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A Snowfall Detection Algorithm for ATMS Over
Ocean, Sea Ice, and Coast

Yalei You

Abstract—This study developed a snowfall detection algorithm
over ocean, sea ice, and coast for the advanced technology
microwave sounder (ATMS) onboard both NPP and NOAA-20
satellites. The detection algorithm was trained from collocated
observations between ATMS-NPP and CloudSat cloud profiling
radar (CPR) snowfall product. Both brightness temperature (TB)
variables and global forecast system (GFS) output variables are
evaluated for snowfall detection in this algorithm. Results show
that combining TB variables and GFS variables provide the optimal
snowfall detection performance. The Heidke skill score (HSS) val-
ues are about 0.56 over all three surface types, and the probability
of detection (POD) values are 0.76, 0.70, and 0.72 over ocean, sea
ice, and coast, respectively. The importance of the GFS variables
differs greatly among these three surface types. The detection
algorithm primarily depends on TB variables over ocean and HSS
only increased by 0.05 by adding GFS variables. In contrast, GFS
variables are critically important to snowfall detection over sea ice
and coastal regions. Without GFS variables, the HSS values over
both sea ice and coastal regions decrease sharply from about 0.56
to about 0.40. Over ocean, we also developed a regional snowfall
detection model in each 10° grid box, which greatly outperform the
global detection model over certain regions (e.g., sea of Okhotsk
and Labrador Sea). Case studies and validation against NOAA-20
observations showed that the snowfall detection algorithm per-
forms well, which will benefit coastal communities by providing
information on snowstorms offshore before they transition to land.

Index Terms—Microwave radiometry, satellite applications,
snow.

1. INTRODUCTION

NOWFALL accounts for a large fraction of precipitation

occurrence in the middle and high latitudes [ 1]-[6]. Satellite
observations provide the only means to measure snowfall on the
global scale, especially over ocean where traditional instruments
(e.g., ground radar and gauge) are almost nonexistent.
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The CloudSat cloud profiling radar (CPR) with a minimum
detection reflectivity at ~-30 dBZ has long been used for snow-
fall research [1], [2], [7]-[11]. Liu produced an observation-
based global snowfall map from one year CPR observations [1],
which showed that over the Southern Ocean heavy snowfall
events most frequently occur in the latitudinal band centered
around 60°S, while in the Northern Hemisphere, heavy snowfall
events over ocean often occur over several specific regions (e.g.,
Sea of Okhotsk, Labrador Sea, and the Ocean East of Greenland,
and North Europe and Arctic Ocean). Snowfall morphology
analyses revealed that shallow snowfall events with cloud top
less than 4 km occur predominantly over ocean [12]. Previous
studies demonstrated that snowfall derived from CPR observa-
tions agree well with that from ground radar [7], [9], [13], [14],
and reanalysis datasets [15], [16].

The dual frequency radar (DPR) onboard the global precip-
itation measurement (GPM) core observatory satellite has also
been used to investigate the snowfall characteristics. Adhikari
et al. [5] investigated the snowfall features using three years
of GPM DPR observations. They noticed obvious differences
between snowfall in the Northern Hemisphere and Southern
Hemisphere (e.g., stronger diurnal and seasonal variation over
Northern Hemisphere), and between snowfall over land and
ocean (e.g., more intense snowfall over land). Comparison stud-
ies between GPM DPR and CloudSat CPR revealed that DPR
misses 90% of snowfall events relative to CPR [2], [17] due to
its much larger minimum detection reflectivity at ~12 dBZ [18],
compared with that from CPR of —30 dBZ.

Many previous studies also demonstrated the capabil-
ity of passive microwave radiometers for snowfall detec-
tion, including Special Sensor Microwave/Imager (SSM/I) and
SSM/Temperature 2 (SSM/T2) [19], Advanced Microwave
Sounding Unit-B (AMSU-B) [20]-[22], Special Sensor Mi-
crowave Imager/Sounder (SSMIS) [23], [24], GPM Microwave
Imager (GMI) [6], [24]-[28], Microwave Humidity Sounder
(MHS) [22], [29], advanced technology microwave sounder
(ATMS) [30]-[32]. These previous studies pointed out that
the high frequency channels (>85 GHz) are indispensable for
snowfall detection, which has also been confirmed by theoretical
studies [33]-[36]. You et al. [37] showed that snowfall proba-
bility of detection (POD) decreases sharply from 0.77 to 0.35
without the high frequency channels.

Compared with spaceborne radars, there are several chal-
lenges with using passive microwave radiometers for snowfall
detection, including the highly variable surface emissivity over
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snow covered land regions and sea ice [22], [38], [39], super-
cooled cloud liquid water causing brightness temperature (TB)
to increase and obscuring the TB depression signature from ice
scattering [29], [40]-[42], and the indirect relationship between
surface snowfall rate and the hydrometeors in the air [43].
However, there are more than 10 passive microwave radiometers
currently operational and suitable for snowfall studies [44],
[45], while GPM DPR is the only operational spaceborne radar
capable of detecting heavy snowfall events. More importantly,
passive microwave radiometers provide much wider spatial cov-
erage (e.g., ~245 km from DPR vs. ~2500 km from ATMS). The
availability of these radiometers along with their wider spatial
coverage are critical to generate the 3-hourly and finer scale
global precipitation dataset [44], [46], [47].

Parameters from reanalysis datasets and/or numerical model
outputs have also been used to further improve the snowfall
detection performance. For example, You et al. showed that
vertical velocity and relative humidity in lower troposphere can
increase snowfall POD by about 10% over the contiguous United
States (CONUS) [23]. An overland snowfall detection algorithm
from Kongoli et al. [48] used surface relative humidity and 2-m
air temperature to filter out unlikely snowfall pixels from ATMS
in the dry and warm scenarios. They further improved this over-
land snowfall detection algorithm by including more ancillary
variables from NOAA’s GFS model (e.g., cloud thickness, cloud
top and base heights, cloud top and base temperatures, relative
humidity, and vertical velocity at different levels) [32]. They
concluded that the optimal snowfall detection performance is
obtained when combining the information from ancillary GFS
variables and satellite TB observations.

ATMS is a key instrument in the joint polar satellite system
(JPSS, the latest generation of NOAA’s polar-orbiting environ-
mental satellite program), which was first launched onboard the
NPP satellite in 2011, followed by N20 (JPSS-1) in 2017. ATMS
is expected to be onboard JPSS-2 in 2022, JPSS-3 in 2026, and
JPSS-4 in 2032 [49]. Meng et al. [31] developed a snowfall
retrieval algorithm for passive microwave radiometers, which
provides the operational snowfall products over land for ATMS.
The objective of this study is to develop a snowfall detection
algorithm over ocean, sea ice, and coast for ATMS onboard both
Suomi-NPP (NPP) and NOAA-20 (N20) satellites. This study is
an extension of the current NOAA’s operational snowfall prod-
ucts over land [31]. Currently, the logistic regression method
is used for snowfall detection over land [31], [32], which has
also been adopted for the snowfall detection over ocean, sea ice,
and coast. Key innovations include that 1) this study uses the
CloudSat snowfall estimates as the “reference (truth)”; and 2)
we quantify the snowfall detection skills from both ATMS TB
observations and GFS ancillary variables, and explain where and
why both variables are necessary for optimal snowfall detection
performance.

II. DATASETS
A. ATMS Brightness Temperature From NPP and N20

ATMS scans cross-track + 52.8° relative to nadir at ~ 824-km
altitude with 22 channels and 96 field-of-view (FOV) sam-
ples from each scan line. This study selected 11 channels
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TABLE I
SELECTED 11 CHANNELS AND THEIR RESOLUTIONS AT NADIR FOR SNOWFALL
DETECTION ALGORITHM DEVELOPMENT FROM THE ATMS

Frequency (GHz) Abbreviation ~ Resolution (km)
23.8 (QV) 24 75
31.4 (QV) 31 75
52.8 (QH) 53 32
53.596+0.115 (QH) 54 32
88.2 (QV) 88 32
165.5(QH) 166 16
183.31£1 (QH) 183+£1 16
183.31£1.8 (QH) 18342 16
183.31£3 (QH) 183+3 16
183.31+4.5 (QH) 183+5 16
183.31£7 (QH) 18347 16

The QV and QH stand for quasi-vertical and quasi-horizontal polariza-
tions, respectively.

that are related to precipitation process for snowfall algorithm
development. They are 23.8 (QV), 31.4 (QV), 52.8 (QH),
53.596 £ 0.115 (QH), 88.2 (QV), 165.5 (QH), 183.31+1
(QH), 183.31 + 1.8 (QH), 183.31 £ 3 (QH), 183.31 4.5 (QH)
and 183.31 =7 (QH) GHz (QV=quasi-vertical and QH=quasi-
horizontal polarizations). Hereafter, these channels are referred
to as V24, V31, ..., and H183.3 &= 7 for convenience. The hor-
izontal resolution at nadir is about 75 km for 24 and 31 GHz,
32 km for channels at ~50 and 88 GHz, and 16 km for 166 and
183 GHz channels. This information is summarized in Table I.

As a cross-track scanning sensor, the footprint size increases
from the center of the scan line to the edge. For example, the
FOV size at nadir at H166 GHz is about 16 km, while it is
68 x 30 km at the edge of the swath. We stratify these pixels
into three categories (center, middle, and edge) to match with
CloudSat snowfall product (more details in the Section III).

This study uses the TB observations from January 2012 (three
months after the NPP launch) to July 2019 (end date of the CPR
snowfall product) from NPP, and January 2018 (two months after
the N20 launch) to July 2019 from N20, respectively. Due to the
limited matchup samples between N20 and CloudSat, we trained
the snowfall detection algorithm using matchups between NPP
and CloudSat, while applying the detection algorithm to both
NPP and N20. The matchup samples between N20 and CloudSat
are used as an independent dataset to validate the snowfall
detection algorithm’s performance. From now on, we use ATMS
to represent either ATMS-NPP, or ATMS-N20, or both sensors,
depending on the context.

B. CloudSat Snowfall Data

CloudSat CPR is a nadir-looking radar with a spatial resolu-
tion of 1.4 x 1.8 km and vertical resolution of 500 m [50]. It is
arguably the most reliable snowfall measurement instrument on
the global scale [10]. This study uses the latest version (VO0S5)
CPR snowfall product as the “reference (truth)” from January
2012 (three months after the launch of the NPP satellite) to
July 2019 (end date of the CPR snowfall product). Specifically,
we obtained three variables from 2C-SNOW-PROFILE product,
including surface snowfall rate (snow fall_rate_s fc), snowfall
rate profile (snow fall_rate), and snow water content profile
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(snow_water_content). Only the data of good quality, as in-
dicated by the “data quality” variable in 2C-SNOW-PROFILE
product being 0, are retained.

C. GFS and Other Ancillary Variables

As previous studies demonstrated, the environmental param-
eters from numerical weather prediction model outputs (e.g.,
relative humidity) contain valuable snowfall detection informa-
tion [23], [32]. In addition to the ATMS TB observations, this
study assesses 115 parameters from GFS for possible snowfall
detection improvements. The selected variables are listed in
Table I. The spatial and temporal resolutions for GFS analysis
variables are 0.5° and 6-hourly (00, 06, 12, and 18 UTC),
respectively. To increase the temporal resolution, we also use
the forecast fields at 03, 09, 15, 21 UTC. That is, the temporal
resolution becomes 3-hourly when combining the analysis and
forecast fields.

We also use the precipitation rate data from the multiradar
multisensor (MRMS) system in two case studies, which is
at 1-km and 2-min spatial and temporal resolutions, respec-
tively [51]. It is worth mentioning that MRMS data are only
available over the CONUS and near coastal regions. A radar
quality index (RQI) is also developed to represent the MRMS
precipitation data quality [52]. It is shown later that the RQI
decreases dramatically away from land areas.

The sea ice coverage information is obtained from the 4-km
daily global multisensor automated snow/ice cover map [53].
The surface type (i.e., land, ocean, and coast) definition is based
on the 1-km land elevation data [54] by considering each ATMS
pixel’s ellipse boundary on the earth surface (more details in
following collocation scheme section).

III. METHODOLOGY
A. Collocation Scheme

As mentioned previously, there are three spatial resolutions
for the selected 11 ATMS channels. We take the resolution at
166 GHz (16 km at nadir) as the nominal resolution. The lower
resolution TB at other channels (i.e., from 24 to 88 GHz) remains
unchanged. To consider the varying foot print size from central to
the edge scan line, we stratify the 96 FOV footprints in each scan
line into three categories, including central from scan position
20-77, middle from scan position 10-19 and 78-87, and edge
from scan position 1-9 and 88-96.

For each ATMS pixel, we first check whether there are CPR
pixels within 15 min time difference with the ATMS pixel. If
there are CPR pixels close in time (i.e, <15 min) with a ATMS
pixel, we average all CPR pixels within an area with radius
being 9, 12, and 18 km for central, middle, and edge categories,
respectively. The 9, 12, and 18 km are roughly the effective
ATMS radius dividing the CPR pixel resolution (e.g., 16/1.8x9)
in each group. It is worth mentioning that we choose theses
threshold values (i.e., 9 km, 12 km, 18 km, and 15-min) to
balance the matchup accuracy and the matchup sample size. To
attach GFS variables to each collocated ATMS-CPR pixel, we
first find the closest GFS grid for each ATMS-CPR pixel, then
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linearly interpolate each variable in the temporal dimension. It
is worth mentioning that the temporal and spatial resolutions are
3-h and 0.5° for GFS variables.

First, ocean and coast pixels are separated based on the ocean
percentage in each ATMS pixel; and then the sea ice pixels are
further identified from the ocean category. Specifically, within
each ATMS ellipse boundary, we compute the percentage of the
ocean from the 1 km land elevation data, where the land region
has an elevation value greater than 0, while a negative value
is assigned to the oceanic surface. A surface type of a pixel is
determined as ocean when at least 80% of the ellipse is covered
by ocean. The surface type of a pixel is labeled as coast if the
percentage of ocean in the ellipse is less than 80%, but greater
than 20%. For each ocean ATMS pixel, it is further classified as
over sea ice (ocean) if half of the pixel area is covered by sea ice
(ocean) based on the 4-km daily snow/ice cover data.

B. Logistic Regression

To determine the snowfall status of each pixel, we use the
logistic regression model, which has been used over land for
snowfall detection in the NOAA’s operational ATMS retrieval
algorithm [31], [48]. This study combines information from
TB channels and GFS variables for optimal snowfall detec-
tion performance over ocean, sea ice, and coast. Two training
databases (i.e., snow vs. no-snow pixels) are required with each
of them containing multivariables x (e.g., relative humidity, total
precipitable water, and H183 4= 7). According to [55], snowfall
probability p can be computed with the following equation:

In (1€p> =by+ bz + -+ brxy, (D

where p stands for snowfall probability. x;represents the ¢th
selected variable (¢ = 1,...,k) and k is the total number of
variables. In the final selected model, this number (k) is 13, 17,
and 18 over ocean, sea ice, and coast, respectively. We provide
a case study in the Section IV to further illustrate how we use
logistic regression for snowfall detection.

C. Evaluation Metrics

To assess the snowfall detection performance, four numbers
in a2 x 2 contingency table (hit, miss, false alarm, and correct
negative) are computed [55]. A hitis defined as both CPR and the
ATMS detection algorithm detecting snowfall. A false alarm is
when the ATMS algorithm detects snowfall, while CPR does
not, while a miss is when the CPR detects snowfall but the
ATMS detection algorithm does not. A correct negative is when
both CPR and the ATMS detection algorithm detect no snowfall.
These four numbers are referred to as hit number 1), false alarm
number 2), miss number 3), and correct negative number 4).
This study computes the accuracy metrics derived from these
four numbers, including POD, false alarm ratio (FAR), and HSS.
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Fig. 1. (a) Geospatial distribution of the collocated ATMS-NPP and CPR
samples from 2012 to 2019 in each 2.5° grid box over ocean, sea ice, and coast.
(b) Same as (a) except for ATMS-N20 from 2017 to 2019.

These metrics are calculated as follows:

PoD = —
a—+c
FAR =
a+b
2ad — b
HSS = (ad — be) )

(a+c)(c+d)+ (a+Db)(b+d)

The POD (FAR) values vary from O to 1 with a larger POD
(smaller FAR) indicating better detection performance. A large
POD value is often associated with a large FAR value, which
makes it difficult to directly compare detection performance
using POD or FAR. For this reason, this study uses the Heidke
skill score (HSS) value (varying from —oo to 1) to evaluate the
overall detection performance with a larger HSS value indicating
a better overall performance. An HSS value greater than zero
indicates a performance better than random chance.

IV. RESULTS
A. Geospatial Distribution of Collocated CPR and ATMS

Fig. 1 shows the geospatial distribution of matchups between
CPR and ATMS-NPP [see Fig. 1(a)], and between CPR and
ATMS-N20 [see Fig. 1(b)] over ocean, sea ice, and coast in each
2.5° grid box. It is worth mentioning that these are matchup
samples filtered using the precipitation phase determination
approach [56]. Specifically, the wet-bulb temperature scheme
is used for this screening. In other words, we first discard ATMS
pixels under warm temperature scenarios unlikely associated
with snowfall. This explains why few matchup samples show
up in the 40°S to 40°N latitudinal band.

Overall, there are 424921, 788 100, 60 322 matchups between
CPR and ATMS-NPP over ocean, sea ice, and coast, respectively.
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Fig.2. (a) Snowfall probability derived from the logistic regression over ocean,

corresponding to different predictor values (i.e.,z = bg + b1x1 + - -+ + brxg)
in the x-axis. (b) Detection metrics, including POD, FAR, and HSS over ocean,
corresponding to different predictor values in the x-axis.

For ATMS-N20, the sample sizes are 148501, 253534, 20547,
over ocean, sea ice, and coast, respectively.

B. Logistic Regression Demonstration Over Ocean

Fig. 2 provides a demonstration of the logistic regression
snowfall detection approach by showing the snowfall probability
[see Fig. 2(a)] and the evaluation metrics [Fig. 2(b)], deriving
from matchup samples between ATMS-NPP and CloudSat CPR
over ocean. Predictor variables include V24, V31, H53, H54, all
high frequency channels (V88, H166, and five H183 channels),
relative humidity at 900 hPa, and cloud liquid water (CWAT).
We explain in the next section how and why these variables
are selected. Apparently, choosing different threshold values of
x [right side of (1), shown as x-axis values on Fig. 2(a) and
(b)], the snowfall probability and the evaluation metrics vary
accordingly. In particular, the large POD value is almost always
associated with a large FAR value, except when both values are
less than ~0.2 [see Fig. 2(b)]. For this reason, we select HSS
as an overall performance metrics. The threshold value for x is
selected when HSS peaks. For this case, the HSS value peaks at
0.56 [green curve in Fig. 2(b)], corresponding to the threshold
value of x being —0.32 on the x-axis in Fig. 2(b). Based on
the (1), the corresponding snowfall probability value is 0.42
with x being —0.32.

C. Variable Selection

First, all 11 TB channels are used for physical reasons over all
three surface types (ocean, sea ice, and coast), which are V24,
V31, H53, H54, V88, H166, and five H183.3 GHz channels.
Previous studies showed that the high frequency channels are
indispensable for snowfall detectio, since they are able to capture
the ice scattering signature [33]-[37]. The low frequency chan-
nels at 24 and 31 GHz are chosen since they provide the surface
emission background, which is subject to large variabilities,
especially over sea ice and coastal regions [39]. The channel
around 50 GHz is temperature sounding channels in troposphere,
providing temperature information close to the surface. It is
worth mentioning that the temperature sounding channel at
53 GHz is currently used in the NOAA’s operational snowfall
detection product over land [31].
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TABLE II

THESE ARE GFS VARIABLES TESTED FOR POSSIBLE SNOWFALL DETECTION
IMPROVEMENTS, COMBINING WITH THE ATMS BRIGHTNESS TEMPERATURE

TABLE III
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FINAL RESULTS OF VARIABLE SELECTION OVER OCEAN, SEA ICE, AND COAST

GFS variables

ocean RH900, CWAT
Sea ice  RH850, RH900, RH925, RH950, RH975 , CWAT
Coast RH750, RH850, RH900, RH925, RH950, RH1000, CWAT

We use 11 TB variables over all three surface types, including V24, V31, H53, H54,
H88, H166, and 183.3 +7, 5, 3, 2,1. Only the selected GFS variables are listed in the

Table. RH represents relative humidty. CWAT is total cloud water

I T only I T only [ B only
[ GFs only [ GFs only [ GFs only
I T5GFS

HSS

FAR

POD

0.56
0.49
0.40

HSS

0.36
0.41
0.50

FAR

POD

0.70
0.66
0.65

HSS

FAR

POD

0O 02 04 06 08 1

0 02 04 06 08

0 02 04 06 08

1

(TB) OBSERVATIONS

Variable Name Symbol in GFS Levels
Relative humidty RH 19
Cloud mixing ratio CLWMR 19
Vertical velocity VVEL 19
Geopotential height HGT 19
Temperature TMP 19
Mean Sea Level Pressure MSLET 1
Surface Geopotential height HGT surface 1
Surface temperature TMP surface 1
2-meter air temperature TMP 2 m above ground 1
Relative humidity at 2-meter RH 2 m above ground 1
Entire relative humidity RH entire atmosphere 1
U-component wind at 10-meter ~ UGRD 10 m above ground 1
V-component wind at 10-meter ~ VGRD 10 m above ground 1
Specific humidty at 2 meter SPFH 2 m above ground 1
Lifted index LFTX 1
CAPE surface CAPE surface 1
CAPE 180 hPa above ground CAPE 180 hPa above ground 1
CAPE 250 hPa above ground CAPE 250 hPa above ground 1
CIN surface CIN surface 1
CIN 180 hPa above ground CIN 180 hPa above ground 1
CIN 250 hPa above ground CIN 250 hPa above ground 1
U-component of storm motion USTM 1
V-component of storm motion VSTM 1
Precipitable water PWAT 1
Cloud water CWAT 1
Total variable count 115

Among these variables, there are five profiles at 19 pressure levels (From 200 to 900 Hpa with
a 50 Hpa increment, 925 Hpa, 950 Hpa, and 1000 Hpa,), including relative humidity, cloud
mixing ratio, geopotential height, temperature. All other variables are one dimensional.

GFS variables
g
8

GFS variables
<5
28

GFS variables
2
z
3
8

Fig. 3. (a) GFS variables with a HSS value at least 0.2 over ocean.
(b) Same as (a) except over sea ice. (c) Same as (a) except over coast.
(T=Temperature, RH=relative humidity, H=Geopotential height, C=Cloud
mixing ratio, V=Vertical velocity, and CWAT=total cloud water. The numbers
stand for the pressure level in the unit of hPa). The total GFS variable number
with a HSS value at least 0.2 is 32, 38, and 24, over ocean, sea ice, and coast,
respectively.

Second, all GFS variables listed in Table II are tested indi-
vidually using the method shown in Fig. 2. We only select the
GFS variables with a HSS value of 0.2 or larger. The selected
GEFS variables over three surface types are shown in Fig. 3. It is
found that the selected GFS variables are closely related to the
precipitation process, including relative humidity, temperature,
geopotential height, vertical velocity, and cloud mixing ratio

(a) (b) (©)

Fig.4. (a) The snowfall detection metrics, including POD, FAR, and HSS over
ocean by using TB variables, GFS variables, and both TB and GFS variables.
(b) Same as (a) except over sea ice. (¢) Same as (a) except over coast.

at different pressure levels, and CWAT (total cloud water). In
addition, it is shown that relative humidity and cloud mixing
ratio in the lower troposphere (e.g., 850 hPa) has very strong
snowfall detection capability over sea ice and coast, indicated
by a HSS value of ~0.5 [see Fig. 3(b) and (¢)].

Third, the selected variables with HSS at least being 0.2 are
added to the 11 TB variables in a stepwise manner. Specifically,
we first compute the HSS value using the 11 TB variables. Then,
we recompute the HSS value by adding the selected GFS vari-
ables one by one. If the HSS value increases by at least 0.02 when
adding a certain variable, it is retained. Otherwise, that variable
is discarded. The final results are listed in Table III. Clearly, over
both sea ice and coast surface, more GFS variables are needed to
achieve the optimal snowfall detection performance. In addition,
it is noted that the selected variables are correlated to each other
(e.g., the high frequency TB channels, and the relative humidity
at different pressure levels). We also use the principal component
analysis (PCA) approach to address the multicollinearity issue
among the selected variables. Further analyses show that the
detection statistics from the PCA approach is worse than our
current scheme, especially over coast.

D. Detection Performance From TB and GFS

Fig. 4 shows the detection statistics over ocean, sea ice, and
coast. We compute the detection metrics using TB and GFS
variables to quantify how much detection information is con-
tained in each variable type (i.e., TB vs. GFS variables, Table II).
The detection metrics are also calculated by using both TB and
GEFS variables shown in Table III. In the calculation process,
we randomly divide the data into the training subset (80% of
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data) and the validation subset (20% of the data). The following
metrics values are computed from the validation subset.

Overocean, the POD, FAR, and HSS values are 0.74,0.33, and
0.51 when only using the 11 TB variables [see Fig. 4(a)]. By only
using GFS variables (RH at 900 hPa and CWAT in Table III), the
detection performance is noticeably worse than that from only
using TB variables, indicated by smaller POD and HSS values,
and a larger FAR value. Combining TB and GFS variables, the
detection statistics slightly improve, compared with those from
TB variables only. For example, the HSS vale increase from 0.51
to 0.56 [see Fig. 4(a)] by adding GFS variables.

In contrast, over both sea ice [see Fig. 4(b)] and coast [see
Fig. 4(c)], the detection performance is better by only using
GFS variables than by only using TB variables. For example,
over coast, the HSS value is 0.51 from GFS variables, while
it is only 0.38 from TB variables. It basically means that GFS
variables alone can provide more detection capability than the
TB variables [cf. The red bars and green bars in Fig. 4(b) and
4(c)]. More importantly, by combining the TB and GFS vari-
ables, we can obtain the optimal snowfall detection performance,
indicated by better detection statistics. The reason why GFS
variables add more detection information over sea ice and coast
is likely because the complex surface background (e.g., large
surface emissivity variation over sea ice and mixed land-ocean
pixels over coast) can obscure the hydrometeors signature in the
TB observations. In contrast, the surface emissivity over ocean
is much more homogeneous than over sea ice and coast. The
detection result over sea ice and coast highlights the importance
of adding the GFS variables when using passive microwave
radiometers for snowfall detection over complex surface types.

E. Regional Model Performance

In the previous section, we demonstrated the snowfall detec-
tion performance trained with the global dataset. Considering
the regional differences in snowfall characteristics, we further
trained a logistic regression model in each 10° grid box over
ocean using the GFS variables shown in Table III and 11 TB
variables. To ensure the stability of the logistic regression model,
it is required that at least 2500 collocated ATMS and CPR pixels
with snowfall rate greater than O are in each 10° grid box. If not,
we expand the grid box by 5° at a time until this sample size
requirement is met.

Fig. 5 shows the geospatial distribution of the three evaluation
metrics (POD, FAR, and HSS) in each 10° grid box over ocean. It
is immediately clear that the detection performance is better over
several regions in the Northern hemisphere, indicated by larger
POD and HSS values, and small FAR values. These regions
include Labrador Sea, ocean surface west of Greenland, and sea
of Okhotsk. The histogram plots (see Fig. 6) further corroborate
that the certain regions have better detection statistics than using
the global model. For example, about half of the grid boxes have
a HSS value greater than 0.56 [vertical dash line in Fig. 6(c), the
value from the global model].

To understand why these regions have a better snowfall de-
tection performance, we select two regions [green boxes shown
in Fig. 5(a): Area 1 (40°-82°N, 20°-70°W], where snowfall
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Fig. 5. (a) Geospatial distribution of the POD in each 10° grid box. (b) Same

as (a) except for FAR. (c) Same as (a) except for HSS. Further analyses are
performed in the two green boxes in Fig. 5(a) to explain why there exists regional
snowfall detection performance differences, which is shown in Fig. 7.
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Fig.6. (a)Histograms of POD in each 10° grid box. (b) Same as (a) except for
FAR. (c) Same as (a) except for HSS. The dashed vertical line in each subplot
corresponds to the value from the global model.

detection performance from 10° regional model is much better
than that from the global model, and Area 2 (40°—82°N,120°-
150°W), where snowfall detection performance from the 10°
regional model is noticeably worse than that from global model.
Fig. 7 shows the average snowfall and ice water content profiles,
and the histograms from H166 in these two regions, correspond-
ing to all snowfall rate greater than 0. Obviously, the average
snowfall rate and water content profiles are consistently larger
in Area 1 than in Area 2. In other words, snowfall rates over Area
1 tend to be heavier than thatin Area 2. In fact, the ice water path
[integrating the ice water content profile in Fig. 7(b)] in Area 1
is 268 g/m?, while it is only 146 g/m? in Area 2. The much
larger ice water path in Area 1 results in a colder brightness
temperature, as clearly demonstrated in Fig. 7(c) of the H166
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Fig.7. (a) Mean snowfall profile in the two selected areas (Area 1: (40°-82°N,
20°=70°W); Area 2: (40°-82°N, 120°-150°W), indicated by the two green boxes
inFig. 5. (b) Mean water content profiles in the two selected areas. (¢) Histograms
of H166 under snowfall scenarios in the two selected areas.

histogram. Specifically, the average H166 with snowfall rate
greater than O is 235 K in Area 1, while Area 2 has a much
warmer average H166 at 248 K. The colder TB due to the heavier
snowfall rate in Area 1 makes it relatively easier to detect. To
consider the regional difference, we choose to use a regional
logistic regression model for a given 10° grid box when the
HSS value in that grid box is at least 0.05 larger than the HSS
value from the global model (i.e., 0.56).

Over sea ice, similar analyses are performed with no superior
performance of using a regional model being noticed. Further
analyses show that the large emissivity variations over different
ages of sea ice may explain why the regional models over sea
ice do not outperform the global model. This is a topic for future
study. We do not train any regional model over coast due to the
limited sample size.

E. Snowfall Detection Algorithm Validation

To validate our snowfall detection algorithm’s performance,
this section first demonstrates two case studies from ATMS-N20
and ATMS-NPP over the northeast coast of United States on Jan-
vary 31 2021. Additionally, we also show the overall detection
metrics derived from the collocated N20-CloudSat data set. It
is worth mentioning that our detection algorithm is trained on
the NPP-CloudSat dataset. Therefore, N20-CloudSat collocated
samples can be considered as an independent validation dataset.

Fig. 8(a) shows two high snowfall probability regions (over
the New Jersey coast and the ocean east of the Massachusetts)
derived from ATMS-N20 on January 31 2021 at 17:36 UTC.
These two snowfall regions are clearly identified after filter-
ing the no-snow pixels [see Fig. 8(b)]. Part of the snowfall
event over the New Jersey coast has also been observed by the
MRMS, shown in Fig. 8(c). However, the quality of the MRMS
precipitation rate decreases dramatically further away from the
radar site, indicating by the RQI quickly decreasing to 0 over
ocean [see Fig. 8(d)]. Evidently, the snowfall pixels over the
ocean east of the Massachusetts is well beyond the MRMS’s
coverage, which highlights the valuable information provided
by the ATMS observation.

This snowfall system was also observed by the ATMS-NPP on
January 31 2021 at 18:26 UTC. Similarly, ATMS-NPP clearly
captured the two high snowfall probability regions over the New
Jersey coast and over the ocean east of the Massachusetts [see
Fig.9(a) and (b)]. MRMS only detected part of the snowfall event
over the New Jersey coast [see Fig. 9(c)]. More importantly, the
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Fig. 8. (a) Snowfall probability derived from ATMS-N20 on January 31, 2021
at 17:36 UTC over the northeast coast of United States. (b) Snow pixels after
using the threshold values (i.e., filtering out no-snow pixels). (c) Precipitation
rates estimated from MRMS on January 31 2021 at 17:36 UTC. (d) The RQI
for the MRMS estimated precipitation rates on January 31 2021 at 17:36 UTC.
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Fig.9. (a) Snowfall probability derived from ATMS-NPP on January 31 2021
at 18:26 UTC over the northeast coast of United States. (b) Snow pixels after
using the threshold values (i.e., filtering out no-snow pixels). (c) Precipitation
rates estimated from MRMS on January 31 2021 at 18:26 UTC. (d) The RQI
for the MRMS estimated precipitation rates on January 31 2021 at 18:26 UTC.

snowfall pixels over the ocean east of the Massachusetts are
completely beyond the MRMS’s coverage [see Fig. 9(d)].

Comparing these two cases from ATMS-N20 [see Fig. 8] and
ATMS-NPP [see Fig. 9], it is evident that the snowfall event
over the ocean east of the Massachusetts was approaching the
densely populated metropolitan areas (e.g., Boston and New
York). This information is critically important for the coastal
communities since satellite detected snowstorms offshore before
they transition to land. In particular, satellite observations can
provide situational awareness to forecasters in their support of
such activities like US Coast Guard search and rescue and other
aviation activities.
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TABLE IV
DETECTION METRICS BY APPLYING THE SNOWFALL DETECTION ALGORITHM
DEVELOPED FOR ATMS-NPP TO THE MATCHUPS BETWEEN ATMS-N20 AND

CPR FroM 2017 TO 2019
POD FAR HSS
ocean 0.79 0.35 0.56
Sea ice 0.72 038 0.54
Coast 0.72 037 0.55

Next, we apply the snowfall detection algorithms over these
three surface types to the independent ATMS-N20 matchup
dataset with CPR from 2017 to 2019. The detection performance
over these three surface types is very similar to those from
ATMS-NPP matchup dataset. Specifically, the HSS values are
about 0.56 and the POD values are greater than 0.70 over all
three surface types (see Table IV).

V. CONCLUSION

A set of snowfall detection algorithms are developed in this
study for over ocean, sea ice, and coast for ATMS onboard NPP
and N20, using the CloudSat CPR estimated snowfall product as
the “reference (truth).” Both TB variables and ancillary variables
from GFS numerical weather prediction model analysis and
forecast are tested for their snowfall detection capability. It is
found that both TB and GFS variables are necessary to achieve
the optimal snowfall detection performance over all three surface
types.

However, the importance of the GFS variables differs greatly
among these three surface types. Over ocean, TB variables
provide the vast majority of the snowfall detection information
with a HSS value of 0.51. Adding the GFS variables only
increases the HSS value from 0.51 to 0.56. In contrast, GFS
variables possess better snowfall detection capability than that
of TB variables, indicated by larger HSS values. For example,
over coastal region, the HSS value from TB variables is 0.38,
while it is 0.51 from GFS variables.

To account for the regional snowfall characteristics, we also
develop a regional model in each 10° box over ocean. It is
found that over several regions in the Norther Hemisphere (e.g.,
Labrador sea and sea of Okhotsk), the regional models clearly
outperform the global model. The final selected model over
ocean is a mixture of the global and regional models. Specif-
ically, we use the regional models over a given 10° grid box if
the HSS value in that grid is at least 0.05 greater than that from
the global model. No clear advantage of the regional models is
noticed over sea ice most likely due to the highly variable surface
emissivity over sea ice. Therefore, the global model is used over
sea ice. The global model is also applied over coast due to the
insufficient amount of data for model training.

Case studies and validation against ATMS-N20 observations
showed that the snowfall detection algorithm performs well,
which will benefit coastal communities by providing informa-
tion on snowstorms offshore before they transition to land.
Future work includes the development of snowfall rate algo-
rithms for ATMS over the three surface types.
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