gradient
break down and the snow loses its cohesive strength. Sturm #mwugh the snowpack. Under a large thermal gradient (greater
Benson [31] expressed this growth characteristic using a logistiian 10°C m~!) that persists for ten days or more [32], kinetic
curve for the evolution of surface and bottom snow layers. Thegyowth is assumed to dominate and (2) is applied. Estimation
formulated an empirical equation for radius growth wheis of the thermal gradient is problematic since the snow depth is

the radius in the form not knowna priori. Therefore, an alternative metric is used
as an index of thermal gradient. We estimate the difference
T(t) = Too — (oo — 10) exp(—kt) [mm] (2) between surface physical temperature and snow/soil interface

temperature as a gradient temperature indicator. It is assumed

wherer is the initial grain sizet is the limiting grain sizek  that the underlying surface soil temperature is OC. To
is a constant; andis the time elapsed from the start of growthestimate the surface air temperature of a snowpack, a multiple
This is a generalized form that applies to depth hoar develdmear regression using the least squares criterion was obtained
ment for grains of minimum size 0.5 mm. However, we use thisetween surface air temperatyt€), recorded in the four-year
relationship to approximate the general rate of change of aNWlO-GTS data, and coincident SSM/I channel brightness
erage grain radius growth in a snowpack under kinetic grom@mperatures such that
conditions. We assume a minimum and a maximum grain radius
of 0.2 and 1.0 mm, respectively, and the growth coefficieist 1" = 58.08 — 0.39Tb19V + 1.21Tb22V
setto 0.01, which is the snowpack bottom growth coefficient re- —0.37Tb37H+ 0.36Th85V [K]. (3)
ported in [31]. The minimum grain radius is probably too large
with respect to natural snow covers. However, for microwave The standard error of the regression is 6.9 K, and the coeffi-
remote sensing, an average grain size of less than or equatiemt of determination is 0.8. It is assumed that under low cloud
0.1 mm would produce very little discernible interaction withiquid water conditions, typically observed in winter and at high
passive microwave radiation rendering the snowpack invisildéevations or northern latitudes (most snow is found north of
to the imagery. Hence, we use a larger grain radius to initialiZz€ N latitude), the emissivity is high enabling reasonable esti-
the pack. mation of surface temperatures. Improved estimates of surface

All three snowpack thermal phases (fresh snow, equitempemperature will be obtained from mesoscale climate models as
ature, and kinetic temperature) can affect changes to the avertgealgorithm is updated.
snowpack grain radius characteristics, which in turn affects theFig. 2 shows time series of the temperature difference be-
microwave response from snow. The threefold classificationtiseen snowpack surface and base and of grain size evolution for
simplistic and may not account for complex metamorphic pra meteorological station in Russia. The grain radius gradually
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increases through the season with the rate of change controBadw density and how it changes through the season based on
by the growth regime in turn a function of temperature diffemwell-documented general properties of snow.
ence through the pack. The characteristics of the curve reflect
general observations of grain growth with a gradually increasifyy Coupling Grain Size Evolution and Densification Models
average radius through the season. However, the model is {fothe DMRT Model
equipped to simulate localized, complex short-term changes inA full description of the DMRT model is presented in [38].
the pack that are found in many parts of the world; this abilifor the purpose of this work and in keeping with the theoretical
for the model would require detailed knowledge of a snovassumptions in the model, the estimates of brightness temper-
pack’s energy budget, which is not available in remote regiongures are used from moderate grain radii of between 0.2 and
Nevertheless, the model does provide an indication of how the& mm. For simplicity, it is assumed that the snow temperature
grid-cell averaged grain size might change through time. Valid@- constant at 260 K. In fact the DMRT simulation data does
tion of this curve without ground observations is difficult if notshow that temperature has an effect on the snow depth estimate.
impossible unless a dedicated field experiment were set up. Thee effect is small at large grain sizes; at 0.5 mm, the difference
Cold Land Processes Field Experiment, supported by NASA$ snow depth for a 250-K pack and a 270-K pack is 2 cm. At
Land Surface Hydrology Program, currently underway will agmall grain sizes (0.3 mm) the difference in snow depth between
sistin quantifying changes in grain size from mid season to mel250-K and 270-K snowpack is 12 cm. By setting the temper-
season at a spatially intensive set of field sites in Colorado [33}ure to 260 K the errors of temperature should be restricted
o to less than 7 cm. While this is a simplification of our under-
C. Densification Model standing of snowpack conditions, its importance is considered
The microwave emission from a snowpack is directlfo be of secondary nature compared with the density and grain
affected by bulk snow density [27]. To determine its effegidius in controlling the microwave emission response.
through the season, a dynamic representation of snow densityVe use the brightness temperature differences between the
is required that can encapsulate the general seasonal trendlf9V and Tb37V (henceforth referred toAd'b) to estimate
snow density variation. Generally, it is known that snow densitiie snow depth under the assumed snow temperature constraint.
increases from the time when the snow is fresh to when it ig=g. 3 shows the corresponding set of curves relatvih to
mature snowpack [34]. Fresh snow density is often less thamow depth for the range of snow grain radii between 0.2 and
100 kg n12 (e.g., [35]), while mature snow densities can rang@6 mm. The curves show gradually decreasing gradients as the
from 200-400 kg m? (e.g., [36]) depending on the complexsnow grain radius increases for each volume fraction. Theoret-
metamorphic processes operating locally. In an effort to keigally, this is expected since larger grains tend to scatter mi-
the estimation of density straightforward, we implement erowave radiation more than smaller grains. The solid curved
simple logistic curve of seasonal snow density growth that lises are polynomials fitted using linear least square criterion
very similar to the grain growth curve in (2) for each radius simulation. These relationships are calculated
only for the linear portion of the DMRT from [38]; the DMRT
MV(t) = MVsoo — (MVsoe — MVso) exp(—It) [MM]  (4)  model predicts saturation of th&Tb at large grain sizes. This
aspect is addressed later.
i s h feshsnow ol acion (00) EPOSONLIT 1 S e s A 3 oo
is the maximum snow volume fraction (%) afid the densifica- .a coefficient of determination of at least 0.98 which gives con-

tion rate which we setto 0.007. This value produces a slow_ly 'Rdence to these polynomials. The general form of the equations
creasing volume fraction through the season. Volume fraction JS

related to density simply by dividing the density by 900 kgim

where my(¢) is the snow volume fraction (%) at timen days,

such that 0% volume fraction equates to 0 kg*nand 100% SD = b(ATb)? + ¢(ATb) [cm] (6)
volume fraction equals 900 kg ™. The initial snow volume
fraction is obtained from the expression of [37] whereb andc are coefficients empirically related to the grain

. (6792 4+ 51.25 expT/259] 900.0% - size and the volume fraction thus

s0 — . ol.Zoex : .

’ P ’ b = 0.898(gs/my) ~>716 (7a)
wherel’ is obtained from (3) and converted to degrees Celsius. ¢ =1.060(gs/my) =913, (7b)

[34] suggest that under several conditions, especially in the pres-

ence of strong wind, the density can rapidly increase within tif@r (7a) the R fit is 0.98, and for (7b) the Ris 0.83 lending
first few hours. We therefore assume that an initial fast denseasonable confidence to this calibration. Hence, for any grain
fication occurs of 50 kg m? (volume fraction 0.055%), and size and volume fraction predicted by the models, the parame-
this is added to the initial fresh snow density. The maximutersb andc in (6) can be estimated using (7a) and (7b). Then,
density is set to the sum of the fresh snow density plus 250 kging the SSM/l data at Tb19V and Tb37V, a unique snow depth
m~—3 (volume fraction of 0.27%). Thus, the density increasesn be estimated from the predicted DMRT model equation.
through the season in a gentle exponential fashion. This modeOne problem that arises with the application of th&b is

is a gross simplification of reality and in many cases will undethat it is known that at 37 GHz, th&bwill saturate at snow
estimate and overestimate snow density compared with realdgpths of approximately 100 times the wavelength. This can
However, it provides a means of estimating a general “averagelcur at between 50 and 100 cm of snow depth depending on
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Volume Fraction =20 % (180 kg m®)

100 - The saturation temperature AfT'b for a given grain size and

O Grainrad 0.3 mm volume fraction is represented astK. Again the R is high
Q Grainrad 0.4 mm at 0.96 lending confidence to this parameterization. The check
rainrad 0.5mm — gn _ 45 ATE + 0.57ATb . .
801 o Grainrad 0.6 mm 2 - 0.99 ensures that the brightness temperatures from the instrument
are used only within the range of the calibration of the DMRT
SD =006 ATE + 0.354Th model; if ATb is greater tharatK thensatK is substituted for
, ;Jojz 03ATE?+0.19ATb the ATb in (6).
22099 The approach developed here is a simplified estimation of
DMRT modelATb—snow depth curves. Rather than matching
DMRT model estimated brightness temperature profiles with
SSM/I brightness temperatures for a well-constrained set of
SD =0.02 ATE +0.1784ATh snowpack parameters (as described in [38]), we use the DMRT
Rf=0.09 model in a deterministic way. Clearly, generalizations about
0 s 10 .5 2 25 2 2 10 the snowpack condition and its evolution are made which at an
Volume Fraction =30 % (270 kg m™) instance or location may or may not be valid. It also uses one
1007 realization of the DMRT model based on specific assumptions.
901 SD=07;2A_T§29;2 12T P However, this empirical approach precludes the need for
B Grain Rad 0.5 mm detailed local meteorological data to drive a snow model and
Grain Rad 0.6 mm can be applied in a wide geographical context.
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SD=0.26ATB®+0.65ATb
R%=0.99

SD=0.11 ATE® + 0.284T E. Inclusion of Snowpack History in Snow Depth Estimation
R*=0.99

D= 006 ATER + 0.20ATh The methodology de_scribed earlier is implemented to proyiQe
R =099 an “instantaneous” daily snow depth estimate. However, it is
evident that in many instances, passive microwave brightness
temperatures can vary as the average snowpack physical condi-
tions within a footprint vary. For example, melt/refreeze events
can alter the brightness temperature profile over a short time;
, , , , the scattering may become reduced, or it may be enhanced by
0 5 10 15 20 25 30 3 40 these events depending on the spatial extent. Fig. 4 shows the
TP19V - o3V K time series ofATh for the station in Russia. The short-term,
Volume Fraction = 40% (360 kg m™) high-magnitude fluctuations are especially prominent at the end
fsp=251 ZATBQ+2~29A“’ of the winter seasons when the pack undergoes strong melt/re-
R°=0.99 . .
freeze processes. Since the grain growth model does not account
1 9 =126 AT8 +062aTh for such events, it is necessary to use the immediate history of
A7 =0.99 the snow depth estimates to smooth the instantaneous estimates.
2 . . . . . .
D=°~g§ f;ig:j%“b This implies that an estimate of snow depth is related to its re-
o cent history; an assumption that is not dissimilar to conditions
D=o.252ATBZ+o.35ATb found in natural snowpacks. Fig. 4 also shows the ten-day run-
A7 =029 O Grain rad 0.3 mm ning standard deviation of the estimated snow depth immedi-
© Grain rad 0.4 mm ately preceding the estimate. The spikes in these data are es-
A Grainrad 0.5 mm . . .
© Grain rad 0.6 mm pecially evident at the end of the season when the pack is un-
dergoing rapid thermal changes. To overcome this problem a
five-day Gaussian weighted mean filter was applied as described
by Holloway [39]. If the standard deviation for the five days is
p . 10 s 2 2 0 o 20 Ierge, then the filtered mean is v.velg.hted more evenly over the
Th19V - Th87V [K] five days. If the standard deviation is small, then the mean is
weighted more from most recent estimates. This filter has an
Fig. 3. Inverted DMRT relationships between brightness temperatu?éjvama(-:]e over a elmple runnln_g mean in that it retains better
differences (Tb19V-Th37V) and snow depth for three volume fractions of 20%he phase of the time series. Fig. 5 shows the smoothed esti-
30%, and 40%. The curves represent the relationships for a range of moderatgted snow depth for the 1992—-1995 dataset for the Russian
sized snow grains. The’Rvalues refer to the polynomial fits calculated using . The i d | | d h
the least squares criterion. station. The instantaneous data are also plotted on the curve so
that the effect of this filter can be seen. The smoothed snow

the grain size and volume fraction components (as illustrated]gPth data show a reduction of the high frequency fluctuations
Fig. 2). Hence, we set limits for this threshold based on the fdf1at are more related to changes in the snowpack physical con-

lowing linear regression relation derived from the DMRT simditions rather than variations in snow depth. .
ulation in Fig. 3: In summary, the algorithm is a combination of an empirical

grain radius growth model and a densification model that are
satK = 15.09(gs/mv) — 5.79 [K] . (8) used to parameterize a constrained DMRT model suite of
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snhow depth estimates from brightness temperature differentlest each SSM/I estimate at 2525 km was equivalent in scale
observed by the passive microwave instrument (in this casethe point observation of snow depth on the ground. In ad-
the SSM/I). Instantaneous values are then smoothed basedlition to the dynamic algorithm developed here, the algorithm
the preceding snow depth history. Fig. 6 shows an exampled#scribed in [13] was implemented and both passive microwave
the algorithm applied to the 2000-2001 data with three finedethods were compared to determine whether an improvement
smoothed estimates of global snow cover at the start, middising the dynamic grain growth algorithm could be detected.
and end of the snow season. Consistency is found especiallfFat the 1992—-1995 period, only complete winter season datasets
high latitudes where the snowpack tends to be the most stableere used (i.e., data comprising the 1992/1993, 1993/1994, and
1994/1995 seasons), since for the incomplete seasons, the dy-
namic model could not be initialized adequately. A subtle dif-
ference between SSM/I data used in these two datasets is also
The dynamic algorithm was applied to data at each stationrioted. For the 1992—-1995 data, the SSM/I data were averaged
the 1992-1995 WMO-GTS period and for the 2000—-2001 paround each meteorological station location such that the SSM/I
riod, which had 90 snow days between December and April (ibhannel values used were the result oba3pixel average. This
clusive) that were used for validation in order to ensure that temvas done in the initial data preparation stages prior to the data
porally coherent snowpacks were tested. Estimated snow delp#fing released, and we had no control over the process. In fact, it
values were compared with observations made on the grous@xpected that the smoothing process might enhance the scat-
at each station and only ground measured snow depths gretgeng signal( ATb) by lowering the meafb at 37 GHz rela-
than 3 cm were used in the comparison because microwavetiee to 19 GHz on account of the greater spatial resolution at the
sponse to thinner snowpacks at 37 GHz is negligible. The coBi# GHz. The smoothing was not performed for the 2000-2001
parison was on a pixelwise basis and an assumption was mddtaset.

V. TESTING THEALGORITHM
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Fig. 6. Example of the dynamic snow depth estimation algorithm for start middle and end of the 2000-2001 winter season.

TABLE I
GLOBAL MEAN SNOW DEPTH (SD) ERROR STATISTICS FROM THE IMPLEMENTATION OF THE STATIC AND DYNAMIC ALGORITHMS TO THE 1992—-1995
NORTHERN HEMISPHERESTATION DATA

Standard errors (cm) Total Mean Relative Errors (%)
RMSE ME MAE Ave. Mode Median St. Max. Mean
Metric Dev. SD max.
SD
Static 14.5 -5.9 9.8 79.1 61.0 58.5 37.5 137.0 40.7
Dynamic 20.5 -5.7 17.6 94.0 44.0 66.2 92.3 137.0 40.7
TABLE Il

GLOBAL MEAN SNOW DEPTH (SD) ERROR STATISTICS FROM THE IMPLEMENTATION OF THE STATIC AND DYNAMIC ALGORITHMS TO THE2000-2001
NORTHERN HEMISPHERE STATION DATA

Standard errors (cm) Total Mean Relative Errors (%)
RMSE ME MAE Ave. Mode Median St. Max. Mean
Metric Dev. SD max.
SD
Static 18.5 -10.5 16.3 77.0 60.7 65.6 60.5 160.0 49.2
Dynamic 23.1 -1.7 19.7 131.4 78.4 74.5 154.8 160.0 49.2

One key problem with the ground observations of snow depthTables Il and Il give the results for the error statistics. The
was that of quality control. For the 1992—-1995 period, each pfetrics used in the comparison between estimated and mea-
the 100 station time series were scrutinized and for obvious sired snow depth were the root-mean-squared error (RMSE)
rors and anomalies, thus reducing the number of stations to f@ometimes termed the standard error), the mean absolute error
For the 2000-2001 data, this was not practical, as there w€WAE), and the mean error (ME). RMSE, ME, and MAE were
sometimes more than 1000 stations available for use. Thus, domputed for each station for the 1992—-1995 time series and for
this dataset, the snow depth data were smoothed automaticaigh station for the 2000—2001 series. Also, for each season,
from the surrounding values using a sigma filter. If the gaugeean relative error statistics were calculated for each station.
estimate was greater than one standard deviation from the me&ais metric is the difference between measured and estimated
of the surrounding four snow depth measurements, then $mow depth expressed as a percentage of the measured snow
average of the four was used and the original value was diepth. Then, the global seasonal average, median, mode, and
carded; otherwise the original value was used. In addition, ordtandard deviation of station mean relative errors was calcu-
gauge data that were located away from large water bodies (elated.
oceans and lakes) and mountainous terrain were used in the veffhe dynamic retrieval algorithm developed in this paper
ification stage. For the former surface type, the emissivity effeshows no improvement in RMSE over the static algorithm for
of water in a mixed land/water pixel often produces anomalotise 1992-1995 dataset. However, the ME is slightly closer to
responses. In the case of mountainous terrain, complex brigtgro than the static ME, although the MAE is worse than the
ness temperature responses are often observed on account cftdtee algorithm (17.6 and 9.8 cm, respectively). These results
snow being observed at multiple viewing angles. are disappointing with little or no improvement overall in
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the dynamic algorithm apparent from these metrics. Howevi %0 | o static RMSE

inspection of the mean relative error statistics shows that ther g0 | X Dynamic MAE
a definite skew in the performance of the dynamic algorithm i ‘
represented by the station statistics. The mean global seast g -
average relative error of the dynamic algorithm is 94.09E
while the mode is 44.0% and the median 66.2%. There g 70 -
clearly a skew in the data, suggesting that a few stations g ;
exerting a strong bias on the global seasonal means. T% 60 1
is why the average relative errors are high and the standig
deviations high (and the RMSE value is abnormally Iarge§ ‘
If comparisons are made between the mode and the mecg 4o -
relative errors, there is better agreement between the static 3 ‘
dynamic algorithms. To indicate the range of snow depth
for which these errors are found, the last two columns
Table Il give the absolute maximum station snow depth ai
the average station maximum snow depth. The minimumsnc
depth is 3 cm. iy
Fig. 7 shows a plot of the variation in global seasonal a 0+ ; , ; ‘ ‘ -
erage per station RMSE in the 1992-1995 dataset. Both al 0 10 20 30 40 5 60 70 80 90 100
rithm RMSE values are plotted as a function of mean seaso..... Annual average snow depth (cm)
snow depth measured at each station. For best results, one would
expect the RMSE values to remain low over the full range @g 7. Variation in RMSE for static and dynamic snow depth algorithms as a
snow depths. However, in both cases, the RMSE increases witisten of mean station snow depth over the three-year period.
increased snow depth. One possible reason for this increase
in error with increased snow depth is that the microwave réie measured seasonal average. It is also noteworthy that com-
sponse saturates generally at snow depths greater betweepd®@d with the static algorithm ME, the dynamic algorithm ME
and 100 cm (depending on density and grain size). Since fheloser to 0 cm by over 8.8 cm; the dynamic algorithm on av-
DMRT model implementation is calibrated to account for saerage tends to underestimate the snow depth less than the static
uration, if the measured snow depth is greater than the satuabgorithm. This seems to be a significant improvement. Again,
tion threshold, errors will result. Therefore, further developmettiere are several locations in the comparison that are signifi-
of the dynamic algorithm should focus on scattering signals @dntly biasing the results for the dynamic model as shown by
lower frequencies that do not saturate until the snow is thickéine average, mode and median total mean relative error statis-
Another possibility for the trend in Fig. 7 is that the gaugécs. Further analysis of these locations is required and data from
snow depth data are not spatially representative of the SSMther winters are being examined to determine the variability of
footprint, especially when the snow depth is large. Local-scaleese outcomes.
snow spatial variability studies at the passive microwave foot-In an effort to determine whether any geographical biases
print scale will help to clarify this issue. in the data are present, Fig. 9 shows the average seasonal
Fig. 8 shows an example of two snow maps for the FebruaME values for the Northern Hemisphere for both algorithms.
10, 2001 in the Northern Hemisphere using the static and dihe contour lines are lines of equal ME with the red isolines
namic algorithms. Microwave data observed before 14:00 loaapresenting snow depth overestimation and the light and dark
time were used, which explains the improved coverage at higlidue isolines representing underestimation. Yellow represents
latitudes and the reduced coverage at lower latitudes. The spatialan errors close to zero (or little bias). The underestimation
distributions of snow depth are similar except that the dynamit the static model is evident especially in the Eurasian boreal
algorithm estimates shallower snowpacks in general around theest areas with a large swath of light to midblue isolines
Northern Hemisphere. Table 11l shows the error statistics froextending from eastern Europe to Siberia. To the south of this
the comparison between estimated and measured snow deptlafer, the algorithm does reasonably well with an average zero
the 2000-2001 winter season. For this case study, the RMBIE (yellow isoline). In northeast Asia, the algorithm tends to
values are greater for both algorithms than for the 1992—190@6derestimate the snow depth by between 0 and 30 cm, and in
dataset. There are many more stations used in this analysis aodheast Canadathereissignificantsnowdepthunderestimation.
on some days over 1000 gauges recordings taken. While ftee dynamic model, however, does not underestimate snow
RMSE for the dynamic algorithm again is greater than the statlepth over such a large area as the static model especially in
algorithm, the ME of the dynamic algorithm is 8.8 cm bettecentral Siberia and northeast Canada. In addition, it tends to
than the ME of the static algorithm. It is interesting to noteverestimate snow depth in the marginal southern areas by
that the global average seasonal snow depth measured abetiveen 10 and 30 cm. In central-north and northeast Asia
WMO-GTS stations used in the comparison is 25.5 cm, whitee dynamic model underestimates the snow depth but by less
the average estimated global snow depth from the static alglean the static model. This is probably caused by the lack of
rithm is 14.4 cm. The global average seasonal snow depth fmcount made by the dynamic model of forest cover, which
the dynamic algorithm is 24.4 cm, which is remarkably close ie known to affect passive microwave radiation. These results
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Fig. 8. Comparison of snow depth for 10 January 2001 estimated using the static and dynamic algorithms.
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Fig. 9. Contour maps of the average seasonal errors for 2000-2001 winter season for the static and dynamic snow depth algorithms. Contoemirieesepres
of equal over- or underestimation of snow depth.

give some spatiality to the statistics in Table Ill. However,
they point to the need for improvement to the model dynamics

and a need to incorporate information about vegetation coverA dynamic approach to retrieve global snow depth estimation
especially forests. is presented. Compared with static approaches developed in the

VI. CONCLUSION
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past, the dynamic algorithm tends to estimate snow depth with3]
greater RMSE values but lower ME values (bias). These results
are promising, but there is a need for further improvement and4]
refinement to the algorithm especially in terms of identifying
and reducing the elements of the models that contribute to large
errors. The dynamic model builds on original work by Chang [5]
et al.[5], Fosteret al.[13], and Tsanggt al.[38]. In essence, it
adjusts the coefficient in (1) by predicting how the grain size [6]
might vary and how this affects the emission from a snowpack.
In addition, by incorporating a time smoothing function, the
estimates are made temporally dependant. The algorithm caf]
still be improved, however. Refinement is needed to the grain
size and volume fraction evolution models since its empirical [8]
functions are space independent; Sturm and Holmgren [40] have
shown that a seasonal snow cover classification is possible bas
on dominant geographically varying snow climatology. This in-
formation could be used further to improve the parameterization
of (2). In addition, the planned Moderate Resolution Imagingllo]
Spectroradiometer (MODIS) snow albedo product could poten-
tially be of great help with the grain size evolution. A snowpack’sl11]
surface grain size can be related to its albedo and this information
could be very useful especially at the start of the season when
snow grain sizes are critical for the model. Also, the density
model is very simple and needs further refinement to accountf&rlz]
variable changes to snow density. This is more problematic, but
could be addressed using a multisensor approach to determiHgl
more accurately the snow surface thermal environment.

With the availability of AMSR-E data, some of the snow
depth retrieval problems should be reduced. For example, with4]
AMSR-E’s improved spatial resolution, snow detection capabil-
ities ought to improve especially for the identification of shallow [15]
showpacks at the start of the season. Although these early season
packs are not as hydrologically significant as the midseasofg
packs, they can influence the evolutionary characteristics of the
snow, which are important for microwave retrievals. In addition,m]
with AMSR-E’s expanded range of channels at lower frequen*
cies, characterization of the subnivean snow surface should im-
prove, and it is possible that there will be potential for greatef!8]
quantification of selected internal snowpack properties of pack
(especially liquid water content). Finally, the potential for com-
bining snow maps from MODIS with snow depth and SWE re-[1°]
trievals from AMSR-E will make a powerful tool for climate
studies and global water resource management. 200
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