‘ CRQ502 |

DETECT

LAMARR @) 1(j) |CH

MACHINE LEARNING

AND ARTIFICIAL FORSCHUNGSZENTRUM

INTELLIGENCE
Q‘r\

NEURAL INFORMATION
'f PROCESSING SYSTEMS
ole

RiverMambaA State Space Model for Global
River Discharge and Flood Forecasting

Mohamad Hakam Shams Edgih, Yikuizhang:?, StefarKollet® ?
and JirgerGal®>

[=] Institute of Computer Science, University of Bonn
[B ] Lamaurr Institute for Machine Learning and Artificial Intelligence
[O] Institute of Bieand Geoscience&grosphergIBG3), Research Centre Julich
[@] Centre for HigliPerformance Scientific Computing in Terrestrial Systé&asyveroundABC/J



S,
State-of-the-art in flood forecasting:

© CleanPNG

Hydrological model

Computer Vision Grouprt University of Bonn 2



State-of-the-art in flood forecasting:

Hydro-met, Initial conditions
GloFAS-ERAS

Meteorological Forecasts Land surface model Catchment and channel routing Ensemble Forecasts
ECMWF-ENS H-TESSEL LISFLOOD GloFAS river discharge

AA
Observations - y
- Satellite and in-situ =1 o

- d
« 1 4% P\(\\IS\CS'base

. .
e ﬁ%ﬂwm-.u».\ L

i s ? . Aoadhabihyy vl SR

F{ il AR

https://global -flood.emergency.copernicus.eu/

GIoFASJRC & ECMWF)

https://ec -jrc.github.io/lisflood -model/

© CleanPNG

Hydrological model

Computer Vision Grouprt University of Bonn



State-of-the-art in flood forecasting:

Hydro-met, Initial conditions

GloFAS-ERAS

Meteorological Forecasts Land surface model Catchment and channel routing
ECMWF-ENS H-TESSEL LISFLOOD

Observations
- Satellite and in-situ

Ensemble Forecasts
GloFAS river discharge

m d
/ \pase
. fﬁ?\ . 11% P‘(\\IS\CS https://global -flood.emergency.copernicus.eu/
§ R
@hm Aadhdd ol
1T e B GloFASJRC & ECMWF)

© CleanPNG

BHi-
EHi-

—_
ooo ?4
1 1

Hydrological model

https://ec -jrc.github.io/lisflood -model/

'
T' = ®m Hindcast LSTM I Static features
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Motivation behind RiverMamba:

Can we build a vision model that improves flood forecasting and
provides high -resolution predictions globally?
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Motivation behind RiverMamba:

Initial Condition Forecast River Discharge
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Build a vision-based model Consider uncertainty in meteorological forcing
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Experiments . ~1.6 M points at 0.05J resolution (3000 x 7200 pix)
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RiverMamba :
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Vision Mamba:
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