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ABSTRACT
Because of its location, Canada is particularly affected by snow processes and their impact on the
atmosphere and hydrosphere. Yet, snow mass observations that are ongoing, global, frequent (1–5 days),
and at high enough spatial resolution (kilometer scale) for assimilation within operational prediction
systems are presently not available. Recently, Environment and Climate Change Canada (ECCC)
partnered with the Canadian Space Agency (CSA) to initiate a radar-focused snow mission concept
study to define spaceborne technological solutions to this observational gap. In this context, an
Observing System Simulation Experiment (OSSE) was performed to determine the impact of sensor
configuration, snow water equivalent (SWE) retrieval performance, and snow wet/dry state on snow
analyses from the Canadian Land Data Assimilation System (CaLDAS). The synthetic experiment
shows that snow analyses are strongly sensitive to revisit frequency since more frequent assimilation
leads to a more constrained land surface model. The greatest reduction in spatial (temporal) bias is
from a 1-day revisit frequency with a 91% (93%) improvement. Temporal standard deviation of the error
(STDE) is mostly reduced by a greater retrieval accuracy with a 65% improvement, while a 1-day revisit
reduces the temporal STDE by 66%. The inability to detect SWE under wet snow conditions is particularly impactful during the spring meltdown, with an increase in spatial RMSE of up to 50 mm. Wet
snow does not affect the domain-wide annual maximum SWE nor the timing of end-of-season snowmelt
timing in this case, indicating that radar measurements, although uncertain during melting events, are
very useful in adding skill to snow analyses.

1. Introduction
Denotes content that is immediately available upon publication as open access.
Corresponding author: Camille Garnaud, camille.garnaud@
canada.ca

Snow properties are known to be essential controls on
energy and water exchanges between the land surface
and the atmosphere over a range of scales (e.g., Douville
and Royer 1996; Cohen and Entekhabi 1999; Bonan
2008; Xu and Dirmeyer 2011), particularly in boreal and

DOI: 10.1175/JHM-D-17-0241.1
Ó 2019 American Meteorological Society. For information regarding reuse of this content and general copyright information, consult the AMS Copyright
Policy (www.ametsoc.org/PUBSReuseLicenses).
Unauthenticated | Downloaded 01/09/23 09:19 AM UTC

156

JOURNAL OF HYDROMETEOROLOGY

mountainous regions. Snow cover has been shown to
lower near-surface air temperatures (Foster et al. 1983;
Leathers et al. 1995), resulting in variations in largescale atmospheric circulations (Walland and Simmonds
1996; Cohen et al. 2001), including monsoon climates
(Barnett et al. 1989; Vernekar et al. 1995) and the North
Atlantic Oscillation (Cohen and Saito 2001). Furthermore, with snow’s ability to store water, snowmelt processes are essential to hydrological applications since
they control the timing and amount of snowmelt runoff
and ultimately streamflow (Yang et al. 2003).
Because of its geographical location, Canada is particularly affected by snow processes and their impact on
the atmosphere and hydrosphere. Snow mass observations are thus crucial for quality environmental and hydrological forecasts. In eastern Canada, for example,
1 mm of snow water equivalent (SWE) over the James
Bay territory could amount to CAN $1 million in hydroelectric power production (Brown and Tapsoba 2007).
Given trends in the evolution of operational environmental prediction systems, it is expected that satellite observations sensitive to snow mass at the scale of a
few hundred meters to a couple of kilometers with a
revisit time of 1–5 days are required for quality environmental prediction. In spite of that, snow mass observations that are ongoing, global, frequent (1–5 days),
and at high enough spatial resolution (kilometer scale)
are presently not available for assimilation within operational prediction systems at Environment and Climate Change Canada (ECCC) and other numerical
weather and hydrological prediction centers. Although
essential for some purposes, in situ data tend to be too
sparse. Remote sensing is therefore key for numerical
weather prediction and hydrological forecasting.
Several initiatives have provided the community with
satellite-derived snow mass products, though none have
met ECCC’s requirements (i.e., kilometer-scale resolution, 1–5-day revisit, global and ongoing coverage, wellconstrained uncertainty budgets) as of yet. The National
Oceanic and Atmospheric Administration (NOAA) Polar Operational Environmental Satellites (POES) currently provides global 16-km resolution SWE retrievals
as part of the operational Microwave Surface and Precipitation Products System (MSPPS; Ferraro et al. 2005),
although no product evaluation has been published. An
SWE product was produced for the National Aeronautics
and Space Administration (NASA) Advanced Microwave Scanning Radiometer for Earth Observing System
(AMSR-E) mission (Kelly 2009), but poorly constrained
uncertainty proved a challenge for data assimilation
(DeLannoy et al. 2010). The European Space Agency’s
GlobSnow product combines passive microwave brightness temperatures with in situ observations, generating an
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SWE product at a 25-km resolution (Luojus et al. 2010;
Takala et al. 2011). Larue et al. (2017) have noted limitations in this SWE product’s accuracy, with an
overall relative percentage error that can reach up to
35.9% over Quebec in eastern Canada due to challenges
posed by deep snow, forest vegetation, and wet snow.
The GlobSnow product also masks out alpine regions,
making it unsuitable for global applications.
At the research level, tests were made at ECCC to
evaluate the relative impact of assimilating AMSR-E SWE
retrievals on the snow analyses of the model first guess.
These results (unpublished) showed that the assimilation
of AMSR-E retrievals did not improve snow analyses
when compared to the Open Loop (i.e., no assimilation)
data, and even degraded them in some cases. This is likely
due to a high degree of random error in the retrievals,
exacerbated by the coarse resolution of AMSR-E measurements (Fletcher et al. 2012). Thus, no satellite snow
products are currently used operationally at ECCC’s Meteorological Service of Canada (MSC). Instead, surface
snow depth observations from synoptic weather stations
(SYNOP) are assimilated based on an optimal interpolation technique (Brasnett 1999). Brown et al. (2010) showed
that for this approach the positioning of observing sites in
clearings and preferentially at lower elevations lead to
shallow biases in reported snow depths, causing early loss
of snow cover in spring in the MSC analyses.
No other numerical weather prediction (NWP) centers are operationally assimilating space-based remote
sensing products related to SWE. At Météo France,
snow analysis is part of ongoing developments and future plans with a two-dimensional optimal interpolation
(2D-OI) using in situ snow depth observations, as well as
satellite products of snow cover extent. The European
Center for Medium-Range Weather Forecasts (ECMWF)
has been using this combination of snow observations for a
few years in its Land Data Assimilation System (LDAS;
de Rosnay et al. 2014, 2015). They use a 2D-OI method
with in situ snow depth observations from SYNOP and
national networks from up to seven countries, as well the
NOAA/National Environmental Satellite, Data, and
Information Service (NESDIS) Interactive Multisensor
Snow and Ice Mapping System (IMS) snow cover extent
4-km daily product. ECMWF thus produces analyses of
SWE and snow density but without the assimilation of
satellite-derived snow mass information. The United
Kingdom’s Met Office uses IMS snow cover extent in a
simple update scheme to adjust their global model snow
amount in a daily analysis (Pullen et al. 2011), although
they do not assimilate information on SWE.
NWP centers are aware of the limitations imposed by
the satellite-derived SWE data, and so there are currently several new concepts in discussion to address this

Unauthenticated | Downloaded 01/09/23 09:19 AM UTC

JANUARY 2019

GARNAUD ET AL.

157

FIG. 1. (a) Location of the domain in southern Quebec, Canada, (b) its orography (m) at a 100-m resolution, and (c) dominant cover type
in each grid cell of the study domain.

gap. One study is a partnership between ECCC and the
Canadian Space Agency (CSA), who have initiated a
snow mission concept study to define spaceborne technological solutions for SWE. At the moment, the mission is Ku-band radar focused since it allows sensitivity
to snow mass combined with a wide imaging swath (and
hence rapid revisit time) and moderate spatial resolution (;250 m) and builds on previous mission concepts
(Rott et al. 2010; Yueh et al. 2009).
In this context, an Observing System Simulation Experiment (OSSE; Masutani et al. 2010) can estimate the
potential impact, and therefore the value, of hypothetical
new observations because an OSSE is designed to mimic
the process of data assimilation. This tool can be invaluable
for deciding the requisite trade-offs between mission parameters such as spatial resolution and temporal revisit,
and determining sensitivity to uncertainties associated with
the raw measurements and/or higher-level retrievals
(Crow et al. 2001, 2005; Wang et al. 2013; Ma et al. 2015).
For example, Wang et al. (2008) performed an OSSE to
test the ability of a hybrid ensemble transform Kalman
filter–three-dimensional variational data assimilation
(ETKF-3DVAR) system for the Weather Research and
Forecasting (WRF) Model to generate quality ensemble
perturbations used to calculate background-error covariances. Kumar et al. (2017) examined how the reliance
on ensemble perturbations of forcing fields to develop the
model error background impacts the performance of data
assimilation through the use of an OSSE. Crow et al.
(2005) designed an OSSE to simulate the impact of land
surface heterogeneity, instrument error, and retrieval
parameter uncertainty on soil moisture products derived
from spaceborne L-band measurements.
With respect to terrestrial snow, DeLannoy et al.
(2010) used an OSSE to test techniques for downscaling coarse-scale SWE products to the underlying
finescale model state variables within the data assimilation

system. No OSSE has been performed to estimate the
potential value of proposed new radar-focused satellite
observation systems when it comes to snow. As part of the
ECCC-CSA Terrestrial Snow Mass Mission (TSMM)
concept study, an OSSE was thus conducted to inform on
the optimal mission configuration (i.e., resolution, revisit
time, snow mass retrieval uncertainty).
As such, the main objective of this study is to determine the sensitivity of snow analysis to sensor configuration and SWE algorithm performance. Since Ku-band
radar cannot provide information about SWE in wet
snow conditions (liquid water content of 1% or more in
this study), the impact of wet snow is also examined. This
will provide a perspective on what is lost during wet snow
events, of particular importance during spring snowmelt.

2. Observing System Simulation Experiment setup
The OSSE performed in this study covers one typical
snow season, from 1 September 2014 to 31 May 2015,
with the first two months considered as spinup and the
last two months only analyzed to study the impact of
snowmelt on snow analyses. It is run over a 200 km 3
200 km domain in southern Quebec, as shown in Fig. 1a.
Figure 1b gives an indication of the orography of the
domain and Fig. 1c shows the dominant cover type
(vegetation and urban) of each grid cell. This domain
was chosen as it covers areas with some variety of seasonal snow types: under high vegetation (i.e., forests) on
relatively elevated grounds, and over low vegetation and
crops in the St. Lawrence River valley.
The different steps of the OSSE as designed for this
study are represented in Fig. 2. The first step consists of
the Synthetic Truth generation using a high-quality
model running without data assimilation, from which
observations are simulated and against which subsequent OSSE assimilation experiments are compared.
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FIG. 2. The different technical steps of the OSSE. (a) Generation of a Synthetic Truth state at 100-m resolution, with an example of an
SWE product (mm) on 15 Mar 2015. (b) Production of synthetic observations through upscaling and addition of error. The figure shows
the synthetic observation of SWE (mm) corresponding to the Synthetic Truth on 15 Mar 2015 after upscaling to 2000-m resolution and
addition of error according to the threshold accuracy requirements. (c) Assimilation of different synthetic observations (black circles) at
different times k within CaLDAS through the use of the EnKF and production of a control experiment (no assimilation). (d) Skill
evaluation of the control experiment and the different assimilation experiments by comparing them to the Synthetic Truth state.

Figure 2a shows an example of high-resolution (100 m)
SWE products from the Synthetic Truth on an arbitrary
date (15 March 2015). The generation of the synthetic
SWE product is described in section 2a. Second, simulated observations are generated by upscaling and
adding errors that are realistic for the hypothetical
future observing system (details given in section 2b).
Figure 2b shows the corresponding synthetic observations after upscaling to 2000-m resolution and addition
of error to mimic retrieval uncertainties. Third, the
assimilation system is used to run a control experiment,
as well as assimilation experiments in which the synthetic observations under evaluation are assimilated
(Fig. 2c); details given in section 2c. This allows for a
forecast skill evaluation of the control experiment and
the different assimilation experiments by comparing
them to the Synthetic Truth state (Fig. 2d).

a. Synthetic Truth
In the Synthetic Truth simulation, snowpack evolution is simulated at very high resolution and is referred
to as a reference ‘‘truth.’’ State-of-the-art modeling is
used to create this truth. The simulation is run using the
Soil, Vegetation, and Snow (SVS; Husain et al. 2016;
Alavi et al. 2016) land surface model, as described in
section 3b, at a 100-m resolution with the best geophysical fields and forcing data available. The Synthetic
Truth simulation is an offline simulation; it is driven by
atmospheric data and does not allow for surface feedbacks on the atmosphere. For the orography, the 30-m
resolution Shuttle Radar Topography Mission (SRTM

v3.0; Shortridge and Messina 2011) database is used,
while the 300-m resolution European Space Agency
Climate Change Initiative Land Cover (ESA CCI LC,
version 1.6.1; Hollmann et al. 2013) database is used for
the water–land mask as well as vegetation cover. Soil
texture is taken from the 1-km resolution Global Soil
Dataset for Earth System Modeling (GSDE; Shangguan
et al. 2014) database.
With respect to atmospheric forcing data, the first half
of September 2014 is from ECCC’s Regional Deterministic Prediction System (RDPS), the 10-km version of the regional Global Environmental Multiscale
(GEM) model (Mailhot et al. 2006). From 15 September
2014 onward, ECCC’s High Resolution Deterministic
Prediction System (HRDPS; Milbrandt et al. 2016), a
2.5-km version of GEM, is available and used to drive
the evolution of the land surface state simulated by the
land surface model in offline mode. The switch between
RDPS and HRDPS forcing data is necessary since the
HRDPS only became experimental on 15 September
2014, and no HRDPS data are available before this date.
Since it occurs during a snow-free period, the switch
should not have an impact on the conclusions obtained
in this study.
In both cases, downwelling shortwave and longwave
radiation and surface pressure are taken at the surface.
Air temperature, specific humidity, and wind are taken
from GEM’s lowest prognostic level, which is roughly at
40 m for the wind and 20 m for the other variables. As
detailed in Bernier et al. (2014), the land surface driver
performs a simple meteorological downscaling to the
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FIG. 3. Experimental setup showing the different components of the OSSE: geophysical fields,
atmospheric forcings, and land surface models.

surface model resolution for air temperature, surface
pressure, and specific humidity. The key component of
the downscaling procedures is an adaptation of air
temperature and humidity to correct for the smoothing
errors in elevation at lower resolutions. In terms of precipitation, the forcing data come from the Canadian Precipitation Analysis (CaPA; Mahfouf et al. 2007; Lespinas
et al. 2015; Fortin et al. 2015). CaPA combines a shortrange 6-h GEM (RDPS or HRDPS) precipitation forecast
with available precipitation gauge observations using an
optimum interpolation (OI) methodology. The final product is an hourly precipitation rate with no distinction
between solid or liquid precipitation. The separation of
the phases is done within the land surface driver, prior to
entering SVS, using an air temperature threshold of 08C,
consistent with ECCC’s operational systems. Since the
study period is limited to late fall and winter, distinction
of precipitation phase is not a major issue because maximum temperatures during the day rarely exceed 08C.
To obtain the best quality out of the RDPS and
HRDPS forecasts, 6–12-h forecasts are used for precipitation (used for CaPA) and radiation forcings, in
order to avoid the spinup phase since the prediction systems do not recycle clouds between forecasts, and 0–6-h
forecasts for the remaining forcing fields. All forcings are

SWESO 5
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:

taken from forecasting cycles that are launched at 0000,
0600, 1200, and 1800 UTC each day. All the main details
of the Synthetic Truth are summarized in step 1 of Fig. 3
for easier reference.

b. Synthetic observations
Synthetic observations are derived from the Synthetic
Truth at different resolutions by averaging the 100-m
SWE values and by adding observation errors so as to
mimic satellite-derived measurements and retrievals, as
shown in step 2 of Fig. 3. Specifically, upscaling of Synthetic Truth SWE products is done by aggregation
into three different resolutions—1000 m, 2000 m, and
10 km—and masking out grid points covered by more
than 10% of open water (i.e., lakes, rivers). Perturbations in the form of unbiased random noise are then
added to the upscaled data drawn from two normal
distributions with a predefined standard deviation based
on DeLannoy et al. (2010). The two distributions are
designed to represent the goal (G) and threshold (T)
accuracies for SWE retrievals that are targeted in the
ECCC-CSA TSMM requirements, as described in
Table 1. Here is the method used to obtain the synthetic
observations (SWESO) by perturbing SWE from the
Synthetic Truth after upscaling (SWESTup):

0,

if

SWESTup , SWEmin

SWESTup 1 f1 (STDE) 1 f2 VEGH,

if

SWEmin # SWESTup # SWEmax ,

SWEmax 1 f1 (STDE) 1 f2 VEGH,

if

SWESTup . SWEmax

where SWEmin (SWEmax) is the minimum (maximum)
SWE that can be detected, STDE is the standard deviation of the error, VEGH is the high vegetation (i.e.,

(1)

trees) fractional cover. Function f1 draws a random
sample from a normal (Gaussian) distribution centered
on 0.0 and standard deviation of STDE. Function f2
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TABLE 1. Accuracy objectives used for the reference truth degradation to mimic SWE retrievals.
Accuracy

Detection

Objective

Threshold
Goal

SWE: 20–150 mm
SWE: 10–200 mm

30 mm STDE
10 mm STDE

draws a random sample from a uniform distribution
between 5 and 10 mm with a random factor of 11 or 21.
It is weighted by the fractional cover of high vegetation
present in each grid cell (VEGH). A safeguard is used to
correct negative SWE values after perturbation.
For the goal (threshold) accuracy, an STDE of 10 mm
(30 mm) is used for all SWE values greater than 10 mm
(20 mm) (i.e., SWEmin). An assumption is made that
radar retrievals of SWE are not sensitive to a thin layer
of snow; all SWE values are thus set to zero, as shown in
Eq. (1). Passive microwave and radar measurements are
sensitive to the volume scattering of dry snow, which allows the retrieval of SWE. This volume scatter reaches a
frequency-dependent limit, after which further increases
in SWE do not result in more scatter: a saturation effect.
This SWE threshold is variable due to the impact of snow
stratigraphic properties but is approximately 150 mm at
Ku band (Rott et al. 2010; Takala et al. 2011). So as to
mimic the saturation effect in this case, beyond 200 and
150 mm (SWEmax) for the goal and threshold accuracy,
respectively, all SWE values are set to SWEmax before
perturbation. The observation error is further randomly
increased using a uniform distribution between 25 and
210 mm and between 5 and 10 mm over forested areas
(f2 VEGH; Pulliainen et al. 1999; Derksen et al. 2003).

c. Data assimilation system
The assimilation system used is the Canadian Land
Data Assimilation System (CaLDAS; Carrera et al.
2015). CaLDAS is built around an external land surface
modeling system and uses the ensemble Kalman filter
(EnKF) as the assimilation method. Numerous studies
have proven the efficiency of the EnKF method within
the context of both idealized and real experiments
(Reichle et al. 2002; Crow and Wood 2003; Slater and
Clark 2006; Kumar et al. 2008; DeLannoy et al. 2010;
Kumar et al. 2017). The EnKF method works sequentially by alternating between a forecast step and an
update step when observations are available, with the
update equation as follows:
xa 5 xb 1 K[y 1 v 2 H(xb )] ,

(2)

where xa is the analysis, xb is the model first guess or
background, K is the Kalman gain matrix, y represents
the observations, v is a realization of the observation
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error (Burgers et al. 1998), and H is the measurement
operator. For the purpose of this experiment, CaLDAS
was modified so that only SWE values from the synthetic
observations were assimilated, with an observation error
standard deviation set uniformly to 10 mm. As SWE is a
prognostic variable of the land surface model, no forward model is necessary and H is an identity matrix in
this case.
A finite number of model trajectories are randomly
produced and used to approximate the model error that
is required by the EnKF. Twenty-four members are used
in this study, as prior tests performed by Carrera et al.
(2015) showed this was sufficient to characterize model
error (bias, standard deviation, and RMSE) in CaLDAS.
These trajectories are generated through perturbations
on atmospheric forcings and the control variable, SWE.
For air temperature, Gaussian additive perturbations—
which are constant in space—are used, with a mean of 0 K
and standard deviation of 1.0 K. The precipitation field is
perturbed through the use of random spatial phasing errors independently in both latitudinal and longitudinal
directions with a mean displacement of 0 km and a standard deviation of 50 km. The phasing errors are constant
throughout the accumulation period of 6 h. Net solar and
longwave radiation are subsequently spatially displaced
to be consistent with the perturbed precipitation fields.
Gaussian multiplicative perturbations are used for SWE,
with a mean of 0 mm and a standard deviation of
0.016 mm, the equivalent of a maximum perturbation
of 65% (i.e., three standard deviations). The model
error of SWE is thus the result of the combined perturbations on atmospheric forcings and SWE itself, and
is estimated from the spread of the trajectories.
Atmospheric forcings used to produce the first guess
xb are 30–36-h forecasts from RDPS described above to
decrease the quality of the meteorological forcings. The
land surface model in CaLDAS that provides the temporally and spatially varying first guess of the land surface state is Interactions between Soil, Biosphere, and
Atmosphere (ISBA; Noilhan and Planton 1989; Bélair
et al. 2003a,b), described in section 3a. As for the geophysical fields, the orography, land–sea mask, and vegetation cover all come from the 900-m resolution U.S.
Geophysical Survey (USGS-GLCC v2.0; https://edcftp.
cr.usgs.gov/project/glcc/globdoc2_0.html) database. The
soil texture is obtained from the 112-arc-s (;3.5 km at
the equator) resolution Jet Propulsion Laboratory Soil
Moisture Active Passive (JPL SMAP) mission database
(Das 2013).
Multiple CaLDAS integrations were run: one Open
Loop simulation (i.e., no assimilation) and eight sensitivity tests with different configurations as shown in
Table 2. Each of the first seven assimilation runs from
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TABLE 2. CaLDAS simulations nomenclature (please refer to Table 1 with respect to the different accuracies).

Name

Synthetic observation
resolution (m)

Synthetic observation
revisit time (days)

Synthetic observation
accuracy

Wet snow
detection

10000m_5d_T
2000m_5d_T
2000m_5d_G
1000m_1d_T
1000m_3d_T
1000m_5d_T
1000m_5d_G
1000m_5d_Tw

10 000
2000
2000
1000
1000
1000
1000
1000

5
5
5
1
3
5
5
5

Threshold
Threshold
Goal
Threshold
Threshold
Threshold
Goal
Threshold

Yes
Yes
Yes
Yes
Yes
Yes
Yes
No

Table 2 has a different combination of the resolution
and perturbation of synthetic observations, as well as
revisit time (see Fig. 2). The choice of simulation combinations stemmed from realistic feasibility based on
likely technology to emerge in the next five years. These
simulations do not take into account the difficulties met
by radar measurements to detect SWE as soon as the
snowpack contains liquid water. These are thus analyzed
from 1 November 2014 until the beginning of spring
snowmelt in the Synthetic Truth: 24 March 2015.
To provide a perspective on what is lost during wet
snow events, particularly during spring, a ninth CaLDAS
simulation is run (1000m_5d_Tw), in which SWE observations in each grid point are not assimilated as soon as
the liquid water content of any layers in the snowpack is
greater than 1%. This simulation is compared to 1000m_5d_T
and the Synthetic Truth from 1 November 2014
to 31 May 2015.
CaLDAS simulations are as independent from the
Synthetic Truth simulation as possible: different land
surface model, lower-resolution (2.5 km versus 100 m)
and lower-quality atmospheric forcings from different
forecasting models, and finally, lower-resolution geophysical fields, as shown in Fig. 3. This is essential to test
the sensitivity of the assimilation system to a range of
potential mission configurations.
The introduction of a systematic bias in meteorological
forcings (particularly in terms of precipitation) is by design.
Although it violates the unbiased criteria of the ensemble
Kalman filter assumption, this study is a convergence type
experiment where the bias is not to be removed with respect to the assimilation runs. This is the most useful approach as it allows for a significant reduction of the bias
when assimilating synthetic observations.

3. Land surface models
Because of the nature of this particular OSSE, two land
surface models are needed—one within the assimilation
system and another for the Synthetic Truth simulation—
since these two elements of the experiment have to be as

independent from one another as possible. As mentioned
above, the simple one-snow-layer model ISBA has been
chosen for the assimilation system since it is currently
used operationally at ECCC. For the Synthetic Truth
simulation, a more complex model is used: SVS v2.0,
which includes an explicit multilayer snow scheme.

a. ISBA
The Canadian implementation of ISBA (Bélair et al.
2003a,b) has been used operationally at ECCC since 2001.
ISBA is based on a force–restore (FR; Deardorff 1978; Hu
and Islam 1995) approach for surface/soil temperature and
only one energy budget is performed over the land portion
of a model grid area, meaning that the surface thermal
coefficient includes an area-weighted effect of bare soil,
vegetation, and snow. The snow module within the land
surface model is a modified version of the original scheme
developed by Douville et al. (1995) and is described in
Bélair et al. (2003b). It is a simple snow scheme with a
single layer, simple hydrology, and thermal physics. It
includes a reservoir for liquid water retained in the snowpack with exchanges with the snow mass reservoir and the
melting effect due to incident rainfall on the snowpack.
The snow scheme also contains a more sophisticated representation of the snow density than the original version of
ISBA (Douville et al. 1995), that is, diagnostic calculations
for the maximum snow density and for the density of fresh
snow, and the effect of refreezing on the snow density.
ISBA’s snowpack simulation was evaluated in
Carrera et al. (2010) for the Rocky Mountains. The land
surface model was shown to be sensitive to precipitation
forcing, and its performance improved by increasing the
horizontal resolution (i.e., going from coarser to finer
resolution) and through the use of terrain adaptation of
the atmospheric forcings. Even so, ISBA was found to
underestimate both snow cover extent and SWE values,
and to melt the snowpack too early in spring.

b. SVS v2.0
Recently, ISBA has been replaced due to the demand for a more comprehensive model. The new and
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improved scheme is SVS (Husain et al. 2016; Alavi
et al. 2016), and it addresses a number of ISBA’s
weaknesses and limitations that were identified over the
last decade.
Unlike ISBA, SVS introduces a new tiling approach
that includes separate energy budgets for bare ground,
vegetation, and two different snowpacks: the same snow
scheme separately treats snow overlaying bare ground
and low vegetation from snow under high vegetation. In
its original form [i.e., SVS v1.0 described in Husain et al.
(2016); Alavi et al. 2016], SVS used a snow model that
considers prognostic equations for the superficial and
mean snow temperatures that are obtained from the FR
method for the two snowpacks (You et al. 2014). In SVS
v2.0, the snow module has been upgraded to an explicit
multilayer snow scheme (Decharme et al. 2016), which is
an improvement of the original Boone and Etchevers
(2001) explicit snow module.
It explicitly resolves the snow vertical temperature
profile within the snowpack and includes multiple snow
layers with a fine layer at the surface and at the bottom
of the snowpack, which allow for realistic representation
of the diurnal cycle in the top layers and of the heat
conduction at the snow–soil interface. In this study, SVS
v2.0, hereafter referred to as SVS, is run with nine layers.
The total number of layers remains constant when snow
is present on the ground. As described in Decharme
et al. (2016), when the snowpack is less than 0.1 m, all
layers are of equal depth. Beyond 0.1 m of total depth,
the top and bottom layers reach their constant values of
0.01 and 0.02 m, respectively. If fresh snow is added to
the top layer or if melting occurs, the layer thicknesses of
the entire snowpack are recalculated and the snow
mass and heat are redistributed appropriately.
As mentioned above, two distinct snowpacks are
considered in SVS: one overlaying bare ground and low
vegetation, and the other under high vegetation. The
multilayer explicit snow scheme is used to simulate the
evolution of these snowpacks. They differ in terms of net
radiation balance at the snow surface as described below. The subscript ‘‘sn’’ refers to snow over bare ground
and low vegetation, and the subscript ‘‘svh’’ to snow
under high vegetation (i.e., trees).
The net radiation for the sn snowpack is given by
4
),
Rsn 5 (1 2 asn )Fss2 1 «s (Fsi2 2 ssb Tsns

(3)

where asn is the albedo of the sn snowpack, Fss2 and Fsi2
are the total incoming solar and infrared radiation, «s is
the emissivity of snow (constant at 0.99 in SVS), ssb is
the Stefan–Boltzmann constant, and Tsns is the temperature of the snowpack top layer. The svh net radiation is
modified from Eq. (3) to account for partial transmission
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through the vegetation canopy of both incoming solar
radiation and outgoing surface/snow radiation, and for
the contribution of high vegetation downward radiant
flux to the svh energy budget, such that
4
)
Rsvh 5 t vh (1 2 asvh )Fss2 1 x«s (Fsi2 2 ssb Tsvhs
4
1 (1 2 x)ssb Tvd
,

(4)

in which asvh is the albedo of the svh snowpack, Tsvhs is
the snow-under-vegetation top layer temperature, Tvd is
the vegetation mean temperature obtained from the FR
method, t vh is the canopy transmissivity for high vegetation (Sicart et al. 2004), and x is the sky-view factor for
high vegetation. The net radiation for each snowpack is
then passed onto the snow model.
Snow density in each layer evolves as a result of snow
compaction due to changes in snow viscosity. Snow
density evolution in snow level i is computed as follows
for sn and similarly for svh:
›rsn (i)
s(i)
5 rsn (i)
,
›t
h(i)

(5)

where s (Pa) is the vertical stress in each layer, and it
is computed as the weight of the overlaying layers.
Snow viscosity h(i) is a function of temperature, snow
density, and liquid water content, as detailed in
Decharme et al. (2016). The effect of temperature on
snow viscosity is, however, limited since it becomes
negligible at low temperatures (below 268 K approximately; Schleef et al. 2014). The equation for snowfall
density (rsfresh ) is expressed as a function of 10-m wind
speed Va (m s21) and 2-m air temperature Ta (K) as
follows:
rsfresh 5 a 1 b(Ta 2 Tf ) 1 cVa0:5 ,

(6)

where a, b, and c are parameters with values 109 kg m23,
6 kg m23 K21, and 26 kg s0.5 m27/2, respectively, and Tf is
the melting point for water.
The snow albedo, asn and asvh , is a function of the
snow age of the first layer and the snow optical diameter, which is itself dependent on snow age. The
age dependency takes into account the deposition of
impurities that tend to decrease the albedo. The broadband albedo is calculated using the weighted average of
three radiative bands; the first ([0.3–0.8] mm) represents the ultraviolet and visible range, and the other
two ([0.8–1.5] and [1.5–2.8] mm) represent two
near-infrared ranges.
Decharme et al. (2016) give an in-depth description of
the snow model, as well as an evaluation of the model’s
performance. The authors conclude that the multiple

Unauthenticated | Downloaded 01/09/23 09:19 AM UTC

JANUARY 2019

GARNAUD ET AL.

layers allow for a refinement of the temperature and
density profiles in the snowpack leading to an improvement in the simulation of snow depth, SWE, and soil
temperature during winter. When evaluating the snow
module over a station in the French Alps (Col-de-Porte),
the authors show that it simulates the snowpack with a
bias of 2.981 mm, a centered root-mean-square error of
38.1 mm, and a temporal correlation of 0.924 over the
snow seasons from 1993 to 2011. It is important to note
that no model evaluation is performed in the current
study since it is a synthetic experiment where reality does
not affect the possible outcomes. To facilitate the assimilation of SWE in CaLDAS and the comparison with
snow analyses, the total SWE for the final Synthetic Truth
product is obtained from SVS’s two snowpacks using a
weighted average depending on the fraction of bare
ground and low and high vegetation for each grid cell.

4. Results
a. Impact of SWE assimilation on snow analyses
The assimilation results are evaluated against the
Synthetic Truth for the period of 1 November 2014–
24 March 2015, in order to avoid the spring snowmelt,
over the 200 km 3 200 km domain. All CaLDAS simulations are analyzed in this section except 1000m_5d_Tw,
which will be considered in section 4b. The statistics
shown here are calculated when gridcell SWE values of
the Synthetic Truth and/or CaLDAS simulation are
greater than 10 mm.
Figure 4 shows domain-averaged SWE over the study
period for CaLDAS simulations. To simplify presentation, the simulations are grouped so as to better visualize
the effect of different resolutions (Fig. 4a), revisit frequency (Fig. 4b), and accuracy (Fig. 4c). The Open Loop
(thick black line) is noticeably different from the Synthetic Truth (dashed thick black line), which indicates
that the experimental setup was efficient in rendering
the two simulations sufficiently distinct of one another.
The snow accumulation in the Open Loop peaks around
180 mm, while the Synthetic Truth snow accumulation
peaks at approximately 85 mm. The Open Loop simulation thus overestimates SWE quantities by more than
210% when compared to the Synthetic Truth. This is in
part explained by the insufficient snowmelt in the Open
Loop during ephemeral melt events simulated in the
Synthetic Truth at the end of November 2014 and end of
December 2014. The large differences in accumulation
are, however, mostly linked to the fact that 6–12-h CaPA
forecasts are used to force the Synthetic Truth while 30–
36-h RDPS forecasts are used in CaLDAS. As shown in
Fig. 5, these differences in setup lead to an overestimation
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of about 70 cm of solid precipitation domain-wide by the
end of March when comparing RDPS (blue line) versus
CaPA (orange line).
In all cases, the assimilation system is able to correct
the first guess well enough and at a quasi-immediate
temporal response to dramatically reduce the overestimation of snow accumulation observed in the Open
Loop simulation. The last month prior to spring snowmelt, the assimilation system is able to correct the first
guess to match the synthetic truth in terms of domain
average. As seen in Figs. 4a and 4c, resolution and accuracy have little impact on the spatial average of SWE.
In the case of resolution, the lack of spread among the
different simulations may be because all simulations
have to be scaled to 2.5-km resolution (i.e., CaLDAS
resolution) prior to assimilation. In terms of accuracy,
since the random errors added to the Synthetic Truth are
unbiased (i.e., centered on zero), it is logical that very
little spread in the spatial average of SWE among the
simulations is observed. Revisit frequency, however,
shows some sensitivity with, as expected, improvements
brought by shorter revisits (Fig. 4b).
In a similar fashion, Fig. 6 shows time series of SWE
spatial RMSE of each simulation grouped so as to
highlight the effect of resolution, revisit frequency, and
accuracy on snow analyses. The RMSE (and all the
following statistics) of each CaLDAS simulations (at a
2.5-km resolution) is calculated using each grid point of
the Synthetic Truth (at a 100-m resolution) and then
averaged on the 2.5-km grid.
In all CaLDAS simulations, four large spikes in
RMSE are observed at the beginning of the snow
season: the end of November and the end of December
correspond to ephemeral melt events in the Synthetic
Truth, while mid-December and early January occur
during large snowfall events, during which RDPS forcings
show greater snow precipitation amounts than in CaPA
forcings (refer to Fig. 5). During the rest of the ‘‘dry
snow’’ season (i.e., until end of March), there is a general
trend toward increased RMSE for all simulations and the
maximum values just before the spring melt show significant differences among the different simulations. This
would have an impact on the snow analysis during the
spring melt even if no data are assimilated.
Figure 6a shows the impact of different observation
resolutions on the spatial RMSE of snow analyses. It has
very little impact at the beginning of the snow season.
Differences start to emerge after the large snowfall event
in mid-December. Although correlated to 1000m_5d_T
and 2000m_5d_T, 10000m_5d_T’s spatial RMSE increases
much more rapidly than 1000m_5d_T, with differences
reaching 14 mm greater between mid-January and midFebruary. Even though 1000m_5d_T remains better than
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FIG. 4. Domain-averaged SWE (mm) over the 1 Nov 2014–24 Mar 2015 study period in
Synthetic Truth (black dashed line) and Open Loop (solid black line) simulations as well the
eight CaLDAS simulations (colored lines) separated so as to highlight the effects of
(a) resolution, (b) revisit, and (c) accuracy. Please refer to Table 2 for the nomenclature of the
different simulations.

2000m_5d_T in terms of RMSE, the gain is much smaller
than when compared to 10000m_5d_T. There are two
reasons that could explain this. The first and most obvious
is that a 2000-m resolution is much closer to a 1000-m
resolution than a 10 000-m resolution is. The second reason
is that both 1000- and 2000-m resolution gridded products
have to be upscaled prior to assimilation in CaLDAS, thus
partly mitigating the gain coming from the use of a higher
resolution in observations.

In terms of revisit frequency, Fig. 6b demonstrates that
1000m_1d_T has the lowest spatial RMSE throughout
the study period due to its quick response to variations in
the synthetic observations. The impact of revisit frequency is well depicted during the event in early January,
when the spike in RMSE is short-lived in 1000m_1d_T
and longest in 1000m_5d_T.
Over time, Fig. 6c shows that the accuracy has a limited impact on the results during the beginning of the
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FIG. 5. Solid (cm) and liquid (mm) precipitation accumulation from 1 Nov 2014 to 31 May 2015
for the 6–12-h CaPA (HRDPS) forecasts (orange) and 30–36-h RDPS forecasts (blue).

snow season, but a strong one (up to 8–9 mm) during the
slow accumulation period of the winter (from midJanuary to end of March). It is interesting to note that
the improvement brought by a greater retrieval accuracy
is not affected by the synthetic observation resolution.
Indeed, the two goal-accuracy simulations remain similar throughout the study period, whereas 2000m_5d_T
shows a greater spatial RMSE than 1000m_5d_T
throughout most of the winter, for example. Thus, the
goal retrieval accuracy has reduced the spread among
the different observation resolutions.
Table 3 gives the spatial bias and STDE averaged over
the study period to discuss the improvements related
to both systematic and random errors, respectively,
brought by the different assimilation setups. While
10000m_5d_T gives the highest values of spatial bias and
STDE of CaLDAS simulations, 1000m_1d_T gives the
best results in terms of bias (5.0 mm, corresponding to a
91% improvement compared to the Open Loop) and
1000m_5d_G reduces the STDE the most (8.0 mm,
corresponding to a 65% improvement).
In terms of resolution, the overall bias (STDE) is reduced by 2.5 mm (5.5 mm) when going from a 10 000-m
resolution (10000m_5d_T) to 2000-m (2000m_5d_T)
and is slightly reduced when further increasing the resolution to 1000-m (1000m_5d_T). Overall, the bias is
reduced by 24% and the STDE by 38% when increasing
the resolution from 10 to 1 km. When reducing the revisit frequency from 1 to 3 days (1000m_3d_T), the bias
increases by 2.8 mm and the STDE by 1.8 mm. A 5-day
revisit (1000m_5d_T) further increases the bias by
1.5 mm and the STDE by 1.4 mm. Going from a 5-day
to a 1-day revisit therefore leads to a 46% reduction of

systematic errors and a 27% reduction in random
errors.
Improving the accuracy from threshold to goal leads
to a decrease in STDE (;36%) but an increase in bias
(;11%) at both 2- and 1-km resolutions. Although the
RMSE is greatly reduced with increased accuracy (see
Fig. 6c), the proportion of systematic versus random
errors is altered, indicating that most of the RMSE is
reduced due to diminished random errors in the resulting snow analyses. While increases in resolution, revisit
frequency, and accuracy all lead to reduced spatial RMSE
values, spatial random errors are mostly reduced by improving resolution and accuracy, and spatial systematic
errors are primarily reduced by a higher revisit frequency.
Another way to visualize the errors in snow analyses is
through the SWE temporal RMSE as in Fig. 7. It shows
the temporal RMSE calculated as the RMSE through
the entire snow season at each grid cell for the Open
Loop and seven CaLDAS simulations. Note that due to
the large differences between the Open Loop data and
the rest of the simulations, the color scale of the Open
Loop is different. The Open Loop shows a pattern of
lower RMSE in the region of relatively low elevation
around the St. Lawrence River, where the vegetation is
mostly grass and crops (i.e., low-lying vegetation), while
the highest RMSE values occur in regions of relatively
high elevation covered in dense forests (see Fig. 1). This
may be due to the fact that SVS (used in the Synthetic
Truth experiment) allows for two different snowpacks
(snow overlaying bare ground and low vegetation as well
as snow under high vegetation) to evolve separately,
while ISBA (used in CaLDAS) only has one snowpack.
Once the synthetic observations are assimilated this
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FIG. 6. Spatial RMSE (mm) over the domain over the 1 Nov 2014–24 Mar 2015 study period
when compared to Synthetic Truth SWE values separated so as to highlight the effects of
(a) resolution, (b) revisit, and (c) accuracy. The thick blue line represents the 1000m_5d_T
simulation, common to all panels. Please refer to Table 2 for the nomenclature of the different
simulations.

spatial pattern is greatly reduced, but there are remnants
of high values in areas covered by forests due to the
additional observation error that was introduced during
the perturbation of the Synthetic Truth over these
regions as described in section 2b.
Based on Fig. 7, the impact of observation resolution
on snow analyses is a clear improvement going from
10-km resolution to a 2000-m resolution, with 2000m_5d_T

removing the obvious grid cell effects in 10000m_5d_T.
Changes are mostly neutral going from 2000- to 1000-m
resolution. In terms of revisit, the improvement coming
from more frequent revisits is clearly seen, with higher
values of RMSE in 1000m_5d_T than in 1000m_3d_T
and 1000m_1d_T. The latter shows the lowest values
of temporal RMSE among all CaLDAS simulations.
As expected, a greater accuracy results in a decreased
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TABLE 3. Spatial bias and STDE averaged over the study period
of CaLDAS simulated SWE compared to the Synthetic Truth
values over the 1 Nov 2014–24 Mar 2015 study period.
Name of simulation

Bias (mm)

STDE (mm)

Open Loop
10000m_5d_T
2000m_5d_T
2000m_5d_G
1000m_1d_T
1000m_3d_T
1000m_5d_T
1000m_5d_G

57.6
12.3
9.8
10.7
5.0
7.8
9.3
10.5

23.0
19.2
13.7
8.4
8.7
10.5
11.9
8.0

temporal RMSE in most grid points of the study domain,
as shown in Fig. 7 when comparing 2000m_5d_T with
2000m_5d_G, for example.
Table 4 adds to these findings by spatially averaging
the temporal bias and STDE for each simulation. The
lowest values in both bias and STDE come from
1000m_1d_T: an improvement of 93% (66%) in bias
(STDE) when compared to the Open Loop. The 1-day
revisit reduces the bias by 4.5 mm (51%) and the STDE
by 4.2 mm (32%) compared to a 5-day revisit frequency.
A tenfold increase in resolution (10000m_5d_T versus
1000m_5d_T) leads to 3.3 mm (27%) in bias reduction and
1.3 mm (9%) in STDE reduction. Similarly to the spatial
scores presented above, increasing the accuracy leads to a
reduction in temporal STDE of about 4.1 mm (;30%)
but an increase in temporal bias of about 1.0 mm
(;11%) while the overall RMSE is reduced (see Fig. 7).
While increases in resolution, revisit frequency, and
accuracy all lead to reduced temporal RMSE values,
random errors are mostly reduced by improving revisit
frequency and accuracy, and systematic errors are primarily reduced by a higher revisit frequency but also by
an increased resolution. As expected, the revisit frequency thus plays a key role in the reduction of both
temporal systematic and random errors when compared
to the Open Loop.

b. Impact of wet snow
To provide a perspective on what is lost during wet
snow events, another CaLDAS simulation was run
(1000m_5d_Tw, see Table 2) in which SWE observations in each grid point were not assimilated as soon as
the liquid water content of any layers in the snowpack is
greater than 1%. The analysis of 1000m_5d_Tw simulation compared to 1000m_5d_T, the Open Loop and the
Synthetic Truth from 1 November 2014 to 31 May 2015
is carried in a similar fashion than what is done in the
previous section.
The spatial average of SWE, given in Fig. 8, shows that
differences between 1000m_5d_Tw and 1000m_5d_T

FIG. 7. Temporal RMSE (mm) when compared to Synthetic
Truth SWE values calculated at each grid point over the 1 Nov
2014–24 Mar 2015 study period. Please note that the Open Loop
has its own color scale due to the large difference in magnitude
of the Open Loop RMSE compared to the other simulations.
Please refer to Table 2 for the nomenclature of the different
simulations.

occur only during ephemeral melting events (late
November and late December) and spring snowmelt
in the Synthetic Truth. CaLDAS rapidly brings back
the spatial SWE average of 1000m_5d_Tw toward
1000m_5d_T after melting events. Interestingly, wet
snow does not impact the annual maximum SWE or the
timing of end-of-season complete meltdown.
The spatial RMSE of both simulations (Fig. 9) show
similar differences during melting events only, as expected. The impact of missing radar SWE retrievals is
particularly strong during spring melt with a difference
in RMSE of up to 50 mm between the two simulations.
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TABLE 4. Temporal bias and STDE averaged over the study
domain of CaLDAS simulated SWE compared to Synthetic Truth
values over the 1 Nov 2014–24 Mar 2015 study period.
Name of simulation

Bias (mm)

STDE (mm)

Open Loop
10000m_5d_T
2000m_5d_T
2000m_5d_G
1000m_1d_T
1000m_3d_T
1000m_5d_T
1000m_5d_G

60.2
12.2
9.4
10.3
4.4
7.3
8.9
10.1

26.9
14.6
13.4
9.2
9.1
11.6
13.3
9.3

As shown in Table 5, the lack of detection during wet
snow event increases the overall spatial bias by 2.3 mm
(19% compared to 1000m_5d_T) and the STDE by
2.0 mm (16%) over the study period.
In terms of temporal scores in Table 5, wet snow lack of
detection increases the bias by 1.1 mm (10%) and the
STDE by 2.4 mm (15%) over the study domain. The impact of wet snow is thus greatest on the spatial systematic
errors and the temporal random errors. As seen in Fig. 10,
most of the loss in temporal RMSE is situated in the
higher grounds covered by forests. In these areas, the
snowpack is deeper (see Fig. 2 as an example) and melting
occurs over a longer period of time, thus explaining the
greater impact of wet snow.

5. Discussion and conclusions
The objective of this study was to determine the
impact of sensor configuration (i.e., resolution, revisit
frequency), SWE algorithm performance (i.e., accuracy), and the loss of radar sensitivity to SWE during
snowmelt period on snow analyses using an OSSE. For
this experiment to be effective, the Open Loop and
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Synthetic Truth simulations have to be as distinct from
one another as possible, while remaining realistic. As
this is achieved, the sensitivity of the Canadian Land
Data Assimilation System to a range of potential mission configurations is tested.
All simulations except the wet snow simulation
(1000m_5d_Tw) are analyzed from 1 November 2014 to
24 March 2015 to avoid spring snowmelt. Results show
that resolution and accuracy have little impact on the
spatial average of SWE. The lack of spread among the
simulations using different observation resolution is
mostly because all tested resolutions have to be scaled to
CaLDAS resolution (i.e., 2.5 km) prior to assimilation.
With respect to accuracy, since the random errors added
to the Synthetic Truth are unbiased (i.e., centered on
zero), the narrow spread in the spatial average of SWE
among the simulations was expected. However, in our
current setup the observation error standard deviation
of 10 mm for the ensemble Kalman filter does not include instrument error reflecting the different retrieval
accuracies (i.e., T versus G). In the future, this could be
addressed by increasing the observation error standard
deviation to 30 mm in threshold accuracy experiments,
which would allow for a better estimation of improvements brought upon by the goal accuracy. Note that
accuracy is constrained across a relatively narrow range
(10–30 mm STDE), which is better than the performance of current coarse resolution SWE products such
as GlobSnow (40–50 mm STDE). Ultimately, only the
revisit frequency has an impact on the spatial-averaged
evolution of the snowpack via timely updates during the
periods of rapid snowpack change.
In terms of spatial RMSE, spatial resolution, revisit
frequency, and accuracy of synthetic retrievals all have a
strong effect on snow analyses, with the largest improvement coming from an increase in resolution from 10 to

FIG. 8. Domain-averaged SWE (mm) over the 1 Nov 2014–31 May 2015 study period. Please
refer to Table 2 for the nomenclature of the different simulations.
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FIG. 9. Spatial RMSE (mm) over the domain over the 1 Nov 2014–31 May 2015 study period
when compared to Synthetic Truth SWE values. Please refer to Table 2 for the nomenclature
of the different simulations.

1 km. A short revisit time (1 day) allows for a quick reduction of the RMSE during rapid changes (fresh snowfall
or melting) in the Synthetic Truth, while the 5-day revisit is
the longest to respond as would be expected, which demonstrates that the revisit frequency is a primary characteristic to keep in mind when defining the optimal
configuration for satellite derived snow measurements.
Retrieval accuracy has a limited impact on the results
during the snow onset period, but is more substantial
during the accumulation from mid-January to the end of
March. Interestingly, the goal retrieval accuracy reduces
the spread among the simulations, which are differentiated in terms of observation resolution, when
compared to their threshold accuracy analogs. The
analysis of spatial scores averaged over the study period shows that, while increases in resolution, revisit
frequency, and accuracy all lead to reduced spatial
RMSE values, spatial random errors are mostly reduced by improving resolution and accuracy, and
spatial systematic errors are primarily reduced by a
higher revisit frequency.
The temporal RMSE is also affected by all three
tested factors: resolution, revisit, and accuracy of the
retrievals. Because of the temporal component of the
RMSE in this case, the largest improvement comes
from the increase in revisit frequency, with an increase

in spread of RMSE values when the revisits become
longer as a result of less frequent assimilation leading
to a less constrained land surface model. The lowest
values in both bias and STDE come from the 1-day revisit: an improvement of 93% (66%) in bias (STDE)
when compared to the Open Loop. While increases in
resolution, revisit frequency, and accuracy all reduce
the temporal RMSE, random errors are mostly reduced by improving revisit frequency and accuracy,
and systematic errors are primarily reduced by a
higher revisit frequency but also by an increased
resolution. As expected, the revisit frequency thus
plays a key role in the reduction of both temporal
systematic and random errors when compared to the
Open Loop.
Since radar retrievals are much more uncertain
during melt periods due to snow wetness, the impact
of wet snow on snow analyses is examined over the
1 November 2014–31 May 2015 period. Results show
that in this case ephemeral melting events during late
fall and winter have a limited impact on the quality of
snow analyses. The effect of losing the capability to retrieve SWE under wet snow conditions is particularly
important during spring melt with an increase in spatial
RMSE of up to 50 mm. This would have had a significant impact on hydrology applications in terms of the

TABLE 5. Spatial bias and STDE averaged over the study period, and temporal bias and STDE averaged over the study domain, of
CaLDAS simulated SWE compared to Synthetic Truth values over the 1 Nov 2014–31 May 2015 study period.
Name of simulation

Spatial bias (mm)

Spatial STDE (mm)

Temporal bias (mm)

Temporal STDE (mm)

Open Loop
1000m_5d_T
1000m_5d_Tw

72.6
11.8
14.1

26.1
12.7
14.7

74.9
11.0
12.1

38.7
16.1
18.5
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FIG. 10. As in Fig. 7, but for the 1 Nov 2014–31 May 2015 period.

timing in maximum runoff and freshet due to snowmelt,
which would lead to implications for flood predictions,
for example. It is important to note that an absence of
SWE retrievals during snowmelt does not affect the
domain-wide annual maximum SWE or the timing of
the end of the snow cover season. These results show
that radar measurements, although uncertain during
melting events, are very useful in adding skill to snow
analyses over most of the snow season.
Three observation resolutions are tested in this
study: 1000 m, 2000 m, and 10 km. Large improvements
in snow analyses were identified when going from 10-km
resolution to 1000- or 2000-m resolution, but the impact of going from 2000- to 1000-m resolution is relatively weaker. These two resolutions are finer than
the resolution at which CaLDAS is run, so the observations at 1000- and 2000-m resolution thus have to
be upscaled to the first-guess model grid prior to the
assimilation process in CaLDAS. Since this is done
using a nearest-neighbor interpolation, the upscaling
process eliminates the subgrid variability coming from
observations by applying neighboring values of higherresolution observations to 2.5-km grid cells. Results
thus show that observation resolution should be finer
than the assimilation system resolution. At ECCC, the
global models are currently run at 15-km resolution but
can be expected to be run at a resolution of about 2.5 km
in 10 years or so (when the potential satellite would be
launched).
Based on the OSSE performed in this study, efforts should also be put toward the optimization of the
revisit frequency as well as the SWE algorithm performance in order to obtain the best possible satellitederived snow measurements. The results suggest that
the assimilation of snow measurements from a satellite
with a robust configuration for optimal performance is
likely to provide accurate snow analyses, which may
then be used to initialize numerical weather prediction
and hydrological models (Zaitchik and Rodell 2009).

This would have a significant impact on numerical
weather prediction through surface feedbacks to the
atmosphere, as well as on hydrological forecasts due to
the essential role of snow in the water cycle.
Note that the Open Loop simulation is setup with no
assimilation, while the current operational system assimilates some surface observations in its snow analyses. The improvements of the CaLDAS integrations
compared to the Open Loop do not necessarily reflect
the improvements one would see when compared to
the actual operational system. However, the choice of
not including other assimilated variables allows for a
clean comparison between snow analyses and the Synthetic Truth. The assimilation of in situ snow depths,
screen temperature, and humidity (as done operationally) would mask the impact of synthetic observation
assimilation.
It must be stressed that the introduction of a bias
in the assimilation runs was by design (as shown in
Fig. 3) and that it violates the unbiased criteria of the
ensemble Kalman filter assumption. This study is, however, a convergence type experiment where the bias
is not to be removed with respect to the assimilation
runs, similarly to what is done in Balsamo et al. (2006),
Kumar et al. (2008), and Kumar et al. (2017). This is
the most useful approach as it allows for a significant
reduction of the bias when assimilating synthetic
observations.
This study is a precursor to an OSSE focused on
radiance-based assimilation, in order to test the readiness of operational environmental prediction systems
to integrate SWE retrievals. The following OSSE will
be designed to assimilate synthetic backscatter measurements through the use of a snow radar model, as
would be operationally implemented once satellite
radar measurements sensitive to snow volume are
available. It will include other study domains to enhance the value of the project conclusions, such as alpine regions, more temperate snow-covered regions,
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and northern latitudes in order to distinguish permanent, seasonal (as tested in this study), and ephemeral
snow covers, as well as thin and deep snowpacks. Since
these have different behaviors and characteristics,
they may have a distinct impact on the quality of snow
analyses.
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