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The Geo-Science Context
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Open Source / Community Development
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* Pyresample ( N  NumPy

* Satpy

Il

'l pandas
* Many more... I'II P

% matplotlib

And more...
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A research workflow [5]

ETL \

> Extract, Exploratory Data
Transform & Load > Analysis &
Visualization
Cloud-hosted
data
Training & Model
- f—

K Validation Design /

* 80/90 % of the time is spent in ETL, the rest is actual data analysis /
use

* Open source / Community development provides “key improvements to
our ability to share, reproduce and scale ML workflows in geosciences.”
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PyOpEst: Python Optimal Estimation

> Open source tool developed by M. Maahn, [1]
» Object oriented, based on Pandas data structures

> Originally developed in the context of ground based
radiometers

> Now used in the context of onboard radiometers:

> We have improved the speed of the Jacobians computation

> We have expanded its scope by allowing the use of an external tool to
compute Jacobians.

> An open source example of PyOpEst + RTTOV (Python’s wrapper for it) is
now available: https://github.com/deweatherman/RadEst

> Plug and play tool
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Deblonde, English 2003  From [4]

X
S SR e R R T [
X: - ™ ; :
v Temp. profile Xaosr Sapur | Optlmal :

+ Hum. Profile Train: Xomam Samam ‘ i ! e

. NS wind speed n. T >—‘—l-; Estimation — X

a-priori ; a,JIA Sa.JJA : (OE) :
b 9 a,50N asoN : |
I
> Pressure profile ; l' :
- Skin temp. i R |
» Zenith angle b : ‘ RTTOV !
s 1 - |
% ! ’ |
| T




1

! |

' i X, S | : :

¥ TEITIp. prOflle a,0JF SB'DJF : Optlma] |

v 3 ot X ) i I
. :gnul'i:éusfgeeed HE g cama L SR — X AX

a—pﬂon xa,JJA Sa..m. : (OE) :

b. aSON “~as0M 3 :

~ Pressure profile i l' _. !

- Skin temp. : N

-~ Zenith angle b ! ‘ RTTOV |

B .. | = ”’ I

- ; V i




1

! |

' i X, S | : :

¥ TEITIp. prOflle a,0JF SB'DJF : Optlma] |

v 3 ot X ) i I
. :gnul'i:éusfgeeed HE g cama L SR — X AX

a—pﬂon xa,JJA Sa..m. : (OE) :

b. a SON ™ aSON 3 :

~ Pressure profile i l' _. !

- Skin temp. : N

-~ Zenith angle b ! ‘ RTTOV |

LR I . 4 i

- ; V i




| Observations: |
Top of the Atmosphere: TOA  » Brightness i

. temperature (TB)

T

atm: Temp.,

Hum., Press.,

etc.

A forward model connects
the unknowns with the
observations:
=

TB =F(f,0, b, atm , NSWS)

Surface unknowns:

Wind speed at 10m |
Ind speed at 1um | NSWS: Near Surface

Surface of the ocean — > heigh
elght Wind Speed

*From: https://www.ecmwf.int/en/research/modelling-and-prediction/atmospheric-physics
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Atmospheric variables (given on model levels)

Variable name Unit
Temperature K
Specific humidity kg kg~!
Ozone mixing ratio kg kg!
Fractional cloud cover
Cloud liquid water content kg kg™!
Cloud ice water content kg kg~!
Rain rate kgm-2s-!
Snow rate kgm2g!
Vertical velocity Pas!
Surface variables
Variable name Unit
Logarithm of surface pressure Pa
Surface geopotential m2s?
Surface skin temperature K
2-meter temperature K
2-meter dew point temperature K
10-meter wind speed U component ms!
10-meter wind speed V component ms!
Stratiform precipitation at surface m
Convective precipitation at surface m
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Locations for
synthetic
experiment:

Atmospheric State Space Observation Space
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N So?
oA

C

> What can we do?

> e.g. Sandbox for hyperparameters tunning:

e RTTOV parameters
e Constraining variables
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NS Wind Speed [m/s], Retrieved

mx+b mx+b
« Channels 5 b0z =0
mae = 1.02m/s mae = 1m/s
> e.g. Platform for prototyping and i .
CO m m u n icatio n : NS Wind Speed [m/s], True NS Wind Speed [m/s], True
o Scripting like environment (Jupyter) offers a lot RTTOVIFASTEM bug detected!
Of ﬂeXIbIIIty OLS W10m Ransac W10m
e Deployment (via Conda environments for - | o
example) -y

20 A

« Python’s prevalence and support

> Open Source & Community development
e Code available: check it, propose & improve:

153
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ML and Geo packages:

ML:

* https://pypi.org/project/scikit-learn/

* https://pypi.org/project/keras/

* https://pypi.org/project/tensorflow/

* https://pypi.org/project/opencv-python/
* https://pypi.org/project/matplotlib/

Geo:

* https://pangeo.io/

* https://pytroll.github.io/

* https://www.scipy.org/

* https://pypi.org/project/Cartopy/

Optimal Estimation:
* https://github.com/maahn/pyOptimalEstimation
* https://github.com/deweatherman/RadEst
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