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Abstract In this study, we present a new module for the Snow retrievaL ALgorithm fOr gMi (SLALOM)
that retrieves surface snowfall rate using Global Precipitation Measurement (GPM) Microwave Imager
measurements together with humidity and temperature vertical proﬁles. This module, named Surface
Snowfall Rate Module, is tuned using colocated surface snowfall observations of the Cloud Proﬁling Radar
onboard CloudSat. Using this new module, the SLALOM algorithm is able to predict surface snowfall rate
with a relative bias of −13%, a root‐mean‐square error of 0.08 mm/hr, and a correlation coefﬁcient of 0.7.
Surface Snowfall Rate Module is then used to retrieve snowfall rate for three case studies and to provide a
unique, 70°S to 70°N high‐resolution distribution of average surface snowfall rate from 2014 to 2017. This
new product will be useful for surface precipitation analyses, global water budget estimation, and
climatological analyses.

Plain Language Summary A comprehensive monitoring of Earth surface snowfall can only be
reached using spaceborne instruments. However, estimating surface snowfall from space is challenging as
the signal measured by space sensors is only indirectly related to surface snowfall rate. In this study, we
developed a new algorithm that is able to estimate surface snowfall rate using observations from the
Global Precipitation Measurement Microwave Imager together with humidity and temperature vertical
proﬁles. We used this algorithm to provide a unique, 70°S to 70°N high‐resolution distribution of average
surface snowfall rate from 2014 to 2017. This new product will be useful for surface precipitation analyses,
global water budget estimation and climatological analyses.

1. Introduction
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Although most spaceborne passive microwave sensors equipped with high‐frequency channels (90–190
GHz) are highly sensitive to the radiation scattering by ice hydrometeors (e.g., Eriksson et al., 2015; Kulie
et al., 2010; Skofronick‐Jackson & Johnson, 2011), using them to retrieve surface snowfall rate (SSR)
remains nowadays a particularly challenging task (Levizzani et al., 2011; Skofronick‐Jackson et al., 2017).
This complexity is due to several factors that include the high diversity of size and shape of snowﬂakes
implying complex radiative signatures (e.g., Eriksson et al., 2015; Kulie et al., 2010; Kuo et al., 2016;
Skofronick‐Jackson & Johnson, 2011), vertical variability of snowfall within clouds, and difﬁculties to distinguish the signature of snowfall from nonprecipitating cloud ice or from surface background impaired
by the low and variable emissivity of snow or ice‐covered surfaces (e.g., Prigent et al., 2006; Takbiri et al.,
2019). Overcoming these difﬁculties would improve greatly the ability to quantitatively characterize the
Earth's water cycle and energy budget at the global scale. For this purpose, several attempts to develop
snowfall detection and retrieval algorithms have been conducted in the past years (among others,
Kongoli et al., 2003, Advanced Microwave Sounding Unit A/B, [AMSU‐A/B]; Noh et al., 2009, AMSU‐B;
Liu & Seo, 2013, AMSU‐B/Microwave Humidity Sounder; You et al., 2015, Special Sensor Microwave
Imager and Sounder; Kummerow et al., 2015, GMI; and Tang et al., 2018, GMI). However, difﬁculties previously mentioned remain and further developments are needed in order to mitigate uncertainties about
global snowfall estimates.
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In this context, we propose a new approach to estimate surface snowfall from spaceborne instrumentation
using the Global Precipitation Measurement (GPM) Microwave Imager (GMI; Hou et al., 2014;
Skofronick‐Jackson et al., 2017). A ﬁrst step toward this objective has been accomplished with the development of the Snow retrievaL ALgorithm fOr gMi (SLALOM) by Rysman et al. (2018). This algorithm is able to
detect surface snowfall and the presence of supercooled cloud droplets, and to retrieve the associated snow
water path (SWP). Despite some limitations in speciﬁc environmental conditions (very low humidity and
very weak snowfall), SLALOM has proven to retrieve SWP accurately compared to the CloudSat Cloud
Proﬁling Radar (CPR) globally and in speciﬁc environmental conditions. In addition, since GMI allows for
much higher spatiotemporal sampling than CPR, SLALOM is able to provide a more comprehensive SWP
climatology. The new SSR Module (SSR‐Mod) presented in this letter extends the SLALOM algorithm to
retrieve SSR using the CloudSat CPR 2C‐SNOW‐PROFILE (2CSP) product as a reference. Thus, SSR‐Mod
aims at retrieving global snowfall rates by inferring at best the CPR estimates, available on the 1.7‐km‐wide
CPR swath, on the full 880‐km‐wide GMI swath. The data set and the SSR‐Mod are presented in the second
and third sections of this paper. The fourth section is devoted to the results and the evaluation of SSR‐Mod,
while a discussion of the results and the conclusion are presented in the last section.

2. Data Set
The data set used is similar to the one described in Rysman et al. (2018) except that it extends now from March
2014 to October 2017. Here we provide a brief summary of its main characteristics. This data set, adapted from
the 2B‐CSATGPM product (Turk, 2016), contains 821,842 GMI and CloudSat coincident observations spread
over 1,010 days together with ancillary environmental variables. These coincidences are mainly found around
60°S to 60°N (see Figures 1 in Panegrossi et al., 2017, and Rysman et al., 2018) and are associated with surface
snowfall occurrence in 9% of the cases. Since CPR probes the atmosphere at a higher spatial resolution than
GMI, CPR pixels are averaged over the closest GMI pixel to provide a one‐to‐one correspondence. Speciﬁcally,
the data set contains GMI brightness temperatures (GMI L1C‐R), SWP and SSR (from the CPR 2CSP product;
Wood et al., 2014), supercooled droplets occurrence (from the CloudSat/Calipso DARDAR product; Delanoë
& Hogan, 2010), land‐sea ﬂag (2B‐GEOPROF product), sea ice concentration (from the AMSR2 ASI product;
Spreen et al., 2008), 2‐m temperature (ECMWF‐AUX product), total precipitable water (TPW; ECMWF‐AUX
product), and the four ﬁrst principal components of the vertical proﬁles of temperature, speciﬁc humidity,
and relative humidity (ERA‐Interim reanalysis at 0.75° × 0.75°).

3. Method
The SLALOM algorithm initially consisted of three modules for snowfall detection (SD‐Mod), supercooled
droplets detection (SCDD‐Mod), and SWP retrieval (SWP‐Mod). In this work, we developed a fourth module
to retrieve SSR (SSR‐Mod).
In order to obtain the most reliable estimates of snowfall rate, we evaluated the ability of seven widely used
statistical approaches: support vector machine (Boser et al., 1992; Cortes & Vapnik, 1995), gradient boosting
(Chen & Guestrin, 2016), random forest (Breiman, 2001), linear regression, single‐layer neural network
(Ripley & Hjort, 1996), k‐nearest neighbor (Altman, 1992), and regression tree (Breiman, 2017). We trained
these algorithms on a sample of the data set corresponding to 80% of randomly chosen days (training data
set) and evaluated their performances on the remaining 20% (testing data set). We tuned and ﬁtted every
model on the training data set to provide an estimate of SSR using the same input variables as those selected
for the SLALOM SWP‐Mod, that is, T2m, TPW, the four ﬁrst principal components of the vertical proﬁles of
temperature, speciﬁc humidity, and relative humidity, together with brightness temperatures of the 13 GMI
radiometer channels (10.65 to 183.31 ± 7 GHz). Results showed that gradient boosting has the highest correlation coefﬁcient and the lowest root‐mean‐square error (RMSE) among all tested algorithms compared to the
reference and has thus been implemented in the SSR‐Mod. It must be noted that SSR‐Mod retrieves SSR only
where SD‐Mod detects snow but that SSR retrieval accuracy does not depend on the other module outputs.

4. Results
SSR‐Mod evaluated on the testing data set shows a correlation coefﬁcient of 0.7, a bias of −13%, and a RMSE
of 0.08 mm/hr.
RYSMAN ET AL.
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Figure 1. Two‐dimensional histogram of surface snowfall of SLALOM versus surface snowfall of 2CSP (a). Relative bias
(%; b) and root‐mean‐square error (mm/hr; c) as a function of 2CSP surface snowfall rate (mm/hr). Regression tree (d)
with absolute value of the normalized difference percentage between predicted and observed surface snowfall rate indicated in the boxes, and partitioning variables and thresholds indicated on the branches. SLALOM = Snow retrievaL
ALgorithm fOr gMi; 2CSP = 2C‐SNOW‐PROFILE; TPW = total precipitable water.

In Figure 1, we investigated the factors explaining sources of SSR‐Mod uncertainties on snowfall rate retrieval. Figure 1a indicates that for very weak CPR SSR (below 0.05 mm/hr), SLALOM is not able to retrieve
accurately SSR and predicts values between 0.02 and 0.2 mm/hr whatever the CPR SSR. On the contrary,
above 0.05 mm/hr SLALOM and 2CSP are well correlated even if an uncertainty in the retrieval remains.
Figure 1b shows that the relative bias ranges between 47% at 0.05 mm/hr (and higher for lower snowfall rate,
not shown) and −59% for SSR higher than 1 mm/hr. This result implies that SSR‐Mod tends to underestimate
the heaviest snowfall events compared to 2CSP. We also plotted the RMSE as a function of SSR (Figure 1c).
When RMSE is above (below) the dashed line, it means that RMSE is higher (lower) than the average SSR. It
shows that SSR‐Mod accuracy improves continuously from 0.05 to 1.2 mm/hr. Yet, in the last bin (corresponding to 1.8 mm/hr on average), RMSE increases signiﬁcantly up to 1.5 mm/hr (i.e., retrieval is less accurate). The difﬁculty for SSR‐Mod to retrieve surface snowfall in this last bin, that is, with the heaviest
snowfall events of the data set, is probably related to the very low percentage of cases with SSR > 1.5
mm/hr in the coincidence database (i.e., only 314 cases over 56,380 snowfall cases, see Figure 6 in Casella
et al., 2017, for the full probability distribution function for the 2014–2015 period).
In order to understand how the environmental conditions affect SSR‐Mod skill, we built a regression tree of
the normalized difference percentage between predictions and observations of SSR (Figure 1d). A normalized difference percentage equal to 0 indicates an optimal performance while increasing values mean lower
overall performance. The regression tree clusters hierarchically this normalized difference percentage choosing, at each step, the best splitting variable (and associated threshold) among T2m, TPW, surface type (land,
open sea, sea ice, and coast), or the presence of supercooled droplets. It is thus a very effective tool to
RYSMAN ET AL.
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Figure 2. Surface snowfall rate from Cloud Proﬁling Radar‐CloudSat (black), SLALOM (red), and GPROF (blue) for
Snowfall event on (a) 30 April 2014, (b) 14 December 2014, and (c) 27 March 2014. SLALOM = Snow retrievaL
ALgorithm fOr gMi; 2CSP = 2C‐SNOW‐PROFILE.

understand how snowfall rate retrievals are affected by environmental conditions (see also Rysman et al.,
2018, for details about regression tree interpretation). The regression tree reveals ﬁrst that predictions are
less accurate when T2m is greater than 273 K. This is not surprising as for these temperatures mixed
precipitation can occur and, while 2CSP product does not retrieve snowfall rate if the liquid fraction
exceeds 15 %, GMI channels can still be affected by snowfall scattering in this situation and thus SSR‐Mod
can retrieve SSR. In addition, the quality of the retrieval also decreases when TPW is low (<7.1 kg/m2)
because in dry conditions snowfall detection can be problematic due to background surface
contamination. Finally, the presence of supercooled droplets also impacts the retrieval negatively because
the emission signal from the cloud liquid water tends to mask the ice scattering signal associated with
snowfall (see Panegrossi et al., 2017). It is interesting to note that the obtained regression tree is quite
similar to the one obtained for the SWP module (Figure 6a in Rysman et al., 2018).

5. Application of SSR‐Mod
In the following, the new SSR‐Mod is used to predict SSR on three case studies for which coincident GMI and
CloudSat observations are available (Figure 2). Note that these case studies have been thoroughly analyzed
by Panegrossi et al. (2017) and Rysman et al. (2018) and correspond to complex and insightful meteorological
and environmental situations. We also included here the SSR provided by the NASA GMI product (GPROF
V05, Kummerow et al., 2015) for a qualitative comparison. However it must be noted that comparing
SLALOM (and 2CSP) with GPROF remains a difﬁcult task as both products are based on different deﬁnitions. For instance, while 2CSP does not retrieve snowfall when liquid fraction is above 15%, GPROF V05
product retrieves snowfall as soon as the probability of having solid precipitation (liquid vs. solid classiﬁcation methodology is detailed in Sims & Liu, 2015) is greater than 50%.
The ﬁrst case study corresponds to a frontal system that occurred on 30 April 2014 in Eastern Siberia. CPR
shows a main snowy region from 58°N to 61°N that corresponds to the frontal system and a weak snowfall
region around 65°N (Figure 2a). Both regions variability is well captured by SLALOM. However, both maxima of snowfall higher than 1 mm/hr are underestimated by SLALOM, which is not surprising considering
RYSMAN ET AL.
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Figure 3. Unconditioned (a) and conditioned (i.e., for SSR > 0 mm/hr; b) average SSR (mm/hr), as estimated by the Snow
retrievaL ALgorithm fOr gMi SSR module between May 2014 and May 2017. SSR = surface snowfall rate.

that a negative relative bias occurs for heavy snowfall events (Figure 1a). GPROF, on the other hand, is able
to capture the precipitation around 58°N (likely mixed‐phase, as evidenced also in Panegrossi et al., 2017),
where it evidences two peaks of SSR (up to 1 and 0.4 mm/hr) undetected by CPR, while it misses almost
completely the snowfall north of 60°N.
The second case study occurred on 14 December 2014 in Alaska and is associated with orographic precipitation (Figure 2b). While CloudSat shows an impressive peak of snowfall rate (>3 mm/hr) around 61.5°N, in
spite of the relatively low SWP around 0.8 kg/m2 (see Figure 8 of Rysman et al., 2018), neither SLALOM nor
GPROF is able to reproduce it, but both algorithms ﬁnd slight snowfall rate (around 0.5 mm/hr) in this
region. As already mentioned in Rysman et al. (2018), this could be due to the low TPW (<5 kg/m2) for this
case, and to the contamination by the background surface of the weak scattering signal associated with this
orographic snowfall event (as evidenced in Panegrossi et al., 2017).
The last case study took place over the Labrador Sea on 27 March 2014 and is associated with a synoptic
snowfall event (Figure 2c). CloudSat shows a snowfall rate that decreases with intermittent peaks from
1.4 mm/hr at 57°N to 0 mm/hr at 61°N. SLALOM succeeds in retrieving the same snowfall pattern but again
tends to underestimate snowfall rates higher than 1 mm/hr. GPROF captures well the trend but signiﬁcantly
underestimates the snowfall rate values and misses the precipitation north of 59°N. It is worth noticing that
for all the three case studies shown here the SLALOM SWP retrieval shown in Rysman et al. (2018) showed
better agreement with the 2CSP retrieval than the SSR. This conﬁrms that GMI brightness temperatures
respond mostly to the 3‐D distribution of ice (or liquid) hydrometeors within the cloud, while the SSR retrieval is less directly associated with brightness temperature (see You & Liu, 2012).
In this last section, we analyzed the average SSR between 68°S and 68°N from May 2014 to May 2017. For
each GMI orbit for this period, we applied SSR‐Mod to retrieve the SSR. Then, we computed the unconditioned and conditioned (i.e., for SSR > 0 mm/hr) average SSR for each 0.1° × 0.1° pixel of a regular grid.
RYSMAN ET AL.
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Note that in this analysis a “0” SSR can be anything (e.g., clear sky and rain) except SSR > 0 mm/hr. The two
maps presenting the unconditioned and conditioned average surface snowfall intensity are shown in
Figure 3 (respectively in a and b pannels). Figure 3a shows high average SSR values in the Southern
Ocean region reaching 3.5 mm/hr in its eastern part. In the Northern Hemisphere, coastal regions of
North America and Greenland show local maxima higher than 2 mm/hr. Labrador Sea, western Siberia,
and Okhotsk Sea (along the Kamchatka Peninsula) also presents high average snowfall rate. Finally, heavy
snowfall rates are found in most of mountainous regions (the Himalayas with local maxima above 3.5
mm/hr, the Andes, the Alps, and the Rocky Mountains). Those patterns are globally similar to those found
in Behrangi et al. (2016), Kulie et al. (2016), Mateling (2016), and Skofronick‐Jackson et al. (2019). Figure 3b
highlights a rather smooth pattern of snowfall intensity between 5 and 7.5 mm/hr in the Southern Ocean
region. The situation is more contrasted in the Northern Hemisphere where values reaching 10 mm/hr
are found over mountainous ranges and for low latitudes. Surprisingly, the Europe‐Asia continent is divided
in two areas with very distinct behaviors: Over Europe and western Siberia the average snowfall rate intensity is mainly between 5 and 7.5 mm/hr with high variability, while over eastern Siberia the average intensity
is between 2.5 and 5 mm/hr. Average surface snowfall intensity in North America decreases northward and
away from the coastal regions. Finally, it is interesting to notice that some regions (South Africa and
Australia) where average surface snowfall is extremely low as shown in Figure 3a can experience some rare
but intense snowfall events.

6. Conclusions
In this letter, we presented a new module (SSR‐Mod) of the SLALOM algorithm for retrieving SSR using GMI
observations. The SSR‐Mod module is trained and tuned using coincident observations between GMI and the
CloudSat CPR. SSR‐Mod also takes into account ancillary environmental variables, such as humidity and
temperature. Our evaluation focused on the accuracy of SLALOM SSR retrievals with respect to CPR‐derived
SSR, while SLALOM snowfall detection capabilities have been evaluated in Rysman et al. (2018). SLALOM is
able to retrieve SSR with a relative bias of −13%, a correlation coefﬁcient of 0.7 and a RMSE of 0.08 mm/hr
compared to CloudSat observations. Surface snowfall retrieval is more accurate in cold and/or moist environmental conditions and when supercooled droplets does not occur. In addition, the highest snowfall rates
tend to be underestimated by SLALOM. SSR‐Mod is used in this letter to provide high‐resolution nearly global maps of unconditioned and conditioned (i.e., for SSR > 0 mm/hr) average SSR.
A signiﬁcant contribution of the SSR‐Mod module comes from the possibility to infer accurately the CPR SSR
on the full GMI swath (880 km wide vs. 1.7 km for CPR). Indeed, while CPR is nowadays the most accurate
instrument to retrieve surface snowfall at the global scale, its very narrow swath of 1.7 km implies a revisit
time of two weeks for a 100 × 100‐km grid pixel. This does not allow to provide a comprehensive climatology
characterization of snowfall. Inferring CPR SSR on the full GMI swath allows to obtain a much higher spatial
and temporal coverage of the Earth (between −68°S and 68°N) with a revisit time of about 1 day for 10 × 10‐
km grid pixels. In addition, SSR‐Mod could be adapted to other available passive microwave radiometers,
which could improve global surface snowfall characterization, including in the polar regions, which are
not covered by GMI.
The ability of SSR‐Mod to retrieve SSR with a good accuracy can be explained by several characteristics. First
using all high‐frequency channels (with dual‐polarization at 89 and 166 GHz) help to deal with the problem
of the vertical variability and microphysical variability of snowfall. Indeed, depending of their frequencies
and of their polarizations, high‐frequency channels are more or less sensitive to the different layers of a snow
cloud and to the size or shape of snowﬂakes (e.g., Gong & Wu, 2017; Panegrossi et al., 2017). In addition, the
use of low frequency channels provides information on the background surface at the time of the overpass
without using climatology or ancillary information on the surface type. Another advantage of SSR‐Mod
comes from the fact that it uses environmental variables to adjust its retrieval strategy. For instance, a dryer
atmosphere can increase the surface contamination for channels that probe closer to the surface. In these
conditions, SSR‐Mod will tend to favor channels that probe at higher altitudes to retrieve SSR.
However, as highlighted by Rysman et al. (2018), SLALOM algorithm and SSR‐Mod present several limitations. The main one lies in the training data set that takes 2C‐SNOW‐PROFILE (2CSP) products as a reference, which is itself affected by several source of uncertainties that must be recalled here. First, 2CSP does
RYSMAN ET AL.
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not provide measurements close to the surface to avoid ground clutter contamination, which is a potential
limitation for providing accurate surface snowfall estimates. In addition, several authors (Cao et al., 2014;
Chen et al., 2016; Norin et al., 2015) showed that, while 2CSP snowfall estimates agree favorably with those
from ground‐based radar products, it tends to overestimate light snowfall events and to underestimate
moderate‐heavy snowfall events. Another issue comes from the fact that 2CSP does not include melting snow
or mixed‐phase precipitation. Indeed, the 2CSP snowfall rate is provided only either when surface snowfall is
probable or certain, or when the liquid fraction is lower than 15% (see also Casella et al., 2017). Therefore,
CPR pixels where 2CSP SSR equals zero, considered as no‐snowfall cases, might contain mixed‐phase precipitation (as illustrated in the 30 April 2014 case presented in Figure 2a). However, the high‐frequency GMI
channels are sensitive to melting snowfall, even if the liquid fraction is higher than 15%. GMI instruments
also struggle to detect surface snowfall in dry atmospheric conditions because the brightness temperatures
measured in the high‐frequency channels, sensitive to the snowfall scattering signal in most cases, are contaminated by the background surface (emission and scattering) signal. As a matter of fact, a recent study by
Takbiri et al. (2019) showed the different GMI channel response to the presence of dry (and cold) or wet (warmer) snow on the surface. Melting snowfall events where solid and liquid water droplets/crystals coexist are
also problematic cases. Indeed, it is unclear if, for these cases, high‐frequency brightness temperatures are
mainly impacted by solid or liquid phases or by a combination of both. Finally, supercooled droplets often
found on top of ice clouds at high latitudes also impact the measured signal (e.g., Panegrossi et al., 2017)
and are detected in a dedicated SLALOM module.
In the future, as more and more coincident observations will be available the algorithm training database
will expand. This will help improving heavy snowfall events retrieval as they are currently underrepresented
in the data set. It will be also interesting to explore the possibility to combine GMI and CPR coincident observations with DPR measurements, following Adhikari et al. (2018) approach, to improve heavy snowfall
events characterization. Finally, as no consensus exists regarding global snowfall estimates, it will be insightful to compare the SSR climatology provided by SLALOM with those from other products.
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