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The potential of a hybrid framework including
data driven approaches for hydrological
forecasting
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Recent drought periods:

A challenge to the Dutch
hydrological system and
water management
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Model framework

« testing different ML models

« 5input variables:
« Discharge (2 main rivers)
« Precipitation and Evaporation
« Sea/surface water level

« Targetvariables:
« discharge
« surface water levels & surface water temperature
« groundwater levels
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« simple model framework to simulate hydrological variable

« each model/station locally trained on historical observation
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Model framework

 simple but flexible approach
- exchange of input data

Developed in interest for local application
- working together with National Water Authority

- exploration of water management decisions
- monitoring network as basis for local trained models
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Model framework

> Seasonal reforecast data:

- period 1993-2019,

- 25to 52 ensemble members,
- 215 lead days

« Precipitation (SEAS5S)

« FEvaporation (calc. based on
SEASS)

« Rhine discharge (EFAS)

« Meuse discharge (EFAS)

« Seawater level (climatology)
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Main interests

How well does the ML framework perform in a hindcast

setting?
How skilful are our seasonal hindcasts?

What are the strength and limitations of the hybrid

framework?



Hindcast evaluation

>

>

» To determine the accuracy + the performance of the
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CRPS (Continuously Ranked Probability

Score)
To assess the reliability and the spread of a forecast

ACC (Anomaly Correlation Coefficient)

To measure the performance of the mean forecast

BSS (Brier Skill Score)

hindcasts for high and low flow periods (using a
threshold)
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How well does the ML
framework perform in

1.0
a hindcast setting? lead week
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How skilful are our
seasonal hindcasts?

a) daily ACC].O b) weekly ACC (g c) monthly ACC i
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Limitations & Opportunities

— Data limitation (historical observations)
- Modelling choices (e.g. training/testing)
- Uncertainty of input data (seasonal reforecasts)

- Model limitations

+ Fast, less computational intensive than large scale physically based
model

+ Spatial and temporal applicability
+ Local application and information
+ Temporal scales relevant to water managers
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