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Abstract— There are multiple existing microwave radiative
transfer models (RTMs) to simulate the brightness tempera-
ture (Tb) of snowpacks. It is still challenging to have consistent
Tb responses from RTMs due to individual physical formulations
of the snowpack scattering process. This article examines three
of the widely-used multi-layer RTMs: 1) the microwave emission
model of layered snowpacks (MEMLS); 2) the dense media radia-
tive transfer based on the quasi-crystalline approximation (QCA)
of Mie scattering of densely packed sticky spheres (DMRT-
QMS); and 3) the Helsinki University of Technology (HUT)
model. Interestingly, these models yield slightly different Tbh
responses when driven by the same physical snowpack properties.
Tb variations, dependent on the choice of RTMs, are then
evaluated to improve the understanding of model differences
in microwave emission from a snowpack. We first perform a
sensitivity study of the Tb predictions from the three RTMs
as a function of snow grain sizes, densities, and depths. While
Thb from all three RTMs decreases with increasing snow grain
sizes, it is found that a scaling factor is required to have the
same amount of Tb attenuation for small grain sizes within the
Rayleigh scattering regime. For larger grain sizes, however, a
scaling coefficient is not enough to match the model outputs due
to the different scattering assumptions of the RTMs. For a single
snow layer with increasing snow depths and densities, all three
RTMs exhibit Tb attenuations arising from the increase in path
lengths and optical depths. Further evaluations are conducted by
feeding the three RTMs with the output of a snow physics model
driven by in situ weather forcing in a coupled simulation. Outputs
of this coupled model include snowpack physical properties and
Tbs. By using snow stratigraphy observations, another set of Th
simulation is also conducted with RTMs driven by in situ snowpit
observations. The snow physics outputs from the coupled case
are compared against in situ snow stratigraphy observations.
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And both Tb simulations are compared against ground-based
microwave observations from the European Space Agency (ESA)
Nordic Snow Radar Experiment (NoSREx) 2009-2012. For three
consecutive years, the in situ driven Tbs have 21.0-K root-
mean-squared error (RMSE) while the coupled simulations have
24.7-K RMSE. However, after isolating the dry snmow period
and excluding diurnal melting snow conditions, 12.2- and 6.3-K
RMSEs are achieved from in situ and coupled cases, respectively,
in the 2011 water year.

Index Terms— Correlation length, dense media radiative trans-
fer based on the quasi-crystalline approximation (QCA) of
Mie scattering of densely packed sticky spheres (DMRT-QMS),
grain size, Helsinki University of Technology (HUT), microwave
emission model of layered snowpacks (MEMLS), Nordic Snow
Radar Experiment (NoSREXx), snow density.

I. INTRODUCTION

N MICROWAVE earth remote sensing retrieval algorithms

that employ data assimilation (DA), radiative transfer mod-
els (RTMs) play an essential role [1]. In such DA retrieval
frameworks, the RTM simulates microwave signals from earth
and enhances the predictability of atmospheric profiles [2]
and earth surface variables, such as vegetation [3] and ter-
restrial snow [4]. Retrieval algorithms for terrestrial snow
using microwave remote sensing have been advanced signif-
icantly, since the pioneering launch of the scanning multi-
channel microwave radiometer (SMMR) [5]. For spaceborne
observations, the microwave frequencies utilized are typically
from 1 to 100 GHz, isolated in several frequency windows
where the atmosphere is relatively transparent to microwave.
At these frequencies, the brightness temperature (Tb) is an
observable related to the amount of microwave emission
from the snowpack. In general, the upward emission from
soil is attenuated by the snow layers due to the scattering
inside the snowpack while the emission from the snowpack
contributes to the upward emission. Microwave scattering and
absorption in the snowpack are controlled by the physical
parameters of stratified snow, including the snow temperature,
density, depth, grain size, and liquid water content in each
layer [6]. To invert snowpack parameters from Tb observations
at microwave frequencies, RTM forward simulations utilize a
set of dielectric mixing and scattering models of the snowpack
physical properties. Here, the dielectric mixing models [7] and
the scattering behaviors of snow [8] are determined by the
structure of ice particles, air, and liquid water in the snowpack.
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Fig. 1. (Top) Terrestrial snow retrieval by comparing Tb simulations against
Tb observations. (Bottom) Schematic of air-snow-soil layers together with an
illustration of microwave interaction with the layers [modified from 18 (Left)
and 19 (Right)].

Thus, the choices of RTMs are one of the contributing factors
to accurately simulate microwave signatures from a snowpack.

In this article, we consider two options of driving an RTM
using snowpack profiles: 1) driven by the purely in situ snow
stratigraphy and 2) driven by the snow profiles predicted
by a snow physics model [10]. The snow physics model
method requires a meteorological forcing data set with air
temperature, precipitation, wind speed, relative humidity, and
solar radiation at each time step. Using snowpack profiles
as an input, the RTM then predicts the microwave Tb by
solving radiative transfer equations to account for microwave
interactions within the snowpack [10], [11]. The first option
is useful for identifying error sources within the RTM while
the second option has the potential to be applied in DA.
A DA framework for retrieving snow parameters from pas-
sive microwave observations involves comparing simulated
Tb and observed Tb and minimizing Tb differences using
various statistical methods. The retrieval relies on the snow
physical models to estimate the state variables of snowpacks.
Fig. 1 (top) shows this retrieval approach [12].

This article focuses on the intercomparison of three RTMs,
as shown in Fig. 1 (top): 1) the microwave emission model
of layered snowpacks (MEMLS [12], [13]); 2) the dense
media radiative transfer based on the quasi-crystalline approx-
imation (QCA) of Mie scattering of densely packed sticky
spheres (DMRT-QMS [14]); and 3) the Helsinki University of
Technology (HUT [15]) model. The detailed descriptions of
each RTM are in Section II-B. Tedesco and Kim [16] have
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conducted an intercomparison of four RTMs by using the
single snow layer simulations. This article extends the RTM
intercomparisons by using controlled sets of snow inputs and
model-based RTM simulations applied to the actual snow data
set, along with the single and multi-snow layer formulations.

In particular, Lowe and Picard (2015) [19] attempted to
evaluate scattering coefficients of both MEMLS and DMRT-
ML (an implementation of DMRT-QCA with coherent poten-
tial approximation). Assuming sticky hard snow spheres, they
concluded that MEMLS-IBA (by using an improved-born
approximation [13]) and DMRT-ML predict identical behav-
iors of scattering, and established a quantitative relationship
between the grain radius of the sticky-hard-sphere (SHS in
DMRT) and the correlation length in MEMLS to predict
the similar scattering behavior. This analysis of scattering
behaviors based on different RTMs is analogous to an imple-
mentation of a Fourier Transform of the correlation function
in MEMLS [13] and an alternative calculation through QCA
approximation in DMRT-QMS. Royer ef al. [20] also exam-
ined DMRT-ML [19], [21], DMRT-QMS [14], HUT [15], and
MEMLS [12], [13] to examine snow grain size scaling issues,
and provided conversion rules for the grain sizes used in each
model. The specific surface area (SSA) was recommended
as a more objective quantity for snow grain size description,
ready to be converted into specific snow grain variables for
each RTM.

By considering the importance of snow microstructure
with respect to microwave signatures, there have been many
recent attempts to describe the impacts of snow grain size
in RTMs. MEMLS and HUT model comparisons conducted
by Pan et al. [22] showed overestimation of scattering coef-
ficients in HUT. This overestimation leads to an underesti-
mation of Tb for deep snow in HUT. Intensive validation
experiments were performed, including Sodankyld Finland,
Churchill Canada, and Colorado USA. The Nordic Snow
Radar Experiment (NoSREx) data sets are used to validate
the RTMs. Sandells et al. [23] conducted another compre-
hensive intercomparison of the three RTMs (HUT, MEMLS,
and DMRT-QMS) within a consistent snow modeling frame-
work. By comparing the compatibility between snow model
microstructures and microwave emission models, the optimal
scaling factors were determined. This article demonstrates it
is essential to parameterize snow microstructures, which leads
to improvement in microwave emission models.

This article not only extends the long-term efforts
and methodologies for snow dielectric and scattering
studies [6]-[8] but also tries to improve microwave forward
model algorithms, and it therefore reports comprehensive
results from both controlled and coupled simulations, which
directly relate snow physical properties with the passive
microwave signatures.

Both physical and electromagnetic representations of the
air-snow-soil layers are conceptually shown in Fig. 1 (bottom).
One objective of this article is: 1) to find a suitable treatment
of forward modeling parameters by evaluating differences in
existing RTMs driven by gradually changing snow physi-
cal properties. This article first conducts several controlled
RTM-only experiments to compare the Tb responses of the
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three RTMs to gradual changes in snow physical parame-
ters, such as the snow grain size, snow density, and snow
depth, which are the main drivers of snow physical properties
regardless of RTMs; 2) to determine what dominates Tb
from the snow physics model driven by a weather forcing
data set; and 3) to quantify Tb uncertainties associated with
temporal changes of the snow water equivalent (SWE) during
the entire water year. To achieve the second and third goals,
coupled and in situ driven Tb simulations are conducted
based on meteorological forcing data sets and ground-truth
snowpit observations from NoSREx. Both Tb simulations are
compared against the ground-based microwave observations at
NoSREx to evaluate Tb uncertainties during the evolution of
the SWE.

This article is organized as follows. Section II first addresses
a summary of critical issues in the role of snow microstructure
toward microwave observations, then describes three RTMs
in detail, and the setup of Tb sensitivity tests and coupled
evaluations. Section II also includes the description of the
validation data sets extracted from NOSREXx, such as the
meteorological forcing data set, and in situ snowpit measure-
ments. Results from the controlled experiments of all three
RTMs are described in Section III. Section IV demonstrates a
set of realistic simulations of snowpacks and associated Tbs
conducted by coupling each RTM with the multi-layered snow
physics model and with in sifu snow stratigraphy observations.
The snow physics model is here driven by the observed
atmospheric forcing, and the results are validated against
NoSREx Tb observations. Finally, summaries and recommen-
dations are presented in Section V regarding the RTMs both in
the controlled and the coupled/in situ driven Tb simulations.

II. METHODOLOGIES

A. Snow Microstructure: Coupling Snow Physics
Model With RTMs

Snow grain size has been identified as the most critical
microstructure parameter related to microwave forward model-
ing. However, each RTM uses different methods to represent
snow grain sizes. In MEMLS, snow is treated as a random
media, and a two-point correlation function is chosen to
characterize the two-component random media, ice and air.
In practice, the two-point correlation function is characterized
by a correlation length, p.. HUT, being more empirical,
defines an “equivalent grain size” of the snowpack that is either
related to the “visual grain size” (Dpax) or the “optical grain
size” (D,) through regression training. The physical model
of QCA, as adopted in DMRT-QMS, is a discrete scattering
model that utilizes SHSs to represent the ice grains in the
snowpack. An SHS is defined by two parameters: a grain
diameter, D, and a stickiness parameter, 7,. D, is also a
length-scale equivalent parameter, and it is typically perceived
that D, < Dy < Dpax. Tg on the other hand, characterizes the
tendency of individual grains aggregating to form clusters.

Field observation techniques to characterize snow
microstructure have significantly advanced over the years. The
original eyeball estimation of Dp,x against a gridded board
approach has been replaced by more objective and rigorous

measurement of the SSA, which directly relates to the
optical grain size (D,). Micro-computer X-ray tomography
(micro-CT) can also be applied to obtain the microstructure
of snowpack directly, from which the correlation function can
be readily derived. Even with technological advances, it is
still challenging to quantitatively apply the snow grain size
into a microwave RTM framework.

With an effort to intercompare these individual snow grain
parameters in an RTM, Mitzler [24] comprehensively summa-
rizes the relationship among p., Detfc, and D,. By assuming
a spherical grain size type, we choose to use Def. instead
of Dmax (equal to Degr), and D, (here, equal to Desc). The
correlation length, p. for MEMLS can be calculated from D,
by using Montpetit e al. [25] and Mitzler [24]

De=2/3- (Ps/pwater) - D, (1)

where ps and pyaer are snow and water densities in g/cm3,
respectively, and p. is the correlation length in mm.

On the other hand, despite substantial efforts in developing
microwave forward models for snowpacks, choosing an RTM
for terrestrial snow remote sensing requires special care.
Changes in snow physical variables such as the snow grain
size, density, and depth all lead to Tb variations. Retrievals
of one parameter are thus strongly dependent on the accurate
estimation of other critical parameters.

Durand et al. [26] address the sensitivities of changes in
critical snow parameters inverted from passive microwave
snow remote sensing observations. With prior estimates
of snowpack properties simulated by a land surface
model, the snow depth bias is shown to decrease from
—53 to —7.3 cm. To reduce the large uncertainties
associated with changes in snowpack physical properties,
Wiesmann et al. [27] introduced the idea of coupling the
snow physics model with an RTM; and Langlois et al. [9],
Wiesmann et al. [27], and Kang and Barros [28] also demon-
strated coupled model results. The potential to use a coupled
model as a remote sensing forward operator can thus be
explored by dynamically relating the microwave radiometric
properties to snow physical properties. Kontu et al. [29] also
addressed a coupled snow hydrology model with HUT to
evaluate the effects of modeled grain size parameters on
passive microwave behaviors of the snowpack.

B. Three RTMs: MEMLS, HUT, and DMRT-QMS

MEMLS [12], [13] was developed to simulate Tb from a
multi-layered snowpack. Using six-flux theory, MEMLS con-
siders multiple scattering and absorption, including radiation
trapping due to internal total reflections and combinations of
coherent and incoherent reflections between layer interfaces.
MEMLS initially determines scattering coefficients empiri-
cally, and then the IBA was adopted to determine scattering
coefficients for large snow grain sizes [13].

The HUT snow emission model is a radiative transfer-based
semiempirical model of snowpack emission that assumes
a multi-layered snowpack. Each layer of the snowpack
is characterized by the depth, temperature, effective grain
size, and density of snow. The HUT was initially devel-
oped assuming a single snow layer, before the Finnish
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Meteorological Institute (FMI) adapted it for multi-layer
snowpacks [15], [29], [30]. The impedance of each layer and
the boundary reflectivities are used to solve for the microwave
intensity within each snow layer. In addition to the snowpack
itself, forest and mixed-scene corrections are included in the
HUT model, and thus, it allows comparing simulated Tb with
Tb observations from airborne or satellite microwave sensors.

DMRT-QMS is a physical model, based on analytically
solving multiple scattering among densely packed sticky
spheres using the quasi-crystalline approximation (QCA).
It provides a wide range of frequency and size dependences
of the scattering coefficients, and predicts moderate forward
scattering patterns, depending on the physical parameters
of the snowpack. Such a physical approach is valid over
a wider range of regimes than empirical models. DMRT-
QMS has undergone over 15 years of development and tests
since Tsang et al. [14] to represent the microwave scattering
behavior of random media such as snow. In DMRT-QMS,
the radiative transfer equation is solved using the discrete coor-
dinate method with eigenvalue analysis. It considers detailed
scattering patterns and includes multiple scattering among
particles and multiple reflections among layers. Specifically,
DMRT-QMS has a robust treatment of microwave scattering
behavior. The phase matrix is used to couple the scattering
from one incidence direction to all the scattering directions,
and it is controlled by the grain size, the stickiness parameter,
and the ice volume fraction of snow. The DMRT-QMS predicts
both Tbs and backscattering coefficients from the snowpack
and; therefore, it is applicable to both active and passive
microwave snow remote sensing. Combined active and passive
observations are expected to reduce ambiguities in SWE
retrievals.

C. Two Experimental Setups: Controlled Versus Realistic

We describe two types of experiments: “controlled” and
“realistic.” The controlled experiments are designed to eval-
uate different Tb responses as a function of the three main
parameters: snow grain size, density, and depth. With other
snow inputs held constant, the effects of each of these three
parameters were systematically examined. For the realistic
experiments, a snow physics model forced by weather provides
inputs for RTM simulations. Thus, these two experiment setups
are aimed at evaluating the sensitivity of RTMs to snowpack
physical properties.

Table I summarizes the snow inputs used in the three RTMs.
HUT and DMRT-QMS represent the underlying soil beneath
the snowpack with soil relative permittivity and roughness
while MEMLS does not consider the effect of the soil bound-
ary. A coupled simulation is achieved by relating the three
RTMs to a snow physics model. One of the unique elements
of the coupled experiments is to provide direct comparisons
of simulated and observed Tbs. The Tb outputs from the
three RTMs are compared against the SodRad, ground-based
radiometer measurements deployed in NoSREx. This coupled
model practice is therefore useful to identify snow physics
parameters most critical to Tb simulations, which are dynam-
ically and individually driven by weather forcing data set.

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

TABLE I

SNOWPACK PHYSICAL PROPERTIES TO DRIVE MEMLS,
HUT, AND DMRT-QMS

MEMLS HUT DMRT-QMS
Layer
Temperature | [K] [°C] K]
N/A (dry snow)
but now
Liquid updated  with
Water volume in | new
Content volume fraction | percent implementation
Density [kg/m?] [g/cm?] [g/cm?]
[mm] for
SWE
using
Density
Depth [cm] and Depth | [cm]
Effective
Grain
Size, Dgfﬁ
[mm],
Degge =
1.5 '1 5(1'_ Optical Grain
Corr. Length, p. g(p(' ’ Size Dy [cm]
Snow Grain | [mm], p. = D’”‘” 3(())r and Stickiness
Size 2/3(ps/pwater) Do 32"]) [30, Parameter,

Again, the realistic Tb simulation is also driven by in situ
snowpit measurements from NoSREXx.

D. Field Campaign Data Set: Nordic Snow Radar
Experiment 2009-2012

The following description of NoSREx is extracted from
the European Space Agency (ESA) report [32] and included
here for completeness. Sponsored by ESA for the remote
sensing retrieval of terrestrial snow, the NoSREX is undertaken
to evaluate passive and active microwave observations on a
large range of snowpack conditions in Sodankyld, Finland.
The project is ultimately aimed at a future remote sens-
ing mission observing terrestrial snow and ice to quantify
cold region hydrological processes. A series of efforts were
conducted as a part of Phase A studies for the ESA cold
regions hydrology high-resolution observatory (CoReH20),
a dual-frequency synthetic aperture radar (SAR) satellite mis-
sion concept. The intensive observation area (IOA) hosted
three ground-based microwave sensors including SnowScat,
Elbara-II, and SodRad. SnowScat is a frequency scanning
scatterometer operating from X-band to Ku-band (10.2, 13.3,
and 16.7GHz); Elbara-II is a radiometer operating at L-band
(1.4 GHz); SodRad is another radiometer operating from
X-band through W-band (10.65, 18.7, 36.5, and 90 GHz).
In the same location, in sifu snow stratigraphy and soil sam-
plings were coincidently and extensively conducted including
manual snowpits at the Sodankyld site and snow surveys in a
larger area, plus traditional automated snowpack sensors and
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ground/classical meteorological observations. The campaigns
also evaluated diurnal cycles in snow microwave properties,
snow microstructure, grain size, and stratigraphy.

III. CONTROLLED RTM EXPERIMENTS

The Tb results are reported in this section only at 36.5 GHz.
For the controlled RTM experiments, a single layer snowpack
is assumed for the simplicity of the snowpack representations.
Then, the Tb results are intercompared among the three RTMs.
Only one of the three snow parameters, snow grain size,
density, and depth are varied with all other snow inputs held
constant. Below is the summary of the controlled experiment
results for varying grain size, density, and depth, respectively.

A. Tb as a Function of Snow Grain Size

In our simulation of the Tb variation versus snow grain size,
we choose the optical grain size D, and/or Degfe assuming
it is equal to D,, as a representation of the snow grain
size, and applied three scaling factors, a, £, and y, relating
to the grain size characterizations in MEMLS, HUT, and
DMRT-QMS, respectively: for MEMLS, p. = ap(c), where
p? = (2/3)(1 — (ps/pice)) Do is from Pan [22] relation to link
the correlation length with the optical grain size; for HUT,
Dmax = BD,; and for DMRT-QMS, D, = y D,, while we
fix the stickiness parameter 7, = 0.1 so that we only vary
one parameter D, to control the microstructure. We choose
these scaling factors such that the three RTMs predict similar
Tb attenuations for small grain sizes less than 1 mm when
absorption and Rayleigh scattering dominate. The adopted
values are o = 1.8, f = 1.0, and y = 0.4 to fit the same
Tb values of three RTMs until 1-mm snow grain size. This
lays the basis for further intercomparisons, and these values
are kept unchanged both for the controlled and coupled RTM
simulations throughout this study.

In Fig. 2, the Tbs are plotted as a function of Def., and the
results are intercompared among MEMLS, HUT, and DMRT-
QMS. The single snow layer has a 30 cm depth, 250 kg/m?
density, and 263-K physical temperature. The ground underly-
ing the snowpack has a physical temperature of 273 K, and a
relative permittivity of 6 + i. The observation angle is 53.1°.
Tbs in general decrease with Deff., and all three models predict
very close Tb responses at the lower end of snow grain size
for Detfe < 1 mm (the Rayleigh scattering zone). For the
smallest grain sizes close to zero, the wave interaction inside
the snowpack is governed by absorption rather than scattering.

This similarity in Tb responses reflects the fact that the
three RTMs represent very similar absorption responses. For
larger grain sizes beyond the Rayleigh scattering zone, how-
ever, the Tbs diverge: HUT overestimates Tb when the snow
grain size increases. Such results are consistent with the fact
that HUT assumes a square size dependence of extinction
coefficient while MEMLS-IBA takes a close to cubic size
dependence following the Rayleigh scattering assumption, and
DMRT-QMS is purely physical and capable to predict the
size and frequency dependences that fall in between that of
HUT and MEMLS. Moreover, the DMRT-QMS model predicts
scattering patterns that vary with frequency, stickiness, and
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Fig. 2. (Top) H-pol. TB responses at 36.5 GHz, evaluated by MEMLS, HUT,
and DMRT-QMS with increasing snow effective grain sizes. Fixed parameters:
snow temperature = 263 K, snow effective grain size = 0.0-3.0 mm, snow
depth = 30 cm, density = 200.0 kg/m3, ground relative permittivity = 6 — i
only for HUT, ground temperature = 273 K, and the incidence angle = 53.1°.
(Bottom) Corresponding scattering and absorptions coefficients.

grain sizes. On the other hand, HUT assumes 96% forward
scattering and ignoring the remaining 4% scattered power;
MEMLS assumes close to the Rayleigh dipole scattering
pattern despite adopting the IBA. A plot for the scattering
coefficient supports the Tb underestimation of HUT compared
to MEMLS and DMRT-QMS when increasing snow effective
grain sizes.

B. Tb as a Function of Snow Density

Fig. 3 shows the Tb responses of the three RTMs as the
snow density changes from 100 to 400 kg/m>. The snow depth
is a constant 60 cm (twice as deep as for the sensitivity test of
grain size.). Fig. 3 shows that more extinction occurs as snow
density increases. A slight drop of Tb from DMRT-QMS at
150 kg/m?® can be explained by its nonconventional scattering
behavior versus increasing snow density. Overall, DMRT-QMS
also exhibits the Tb attenuation versus higher density. Com-
pared to the changes in grain size, the absorption coefficient
is more dominant to Tb responses in the case of changes in
snow density.

C. Tb as a Function of Snow Depth

As snow depth increases (here, 1-mm snow grain size
used), Tbs from all three RTMs display a monotonic decrease,
with DMRT-QMS and HUT Tbs following each other closely,
as shown in Fig. 4. These Tb decreases can be explained by
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Fig. 3. (Top) H-pol. Tb responses with increasing snow density at 36.5 GHz,
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snow depth = 60 cm, and the incidence angle = 53.1°. (Bottom) Correspond-
ing scattering and absorptions coefficients.

a monotonic increase of the optical thickness as the snow
depth increases. Here, the decay rate associated with the snow
depth can be obtained from the coefficients of “exp(—7y -
SDer),” “exp(— (ke — ¢2mod - ks)),” and “exp(—y - SD)” for
MEMLS, HUT, and DMRT-QMS, respectively. While Tbs
are almost the same for HUT and DMRT-QMS, the optical
thickness is underestimated in HUT compared to DMRT-QMS,
so that the HUT Tb is higher. This is because the value of
g_mod in yg(/-g_mod) in HUT’s loss term is fixed at 96%.
MEMLS Tb also shows a decreasing rate of change in Tb
attenuation when approaching larger snow depths. Because the
layer transmissivity, ¢ decreases with snow depth, the layer
emissivity, e increases, by conserving the energy associated,
i.e., e+r+t = 1. Interestingly, the layer reflectivity r, is almost
constant regardless of the snow depth, because r = l—e-t
is very close to a single-scattering albedo definition, which
shows that r is independent of the snow depth. This results
in the slightly higher Tb in MEMLS, for larger snow depths.
Constant values for the scattering and absorption coefficients
are found along with the increase in the snow depth.

IV. COUPLED AND IN SITU DRIVEN MODEL SIMULATIONS
USING NOSREX DATA SET

This section covers RTM simulations coupled with a snow
physics model driven by weather forcing. Here, the model is
adopted from [28], and further implementations to handle an
evolution of the snow grain size are included based on [33].
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Fig. 4. (Top) H-pol. Tb responses with increasing snow depth at 36.5 GHz,

evaluated by MEMLS, HUT, and DMRT-QMS. Fixed parameters: effective
snow grain size, Deffe = 1.0 mm, density = 200.0 kg/m3, ground relative
permittivity = 6 — i (only for HUT), ground temperature = 263 K, and the
incidence angle = 53.1°. (Bottom) Corresponding scattering and absorptions
coefficients.

The column-based snow physics model receives weather forc-
ing data set to accumulate a snowpack from the beginning,
divides the snowpack into multi layers, and eventually melts
when the air temperature goes above the melting point. The
micro-structure such as the grain size is partially adopted
from [33]. The weather data from NoSREx was used to
drive all three RTMs simultaneously to produce Tb based on
simulated snowpack physical conditions at each time step. The
three Tb simulations are compared with the tower-mounted
microwave observations, i.e., the ground-based remote sensing
data set from NoSREx, observed by the microwave radiometer
called SodRad. The outputs from the snow physics model are
also compared to the in situ snowpit observations, in the IOA
of NoSREXx in Sodankylid, Finland during Water Years in 2010,
2011, and 2012. Another Tb simulation is made by driving the
RTM (HUT) with in situ snowpit observations, thus forming
two sets of Tb simulations, respectively, from the coupled and
in situ driven cases.

A. Performance of the Snow Physics Model
in the Coupled Case

Fig. 5 shows a three year-overview of snow depth simula-
tions contrasted against the collocated snowpit observations.
The snowpack model outcomes show good prediction per-
formance, properly capturing the evolution of the snowpack
compared against the ground-truth observations of the snow
depth. Both modeled and observed snow start to accumulate in
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Fig. 5. Simulated snow depth validated against the observed snow depth
from October 2009 to September 2012 from NoSREX in Sodankyli, Finland.

November and reach maximum depth in late March. Snowmelt
occurs more rapidly than accumulation, potentially resulting in
high snowmelt-runoff in April and May. In general, the snow
depth simulation has demonstrated the robustness of the snow
physics model in the coupled study.

Another advantage of running the snow physics model in
the coupled case is that snow grain size, an essential input
for certain RTMs, is also simulated. In the snow physics
model, the grain size is primarily controlled by: 1) an initial
size from snowfall and 2) a growth rate thermodynamically
governed by snowpack temperature. The snow grain evolu-
tion in this application adopts the SNOWPACK model from
Lehning et al. [33]

Deffc,_H = Deffc, + Ar- D(/-:ffc, (2)
where
Dy =C A+ 2 A S
= .sp - ex =] .
effe, = G SPe\ AT )P AN\ 35 T T
(3)

Dette is updated with a time step multiplied by the growth
rate defined above where sp the is sphericity (equal to 1),
A1 =59x10"2, Ay =94 x 10717, A3 =2.9 x 10%, and T;
is the snow temperature. Here, C; is defined by an adjustment
factor to fit modeled Tb with observations. In addition to the
equilibrium grain growth metamorphism implemented in (3),
a kinetic growth rate described in [33] is also considered in
this application of the snow physics model by using differences
of each snow layer’s temperature. Because Déffc, is defined
by a rational function in (3), Def itself follows a natural
log (In) function shape with time owing to the integration
of the rational function. Thus, Degre slowly increases in the
beginning, but the grain growth rate asymptotically decreases
to form a logarithmic function. Again, Deft; and Déffc, are
two parameters to describe changes in grain growth rates. For
each Water Year, Table II displays Defte; and Dgg .

Water year 2011 shows higher Defre; compared to the water
year 2010 and 2012. Déffct is also highest in the water year
2011, indicating a steeper increase of Defc. It appears that
the relationship between Tb and the behavior of the observed

TABLE II

ANNUAL INITIAL EFFECTIVE SNOW GRAIN SIZES, THEIR GRAIN GROWTH
RATES, AND THE ADJUSTMENT FACTORS BASED ON SIMULATIONS

Water Year | Dopre, [mm] | D, ffct’ C;
[mm/day]

2010 1.2 0.0014 1.0

2011 1.5 0.0035 2.5

2012 1.0 0.0005 0.4
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Fig. 6. Simulated multi-layered snow grain size evolution with red lines

compared against the IOA snowpit observation (temporally averaged at each
snowpit sampling) for water years 2010, 2011, and 2012. Linear lines are
based on the in situ snowpit observations.

optical grain size is captured well on an annual basis. It follows
that implementations of the snow grain size are essential for
RTM simulations for Tb.

Fig. 6 shows the simulated multi-layered snow grain size
to the in sifu grain observations from the IOA in NoSREx.
The number of snow layers increases from a single layer to
5~6 layers, as snow accumulates. Please note that observed
snowpit observations are vertically averaged at each point of
snow extraction. Thus, Def. also has a multi-layer character
(vertically averaged at each snowpit), as shown in Fig. 6.
The observed snow grain size exhibits wide scatter. Each
water year has a linear line from in situ snow grain size
observations, which represent the grain growth rates associated
with the ground measurements. The first and third water years
well represent the in situ observations from the snow physics
simulations. It is noted that the second year is only represented
with the bottom two layers from the in sifu observations.
The second year indicates more influence from the bottom
layers (above 2 mm of coarse grain size) is identified with
the proper Tb simulation to meet SodRad Tb observations.
This can be explained by the fact that the snow depth is
under 800 mm for the second year compared to the first
and third year. This also indicates a deeper penetration depth
of 36.5 GHz in the second year than the first and third years
due to the shallow snow depth. In the third year, two outliers
are excluded with the red circles. However, the simulations
capture the increasing trend of the observed average grain
sizes. Such increasing grain sizes are accompanied by the
decreasing Tbs shown in Fig. 7.

Fig. 7 shows comparisons between the multi-layered snow
density simulations and snowpit observations. Observed snow
densities are averaged with all of the layers for a snowpit to
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Fig. 8. Simulated Tbs driven by snow physics model outputs at 36.5-GHz
h-pol. from three RTMs, MEMLS, HUT, and DMRT-QMS, compared against
the SodRad Tb observations for water years 2010, 2011, and 2012.

provide one density value at a time. Similar to Fig. 6, the linear
lines are embedded with the in situ observed snow density. The
annual densities from both observations and simulations are
varied from below 100 to almost 400 kg/m3, with a 70% cor-
relation coefficient between them. The model underestimates
snow density when the snowpack reaches a density peak of 400
kg/m3. This might be due to under-estimations of the liquid
water in the snow physics model.

B. Coupling the RTMs With the Snow Physics Model

Fig. 8 shows Tb simulations from the three RTMs driven
by outputs from the snow physics model. Tb observations
from SodRad at NoSREx cover a duration from October 31,
2009 to July 30, 2012 spanning three water years. In general,
Tb peaks observed by SodRad are likewise captured by all
three RTMs. The early peaks are attributed to the presence of
liquid water when snowmelt events occur in December. The
increasing liquid water content in the snowpack increases the
absorption coefficient so that emission (e) from the snowpack
increases during melt events.

Melt-refreeze events often occur and form ice layers/lenses,
resulting in a reduction of Tb. These multi-refreeze events are
seen in model simulations during the early snow season in
October, and also observed by SodRad. Overall, decreasing
Tb trends at 36.5 GHz associated with snow accumulation are
well captured in all three water years. However, average Tb
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Fig. 10. Comparison between Tb simulations both with coupled and in situ
driven against SodRad Tb observations in the water year 2011 along with
winter precipitation. The water year 2011 is divided into periods P1~P4.

attenuation is stronger in the water year 2011, and the highest
Tb is present in water year 2012.

Fig. 9 shows: 1) the coupled Tb (HUT); 2) Tb driven by
in situ snowpit against; and 3) SodRad observations. Both
simulated Tbs 1) and 2) display attenuated behaviors due to
scattering. The comparison is done with a moving average
within 3 h to pair the coupled Tb with in situ driven Tb.
A root-mean-squared error (RMSE) for in situ driven Tb
is 21.0 K possibly due to effects of ice lenses on Tb [25,
Montpetit et al., 2013, 20.5-K RMSE], and the coupled case
Tb RMSE is 24.7 K for all three water years. A difference
of 3.7-K RMSE between in situ driven and coupled Tbs
indicates uncertainties associated with a snow model within
the coupled case. The larger RMSE in the coupled case is
due to significant discrepancies arising from snow-melt at the
start of the accumulation and melt seasons. In particular, Tb is
highly sensitive to the liquid water content, but the timing of
the presence of liquid water can be different between model
simulation and observation. Even a few hours difference in
the timing of the melt can make comparison statistics worse.
The coupled case Tb exhibits more continuous Tb behavior
(hourly time step) compared with SodRad (3-h time step),
the agreement is best during the dry snow periods. In addition,
several gaps of no-observation exist including April 2011 and
after April 2012, thus making comparison statics worse.

Fig. 10 shows a close look between Tb simulations and
observations in the water year 2011. Here, we note that the
coupled Tb simulation is tuned to fit SodRad observations
by adjusting the snow grain sizes described in Fig. 6. Also,
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TABLE III

COMPARISON STATISTICS OF RMSE IN KELVINS FOR RTM SIMULATIONS
DRIVEN BY in situ AND COUPLED METHODS BOTH AGAINST
SodRad TB OBSERVATIONS ALONG WITH THE NUMBER OF
COMPARISON PAIRS IN THE PARENTHESES

RMSE

(K) P1 (1) P2 (3) P3(5) | P4(1)
in-situ 5.6 11.9 12.2 33.7
coupled 13.9 15.2 25.9 (6.3)] 37.9

the grain size scaling factors, « = 1.8, f = 1.0, and y =
0.4 are applied to both the coupled and in situ driven Tb
simulations. This explains the better Tb match of the in sifu Tb
simulations than the coupled case Tb, as shown in Table III.
Section IV-C describes the sensitivity of Tb to snow grain size
in the coupled simulations.

For the water year 2011, the entire snow year is divided into
four temporal periods: P1 through P4. RMSE calculations for
each period are shown in Table III with respect to in situ and
coupled simulations against SodRad Tb observations. During
stage P1, defined as “the initial accumulation period,” SodRad
displays a decrease of Tb from 270 to about 230 K. The
coupled simulation has an RMSE of 13.9 K for this period.
This large RMSE is attributed to snowmelt in a single layer
of the coupled model as seen by the two large Tb changes in
mid-October. The large attenuation of Tb in the coupled case
is also due to overestimation of the reflectivity in a thin snow
layer because the layer reflectivity is inversely proportional to
the depth. It results in a low emissivity and the attenuated Tb.
The RMSE for the in situ simulation is 5.2, but it is based on
a single observation of in situ stratigraphy during P1. In P2,
SodRad experiences a significant Tb drop of about 20 K due to
new snow arrival, seen as precipitation in mid-November 2010.
The coupled simulation Tb did not show a Tb decrease like
the SodRad Tb, while the in situ Tb did decrease slightly.
This is reflected in the RMSE score of 11.9 and 15.2 K for
the in situ and coupled cases. In P3, defined as “the steady
snow accumulation period,” the best comparison statistics are
achieved with 6.3 K in the coupled case when excluding high
peaks indicated by the dotted blue circles. The high peaks
correspond to the moments when the coupled simulations
have higher liquid water content and SodRad did not see the
wetness. However, it is noted that the number of SodRad peaks
at the same time as the blue dots is much smaller than high
Tbs from the coupled simulations. The differences of coupled
and in situ cases versus SodRad are identified by AC and Ai,
whose values are ~80 and ~12 K, respectively. The high Tb
discrepancies, AC (blue circles), can also be attributed to the
3 h observation interval of SodRad measurements. At the end
of the snow accumulation period, (P3), the snowpack meta-
morphoses very fast when the temperature reaches the melting
point. Finally, P4, defined as “the melting season” shows large
jumps in SodRad Tbs and both simulations. Again, slight
differences in the timing of the peaks between simulations and
SodRad observations lead to the worst comparison statistics,
with 33.7 and 37.9 RMSE for the in situ and coupled cases,
respectively. The four temporal divisions of the snow season
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Fig. 11. MEMLS Tb sensitivity with varying grain growth adjustment factor,
Cp of 0.4, 5.2, and 13.2 compared with SodRad Tb. The snow model is set
up with an initial snow grain size of 1.0 mm for three RTMs.
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Fig. 12.  MEMLS Tb sensitivity with varying initial snow grain sizes, D
of 1.0, 0.6, and 1.4 mm compared with SodRad Tb. The snow model is set
up with the same snow grain growth rate of 1.3 mm/h for all three RTMs,
equally applied to Fig. 11.

accommodate better physical explanations of how microwave
signatures are related to the snowpack evolution. It may be
advisable to apply such divisions to SWE retrieval algorithms
to reduce the error caused by different behavior during melt,
accumulation, and refreeze. Thus, the selective application of
the RTM framework driven by the snow physics model (or
by in situ or available snowpit measurements) would improve
SWE retrieval performances based on the microwave volume
scattering approach.

C. Sensitivity to Grain Growth Rate and Initial Grain Size

Fig. 11 shows setting factor C; = 5.2 in (3) properly
fits the simulated grain size evolution with the observed
snow grain size. With smaller or larger factors, snow grain
sizes are underestimated/overestimated, leading to overesti-
mated/underestimated Tbs, respectively. Fig. 12 shows the
contributions to Tb of initial snow grain sizes of 1.0, 0.6,
and 1.4 mm. It also confirms that for this type of grain-
growth-based snow physics model, the initial value of the snow
grain size is the key to accurately simulating Tb during the
snow season. The coupled case RTM simulation performance
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depends on the determination of the initial snow grain size
and the growth rate during the evolution of the snowpack.

V. CONCLUSION

RTMs relate the physical state of snowpack with the
observed microwave Tbs [10], [12]-[15]. This study compares
the performance of three well-known RTMs at 36.5 GHz in
controlled sensitivity experiments and when combined with
a snow physics model to reproduce the observed Tb of a
snowpack. The following are point-by-point findings from this
article and recommendations for future RTM experiments, and
ground-based Tb observations.

1) Scaling factors on the effective snow grain size are
required to match the Tb predictions from the three
RTMs. The scaling factors, a = 1.8, f = 1.0, and
y = 0.4 are valid for small grain sizes less than 1 mm
within the Rayleigh scattering [34] zone for frequencies
at or below 36.5 GHz [23].

2) For larger grain sizes outside the Rayleigh scattering
zone, HUT, in general, predicts higher Tb responses
than MEMLS. This is because HUT has assumed an
empirical power law of extinction coefficients x, on the
grain size a: k, o< a>°. This power coefficient is lower
than what MEMLS predicts at ~2.5. Thus, MEMLS
leads to a steeper decrease in Tb with respect to grain
size without the logarithmic scaling of the grain size.
On the other hand, the DMRT-QMS, based on a physical
scattering model, predicts a power coefficient that varies
with frequency and the stickiness parameter.

3) HUT predicts the largest extinction coefficients and
the highest Tbs for similar grain sizes compared with
MEMLS and DMRT-QMS. This may seem counterin-
tuitive, but it is due to the strong forward scattering
assumed in HUT, where 96% of power is being scattered
forward.

4) The combined snow physics and RTM simulations
[9], [27], [28] utilizing the NoSREx data suggest that
the initial snow grain size and the grain size evolution
curve are effective in simulating Tb against the observed
Tb during the entire snow year. Prior knowledge of
the evolution of snow grain sizes would benefit RTM
simulations in the coupled case. Also, this article shows
the potential of the joint snow-physics and RTM to
reproduce the observed Tb in a continuous time series,
which can serve as foundational work for an optimiza-
tion process to retrieve snow physical properties from
space.

5) The in situ driven Tb performs with an RMSE of 21.0 K
compared to 24.7 K by the coupled case Tb against the
observed SodRad Tb. The difference of 3.7-K RMSE
between in situ and coupled cases is attributed to the
uncertainty associated with a snow physics model when
driven by the external weather forcing. However, after
isolating the snow accumulation period and exclud-
ing snowmelt events, much improved 12.2- and 6.3-K
RMSEs are achieved during the water year 2011 from
in situ and coupled simulations, respectively.
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6) As shown in Fig. 10, when the entire snow year is
divided into four periods, the best performance occurs
during the snow accumulation period P3 with 6.3-K
RMSE using the HUT RTM. Performances during the
other three periods are affected by: surface melt during
P1, continuous snowfall during P2, and diurnal melt
in P4. These individual explanations allow a better
understanding of the RMSE during each period.

7) The peaks and fluctuations [35] of Tbs due to the
melt-refreeze processes are demonstrated in both the
coupled-RTM simulations and the SodRad observations
at NoSREx. The simulation results are more sensitive
to the presence of liquid water than the SodRad obser-
vations (see AC and Ai in Fig. 10), possibly attributed
to the immediate percolation of meltwater in the snow
physics model. The timing of liquid water presence
can be different between model simulation and SodRad
observation because the coupled simulation runs hourly
and the 3-h interval of SodRad observations might be
too sparse to follow fast changes in snow wetness.

Some RTMs (such as the DMRT-QMS) already include
active microwave parameters, such as backscattering coeffi-
cients. Thus, combining passive RTM with active RTM will
facilitate the development of a more robust retrieval algorithm
for terrestrial snow.
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