e

o S2S4E

Climate Services
for Clean Energy

2,6

Enhancing skill through multi-model aggregations

Paula LM Gonzalez?!

With contributions from:

David Brayshaw! - Franco Catalano? - Lloreng LLedo3 - llias Pechlivanidis* Climate Fo recasting for Energy

1 NCAS—Climate / UREAD, United Kingdom, 2 ENEA, Italy, 2 BSC, Spain, 4 SMHI , Sweden

S2S4E / openmod
4th December 2020

Copyright (c) 2020 Paula LM Gonzalez <p.gonzalez@reading.ac.uk>
This work is licensed under a Creative Commons Attribution 4.0
International (CC-BY-4.0) License.



mailto:robbie.morrison@posteo.de

MOTIVATION

Multi-model combinationshave been extensively shown to enhance prediction skill at different forecasting ranges (e.g.,
Hemri et al. 2020, Siebert and Stephenson 2019, Sansom et al. 2013, Weigel et al. 2008, DelSole 2007, Hagedorn et al. 2005).
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e At short leads (weather forecast), some individual forecasting systems might outperform the MME;
* atlongerleads,the MME shows reduced RMSE (root mean squared error) and improved ACC (anomaly correlation).
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MOTIVATION

JFM Precipitation RPSS —S2S ensemble
Week 2

The improvements linked to multi-model combinationsarise from several
aspects, including:
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IMPLEMENTATION

The combination of multiple forecasting systems is not trivial:

different ensemble generation methodologies and ensemble sizes,
different launchingcalendars,

different resolutions, vertical levels, etc.,

lack of independence between systems.
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IMPLEMENTATIONS WITHIN S2S4E

In the context of S2S4E, multi-model combinationswere explored both in the subseasonal and seasonal forecast ranges, using
standard methodologies such as poolig or equal wights, but also more innovative ML-based methods.

1. Lloreng Lledd et al. Seasonal prediction of Euro-Atlantic Teleconnection patterns. Equal weight and ensemble pooling methods applied to
the seasonal prediction of EATCs.

2. llias Pechlivanidis et al. Seasonal prediction of European river streamflows. Equal weight combination of seasonal predictions of the
forcings to a hydrologic model.

3. Franco Catalano et al. Definition of a metric of model independence to aid the selection and combination of seasonal predictions.

4. Paula Gonzalez et al. Use of sequential learning algorithms in subseasonal prediction of energy variables.
All the multi-model combinations resulted in improved predictions with respect to individual systems, either through:

* higher skill,

* larger geographical extent of skill,
* longer predictability limits,

e oracombinationof the above.

Q. S254E

§ ‘ Climate Services
for Clean Energy
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Machine learning multi-model ensembles for subseasonal energy prediction

Motivation: ML sequentiallearningalgorithms combine 'experts' with time-varying weights and have potential advantages:

* Irrelevant experts are discarded through minimal weights

UK demand — week 2 hindcasts
Weights evolution

UK demand — week 2 hindcasts

Mean weights

Admit experts of differenttypes, allowingto explore 'seamless' prediction

Combination weights updated in every forecaststep to minimize a loss function;
A different combination can be obtained for different quantiles of the predictand distribution,
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Subseasonal prediction of country level energy variables

Country-level energy weekly variables (demand, windpower) derived from two s2s systems (ECMWF ER, NCEP CFSv2) and ERA5
(All availablefrom UREAD's Research Data Archive: https://researchdata.reading.ac.uk/)

EXPERTS

NWP-based:
* quantiles of the forecasts' distributions
* seasonal max/min

Reanalysis-based:

* quantiles of the climatology
* seasonal max/min

* persistence

* 1yr persistence

BOA: Bernstein online aggregation -> evolving learning rate
EGA: Exponentiated gradientalgorithm -> fixed learning rate

ALGORITHMS

SET-UPS

full: considering all experts
NWP-only: with only the experts from the hindcasts
(And with further optimizations explored)
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Reference: Gonzalez PLM, Brayshaw DJ, Ziel F. (2020) A new approach to subseasonal multi-model forecasting: sequential
learning algorithms. In preparation.
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Subseasonal prediction of country level energy variables

RESULTS UK demand
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e Results from other countries and variables are consistent. i 8

‘oracles': optimal lineal combinations --> knowledge of the full period
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DISCUSSION

* Multi-model combination have the potential to result in improved predictions with respect to individual systems.

* The different methodologies can be more applicable to specific situations (region, timescale, variable). There is no 'one-size-fits-
all' and they should not be applied as a 'black box'. (e.g., Knuttiet al. 2010, Mishraet al 2019)

* The more innovative sequential learning algorithms were shown to outperform other conventional multi-model methodologies,
particularly for longer lead times. Their benefits extend beyond multi-model prediction since they have the potential to improve
prediction through:

- the incorporation of reanalysis-based and other non-conventional 'experts’ ( e.g., regimes);
- the incorporation of prior starts of the same system,

- the design of a 'seamless' forecasting system, merging seasonal and sub-seasonal products,
- the possibility to correct remaining biases in the systems, etc.

* Machine learning and Al methodologies are promising and increasingly recognized as 'emerging data science tools' in earth
system research due to their capabilities to identify recurring patterns, reduce noise, etc.
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