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Earth Sciences Department

Environmental modelling and forecasting using process-based and artificial intelligence
models, with a particular focus on weather, climate and air quality. This includes transferring
solutions to support the main societal environmental challenges through data applications
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Observational uncertainty

Though observations are often used as a benchmark without any
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Bias adjustment and calibration

Raw data
Through bias adjustment, we remove systematic errors and

improve the reliability of climate predictions.
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Forecast quality assessment

The forecast quality assessment (or forecast verification) is a necessary step
to evaluate the performance of the predictions and should be provided with FairRPSS for SPEI6

predictions of September

every forecast product FairRPSS. Target month:09. SD:05.

(ref. Period 1985-2017),
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SUNSET: the SUbseasoNal-to-decadal climate forecast post-processiNg

and asSEssmenT suite

SUNSET is a software suite developed collaboratively at the Barcelona Supercomputing Center,
that aims post-process climate forecast outputs to provide climate services for sub-seasonal,
seasonal and decadal time scales.

Its modular design allows the technicians and researchers flexibility in defining the required
products, post-processing steps, outputs and visualization options. These computations can then
be easily parallelized on HPC platforms, making use of the Autosubmit workflow manager.

RECIPE

2 variables (e.g. temperature at surface and mean sea level pressure) and
2 different initialization dates (e.g. 1st of May and 1st of November)
for 1 region (e.q. global).

The SUNSET repository:
https://earth.bsc.es/gitlab/es/sunset
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Exploring downscaling methods
across timescales

Providing climate predictions with high resolution is very much needed for some The R package CSDownscale

applications, and here is where statistical downscaling comes to help. ggc\fﬁ'sncz I‘T’fgiﬂnr:‘a‘?ehggtsafoéither 0

a finer grid or to a point location.
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Comparing Constraining Methods in NTCP

“Near-Term Mediterranean Summer Temperature Climate Projections:
A Comparison of Constraining Methods?

PEP COS®," RAUL l\/f."\R('()S-z\'h\'l'.‘\h‘l()R()S"."f.h"'| MARKUS DONATO €
RASHED MAHMOOD,™ AND FRANCISCO J. DOBLAS-REYES™*
* Earth Sciences Department, Barcelona Supercomputing Center, Barcelona, Spain
® Department of Applied Physics, University of Barcelona, Barcelona, Spain
€ Institucié Catalana de Recerca i Estudis Avancats, Barcelona, Spain
4 Danish Meteorological Institute, Copenhagen, Denmark

Fig. 1. Diagrams illustrating the main features of the constraining methodologies. (a)
Constraining periods, start dates, and constrained projection diagrams for the
ClimwWIP, OBS, and DP selection methodologies (note that DPfield and DPtime use
the same period for the constraint). (b) Process for the evaluation of the constrained
and full CMIP6 ensembles against observational reference. (c) The OBSfield- and
DPfield-selection methods can compute the SST pattern correlations over different
target regions, which in this paper are either global (Glob) or the North Atlantic
(NAt). (d) The DPtime approach computes the mean absolute error between the
reference time series and the rest of the CMIP6 ensemble, which are computed from
either the Glob or the North Atlantic SPG area-averaged SSTs.
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Flow-dependent,
cross-timescale
physical
diagnostics
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Flow-dependent, cross-timescale model
diagnostics

Filtering CMIP6 models in the Euro-Mediterranean based on a circulation patterns

approach

Olmo ME'*, Cos P', Campos D', Mufioz AG', Altava-Ortiz V2, Barrera-Escoda A?, Jury M'2,
Loosveldi-Tomas §', Bretonniere PA', Doblas-Reves F'*, Soret A",
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Representation of internal
variability by models is key

On the role of model internal variability in reproducing synoptic circulation
patterns in the Euro-Mediterranean

Matias Olmo® , Pep Cos® , Diego Campos® , ﬁmge] G. Muifioz? , Margarida Samso® , Albert Soret®,
Francisco Doblas-Reyes*

-

* Barcelona Supercomputing Center, Barcelona, Spain
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Fic. 4. ErrorCycle metric for each GCM run, expressed as a percentage of days with respect to the climatological
M Uﬁ 0z et al (201 7) frequency in the ERAS reference. Results are presented for every CP, separately, and for the weighted mean of
cmmmaawda&apawnpumdn Olmo et aI sub jUdlce all CPs (M).
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Diagnosing Observed and Modelled
Trends via Timescale Decomposition
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Figure 1. Timescale decomposition of the
Western Mediterranean (a) winter precipitation
anomalies, and (b) summer temperature
anomalies. Long-term trends (red), decadal
(blue), and interannual components (green) are
shown. (c) Map of the area of study. The gray
area (land-only) within the red box represents

the defined Western Mediterranean (WMed).

Regional aspects of the recent observed trends in the Western Mediterranean:
Insights from a Timescale Decompaosition Analysis

D. A. Campos™?, M. E. Olmo?, P. Cos?, F. ). Doblas-Reyes'?, and A. G. Mufioz!
! Earth Sciences Department, Barcelona Supercomputing Center, Barcelona, Spain.

?Facultat de Fisica, Universitat de Barcelona, Barcelona, Spain.

*Catalan Institution for Research and Advanced Studies, ICREA.



Causal ID of Sources of Predictability

T_snow(lag0)->t2m(3 april, ERAS) T_z500(lag0)->t2m(3 april, ERAS)

LK causality between
(snow, z500 and sst),
and t2m over the box

(colors indicate
statistically significant,
p<0.05)
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