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Recent drought periods:

A challenge to the Dutch
hydrological system and
water management
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Het is droog en het wordt alleen maar droger
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*Neerslagoverschot: verschil tussen verdamping en
h:é’e?&erlheid gevallen neerslag. Als er meer neerslag
verdampt dan er uit de lucht valt, is sprake van een
neerslagtekort - droogte dus.




Research Project

joint project of Utrecht University and Rijkswaterstaat (Ministry of Infrastructure & Water Management)

Aim:
 Develop methods to quantify and predict drought impacts using
machine learning (ML)

* use recent developments in climate simulations, hydrological
modelling, seasonal forecasting and ML to improve drought risk
assessment

Verniting door zeewater

vooral

Hoog
=T Riviesen
W sokwater

Simulations

Data

NI
£ 0 Z Utrecht University

N



0 Z
-3
=3
c

E.
»
2.
<

U
S

N

Main interests

How well do different ML methods perform in a simple

setup?
« How does additional information on water
management affect our simulation results?

Are we able to reproduce low flow events (e.g. drought

period 2018)?



Methods

. Netherlands as case
« 1980-2019
e 5 ML methods

« Natural and water management influencead
simulations

« Simple input dataset (5-8 variables)

« Target variables:
discharge, surface water levels, surface water
temperature, groundwater levels
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input/target variables
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training & testing ML models

pre-processing of data

calculate
st validation scores

post-processing




Input data

» forecastable + simple:

e (General:

— precipitation and evaporation:
deBilt

— discharge: Rhine (station Lobith)
and Meuse (station EijsdenGrens)

— tidal information/waterlevel:
Haringvliet (10)

e Water management information:
— operational water management

plans
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aringvliet 10
Haringvliet

Input variables and location
meteorological data
surface water level

discharge (red: water management)
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EijsdenGrens

input/target variables

pre-processing of data

training & testing ML models |

calculate validation
w’ scores

post=processing
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input/target variables

pre-processing of data

ML methods
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« Simple linear regression:

calculate validation

Multilinear (as benchmark) anad
LASSO regression

y = LSTM (Long
- Decision Trees and Random Random ﬂ':;t;‘:,;m
Forest
Forest (ensemble method) Lasso ores
Decision
: Multili Tree
« Recurrent neural network: R ultilinear
egression
=M complexity
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Discharge Surface water level

NRMSE i

® 0-01
® 01-02

> 02-03 -
03-04
04+

How well do different
ML methods perform in
a simple setup?

* In general: NRMSE score
0-0.4 - good

« More advanced
methods perform better

RF model results,
natural run=>

Surface water temperature Groundwater level
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How does additional
information on water

".‘anage.ment affect our NRMSE score for discharge
simulation results? el - LASsO
LSTM
MReg
. 0.5
« Simple methods cannot £ -
fully capture the £ .41 L?Zﬁi:ivgtter
additional information ? 3ol management info
g 0.3
« Strongest improvement = Improvement:
' o LASSO: 1.4%
for LSTM models (17% +) = LSTM: 17.2%
MReg: 4.3%
0.1 RF: 5.5%
DT: 3.8%
%90 01 02 03 0.4 05 0.6

natural
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Are we able to reproduce
low flow events (e.g.
drought period 2018)?

« Simple methods are not
able to simulate low flow
periods

« More advanced
methods like RF and
LSTM do well
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station: Hagenstein Boven
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Conclusion & Outlook

a) How well do different ML methods ' |b) How does water management || ¢) Are we able to reproduce low flow
perform in a simple setup? information affect our results? events (e.g. drought period 2018)?
v' NRMSE range: 0-0.4 v Additional improvement v' Advance methods (RF and LSTM)
ARMSE ARMSE nRMSE score for discharge
°0- 2:0:01 06 ° LASSO w0l 1y 0l _ w mof
-« LSTM
«  MReg : 325
205 . RF
5 . DT )
50.4 <" Improvement s A 4]
% <77 -J] by adding water :
& E o3 : : ﬂmanagement il |
o 02 . o info Ln/:gré(ge?f(«?,t I a ‘
SO s s | I
20NV 0.1 : RF: 5.5%
oT: 3.8% 5§ 2 3 B
08% 01 02 03 04 05 06 RERRR R R ? ROEOROR : R
a. groundwater levels and discharge predictions (RF) b. natural vs water managemn?etﬁ‘{aécores c. Surface water level, example station, 2018

« Setup up seasonal forecasting framework

« Combine developed routine with seasonal forecasting
£ Unechs niversicy data (EFAS and SEASS)
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