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What if most satellite-based flood
observations could significantly
improve flood forecasts?
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This is the impact of integrating just one remotely
sensed flood observation!!!



How will it work?

Make improvements at every step of the process

SAR Satellite Optimized Observation Location,
Improved Timing, and Frequency
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IMPROVING RADAR-
BASED FLOOD
MAPPING

Dasgupta, A., Grimaldi, S., Ramsankaran, R., Pauwels, V. R.
N., & Walker, J. P. (2018). Towards operational SAR-based
flood mapping using neuro-fuzzy texture-based
approaches. Remote Sensing of Environment, 215(15
September 2018), 313-329.
http://doi.org/10.1016/j.rse.2018.06.019.
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Occurrence

Current Challenges

Histogram dependence and deterministic outcomes

Typical Flooded Image Histogram
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Semivariance

Proposed solutions

Image texture optimization and neuro-fuzzy flood mapping
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https://pro.arcgis.com/en/pro-app/tool-reference/spatial-analyst/how-flow-direction-works.htm

Key Results

Fuzzy comparlson between SAR- based and aerial photo based probablllstlc flood maps
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A New Method to
Combine Satellite-

based Flood Maps
with Models

Dasgupta, A., Hostache, R., Ramsankaran, R.,
Pauwels, V.R.N., Schumann, G.J.P., Grimaldi, S.,
and Walker, J.P. (2020) A mutual information-based
likelihood function for SAR-derived flood extent
assimilation using particle filters. Water
Resources Research
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Current Challenges

Likelihood sensitivity towards slightly varying extents

Model 2




Proposed Solution

Mutual Information (Ml)

Model Observation
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Updated particle weights after assimilation
Sequential Importance Sampling (SIS)
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Particle Filter Algorithm N~ : —
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Finding the Best
Flood Observations
to Correct Flood
Forecasts

Dasgupta, A., Hostache, R., Ramsankaran, R.,
Pauwels, V.R.N., Schumann, G.J.P., Grimaldi, S.,
and Walker, J.P. On the impacts of observation
footprint, timing, and frequency on flood extent
assimilation performance. Water Resources
Research
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Current Challenges

Only partial coverage for large catchments using high-res satellites
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Potential Solution

Targeted observations based on river reach characteristics

3.5
3
o
]
Elevation in m (AHD), £ 2.5
High : 688.062 (3
o Low : -18.1385 (a) c 2
o
$1.5
©
S
2
(m]
0.5

Flat gentle
valley, dominant
backwater

Narrow steep
valley, no
backwater

Flat gentle
valley, little
backwater

" [INot Flooded (c) S W .
Flooded in ! N
™ particle 42 A0
Flooded in m— Kms
Particle 11 B e

0 | |
Jan08 Jan09 Jan10 Jan11
Simulation Time

N

Flood Probability Map

x104
T T
——— Open Loop
| —— Open Loop Mean g!ghh Example j
Truth Ischarge Observation
Particle 11 Ti

| ime i
— ‘\\ -

| | |
Jan12 Jan13 Jan14 Jan15 Jan16

2011

}N\ 13 Jan 2011 12:00 hours

Particles
w128

-



Key Sub 1 Gauges Sub 2 Gauges Sub 3 Gauges

SG1 Ulmarra

-
@

a [=) o
I - = e =
g £ E
Brier Skill Scores S [ 1V 4
= S E 3=
0.4 04

howing th
showing the -~
OG-Jan 2011 10 Jan 2011 14-Jan-2011 18-Jan-2011 22-Jan-2011 OG-Jan 2011 10-Jan-2011 14-Jan-2011 18- Jan 2011 22-Jan-2011 06-Jan 2011 10-Jan-2011 14-Jan -2011 18- Jan 2011 22-Jan- 2011

im p rove me nt in th e Satellite Acquisition Time Satellite Acquisition Time Satellite Acquisition Time

. _ SG2 } — Rogans Brldge ~ o Brushgrove '
forecast with the - oy " -
assimilation as
compared to the
forecast without the

assimilation
Satelllte Acqunsmon Tlme Satelhte Acqunsntlon Tlme Satelllte ACQI.IISItIOﬂ Tlme

BSS=1 means 100% ’ : G3 1: N r?ﬂon . SR st o
|mprovement!!! S\ | ) & »~ s 2t Gl

True Stage (m AHD)

-osi'"

-
»
o
H

True Stage (m AHD)
o
wn
True Stage (m A

06-Jan-2011 10-Jan-2011 14-Jan-2011 18-Jan-2011 22-Jan-2011  06-Jan-2011 10-Jan-2011 14-Jan-2011 18-Jan-2011 22-Jan-2011  06-Jan-2011 10-Jan-2011 14-Jan-2011 18-Jan-2011 22-Jan 2011
Satellite Acquisition Time Satellite Acquisition Time Satellite Acquisition Time

EX0)
MONASH

Clarence|River

Elevation in m (AHD)
High : 688.062

- Low : -18.1385

% University




The Way Forward
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Outlook

Develop observation
localization strategy in
space and time

Test for different
catchment
characteristics and real
cases

Scale for global
iImplementation and
integration with GloFAS
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