


Flooding impact

Numbers of people affected by weather-related disasters (1995-2015)
(NB: deaths are excluded from the total affected.)
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Google Public Alerts
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Google’s Flood Hub .co/floodhub

Puerto Rico
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http://g.co/floodhub

Google’s Flood Hub g.co/floodhub
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LSTMs & Conceptual Hydrologic Models

State space model: LSTM model:

State[t] = F(State[t-1], Input[t], params) State[t] = F(State[t-1], Input[t], params)

Calibration / Training

Learning parameters from observed data



ML-based Approach

— Almost no explicit
modeling

— LSTM architecture for
time series prediction

— A single, shared LSTM
to infer in all locations

G Flood Forecasting Initiative



Hydrologic Model - ML-based

Benchmarking vs. basin-calibrated models
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https://arxiv.org/abs/1907.08456

Prediction in Ungauged Basins

e |stm-lumped

1 Intuition: if we train one model on
= e 4000 or 4001 gauges, it doesn't
| e really change the model -

—  swat-raven
—— mesh-class-raven

specifically for that one ungauged
basin

06

CDF

The main problem: gauges that
are completely unrepresented in
the dataset.
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https://doi.org/10.5194/hess-2022-113

Visual Comparison
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https://eartharxiv.org/repository/view/4586/ - In Defense of Metrics:Metrics Sufficiently Encode
Typical Human Preferences Regarding Hydrological Model Performance

Q


https://eartharxiv.org/repository/view/4586/

Visual Comparison - Results

Table 4. Win percentage and median validation period KGE from the GRIP-GL study by

model for the different rating tasks.

Win percentage Median KGE
Rating task Overall High flow  Low flow from GRIP-GL
mesh-class-raven 33 0.45
. gem-hydro-watroute 22 35 0.46
cRaiigli?z:é}i}] mesh-svs-raven 32 32 50 0.57
swat-raven 33 32 35 0.56
watflood-raven 36 37 33 0.62
Ibrm-cc-lumped 49 53 42 0.75
hymod2-lumped 53 54 43 0.76 B onus.
Locall vic-raven 56 60 50 0.75 . 4
4 hmets-Tumped 58 58 57 0.75 Metrics Are
blended-raven 64 62 59 0.76 o o
grdj-lumped 67 64 69 0.74 Sufficient
blended-lumped 68 64 59 0.79
ML Istm-lumped 87 81 90 0.82

https://eartharxiv.org/repository/view/4586/ - In Defense of Metrics: Metrics Sufficiently Encode -~ ' o
Typical Human Preferences Regarding Hydrological Model Performance < Flood Forecasting Initiative



https://eartharxiv.org/repository/view/4586/
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Global Model - Recent Results

@O V&-BAO

v best_nowcast_2014_20220604
® -Inf-0

® 0-0.2

® 02-04

® 04-06

® 06-08

© 0.8-1.0

world_map — ne_10m_admin_0_countries_la

S NSNS S

A Type to locate (Ctri+K)

@& Experiment Visualizer

Path to run directory:

Jusr/local/google/home/guysha/best_nowcast_2014_20220604

Coordinate | -100.0,354 |5 Scale 180439912

@®
Select run directory: Maptool Select Leadtime: Color by metric:
Select Activate 0 ~ | |r_square_point_lead_time ~
» .
& Magnifier| 100% <! Rotation | 0.0° TV Render @®EPSG:4326 @

G | Flood Forecasting Initiative




Global Model - Recent Results
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Global Model - Recent Results

Gauge GRDC_1159301, Leadtime: 0, NSE: 0.116
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Forecasting

—— forecast_setting_lead_time_1
~—— forecast_setting_lead_time_2
—— forecast_setting_lead_time_3
— forecast_setting_lead_time_4
—— forecast_setting_lead_time_5
— forecast_setting_lead_time_6
~— forecast_setting_lead_time_7

0.8 -

— Slow degradation of
performance with

Fraction of Basins

longer lead-time

— More NWP products to
be added
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NSE
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Missing Inputs - Masking & Union
S e

1980 1990 2000 2010 2020
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A Global Community Dataset For Hydrology

CARAVAN

- Global open rainfall-runoff dataset with more than 7000 basins

Median streamflow record length: 34 years
- Forcings (ERA5-Land) and attributes (HydroATLAS) derived on Earth Engine

- The Vision: The community works to extend it together

*Dataset of preprint contains ~2500 basins but we already processed 6600 additional basins. ~ ' -
Planned dataset extensions: CAMELS-FR, CAMELS-CH, CAMELS-DE and 300 basins from Denmark 4  lood Forecasting Initiative



Link to code/paper/dataset: github.com/kratzert/caravan

Detailed guide for contributors: github.com/kratzert/Caravan/wiki &~ Flood Forecasting Intiative



http://github.com/kratzert/caravan
https://github.com/kratzert/Caravan/wiki

Advantages of ML for Global Hydrologic Modeling

% Quality of predictions
% Fast and cheap training - less than a day on a single GPU
o Better science, fast research cycles
o Easy to incorporate new data
% A single model, applicable anywhere - no need for retraining
% Spatial precision of gauge location (compared to 10km pixel)

% Multiple input sources for better accuracy and uncertainty estimation
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Talk plan

Floods intro, public alerts and new flood hub - 2 minutes

LSTMs vs. conceptual, better in gauged, ungauged and visual - 4 minute.
Global hydrologic model described + results 2 minutes

Missing data - Union (ERAS/ECMWEF) and input masking 2 minutes

Caravan, a way to improve gauged locations and do better science 2 minutes

All the extra ways ML model is better. 2 minutes



