Improving, assessing and applying cloud fractions from satellite observations over
the polar regions based on artificial intelligence methods

Supervisors: Dr. M. Vountas and Lic. P. Echevarria, IT-HPC and Cloud, Aerosol and Surface Property Group, IUP, University of Bremen.

Department: Physics and Chemistry of the Atmosphere, Prof. Dr. H. Bésch.

Description:

Identifying and screening of clouds over the polar regions is a challenging task due to unique features of the
atmosphere and surface in the Arctic. Clouds in the Arctic tend to be optically thin and at low level.
Commonly used visible, thermal, or microwave measurements do not show significant contrast with the
underlying surface, which is often covered by reflective snow and ice. Furthermore, snow and ice are often
as cold as clouds: the lack of strong thermal contrast together with ubiquitous temperature inversions makes
the detection in the infrared challenging [1].

Poulsen et al. (2020) [2] established a flexible yet efficient way to identify clouds and classify surfaces in the
polar regions using a neural network (NN) belonging to the group of Artificial Intelligence (Al) approaches.
The authors collocated SLSTR and CALIOP satellite measurements. The input data to the NN were taken
from SLSTR and the collocated CALIOP data were used for the output classification of the NN. In a recent
successful M.Sc. work it could be shown that this approach is feasible for typical Arctic measurements.

In the framework of this M.Sc. work, the implemented approach needs now to be improved where necessary,
assessed in terms of quality and applied to a longer period of Arctic SLSTR data.

Skills/Interest: Interest in cloud science and AI/NN methods. Good mathematical background and very good
programming skills (python, git/gitlab, conversational
development, object oriented programing) are required.
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Preliminary work plan:

1) Literature survey. Study specifically the approach of Poulsen et al. (2020)/Kumar (2024).

3) Become familiar with the implemented method (implemented in the framework of TensorFlow).
4) Use correlation matrix (see Fig) to potentially improve the current method.

5) Validate with independent (ground-based) data

6) Apply the method to at least one month of SLSTR.
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Improving, assessing and applying cloud fractions from satellite observations over the polar regions based on artificial intelligence methods



Supervisors: Dr. M. Vountas and Lic. P. Echevarria, IT-HPC and Cloud, Aerosol and Surface Property Group, IUP, University of Bremen.



Department: Physics and Chemistry of the Atmosphere, Prof. Dr. H. Bösch.



 Description: 



Identifying and screening of clouds over the polar regions is a challenging task due to unique features of the atmosphere and surface in the Arctic. Clouds in the Arctic tend to be optically thin and at low level.  Commonly used visible, thermal, or microwave measurements do not show significant contrast with the underlying surface, which is often covered by reflective snow and ice. Furthermore, snow and ice are often as cold as clouds: the lack of strong thermal contrast together with ubiquitous temperature inversions makes the detection in the infrared challenging [1].



Poulsen et al. (2020) [2] established a flexible yet efficient way to identify clouds and classify surfaces in the polar regions using a neural network (NN) belonging to the group of Artificial Intelligence (AI) approaches. The authors collocated SLSTR and CALIOP satellite measurements. The input data to the NN were taken from SLSTR and the collocated CALIOP data were used for the output classification of the NN.  In a recent successful M.Sc. work it could be shown that this approach is feasible for typical Arctic measurements.



In the framework of this M.Sc. work, the implemented approach needs now to be improved where necessary, assessed in terms of quality and applied to a longer period of Arctic SLSTR data.

 



Skills/Interest: Interest in cloud science and AI/NN methods. Good mathematical background and very good programming skills (python, git/gitlab, conversational development, object oriented programing) are  required.   Correlation matrix from  [3]. 





 For further information or questions please contact:



Pablo Echevarria:

Pablo.Echevarria@iup.physik.uni-bremen.de



 Related links/Web:  https://www.iup.uni-bremen.de/aerosol
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Preliminary work plan: 



1) Literature survey. Study specifically the approach of Poulsen et al. (2020)/Kumar (2024).

3) Become familiar with the implemented method (implemented in the framework of TensorFlow).

4) Use correlation matrix (see Fig) to potentially improve the current method.

5) Validate with independent (ground-based) data

6) Apply the method to at least one month of SLSTR.

Correlation Matrix Heatmap

S1_radiance 004 0,01 001 000 0.01 001 000 o011 L0008 009 0 021 021 021 574003 018

S2_radiance 004 0.00 001 000 -0.00 000 000 o011 L5008 009 (EE] 019 019 019 [E1 004 018

3 radiance 004 001 002 000 001 0.01 000 012 (E8.0.08 008 lX3] 018 018 018 LE14.0.04 018

4 _radiance 018 009 0.00 000 009 0.09 000 .18 000 019 001 0.07 006 0.03 015 0.09

5 radiance 005 036 .09 001 0.01 009 009 000 014 (51 00 009 B 003 030 012
S5 radiance 005 (038 .06 001 0.01 007 007 000 013 (518004 008 [BBF] 023 023 023 P 001 029 016
astine 000 000 000 .00 0.00 .00 [ .00 001 000 0.00 001 0.01 009 00D 0.00 0.00 0.00 0.01 .01 0.01 0.0 0.01 0.01 201 000 201 2.00
@smetc 004 004 004 001 005 005 0.00

o B8 o 05 0

ay_land ~0.01 0.00 001 009 0.09 0.06 001

004 005 011 002 .05 005 0.01 004 001 001 001 028 003 -0.02 0.02 0.02 002 0.05 002 0.07

200 052 0t oo o10 058 00 o2 0 o8 10 020 038 01 0 2
O.M-JM 002 006 0.08 0.12 004_4105 017 0.01

cupiicate -001 001 002 0.00 001 001 000 011 001 -0.01BKHY 000 0.01 001 0.00 0.01 0.01 002 0.01 000 004 000 0.01 0,01 0.01 000 0.02 000 0.04

inland_water -0.00 000 000 000 -0.01 -0.01 0.00 0.02 -0.00 0.08 0.00| 000 0.03 0.01 001 0.08 0.02 0.02 0.02 0.02 0.02 000 0.02 0.01
o a0 3 20
s 0 o
et Al e s o o et e 2 2

twilight 018 000 0.04 002 0.01 000 002 -0.02 -0.00 B8 010 003 002 001 011 022
sotar_zenith 000 001 053 006 001 000 006 0.05 0.00 151 .60 P01 001 021 021

sat_zenith -011 011 012 000 014 013 0.00 010 0.08 002 0.03 0.09 009 0.00 010 0.03 006 001 009 0.02 0.02 0.02 0.08 0.06 005 0.08

réex.0skm

longitude ~0.08 0.08 0.08 0.01 0.04 0.04 001 001 0.03 004 000 001 005 0.050.03 003 011 001

land -0.01 0.00 001 009 0.09 0.07 001 -0.05 0.02[RELY 0.01 006 009 0.12 005 017 0.00

ocean <001 000 0.01 0.09 009 007 0.01 005 002 REE] 001 006 009 012 005 017 000

(8t 057

0.00 001 012 001 0.01 0.12 012 0.01 024 0.08

0.02 0.01 -0.01 0.01 0.02 0.03 005 0.01
o001

ttude 1009 009 008 007 009 008 001 028 002 032 004 008 933 033 204 202 001 [ 1 006 002 0.02 002 005 001 005 011

ETS8 oo 050 030 (1] 00 003 000 002 0 o1t 038 002
s BT -021 019 018 023 001 002 001 002 . 015 022 021
87021 019 018 023 001 002 001 002 X (238 015 020 021
267021 019 018 023 001 002 001 002 . 015 021 021

£1_67 LECEETY 006 001 002 000 002

index_1km ~0.03 0.04 0.04 0.03 003 001 -0.00 0.05

0,01 0.06 0.02 000 0.05 005 0.00 001 0.01 0.06 001 011 015 015 015 011

005 no?.lln 020 021

001 011 002 021 021 021 002

@d -018 018 018 015 --nm 002 011 017 000 0.02 017 017 0.01 0.1 021 005

day_of_year 0,09 012 0.16 0.00 0.07 022 0.01 0.04 001 000 000 0.00 022 021 0.08

4 radiance -

B

land -

bdal
twilight -

ary Jand -

longitude -

H

oastiine —
cosmetic -
auplicate -

sat zenith

index_05km -

S1_radiance
S2_radiance
3 radiance
S5 radiance -
S radiance -
olar_zenith -

3

0

000

050

o7

100








