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(I) Near-surface snowfall retrieval

2Bk % KB B

aPhp

¢ A
541 ppecipmaTIoN MEASURENS

95°W  90°W  85°W  80°W  75°W

Ny

95°"W  90°W  85°wW  80°W  T5°"W

N\
s0°N | ¥ -~

95°W | 90°w ‘*85:w g0

30°N

| 45°N

Machine learning

“| 40°N

05 10 15 2.0

220 240 260 280 mm'fh
K . Rn N
Model inputs: (' R Expected output:
. . ]
{\glrjrllgcérggpur:’ggb(q%r;t)ness e Snowfall probability and rate

Radiometric and surface-
- context features 2 s




(I) Candidates for new features
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(I) Surface Emissivity and Temperature Retrieval Algorithm (SETRAP)
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(I) SETRAP performance

‘ Validation against training database Validation against observed TB
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(II) Machine learning for snowfall

Top of the
atmosphere

» Deep neural network with a vertical-profile representation:
1. Cloud presence and cloud top location
2. Snow presence and snow top/bottom locations
3. Near-surface snowfall presence and rate

Cloud top

Snow top

» For inputs, vertical profiles of temperature, humidity and pressure
(ERAS5) are added in addition to observed TB and background TB

Snow bottom

Surface level

» CloudSat Level-2 products were used as ground truth:
« 2C-SNOW-PROFILE
« 2C-PRECIP-COLUMN
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(II) Validation with GPROF-NN and MRMS
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(III) Summary
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(III) Conclusions and future work

Take-home messages Future work

* Land-surface emissivity is an important surface- * Integrate EarthCARE-GPM coincidence
context feature. data into training and validation.

* SETRAP provides channel-specific dynamic surface- e SETRAP-derived land-surface emissivity
background TB estimates under clear and cloudy datasets will be released:
conditions. * Full 2015 GMI swath dataset

e Adding background TB raises HSS from 0.55 to 0.64 * CloudSat-GPM coincidence dataset
and reduces RMSE from 0.063 to 0.057 in the
validation.
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