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Executive summary

The URBREATH project is dedicated to improving urban climate resilience by integratrigerAl
forecasting and projections methodologies across three harmonized temporal scales:teshort
weather forecasting, seasonal prediction, and ldagn climate pojections. This deliverable, D3.2,
marks the completion of the core methodological development, presenting the validated approach and
results for all three scales in the foBrontrunner cities. By leveraging FICLIMA's own methodologies,
including rigorous statistical corrections, and implementeddilen postprocessing, this work
successfully optimizes predictions for key climate variables such as temperature and precipitation. The
focus on D3.2 shiftsom methodology design to tackling to the verification, validation and operational
delivery of these forecasts, which are essential inputs for urban planning, risk assessment, and informed
adaptation strategies.

Regarding the shoitierm weather forecast scale Q0 days), this report evaluates the performance of
two ensemblebased probabilistic models. A comparison of the Global Ensemble Forecast System
(GEFS) and the European Centre for MedRamge Weather Forasts (ECMWF) models, analyzed for
three key daily variables: maximum temperature, minimum temperature, and precipitation across the
four Frontunner cities (FRCs)(Section 2.2.3), confirms that the ECMWF model consistently
outperforms GEFS across all medri Furthermore, Al correction algorithms (Random Forest) were
successfully applied to ECMWF temperature predictions, demonstrating satisfactory improvements,
particularly in correcting systematic errors. While these algorithms show strong potentialefutur
project phases will continue to explore optimization, enabling potential model upgrades and the
delivery of even more accurate forecasts to all cities.

C2NJ GKS aSlraz2ylf F2NBOIFIads GKAA NBLER2NI akKz2ga
persistent stationscale skill over ¢6-month lead times, generally matching or outperforming SEAS5
and CFSv2, especially beyond the firgg3 1Imonths. Dynancal systems still offer valuable
complementary information, with SEAS5 adding lasgale seasonal guidance and CFSv2 contributing
adzoaSrkrazyrt afAatt G aK2NISNI K2NRAT 2yad h@SNI €
that can be extractedrom oceargatmosphere teleconnections, while the combined use of statistical
and dynamical sources lays the foundation for more reliable, operational climate services in the
URBREATH regions.

At the climate projection scale, this deliverable develops and validates an ensemble of locally
downscaled CMIP6 projections for tRRGacross four SSP pathways, combining the FICLIMAt&po
statistical downscaling for temperature and precipitation with parametric quaigfilantile mapping
(referenced to ERABand) for wind, humidity and radiation, and extending the outputs to daily 1 km
grids; it complements meaalimate trends with actionable extremes analysis (heatwaves and
meteorological drought via SPI/SPEI), delivering robust, deeaisaaty indicators of longerm change,
extremeevent likelihood and secterelevant risk to supporstrategic climate adaptation planning.

[D3.2¢ Al models for climate change vulnerability assessment and weather forevé Page |3
URBREAT#H101139711t HORIZOMIISS2023 CLIMACITIE®1-01



Co-funded by Horizon Europe Project URBREATH @
“ the European Union HORIZOMISS2023CLIMACITIE®1-01 &P URBREATH

By successfully implementing and validating the methodologies across all three forecasting and
projection scales, this deliverable establishes a robust, fioigscaleFrameworkfor predicting urban
meteorological conditions in thé&rontrunner cities. Operational delivery is already in place, with
validated shoriterm and seasonal forecasts being actively transferred to the URBREATH decision
support tools (WMS/MinlO) for use by th&RG. The final phase of the project, Deliverable D3.3, will
focus on the final optimization of Alased forecast postprocessing, and the segeof the service to

all nine cities, including the emesign of usespecific indices. These advancements ensurat th
URBREATH delivers a cuttedpe, datadriven forecasting service, enabling all pilot cities to make
informed decisions for climate resilience and adaptation.
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1. Introduction

1.1 Background, purpose and scope

The conclusions of the sixth report of the Intergovernmental Panel on Climate Change (IPCC6, 2021a
and b) unequivocally establish that human activity is the primary driver of the current climate
emergency. No region remains unaffected by effects such asgtits, ice melting, and increasing
frequency of extreme weather events. The report confirms that global surface temperature will
continue to rise until at least midentury under all emissions scenarios, requiring immediate, farge
scale mitigation efforts alongside adaptation measures tailored &x#ic sectors and problems.

Climate change poses significant economic and developmental risks. European projections indicate that
average temperatures (maximum and minimum) will likely increase by 2 to 4°C in the coming decades.
Although annual precipitation changes may be slighécppitation events are expected to become
more intense and concentrated, leading to higlierquenciesof heatwaves, droughts, and extreme
rainfall.

Consequently, assessing and estimating climate risk must be executed at the local scale, as impacts are
not uniform across regions or soed@onomic sectors. Accurate risk estimation requires climate
information projected at the local level, specificalhetfuture evolution of meteorological variables
(temperature, precipitation, wind), to analyze sectpecific implications and inform adaptation
strategies based on expected future conditions, rather than relying on past climate records.

It is essential to integrate shertand mediumterm weather forecasts with lonterm climate
projections. This combined approach is vital for implementing effective adaptation strategies, allowing
decisionmakers to address both immediate impacts (via t@sts) and longerm climate shifts (via
projections).

This document presents the methodology and results of the definitive approach adopted for
downscaling climate models to the demo site level, effectively translating Global Climate Model (GCM)
outputs to a local scale. The core of this deliverable is th@ldmentation through results and its
evaluation of the Aknhanced methodologies across all timescales, which validates the performance
and ensures that the downscaling process aligns with the specific characteristics and risks of each demo
site, which arealready receiving this information through different URBREATH tools. To sum up, the
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deliverable just shows the results of the activities carried out within Tasks T3.2. Climate modelling and
assessment of vulnerability to climate change and T3.3. Sbort seasonal weather forecast.

The report details the collection and analysis of climate datBramtrunner cities, focusing on the
characterization of their current climate conditions by identifying extreme events and climate hazards.
Additionally, on shorter timescales, the process of selecting and adapting Weather Forecast Models to
eachFRQity is outlined. This ensures that forecasting capabilities are optimized for local needs. On the
other hand, the implemented seasonal forecast methodology, T€WA, and its expected resultsear
analyzed for eackRRQity.

A key aspect of this deliverable is the continuous adaptation and improvement of the operational model
using Albased approaches. The-&iiven methodologyenablesdynamicrefinement of the models by
integrating realtime observations and continuously learniingm past weather patterns. While climate
projections are performed as a o#tiene analysis, the weather forecasting model is updated daily,
ensuring adaptive improvements in predictive accuracy and responsiveness to evolving atmospheric
conditions. Ona seasonal scale, which is updated monthly, the T&YMWA methodology is
implemented. It utilizes Convolutional Neural Networks (CNN) to calculate a set of prediction points,
which helps in identifying the most statistically significant ones for building f L a! Qa Odzad2 Y
for each point.

Regarding the weather forecast timescale, the successful acquisition of historical data acqu@ition

the ECMWF model, spanning the entire 2224 period, represents a major achievement for this
deliverable. This crucial access has allowed for a comprehensive statistical evaluation and the
application of Abased bias correction using a tvear historcal dataset. However, it must be noted

that a complete comparative evaluation across all ensemble models considered (GEFS, ECMWEF, ICON,
and GEM) remains limited. Specifically, the ICON dataset only covers a limited period, and access to the
GEM model hasat been possible.

This deliverable is mainly linked to Tasks T3.2, and T3.3, and related to T3.1. It is also contributing to
the overarching goal of strengthening local climate resilience through-feighlution, Alenhanced
weather forecasting methodologies.
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1.2 Approach and relation to other Work Packages and deliverables

The approach adopted in this deliverable is designed to tranditan preliminary assessments to the
presentation and validation of the definitive -Ahhanced methodologies and their results across all
required timescales.

This document compiles the methodologies, execution details, and results of the models developed for
the four Frontrunnercities. Specifically, each sgbction outlines the justification for the chosen Al
approach (such as the Te\WWONN for seasonal forecast), detailing the necessary data requirements and
addressing potential data limitations (such as the limited coveragleeofCON dataset).

Crucially, the focus of this deliverable is not limited to internal analysis, but includes the operational
output required for other Work Packages (WPs) and deliverables. The validatedtesinoraind
seasonal forecasts are actively delivered to partneaghe standard WMS protocol for integration into

the URBREATH tools.

The main conclusions of this report summarize the performance of the implemented methodologies
and results, and define the next steps. This deliverable will be followed by Deliverable D3.3, which will
focus on the adaptation and firgining of the modelsdr all cities, including Follower citi@SLCs)This
fine-tuning phase will encompass the-design and development of derived climate/weather indices

from the core variables already presented (for all scales), aligned with the needs expressed by the cities.
CKA&a FTAYILIE OSNARAZ2Y ¢gAff O2YLX Siedloiatiirandlsta@ Ol Qa
across all nine cities within the project.

Relation to other work packages and deliverables

This deliverable establishes the higgsolution climate and weather forecasting methodologies that
serve as the fundamental data layer for the URBREATH project.

The core contributions of this deliverable are directly linked to the following tasks within WP3:

T3.1- Al-based algorithms and toolsThe methodologies detailed sequentially in D3.1 & D3.2
contribute to the final development of the Alased clustering, classification, and data fusion
models required for operational cHigvel forecasting.

T3.2- Climate modelling and assessment of vulnerability to climate changleis document
provides the implemented localized climate modeling and downscaling detailed results for the
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Frontrunner cities, supporting the assessment of vulnerability hotspots and-teng climate

risk.

T3.3- Shortterm seasonal weather forecasthe validated adaptation of weather forecast
models aligns with T3.3, ensuring that cohesive seasonal outlooks and weather forecasts are
delivered monthly and daily respectively.

The validated shorterm, seasonal, and lorAgrm outputs are critical inputs for decisianaking and
implementation in other Work Packages, ensuring the transfer of methodological innovations into
tangible results:

WP4 (Decisiormaking):

Provides the datalriven basis for the Local Digital Tviiramework(T4.1) and informs the

Impact Visualization Tools (T4.3).

The predictive outputs (weather/seasonal/climate) are essential for adjusting the Nature

Based Solutions (NBS) (T4.4) and feeding the URBREATH ICT integrated solutions (D4.7, D4.8).

WPS5 (Local Living Labs):

Supports the multievel impact assessmefRtamework(D5.11, D5.12).
The cedesign and validation of derived climate/weather indices with the Living Labs ensure
that forecast outputs are specifically tailored to stakeholder adaptation goals.

WP6 (NBS Implementation):

Delivers the climate and weather predictions necessary to supportiraal NBS monitoring
(D6.2, D6.3).

Ensures deployed solutions are optimized for evolving environmental conditions.

The risk assessments help define the techrficameworks for NBS implementation (D6.4,
D6.5, D6.6).

WP7 (Scaling and Transfer):

The standardization of the Adlased climate and weather modeling approaches contributes
directly to the URBREATH Global Roadmap (D7.11).

Facilitatereplication and knowledge transfer across Europe through the Follower Cities
Roadmap (D7.10).
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In summary, this deliverable bridges multiple WPs by providingtagblution, Alenhanced weather
and climate insights, enabling improved risk assessments, and supporting digital detasimg
Frameworkand NBS deployment efforts.

1.3 Structure of the deliverable

This deliverable is organized into seven main sections. Following the introduicti@ection One,

Section Two summarizes the corresponding section corftemh D31 anddetails the latest updates
regarding data requirements and sources for the study across various timescales, outlining changes to
available datasets and the final selections for e&iRCcity. The third section summarizes the
methodologies initially described in D3.1, highlighting the updates made to all the methods identified
F2NJ FRRNBaaAay3a !w. w9l ¢l Qa NBIldZANBYSyida FT2N Of
forecasts. The foult section presents the results for each timescale and for €&@ity. This section

allows the reader to evaluate how FICLIMA's models improve upon generic operational models for each
OAdGe GKNRBdZAK !'L YSGK2Ra® {SOGA2Yy CAGS A& RSRAOI
each timescale are displayed to tRntrunner cities via the project tools. Finally, a Conclusion section
(Section Six) is presented, summagzthe main findings and outlining future steps. A single Annex
section is included to provide an-depth discussion on the selection of observatories
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2. Data and study area

This sectiosummarizeshe information related to the various databases required for the study across
different timescales andoresents the available and ultimately selected databases for each of the
Fontrunner cities,highlightingthe updatesfrom D3.1

2.1 Study Area

The URBREATH project plans to work in four climatic areas, selecting one ma&aRgignf several
secondary cities for each of them. The case studies are:

0 The Mediterranean region is represented by Madrid (Spain), Parma (Italy) and Athens (Greece).

o The Atlantic region comprises Leuven (Belgium) and Ageismarh.

0 The Boreal region is working in Tallinn (Estonia) and in Kajaani (Finland).

6 ¢KS /2yGAySyil f NBE-Hdpay(Ramaria)a@dPysaméCdedRepubliNGs / f

In this second document, the studies are focused on the FR®. Madrid, Leuven, Tallinn, and Cluj
Napoca.

0° 20°E
Figurel. Map of Europe showing the Frontrunner cities (in red) and Follower cities (in purple) marked with a cross
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2.2 Data requirements

Section 2.2outlines the data needs, both historical and simulated, for climate projections and-short
to mediumterm predictions. It summarizes the advances in data collection and use made since the last
deliverable. Regarding climate projections and seasonal forgdh®re are no updates; therefore, no
corresponding information will be included in this document.

2.2.1 Observed data (updatdsom D3.1)

The new weather stations are not applicable for seasonal forecast timescale as methodologically it is
appropriate to use only a single weather station for reduaegia extensions like the URBREAR®.
Regarding climate projections timescales, these additional stations are not valid for this calculation, as
their historical recorded period is not long enough for the modelling methodology.

2.2.1.1 Weather forecast

Weather forecast observed data has faced several challenges during the last months. As the modeling
methodology requires as much data as possible, all available weather stations with onlinfeodata
eachFontrunnercity have been sought. Furthermore, some sources like GSOD have been discontinued
recently; in this case, the last available day was August 29, 2025. This section will summarize all updates
and how each issue has been managed.

In the previous deliverable, it has been outlined the decision to excludefidatethe Leuven municipal

network (Leuven.cool) due to significant quality and reliability concerns. As previously evidenced by the
study by Beele et al. (2022), the network's {owst stations exhibited key issues, including a positive
temperature bias due tanadequate shielding, inconsistent sensor calibration, and high variability in
environmental exposure. Although quality control (QC) procedures exist, the complexity siddale

dzy OSNIFAYGASE aa20AFG0SR gAGK GKS ySOSaalNeE 021
initial, purely scientific forecasting needs.

Following the advancement of the project and the detailed analysis ofFfR€city requirements, a
strategic decision has now been made to incorporate selected stationsthe Leuven.cool network

that meet the minimum data volume criterion (i.e., continuous data available since 2023). This choice
is driven by a critical shiftom seeking absolute scientific accuracy to prioritizing operational relevance
for the Naturebased Solutions [BS). The deployetiBSwill operate under the actual microclimatic
conditions measured by the municipal network, not the highly controlled environment of the airport
observatory, which was the only reliable source previously available. Although the municipal data
exhibits knownbiases, it provides unique information on microclimatic effects within the urban
environment; peculiarities that are crucial for training and validating the performance of the localized
NbS. By selectively incorporating only those stations that offer feceuft volume of data, the project
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ensures that the developed forecasting and solution deployment models are grounded in tHveorél
conditions that the eneusers and theNBSwill encounter, accepting a necessary traoié between
standard scientific precision and the vital operational applicability at the microscale. Those
observatories reachinguality control success have been compiled at Table 1.

Tablel. Final observatories of the weather forecast timescale for the FRCs.

Avram lancu 46.78 23.57 NOAAWMO ClufNapoca

Cluj Napoca 46.79 23.69 NOAA P, T ClufNapoca
Brussels NATL 50.90 4.48 NOAA P, T Leuven
Beauvechain 50.76 4.77 NOAA P, T Leuven
Wijgmaal 50.93 4.70 City council P, T Leuven
Wilsele Dorp 50.89 4.70 City council P, T Leuven
Heverlee 50.86 4.69 City council P, T Leuven
Kesselo 50.88 4.74 City council P, T Leuven
SaintPieterskerk Churct 50.88 4.70 City council P, T Leuven
Villaverde 40.35 -3.71 City council P, T Madrid
Ensanche de Vallecas 40.37 -3.61 City council P, T Madrid
Plaza Eliptica 40.39 -3.72 City council P, T Madrid
Cuatro vientos 40.37 -3.79 WMO P, T Madrid
Getafe 40.29 -3.72 WMO P, T Madrid
Retiro 40.41 -3.68 AEMET P, T Madrid
TallinHarku 59.41 24.83 Estonian Environment Agency P, T Tallinn
Pirita 59.47 24.82 Estonian Environment Agency P, T Tallinn
Pajupea 59.38 24.97 Estonian Environment Agency P Tallinn
Kloostrimetsa 59.46 24.88 Estonian Environment Agency P Tallinn
Harad 59.38 24.54 Estonian Environment Agency P Tallinn
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The search for observed data from the other FR@ssedon Clujp I LJI2 OF I yR ¢l ffAYyY
20aSNWSR RIGF FfNBIFRe& KIFa &dzfFTAON&pyea, arRafdtianali @ F
weather station was identified in the downtown area at the WMO section of the NOAA webpage.
Additionally, as a result of the interaction with Tallinn city representatives, access to another weather
station was obtainedrom the Estonian weather service. Those observatories reaching the quality
control success have also been compiledale 1.

A major issue experienced during this period was the discontinuation of the GSOD observed data
repository. Initially, a custom script was developed for the automated daily retrieval of this source,
ensuring a consistent and timely data flow. However, teevige interruption coincided with a US
government shutdown, and because NOAA depends on this service, the discontinuation was noted
some weeks laterTo solve the issue, the connection was reestablished by an APl connection to the
NOAA servers.

2.3. Data Sources Selected

The analysis and commitments presented in this section incorporate the essential progress made in
data acquisition since the previous deliverable. Structured by timescale, eaedestibn summarizes

the advancements in data acquisitidnrom the selected sources. Where no major progress has
occurred, a brief summary will still be provided to contextualize this deliverable, thus avoiding the need
to revisit the previous one.

2.3.1 Weather forecast

Building on the efforts to refine the Al improvement methodologies for raw weather forecasts, the
primary advancement achieved during this period is the successful acquisition of the data downloading
processfrom the most promising model, the ECMWF weather forecast model. This crucial input of
historical data has now been processed, enabling the subsequent development and training of the Al
methodology intended to enhance raw weather forecasts. In this sectiome rdetailed feedback is
schematically provied regarding all raw weather forecast modeling.

A significant breakthrough has been achieved in the data acquisition phase, successfully resolving the
key limitation noted in the previous version of this deliverable. The full historical ensemble forecast
datasets for the two leading prediction modelsk-&and ECMWEF, were successfully acquired during
2025. However, the other downloaded model, ICON, could not provide the entire historical period
required (20232024); consequently,it has not participated in the verification processes. This
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accomplishment is crucial, as it provides the necessary data to finally proceed with the comprehensive
statistical evaluation.

By successfully retrieving this ensemble data and combining it with the local meteorological observation
recordsfrom official sources (which serve as a benchmark for the 20@34 period), we can now move

forward with a systematic comparison taking into account the available historical ensemble data. The
primary accomplished goal of this thorough analysis is to quabigy, ensemble spread, and overall

skill for each model against observed urban conditions, which will allow us to the definitive set#ction

the most suitable Ensemble Prediction System (EPS) as the best base model for operational urban
weather forecasting within the URBREAFHameworkb ¢ KA a LINPINBEZA Sy adzNB:
enhanced predictive model is built upon the most accurate baseline model input.

To demonstrate traceability with the previous deliverable, in the next Té)leompiles all weather
forecast historical data sources and how the issues have been solved or the source has been discarded.

Table2. Compilation of available raw EPS models and summary of issues.

Reriodion Summary of the status and issues Current
EPS ModelOrganizatior| historical data y )
(D3.1) solution
downloaded
ECMWF MARS, ECMWF's official downloadi
Ensemble from 1st Januan data platform, performs very slowl
Prediction ECMWE . . P o p_ y Yi Downloaded
System 2023 until now downloading a single day of data pe
(ENS) day.
Global
Ensemble

NOAA/NCE from 1st Januan

(USA) 2023 until now Required data perfectly downloadec Downloaded

Forecast
System

(GEFS)

Met Office
Global and
UK
Ensemble UK Met
(MOGREPRS  Office
G&
MOGREPRS
UK)

Only last month available Discarded
None (data totally
https://app.snowflake.com/marketplac unreachable)
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Landing page for download data is
unable:

Ensemble Environmen: _ Discarded
- https://caspardata.ca/
Prediction  Canada None (data not
Only a month and few days more .
System (CMC) ) . accessible)
available for the project downloadec
(CEPS) S
from other limited source
Météo-
FRG@nce .
" Discarded
ARPEGE| ~ Meéteo- None Major issues with API (data totally
Ensemble FR@nce
i unreachable)
Prediction
System
ICON Deutscher Major issues with API (Pamore) DL,
Ensemble : from 12th but not the
... Wetterdienst Only a month and few days more
Prediction December 2024 ) . complete
(DWD, ) available for the project downloadec i
System Germany) until now from other limited source fofes
(ICONEPS) y required

2.3.2 Seasonal forecast

¢CKS LINAYINE FROFIYOSYSYyd Ay CL/[La!Qa aSlazylf
of data inputs. Previously, the approach relied on predefined teleconnection indices and statistical
methods (like Pearson correlation) to select predistoom a general pool of longerm global climate
variables. Observational needs were largely met using filata GSOD.

The updated TeWAENNFrameworkintroduces a dynamic, datdriven selection process by utilizing
Convolutional Neural Networks (CNNs). This system analyzes specific spatial fields of monthly
anomaliefrom global climate datasets to allow predictors to emefgsm the data, rather than being

fixed. The core inputs now focus explicitly on detailed atmospheric and oceanic variables: Sea Surface
Temperature (SST), Humidity at 700 hPa, and the zonal (u) and meridional (v) wind components at both
1000 hPa and 500 hPa.

Crucially, the final forecast output is now strengthened by incorporating external nrgulel The final
prediction is a combination of the internal CMINven forecast with anomaly dat&rom best
performing SEAS5 models (CMCC, DWD, ECCC, ECMWF) afmiacesstéd CFH days model. This

shift ensures the internal forecast is validated and augmented by highly reliable external systems,
creating a more robust and accurate prediction.

[D32 ¢ Al models for climate change vulnerability assessment and weather fore¢2ist
URBREATH10113971t HORIZOMIISS2023 CLIMACITIE®1-01

Page |21


https://caspar-data.ca/

Cofunded by Horizon Europe Project URBREATH @
m*“eﬁ“""”a"”""’" HORIZOMISS2023CLIMACITIE®1-01 & URBREATH

2.3.3 Climate projections

Climate risk assessment requires defining lecale impacts based on the future evolution of key
meteorological variables. To perform the necessary climate regionalization (downscaling), the study
relies on a robust database comprising both reanalysias#ds and climate models.

Two reanalysis datasefsom the ECMWF, accessible via the Copernicus Programme, were selected:
ERAS (for atmospheric variables, with @.2patial resolution) and ERA=nd (focused on surface

variables over land areas, with higher 0.878solution and hourly updates). These data undergo a
quality control process to ensure consistency.

The required set of climate projections utilizes ten climate modi®is1 the CMIP6 (Coupled Model
Intercomparison Project Phase 6). The computational efficiency of the statistical downscaling
techniques allows for the integration of these models with the four main emission scenarios (Tier 1)
defined in CMIP6: the Shared So@oromic Pathways (SSPs). These scenarios:235P3SR2.5,
SSPZ.0, and SSP&.5, represent a significant advancement over previous models (CMIP5/RCPs) by
offering a more comprehensive coverage of future samonomic developments and their resulting
climatic forcings. The compilation at table 3

Table3. Information on 10 CMIP6 climate models (IPCC ARS6), retrieved from the ESGF portal.

CMIP6 : -
MODELS Responsible Centre

ACCESS- 1,875° x Australian Community Climate and Earth :
CM2 1,250° System Simulator (ACCESS), Australia Bi, D. etal (2020)
BCC-CSM2- {1:125%X: Beijing Climate Center (BCC), China
MR 1.121° Meteorological Administration, China, VU T- etal. (2019)
CanESM5 2,812°x Canadian Centre for Climate Modeling and Swart, N.C. et al.
2,790° Analysis (CC-CMA), Canada. (2019)
1,000° x Centro Mediterraneo sui Cambiamenti .
CMCC-ESM2 1.000° Climatici (CMCC). Cherchi et al, 2018
CNRM- 1,406° x CNRM (Centre National de Recherches ;
ESM2-1 1,401° Meteorologiques), Meteo-France, Francia. Seferian, R-(2019)
0,703° x : EC-Earth
EC-EARTH3 07029 EC-EARTH Consortium Consortium. (2019)
MPI-ESM1-2- 0,938° x Max-Planck Institute for Meteorology (MPI- Muller et al.,
HR 0,935° M), Germany. (2018)
¥ 1:125%X Meteorological Research Institute (MRI), Yukimoto, S. et al.
Nl I 1 Japan. (2019)
NorESM2- 1,250° x : : Bentsen, M. et al.
MM 0.942° Norwegian Climate Centre (NCC), Norway. (2019)
UKESM1-0- 1,875° x UK Met Office, Hadley Centre, United Good, P. etal.
LL 1,250° Kingdom (2019)
[D32 ¢ Al models for climate change vulnerability assessment and weather fore¢2ist Page |22

URBREAT#101139711t HORIZOMISS2023-CLIMACITIE®1-01



Co-funded by Horizon Europe Project URBREATH @
m*“eﬁ”""”a"”""’" HORIZOMISS2023CLIMACITIE®1-01 & URBREATH

3. Methodology

Within the URBREATH project, a robust set of methodologies has been developed and successfully
implemented to simulate the different time scales considered in the study: dkeam weather
forecasts, seasonal predictions, and lgegm climate projections.Each methodology has been
carefully designed and validated to address the specific predictive and operational needs of these time
scales. The following sections provide a deeper insight into the implementation, performance
evaluation, and current statusf @ach methodology. For a detailed technical discussion on the data
selection and processing underlying these methods, readers should consult the Annexes of this
document or the previous deliverable methodology section.

3.1 Weather forecast

Weather or shorterm forecasting relies on Numerical Weather Prediction (NWP) models that simulate
atmospheric evolution based on known initial conditions derifreth observational data. Forecasting
methodologies are categorized as deterministic (single -Beimate scenario) or probabilistic, the

latter implemented through Ensemble Prediction Systems (EPS). EPS generates multiple forecast
realizations to account foratmospheric chaotic nature andorovides essential uncertainty
guantification.

In the context of the URBREATH project, probabilistic forecasting was adopted as the optimal approach
for integration into enduser decisiorsupport tools. This strategy provides crucial advantages,
including:

Higher predictive skill at sherhedium ranges (@10 days), particularly for extreme weather

events.

Enhanced adaptability for urban resilience strategies by quantifying forecast uncertainty.
Optimized usability for stakeholders, as risk communication benfedits probabilistic insights
over deterministic outputs.

By adopting probabilistic forecasting, URBREATH aligns with the best practices of leading
meteorological institutions and establishes a rob&sameworkfor integrating ensemble weather
forecasts into its operational workflow.

A series of metrics, described in Annex 1, was used to analyse the performance of the ensemble models
described in Section 2.3.1 against observations for each city. The following table (4) summarises these
metrics:
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Table4. Metrics used for model verification

Variable Metrics

Precipitation Ranked Probability Score (RPS), ROC Curve, Area Under the RO
(AUC), Contingency table, Accuracy, Error Rate, Brier Score

Temperature BIAS, Mean Absolute Error (MAE), Root Mean Square Error (RM
Correlation

3.2 Seasonal forecast

In this study it has been extended the Teleconnection WagaRtMA (TeWAjrameworkinto a CNN
based hybrid system for subseasarsdasonal prediction. Convolutional neural networks are first
applied to global monthly fields of SST, humidity at 700 hPa and upperAewelrwinds to identify the
regions that act as optimal teleconnectipnedictors for each casstudy station, instead of relying on
predefined indices (e.g. ENSO, POF)mthese CNMselected areas it has been derived daltaven
teleconnection indices, which are combined with local -pe#fdictability obtained via mukscale
wavelet decomposition and ARIMA tirseries modelling of station anomalies. The two components
are then dynamically weighted, based on mwdicadal hindcast performance, to generate monthly
forecasts of temperature, precipitation and wind anomalies g6-thonth lead times, which are
benchmarked against SEASS5 and CFSv2. The final prediction alsoratesrdgnamic models such as
SEASS and CFSv2 in the most appropriate format, along with the models that have obtained the best
performance in the validation steps. A full technical description of the T&MA implementation is
provided in Annex 4.

This methodology combines the flexibility of CNNs (Convolutional Neural Networks) for detecting
teleconnection patterns with the robustness of TeWA's-pedfdictability metrics, enabling improved
subseasonal forecasting at a monthly scale. The automatgéettson of predictors and validation
against historical records ensure the approach's adaptability to complex climate dynamics and its
reliability and accuracy. See figure 2.
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Application of
backward stepwise
regression: selection
of the best combination First trained model
of indices selected by
the cross-correlation

Application of cross-
correlation for all
predictors: selection
of best indices and best
lagged for each
predictor

Figure2. Scheme of seasonal forecast methodology.

Key Gaps and Findings

The seasonal method based on the Teleconnecidavelet ARIMAFramework extended here with
CNNderived teleconnection indices, remains sensitive to changes in the statistical coupling between
large-scale predictors and local surface anomalies. Periods oftadionarity in these teleconnections

(e.g. shifts in the jet strem or in Mediterranean circulation regimes) can lead to locally reduced skill,
and performance varies across regions and seasons, with wind generally more challenging than
temperature aml precipitation. Nevertheless, the mulfiecadal hindcast validation shows that the
TeWAbased models (CNN_Ens, CNN_TeWa and TeWa_Lin) provide -stat®nskill that is
comparable to, and often better than, statd-the-art dynamical systems such as SEASd CFSv2. At
1¢3-month leads they typically match the best SEAS5 members in terms of correlation while achieving
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competitive or lower SMAE, and in several stations they retain small but positive correlations and
controlled errors up to 46 months, when dynamical models tend to lose most of their predictive
power.

Although the approach is computationally more demanding than simpler statistical baselines and the
overall seasonal signal remains modest, the Teé¥dgedFrameworkdemonstrably extracts additional
predictable informatiorfrom oceargatmosphere teleconnections and local persistence. In this sense,
it does not remove the fundamental limitations of seasonal forecasting, but it clearly strengthens the
predictive skill at the subseasogakasonal range and represents a pragmati@ steward towards

more reliable statiorlevel climate services for the URBREATH regions.

3.3 Climate projections

To assess and/or estimate climate risk, it is essential to define it based on the extent of climate impacts
on the sector being analyzed. It is important to consider that the effects of climate change do not impact
all regions or socieconomic sectors uformly. Therefore, these impacts need to be evaluated at the
local scale. To estimate climate risk, it is necessary to have climate projections at the local level (such
as the future evolution of basic meteorological variables like temperature, precgitatr wind),
analyze the impacts and implications of these projections for the sector under study (using indicators
tailored to its needs), and identify the potential risks that may arise in the coming decades. Once the
impacts are identified, adaptatiomeasures can be defined to address them, minimizing negative
effects as much as possible while trying to take advantage of the positive ones.

Ly 5St A @ SAlindiélsSor Sirrate®hangé vulnerability assessment and weather forétast

the study focused on the simulation of the meteorological variables maximum temperature, minimum
temperature and precipitation using a twsiep statistical downscaling methodology (analogue
selection and transfer functions) known as FICLIMA (Ribalastgala, 2013). To complete this set of
meteorological variables, climate projections of wind, relative humidity and precipitation have been
produced. For the generation of these variables, a different methodology was applied; in this case, a
statistical davnscaling approach based on parametric quagtjigantile mapping was used.

Once the generation of the basic climate projections was completed, this work was expanded with the
simulation of extreme events related to maximum temperature, such as heatwaves, and with the
analysis of drought episodes linked to precipitation. In thesymthe Frontrunner cities will have not

only an overview of the future average climate but also insights into the occurrence of extreme events
that are becoming increasingisequent.
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3.3.1 State of the art in climate modelling

Climate models are the most advanced tools available for simulating the climate system, faoiging
simple representations to sophisticated Earth System Models (ESMs). ESMs incorporate physical,
chemical and biological processes, including interactions between the atmosphere, oceans, cryosphere
and biosphere, as well as the carbon cycle and other compitsnsuch as atmospheric chemistry or
dynamic vegetation. These models are run under different greenhouse gas concentration pathways
defined by the CMIPEramework known as Shared Socioeconomic Pathways (SSPs), which describe
plausible futures combining soeceronomic development, technological advances and emissions
trajectories. Using these scenarios, climate models generate projections that help assess iiate cl
conditions. International efforts like the IPCC and the CMIP6 moddilameworkcoordinate and
advance global climate research, are providing the mostodgate and comprehensive climate
simulations.

Because global models operate at coarse spatial resolutions, they cannot accurately capture local
climate features, especially in complex terrain. To overcome this, regionalization or downscaling
techniques are applied to translate largeale climate infomation into local variables such as rainfall,
wind or temperature. Two main approaches exist: dynamic and statistical. For this study, the validated
statistical methods FICLIMA will be used. Ensuring that downscaled projections meet strict technical
criteria guarantees that the resulting climate scenarios are robust, reliable and suitable for assessing
future climate impacts at local scales.

To conduct the climate analysis, a set of ten climate models (see Table 3) and four SSP scenarios (SSP1
2.6, SSR2.5, SSR3.0 and SSP8.5) were used. This means that for each climate variable and each
extremeevent scenario, a total of 40 climate projens (modetSSP combinations) were generated

for both the historical period 1982014 and the future period 20%£2100.

Rigorous verification and validation procedures are required before generating future climate
scenarios. This ensures that the statistical downscaling methodology and the selected Climate Models
can reliably reproduce past climate conditions in the stueddaaTo quantify methodological and model
errors, the downscalingrameworkwas first applied to ERAS reanalysis data (180R0), comparing
downscaled results with observations on a daily basis. This step confirms whether the methodology
captures the phyisal relationships between predictors and predictands and reduces stationarity
related biases. In parallel, each climate model was validated by comparing its downscaled Historical
simulation (19792015) with the corresponding ERA&sed downscaling, assess its capacity to
reproduce mean climate conditions and natural variability. All climate variables and derived indicators
T including temperature, precipitation, wind, relative humidity, radiation, heatwave metrics and
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drought indicest are subjected to the same verification and validation processes to ensure the
robustness of the full set of climate projections.

3.3.2. Simulation of wind, relative humidity and radiation future climate scenarios

In the first phase of generating downscaled climate future scenarios for wind, relative humidity and
radiation (short and large) a statistical downscaling methodology based on parametric quantile
guantile mapping (Benestad 2010; Monjo et al. 2014) by UsRg5_and as a reference (about 9km of
spatial resolution) has been used.

A two-step method was commonly applied to all the variables and projections (10 climate models x 4
SSPs, when available) with the following steps:

1. Given a specific historical experiment, each (daily) climate variable is downscaled to each
(reference) grid point of the ERARnd located within th&rontrunner cities, by comparing the
Empirical Cumulative Distribution Function (ECDF) of the reanalysis and the ECDF of the
historical experiment of the climate model, previously bilinearly interpolated (Figure 3).

2. Fromthis comparison, a quantdquantile mapping is obtained and used to fit parametric
functions. The selected functions are polynomial curves to reduce the computational cost
compared to the exponential distributions of Monjo et al. 2014 and Monjo et al., 2016.

3. Finally, parametric functions are applied to correct the SSP projections on a daily scale. These
downscaled projections have been obtained for a set of grids covering the area occupied by the
selected Wetlands, with the same spatial resolution as the HRAE (9 km x 9 km).
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Figure3. Example downscaling processes of a daily field output from CMIP6 Earth System Models, applying transfer functions: a)
Original gridded model output of a particular day, b) Simple bilinear interpolation of (a) tel&RA®solution, c) Quantile correctiof
(b) by mapping the modelled ECDF (from CMIP6) and the reference ECDF (frdam@Ré5each grid point of the ERfshd
reanalysis, taking all days of the common period.

Depending on whether the climate variable is more similar to (f) smooth (linear uniform, Gaussian)
distributions (e.g. temperature, humidity) or more similar to (g) exponential-rilagnal, Weibull,

I YYlF X0 RAAGNRAOdMzOA2Yy &aZX (ckirdes) érdJittgdiom §Ndcrénoeyt<ol ()2 V a
factors obtained by comparison of each target quantile valinen{ HIST) and the corresponding
reference quantile valugrom ERAS). That is:

Q=d wn IO,/ & ([(ON¥pLI &{(OO)YY

Q=d b1 (IEOND), [ £([(ONDIi £ (OO OYD>00we DO¥Y

MOD_smooth_var = MOD_smooth_var + f(MOD_smooth_var)
MOD_exponential_var = MOD_exponential_var * g(MOD_smooth_var)

That means that extreme values (when MOD is outside the distribution tails of HIST) are transformed
with the same increment (f) or factor (g) as the empirical tails of the training sample (HIST). This method
can be directly applied for classical scalaialaes (temperature, precipitation, humidity, pressure ...),
with smooth or exponential distributions, according to up 6th degree polynomial fits applied to linear
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or logarithmic factors. As climate change will produce values located outside the historical tails, these
values are corrected with the last truncated factor of the tailed mapping (f or g).

To achieve this, a topograpibased transfer function was applied to the Skesolution downscaled
model outputs, trained with the time seriesfom the ERAH.and reanalyses. Particularly, for each
climate variable simulated by the CMIP6 models, the statistical downscaling was applied according to
three steps:

1. For all the variables and each projected day (with 0.073°x0.073° resolution), a purely geo
statistical analysis was performed to a 1kmx1km grid by usindp@d€d stepwise regression
with topological and geographical parameters (altitude, latitude, lortgtand distance to the
Atlantic Ocean and the Mediterranean Sea), and bilinear model for the residual errors.

2. Similarly, for each targeted day, residual errors of the-l#d€ed stepwise regression were
interpolatedfrom the original grid (0.073°x0.073°) to the final 1kmx1km grid by using a bilineal
model.

3. Finally, the projected value for each day is obtained by adding the result of Step (1) and Step
(2), generating climate scenarios in a 1kmx1km grid at a daily timescale.

3.3.3. Simulation of Heat weaves and Drought episodes

The concepts of heat waves and meteorological drought episodes are defined below. The criteria used
to identify and calculate these events are described in detail in Annex 2.

Aheat waveis a period of abnormally high air temperatures that persists for several consecutive days
or longer and is significantly above the normal climate conditions of a given region. Heat waves often
have negative impacts on human health, ecosystems, agrieyléund energy demand, especially when
combined with high humidity or limited nighttime cooling.

A meteorological drought episoderefers to a prolonged period of beleaverage precipitation
compared to the londerm climatic mean for a specific area. It is typically identified based on rainfall
deficits over weeks, months, or even years and represents the earliest stage of dravghdpment,
potentially leading to agricultural, hydrological, and seecmnomic droughts if dry conditions persist.

3.3.4. Al approach on current downscaling methodology

The quantilgquantile (Q) mapping methodology used in this study shares conceptual principles with
modern artificial intelligence (Al) techniques, particularly in the way both approaches learn statistical
relationships between input and output datase®cQ mapping establishes a transfer function by

analyzing the empirical distributions of climate model outputs and reference observations, generating
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a statistically informed correction function that can be applied to future projections. Similaithaséd
downscaling models, such as neural networks or macl@aming regression architectures, learn ron
linear mappings between predictors and prediaiarthrough datadriven training. While @QQ mapping
explicitly derives these relationships through distributional comparisons and parametric fitting, Al
methods infer them implicitly through optimization algorithms. This parallel highlights how traditional
statistical downscaling and -Afiven approaches both aim to model complex dependencies, wit) Q
mapping offering a transparent, computationally efficiehtameworkand Al providing potential
advantages for capturing higherder, nonlinear interactions when sufficiently large and
representative datasets are available.
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4. Results

4.1.1 Weather forecast

This section presents the results of verifying the ensemble predictions of the ECMWF and GEFS models
for allFrontunner cities. The verified variables are minimum temperature, maximum temperature and
precipitation. Data for these variables is available for the full years of 2023 and 2024. With the aim of
reducing the length of the document, the explanation of metused in this study and its interpretation

are presented in Annex 1.

The main differencérom the samename Section at D3.1 is that, whereas the previous deliverable only
allowed the performance of the models to be analysed using data corresponding to two months, two
full years of data are currently available.

Results for Madrid

In the case of Madrid, and more specifically the Villaverde study area during the control period, both
models predict higher average temperatures than were subsequently recorded. The figure shows the
average daily temperature for all days in the 22324 period. The interquartile range represents the

P10 and P90 percentiles of the mean error of the ensembles during the analysed period, meaning that
the shaded area corresponds to 80% of days. The prediction bias is therefore between 1.5 °C and 3 °C
on the frst day of the forecast, with a median rangiingm 2 to 2.5 °C, depending on the model. After

nine days, the medians remain stable, but on some days these biases can increase to 5 °C. For all
forecast horizons, the bias is approximately 0.5 °C higher for GEFS.

BIAS 2023-2024 T2m MAD 28079103

5
4
]
3 I N
2
EJ‘- 1
w0
=
m
2
3
4
5
0 1 2 3 ! 5 6 7 8 4
Leading Time (Days)
m— GEFS === ECMWF
Figured. Daily average temperature BIAS in Madrid
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This deviation in temperature prediction is primarily caused by errors in the predictions fortimght

hours. According to the results, neither model can accurately predict thermal inversions, a
phenomenon that is common in the study area. This laclesblution means that the mean absolute

error (MAE) for minimum temperature is very high, exceeding 3°C for GEFS, while ECMWF performs
slightly better.

MAE 2023-2024 TMin MAD 28079103

0 1 2 3 4 5 6 7 8 9
Leading Time (Days)

= GEFS == ECMWF

Figure5. MAE for minimum temperature in Madrid.

In terms of precipitation, the results show that both models are highly accurate. As can be seen in the
ROC curve graph, the lines approach the upper left corepresenting total accuraeand move away

from the diagonal line representing random prediction. Three prediction horizons have been selected:
D+0 (the prediction made on the same day), D+4 and D+9. A similar curve can be observed in all of
them, with the expected decrease in accuracy as the forquasdd increases. At the top of the graph,
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the lines corresponding to the ECMWF model exceed those corresponding to the GEFS, indicating that
the ECMWF model is more accurate for the selected time periods.

ROC Curve MAD 28079103 Prec 2023-2024
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Figure6. ROC curve for precipitation forecast in Madrid.

This result is best reflected by the area under the ROC curve (AUC) parameter: a value of 1 indicates an
error-free prediction, while a value of 0.5 indicates a random prediction. The precipitation threshold
considered in this study is 1 mm. As can be seen, the ECMWF model values are better than those of the
GEFS for all prediction horizons. The results for the caggesented in the ROC curve graph are as
follows: AUC 0.95 vs. 0.92 at D+1, 0.92 vs. 0.88 at D+4, and 0.8 vs. 0.78 at D+9, which indicates that the
prediction is very accurate in both cases.
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Figure7. Area under the ROC curve (AUC) for precipitation forecast in Madrid.

Results for Leuven

In the case of the city of Leuven, the corresponding results for the Heverlee observation point are
shown inAnnexA3. Unlike the Madrid case study, the temperature predictions in Leuven are unbiased,
for both minimum and maximum temperatures (figures A3.1 and A3.2).

This is probably because Leuven is in a very flat geographical area that is under constant ifribwence
Atlantic winds. These factors make temperature prediction easier, as phenomena such as thermal
inversions or adiabatic warming due to orographic barriers are uncommon.

[D32 ¢ Al models for climate change vulnerability assessment and weather fore¢2ist Page |35
URBREATH10113971t HORIZOMIISS2023 CLIMACITIE®1-01



Co-funded by Horizon Europe Project URBREATH @
m*“eﬁ”""”a"”""’" HORIZOMISS2023CLIMACITIE®1-01 & URBREATH

In the case of maximum temperature, the mean absolute error (MAE) for ECMWF model forecasts is
below 1°C on 90% of days on the first day of the forecast (figure A3.3). This error gradually increases as
the forecast period extends, reaching a median erfoamund 2.5°C after nine days. This is a very low
figure considering the chaotic nature of the atmosphere, indicating the low climatic variability of this
area. For the GEFS model, the errors are also low, but around 0.5°C higher than those of the ECMWF.

This low climate variability and high accuracy in weather forecasts is also reflected in statistics such as
correlation (figure A3.4). The correlation between observation and prediction for maximum
temperature is also shown below, with values above 0.8 neat 9 days' notice and very close to 1 in

the first days of prediction, indicating that the prediction is very good. For minimum temperature, the
BIAS, MAE and correlation figures are very similar to those obtained for maximum temperature.

For precipitationas in the case of Madrigthe ECMWF model performs better than GEFS for the three
forecast horizons selected in the ROC curve (figure A3.5). Howaezia longer forecast period, the

hit rate decreases more than in Madrid, probably due to the more oceanic climate, where the number
of days of precipitation and the probability of model failure increase significantly. Nevertheless, the
AUC parameter (figurA3.6) remains above 0.7 for all prediction horizons.

An important parameter for assessing the accuracy of a precipitation prediction rAadirms of

amount is the RPS. In this case, four ranges of precipitatinountshave been defined: less than 0.5

mm, between 0.5 and 5 mm, between 5 and 20 mm, and more than 20 mm. The greater the difference
between the predicted and observed amounts, the greater the contribution to the index. Therefore, a
prediction is considered lieer the closer its RPS value is to O.

In this case, the RPS value for the ECMWF model is half that of the GEFS model for the first days (figure
A3.7). This suggests that not only does the ECMWF model better discern days when there is a
probability of rain, it also has a very good accuracyoriatiterms of precipitation amounts.

Results for Tallinn

In the case study of Tallinn, the environmental conditions are diffefrem the previous cases. Certain
meteorological situations have been identified in this city in which there are significant temperature
differences between coastal areas and those further inland. These situations mainly occur in summer,
when synoptic windgrom the south cause the temperature to rise significantly inland, while the
influence of the sea breeze keeps the temperature much lower on the coast. This effect is most notable
in maximum temperatures, resulting in a negative bias in the models for thebla
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The verification results for the observation point in Pirita are shown in Annex 3. At this location, the
maximum temperature shows a negative bias (Figure A3.8), which is quite close to zero given its
proximity to the sea. Both the GEFS and ECMWEF predictmiels show an average negative bias of
1°C for all prediction horizons, which increases slightly as the prediction range increases.

This means that, for the maximum temperature, the root mean square error (RMSE, figure A3.9) ranges
from 1 to 3°C throughout the analysed forecast period, although on some days this error can exceed
6°C.

For minimum temperature (figures A3.10 and A3.11), the figures are significantly better in all cases,
with errors around 0.5°C lower than for maximum temperature and correlations between observations
and predictions above 0.85. For both minimum and maximemperatures, the ECMWF model
consistently outperforms the GEFS, with an error margin around 0.3°C lower for all forecast horizons.

In the case of precipitation, the ROC curve (figure A3.12) is very similar to those of previous case studies.
The only difference is that the ECMWF model produces a higher number of false positives for the initial
forecast horizons, which negatively impadts performance statistics compared to those of other
analysed locations.

This means that, in this case, the results for both ECMWF and GEFS are practically tied for several
parameters, such as RPS and error rate. The AUC (figure A3.13) remains above 0.7 in both cases, which
is considered acceptable.

The models' error rate (false positives + false negatives) is shown in figure B8thrhodels perform

similarly, with error rates ranginfgom around 17% on the first day of prediction to 35% after nine days.

Results for CluNapoca

In the case study of Clyapoca, both models show a higher error rate in their weather forecasts than

in previous cases. This may be because the city has a continental climate with greater variability and is
in an area prone to convective and orographiepomena, which are more difficult to predict.

Therefore, as is shown in figure A3.15, both models tend to underestimate the average daily
temperature by approximately 1°C.

This BIAS is significantly greater for maximum temperature (figure A3.16), which is underestimated by
around 2°C on average, whereas for minimum temperature it is underestimated by slightly less than
0°C on average. This means that average errors in maxit@onperature are higher than in other case
studies, rangingrom 2 to 3.5°C, even for a orday forecast. The mean absolute error (MAE, figure
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A3.17) increases gradually over all forecast horizons, reaching an average of 4°C oveday nine
horizon. However, on 10% of days, nui@y forecasts have errors greater than 7°C.

Despite these errors, a rather striking result is that the correlation between observations and
predictions remains very high, above 0.87 even for long prediction horizons (figure A3.18). This is
encouraging because, although the predictions are biasedirtbdels capture temperature changes in
different weather situations well. Once this bias is eliminated, the predictions will be of high quality.
Mean absolute errors are significantly lower in the case of minimum temperature (figure A3.19): an
average of 1.§2.0°C for the first day of the forecast, increasing to 3°C for ttaydforecast.

As in previous case studies, the ECMWF model outperforms the GEFS forecast in all analysed
parameters and variables, achieving improvements of between 0.3°C and 0.5°C in minimum and
maximum temperatures.

Regarding precipitation, it is evident that the models perform much worse here than in the other study
areas. This may be due to the city's location. As it is in an area surrounded by mountain ranges, the
prediction models may fail to account for processbat enhance or weaken precipitation due to
orographic factors, such as the Fohn effect.

As can be seen ifigure A3.20, the curves are fdrom the top left corner, which represents perfect
prediction. As in all the other cases, the ECMWF model's predictions are better than those of the GEFS
for all the analysed parameters, although deterioration in the predictions affects both models. In the
cas of the RPS (figure A3.21), the average value is approximately 0.1; the error rate exceés25%

the first prediction horizon; and the AUC (figure A3.22) values are below 0.85 in all cases, dropping
below 0.7 for predictions with a horizon of more than one week.

Verifications of Al models to correct predictions

A model that uses artificial intelligence to correct predictions has been tested and is currently
undergoing optimisation.

Based on the random forest algorithm, the model's training data corresponds to ECMWF ensemble
predictions for 2023 and 2024. It has been validated for a period independent of the training test: May
to October 2025.The predictor variables used to train the model are maximum and minimum
temperature, temperature range, and month of the year.

The model has successfully corrected predictions that were originally highly biased, such as minimum
temperature in Madrid and maximum temperature in GNgpoca.

Results for these two cities are shown below:
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Figure8. Minimum temperature BIAS of raw and corrected ECMWF ensemble predictions for Madrid.
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Figure9. Minimum temperature MAE of raw and corrected ECMWF ensemble predictions for Madrid.
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As can be seen in the figures, the bias of the minimum temperature in Madrid has decreased
significantly, although there is still a slight positive overestimation of the temperature. This reduction
in bias means that the mean absolute error (MAE) is haliveth an average of 2°C to 1°C in the initial
forecast periods, while in forecasts with a tirilR@me of more than one week, the error is less than
3°C on 90% of days, compared to 5°C in raw forecasts.

Similarly, when it comes to the maximum temperature in-Glapoca, the same pattern emerges: the
bias is reducedrom an average of 2°C to just a few tenths of a degree. This means that the average
error is significantly reduced, particularly in the initial days of the forecast. For instance, the average
error on the first day dropsfrom 2.3°C to 1.0°C. However, for longer forecast horizons, the
improvement is more modest. For example, at nine days, the error redum®san average of 3.7°C to
2.8°C.
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FigurelO. Minimum temperature BIAS of raw and corrected ECMWF ensemble predictions-fagtiog.
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Figurell Minimum temperature MAE of raw and corrected ECMWF ensemble predictions fuadaa.

4.1.2 Seasonal forecast

In this section, we assess the performance of the three seasonal prediction sources considered in the
study: the TeWACNN statisticaframeworkthe ECMWF SEASS system, and the CFSv2 model. To avoid
overwhelming the reader with information, results for the three sources will be illustrated using
monthly mean temperature as a representative example, while the full set of figures for all variables
and stations is provided in Annex 4. For each system, we summarise the main findings in terms of
correlation and error metrics, followed by an overall synthesis that highlights their relative strengths
and limitations for operational seasonal forecastiigllower cities have been included in this analysis

to provideclearerstatistical signals using the aforementioned methodologies and improving results for
all cities
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4.1.2.1 Seasonal forecasSEAS5 model validation

Pearson Correlation (Ensemble Mean)

Mean Temperature (TMean)

The correlation analysis for mean temperature shows that forecast skill is strongest at threaorile

lead, with positive correlations across most models and observation sites. Median values around 0.2 to
0.3 and upper extremes above 0.4 indicate meanihgfadictability for short lead times. Beyond two
months, correlations decline sharply toward zero, reflecting the challenges of loagge forecasting.

Models such as ECCC and ECMWEF stand out with higher median correlations and greater consistency
acros stations, underscoring their relative strength for temperature prediction.

As an example, the validation results for the average temperature of the models that constitute the
Copernicus seasonal prediction system are shown. For precipitation and wind, see Annex 4.

Pearson correlation for TMean
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Figurel2. Pearson correlation for TMean, classified for lead month, observatory and model.
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Mean Absolute Error (MAE)

Mean Temperature (TMean)

The MAE analysis for temperature forecasts shows the lowest errors atmonéh lead, with steady
increases as the forecast month progresses, reflecting diminishing predictability. Improvement over
climatology is most pronounced at short lead times, reigiiog the added value of dynamical forecasts

early in the season. To avoid saturating the graphs with redundant information, only statistics up to the
second month are shown, since the difference between the results obtained in the second and sixth
monthswas negligible. Among the models, ECCC and ECMWF consistently achieve lower MAE values,
highlighting their better performance, while differences among models narrow beyond arwih

lead.

1.10

1.05

MAE

0.95

0.90

MAE by model and forecast month for TMean

S 9 \ e e o
a¥ o ed“\N \d\ o @ «® o
e’
<€

Model

Figurel3. Mean Absolute Error for TMean, classified by lead month and model.
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Root Mean Square Error (RMSE)

Mean Temperature (TMean)

RMSE patterns for temperature align closely with MAE results, showing the lowest errors at lead 1 and
steady increases with lead time. This underscores the fading predictive skill beyond short leads. ECCC
and ECMWF again emerge as the models with the I[DRBESE values at early leads, confirming their
comparative strength in temperature forecasting.

RMSE by model and forecast month for TMean
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Figurel4. Root Mean Square Error for TMean, classified by lead month and model.
Key findings

This analysis demonstrates that seasonal forecast models consistently achieve their highest skill at one
month lead times across temperature, precipitation, and wind speed. Correlation values and error
metrics alike show clear advantages for sHedd prelictions, while skill declines sharply beyond two
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months. Models such as ECCC and ECMWF tend to perform better than others, particularly for
temperature and wind forecasts. The results suggest that while dynamical seasonal forecasts provide
meaningful guidance at short leads, cautious interpretation edeel for longefrange predictions, and
model selection or weighting strategies can further improve forecast value.

Therefore, in the final model, only CMCC, DWD, ECCC and ECMWF will be selected to integrate in the
final combined forecasdue totheir better skill than the rest of the models.

4.1.2.2 Seasonal forecastStatisticatbased seasonal forecast models results

To determine which model performs better, several statistima$ed models were run for each
observatory, lag and variable.

Regarding the models used, the seasonal forecasting system originally employed nine proposed
models, each combining different computational approaches to predict meteorological variables. These
models represented a comprehensive ensemble of modern stagistind machine learning techniques
tailored for longrange weather prediction.

The CNN_ens model represents the core deep learning approach, utilizing three different random seeds
to create an ensemble of Convolutional Neural Networks trained on the gridded ERAS predictor fields.
This ensemble approach helps capture spatial pattérre@mospheric data while providing robustness
through model averaging. The CNN_Lin variant implements a simplified linear version within the Keras
Framework offering a more interpretable neural network architecture that maintains the convolutional
structure but with linear activation functions.

For traditional statistical modeling, the MultiLinear model employs Ridge regression, a regularized
linear regression technique that prevents overfitting while handling the -digiensional predictor
space. This serves as a baseline linear approach agdiitdt more complex models can be compared.
The Teleconnection model implements a specializdsh$ed approach that identifies and utilizes
atmospheric teleconnection patterns largescale atmospheric circulation patterns that influence
weather across vaslistances.

The TeWa model introduces wavelgdsed time series analysis, combining temporal decomposition
with atmospheric predictors to capture boFR@quency and timalomain relationships. This approach
is particularly effective for identifying mulsicale temporal patterns in meteorological data. The hybrid
models begin with CNN_Tele, which blends the CNN_ens predictions with Teleconacstésh
forecasts, creating a synthesis of deep learning and atmospheric pHyssesl approaches.
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Similarly, CNN_Tewa combines CNN_ens with TeWavelet predictions, merging spatial pattern
recognition with wavelebased temporal analysis. The most comprehensive hybrid approach,
CNN_Tewa_Lin, integrates predictidram CNN_ens, TeWavelet, and Teleconnection models, creating

a multrmethod ensemble that leverages the strengths of each individual approach. Finally, TeWa_Lin
provides a streamlined combination of TeWavelet and Teleconnection models, offering a balance
between complexity and interpretability.

Pearson correlation and SMAE were the validating statistical methods selected to measure the
performance of each of them.

Pearson Correlation

Pearson correlation is used to assess whether the forecasts reproduce the observed temporal variability
and phase of anomalies, independently of any systematic bias or scaling errors. It therefore provides a
NRPOodzaGXZ dzyAlf Sada YS ksaompakableatrosd dtationd) I8aNdimesiandinfotiets. ( K |

Mean Temperature (TMean)

For the average temperature, the boxplots show that all models achieve modest but generally positive
Pearson correlations for neaerm leads, with median values typically between about 0.1 and 0.3 for
lags 13. The best performance is obtained by the Telbdaed blends, particularly CNN_TeWa and
TeWa_Lin, which consistently rank among the top models and maintain positive skill even at longer
lead times (lags-6). The pure CNN ensemble (CNN_Ens) also provides robust, though slightly smaller,
correlations amss most lags. In contrast, the purely linear approaches (CNN_Lin, MultiLinear) and the
standalone teleconnection model tend to degrade more rapidly with lead time, with medians hovering
around zero or becoming negative beyond abowut ionths. Overallpicorporating TeWa information
clearly enhances temporal persistence of correlation skill in the seasonal temperature forecasts.
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Figurel5. Combined Pearson Correlation for different Statistical based models for each lag and for Mean Temperature.

Among the observatories, the highest and most persistent correlations are found at the Mediterranean
and continental sites in Greece (167160), Italy (160840) and Romania (151200), which show clearly
positive median correlations at most lead months. Thec&2Republic (114480) also exhibits modest

but robust positive values, whereas the northern stations in Finland (028970) and Denmark (060700)
often hover around zero or slightly negative correlations. Western sites in Belgium (064580), Spain
(082210) and Esnia (260380) tend to display intermediate behaviour, with small but generally positive
correlations that decay with lead time.
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independent way, normalizing by the observed variability or climatology. This allows us to compare
error levels across variables and locations with very differantsuand ranges, and to identify models

that are not only well correlated but also quantitatively accurate.

Mean Temperature (TMean)

SMAE values for temperature are relatively stable with lead time and lie mostly between about 1.0 and
1.4 for the majority of CNN and Teleconnection/TelMa configurations. CNN_Ens consistently
delivers the lowest errors (medians close to 1), with TeWaahd, to a lesser extent, CNN_Lin and
Teleconn forming a compact group with slightly higher but comparable SMAE. The standalone TeWa
model is clearly an outlier, with substantially larger SMAE (often arou@ 1Lg indicating that its raw
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forecasts are less accurate than the blends and -BB¥¢d approaches, even when correlations are
similar.

SMAE by Lag and Model of TMean
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Figurel7. Combined SMAE for different Statistical based models for each lag and for Mean Temperature.

Temperature SMAE is fairly homogeneous across stations, but systematic differences are visible: Italy
(Piacenzd) Czech Republi®ilser and Spain (MariBarajas) usually appear among the lowestor

sites, with median SMAE close til12 across lead months. Greece (Athens) and RomaniaN&bagjca)

tend to show slightly larger errors, and the northern and western stations in EstorigiyBeand
Denmark also feature somewhat higher SMAE, suggesting that local variability and continental effects
make temperature slightly difficult to predict there.

I City with the closest weather station accomplishing the required historical observed data length for Parma.
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SMAE by Lag and Station for TMean
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Figurel8. Combined SMAE for the observatories used for each lag using all models (Mean Temperature).

Key findings summary

Overall, the benchmarking confirms that the CNN_Ens, CNN_TeWa and TeWdéafigurations form

the bestperforming group across variables, lead times and metrics. For temperatunerecigitation,

they systematically provide the highest, or ndaghest, Pearson correlations while keeping SMAE close

to or below those of the remaining baselines. In particular, CNN_Ens tends to minimise SMAE for all
variables, whereas TeWa_Lin and CNN_TeWa often ahelight advantage in correlation, especially

at short and intermediate leads. Teleconnectamd TeWabased blending therefore addvalue with
respect to purely linear or standalone TeWa approaches, and clearly outperforms the simple
MultiLinear baseline.

At the same time, the results also highlight the intrinsic limitations of seaforedasting on docal

scale. Correlation values are generally modest (often below 0.25) and decay with lead time, with mean
wind speed showing the weakest and most variable skill. SMAE values around or above 1 indicate that
large individual errors are still common, pattlarly for precipitation and wind. Skill is heterogeneous
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among stations and lead months, and some models occasionally produceer@aor even slightly
negative correlations. These features underline that, despite the relative gains brought by tlee CNN
TeWa ensembles, the predictive capacity remains limited fmdcasts should be interpreted as
probabilistic, lowsignal guidance rather than as deterministic, hagturacy predictions.
Therefore, the statisticgdynamical approach based on CNN_Ens, CNN_TeWa and TeWa_Lin delivers
station-scale skills that are brady comparable to, and in some cases slightly better than, those of
SEASS. At lead month 1, Pearson correlations for temperature, precipitation and mean wind speed are
of similar magnitude to the best SEAS5 members (typically up t@0-3)2 while SMAE reains low

and relatively stable with lead time, indicating a good control of local errors after bias correction and
downscaling. In contrast, SEAS5 correlations and MAE improvements over climatology tend to collapse
beyond months 20 = ¢ KSNXB | & t-pracesped mod€lsiretdidz@all but positive correlations

and competitive error levels up to lead montkh@ This suggests that the proposed methodology can
extract at least as much usable signal as SEAS5 atrahgd andmay provide added value for some
variables and locations at longer seasonal leads, although forecast skill is still subject to substantial local
variability in both systems.

4.1.2.3 Seasonal forecastCFSv2 models results
Pearson Correlation

Temperature (Maximum Temperature)

For daily maximum temperature, CFSv2 shows strong-shoge skill, with median correlations around
0.6-0.7 on day 1 and a gradual decline to about 0.2 by dayi?18eyond the second week, correlations
RNRL) G2 f2¢ 0dzi &Gi1s)tat rehaddnihat kaghs fordriodt afz8 ety Horizahm
with a small secondary peak around days#0 This pattern reflects clear added value at synoptic to
sub-monthly scales, but only modest, residual predictability at longer leads.
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Figurel9. Pearson correlation for maximum temperature across the entire dataset of observations for each lead day.
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behaviour indicates that CFSv2 provides clear improvesever climatology at short lead times, while

errors approach climatological levels as the forecast extends into the subseasonal window, with
relatively small changes in SMAE beyond about day 20.
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Figure20. SMAE for maximum temperature across the entire dataset of observations for each lead day.

Key findings summary

Overall, the CFSv2 hindcast evaluation confirms that this dynamical system provides useful but strongly
leadtime-dependent skill at the station scale. For temperature, CFSv2 achieves highrasiumt
correlations and low SMAE during the first2lweeks, ndicating that it captures synoptgcale
variability reasonably well before its performance gradually degrades toward climatological levels. For
precipitation, deterministic skill is much weaker and tends to vanish beyond151@ays, with
correlations abse to zero and relatively large errors. Forri@vind speed, the model shows moderate
correlation at very short leads but systematically high SMAE, reflecting substantial local bias and
amplitude errors that only decrease as the forecast damps towarcathilogy. Taken together, these
results suggest that CFSv2 is most valuable as a subseasonal tool for the2fiksteks, while its direct

use for longefrange, pointscale forecasts of precipitation and wind should be treated with caution and
ideally compemented by statistical pogtrocessing.
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4.1.2.4 Seasonal forecast summary and conclusions

Across the URBREATH stations and variables, the -ba¥éd statisticaFrameworkextended with
CNNderived teleconnection indices (CNN_Ens, CNN_TeWa, TeWa_Lin) consistently emerges as the
bestperforming group at the monthly scale. It delivers small but robust positive correlations (typically

up to ~0.2,0.3 for temperature and precifation at short leads) and SMAE values closectb4, and it
maintains usable skill up to¢8 months ahead for some stations and variables. This confirms that
combining datadriven teleconnection indices with wavelet and ARIMA-pedidictability effectively
extracts a significarER@ction of the available seasonal signal at station level.

The SEASS system shows clear added value at short lead times, especially for temperature, with median
correlations around 0.80.3 and reduced MAE at lead month 1. However, its skill decays rapidly beyond
2¢3 months, and at the local station scale its ctatien and error metrics are generally comparable to

or slightly weaker than those of the TeWased models. SEASS5 therefore provides useful iscgke
dynamical guidance, but its direct monthly anomalies at station level remain limited in terms of
deterministic skill for longer leads.

CFSv2, evaluated at the daily scale, exhibits strong-sange skill for temperature (correlations >0.6

on day 1 and still positive afterg2 weeks) and modest positive correlations for precipitation during

the first 1;15 days, with SMAE increasing towalimatological levels as lead time grows. Foini0

wind speed, CFSv2 captures part of the synoptic variability during the first week but shows relatively
high standardized errors and rapidly dampethomalies, thereafter, reflecting difficulties in
representing local wind at coarse resolution. Overall, CFSv2 offers valuable subseasonal information in
the first 1¢2 weeks, particularly for temperature, but its poistale skill decreases markedly as the
forecast horizon extends.

4.1.3 Climate projections

Daily projections have been generated for each of the fdontrunner citiesfrom 1981 to 2100. All
possible combinations between the 10 selected CMIP6 models (see Table 3) and the four emission
scenarios considered (SSP.B, SSR24.5, SSRB.7, SSRPB.5) have been considered. Therefore, a total

of 40 possible climate projectiomsshown for each of the variables.

Results for Madrid

According to the climate change local scenarios generated, the main conclusions for each variable for
Madrid are summarisedelow, together with an illustrative figure (figure A5). For reference, the
remaining figures and extended information are included in Annex 5.

[D32 ¢ Al models for climate change vulnerability assessment and weather fore¢2ist Page |54
URBREATH10113971t HORIZOMIISS2023 CLIMACITIE®1-01



Co-funded by Horizon Europe Project URBREATH @
m*“eﬁ”""”a"”""’" HORIZOMISS2023CLIMACITIE®1-01 & URBREATH

No significant changes can be expected in maximum relative humidity across all scenarios and time
horizons (figure A5.1). Changes in values are expected to fesmge0.3 to-0.4 per cent both by mid
century and by the end of the century in the S&8P2 and SSP3.5 respectively with respect to the
historical value of 90.8%. No significant changes are also expected in minimum relative humidity values
across all scenars and time horizons (figure A5.2). Changes in these values are expected téroamge

-0.4 t0-0.5 per cent by migentury androm -0.2 to-0.5 per cent by the end of the century in the SSP2

4.5 and SSP8.5 respectively with respect to the historical value of 67.4%. In the initial results, it has
been observed an increase in temperature in both maximum and minimum values. As iswham
atmosphere has a greater capacity to hold moisture. But at the same time, as global surface
temperatures risdbecause oainthropogenic warming, the amount of water evaporated increases and,
therefore, the water vapour content in the atmosphere increases. Therefore, this result is to be
expected.

Regarding the radiation results, long wave (terrestrial) radiation and short wave (solar) radiation are
studied. In terms of long wave radiation significant changes are expected as shown in figure A5.3.
Changes in values are expected to rafigen 9.2 to 13.5 W/m by midcentury andfrom 13 to 24.3

W/m?2 by the end of the century in the SSB5 and SSP8.5 respectively with respect to the historical
value of 294.7 W/rh In terms ofshort-waveradiation, significant changes are alegpected; as shown

in figure A5.4. Changes in values are expected to rénoge6.9 to 6.3 W/nt by midcentury andfrom

8.5 to 10.5 W/m by the end of the century in the SSBR5 and SSP8.5 respectively with respect to

the historical value of 198.1 W/mFor perfect equilibrium, there must be a net balance at the top of
the atmosphere, such that the amount of incoming enefigym the sun (in the form of shortwave
radiation) must be the same as the amount of energy emitted by the Earth (in the formgwWéme
radiation).

Regarding the wind speed results, some significant changes are expected as shown in figure A5.5.
Changes in values are expected to-®2 km/h by midcentury and rangérom -0.3 to-0.4 km/h by the

end of the century in the SSE25 and SSP8.5 respectively with respect to the historical value of 7.5
km/h.

Regarding the Heat Wave results, the annual number of Heat Waves episodes and the average duration,
mean intensity and maximum intensity of these episodes are studied. In terms of annual number of
Heat Waves, significant changes are expected as showguire fK1 (figure A5.6 in Annex 5). Changes

in values are expected to ranffem 3.5 to 3.9 per year by midentury andirom 4.3 to 4.9 per year by

the end of the century in the SSB% and SSP8.5 respectively with respect to the historical value of

0.3 episodes per year. This result is complemented by the characteristics analysed using the annual
average for each episode: average duration, mean intensity and maximum intensity, analysed in figures
A5.7-A5.9.
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Regarding average duration (figure A5.7), significant changes are expected. Its increases are
expected to rangérom 2.2 to 3.5 days per year by mogéntury andfrom 3.3 to 9.5 per year by

the end of the century in the SSB5 and SSP8.5 respectively with respect to the historical
value of 4.9 days per year.

Regarding average intensity (figure A5.8), significant changes are expected, especially by the
end of the century. Its increases are expected to raingm 0.5 (no significant) to 0.8 by mid

century andfrom 0.8 to 1.8°C by the end of the century in the SSP2 and SSP8.5
respectively with respect to the historical value of 3€4

Regarding maximum intensity (figure A5.9), significant changes are expected, especially by the
end of the century. Its increases are expected to rafigm 1.2 to 1.6°C by midcentury and

from 1.8 to 3.4°C by the end of the century in the SSRP2 and SSP8.5 respectively with
respect to the historical value of 40Q.

Based on the results, not only an increase in the occurrence of heatwaves could be expected, but also
in their average duration and intensity.

Annual number of Heat Waves per year
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Figure2l. The graph shows the evolution of annual number of Heat Waves per year throughout the 21st century for the periods
Historical (19842010), short (2022050), medium (2042070) and longerm (207%2100) under four emission scenarios: S&B1
SSP2A.5, SSBR7.0, and SSP&.5 for the set of all the observatories employed in Madrid. The boxplots represent the results from 10

climate models, with the central horizontal line corresponding to the median and the upper and lower extremes represenitig th
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and 25th percentiles, respectively. The lower value indicates the increase compared to the absolute value for thepeisoakiddie
fill codes specify the statistical significance of the results. [Figure A5.6 in Annex 5]

Regarding the SPI resultsp®nth, 6month, 12month, 24month and 66month accumulation periods
are studiedto assess shortmedium and longterm conditions figures A5.10A5.14). In summary, for
all the accumulation periods analysed, it can be said that no significant changes are expected in any
case, maintaining its value in the normal value category for each case during all periods and scenarios.

Regarding the SPEI resultsm8nth, 6month, 12month, 24month and 66month accumulation
periodsare studiedio assess short medium and longterm conditions (as SRAfjgures A5.15A5.19).

In summary, for all the accumulation periods analysed, it can be said that significant decreases are
expected in all cases.

Regarding 3nonth SPEI (figure A5.15), its decreases are expected to fieorge0.7 t0-0.8 by
mid-century andfrom -0.9 to-1.5 (moderately dry) by the end of the century in the S8B2
and SSPB.5 respectively with respect to the historical value of 0 (normal value).
Regarding énonth SPEI (figure A5.16), its decreases are expected to feorge0.7 to-1.1 by
mid-century andfrom -1.1 to-1.9 (moderatelyseverely dry) by the end of the century in the
SSP2.5 and SSP8.5 respectively with respect to the historical value of 0 (normal value).
Regarding 12nonth SPEI (figure A5.17), its decreases are expected to faomgel to-1.3 by
mid-century andfrom -1.4 to-2.5 (moderatelyextremely dry) by the end of the century in the
SSP2.5 and SSP8.5 respectively with respect to the historical value of 0 (normal value).
Regarding 24nonth SPEI (figure A5.18), its decreases are expected to femmgel.3 to-1.7
by midcentury andfrom -1.8 to-2.8 (severehextremely dry) by the end of the century in the
SSPz21.5 and SSP8.5 respectively with respect to the historical value of 0 (normal value).
Regarding 6@nonth SPEI (figure A5.19), its decreases are expected to feomgel.7 to-2.1
by midcentury andfrom -2.3 to-3.5 (extremely dry) by the end of the century in the S8B2
and SSPB.5 respectively with respect to the historical value of 0 (normal value).

Results for Leuven

According to the climate change local scenarios generated, the main conclusions for each variable for
Leuven are summarised below, together with an illustrative figure. For reference, the remaining figures
and extended information are included in Annex 5.

According to the climate change local scenarios generated for Leuven no significant changes can be
expected in maximum relative humidity across all scenarios and time horizons (figure A5.20), except
for the end of the century in the two most catastrophiesarios. Changes in values are expected to
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rangefrom -0.4 to-0.5 per cent both by midentury andfrom -0.6 to-1.5 per cent by the end of the
century in the SSP25 and SSP8.5 respectively with respect to the historical value of 91.5%. No
significant changes are also expected in minimum relative humidity values across all scenarios and time
horizons (igure A5.21), except for the most catastrophic scenario by the end of the century. Changes
in these values are expected to range arou@d per cent by migtentury andfrom -0.8 to-2 per cent

by the end of the century in the SSB% and SSP8.5 respectively with respect to the historical value

of 63.1%. In the initial results, an important increase in temperature has been observed in both
maximum and minimum values. As it warms, the atmosplnae a greater capacity to hold moisture.

But at the same time, as global surface temperatures rise because of anthropogenic warming, the
amount of water evaporated increases and, therefore, the water vapour content in the atmosphere
increases. The expeaehange is the result of the balance between this interaction.

Regarding the radiation results, long wave (terrestrial) radiation and short wave (solar) radiation are
studied. In terms of long wave radiation significant changes are expected as shown in figure A5.22.
Changes in values are expected to rafrgen 8.1 to 11.5 W/m by mid-century andfrom 10.4 to 23.4
W/m?2 by the end of the century in the SSB5 and SSP8.5 respectively with respect to the historical
value of 303.2 W/rh In terms ofshort-waveradiation, significant changes are also expected; as shown
in figure X4. Changes in values are expected to rémge 6.6 to 5.1 W/n3 by mid-century andirom 6

to 6.4 W/n? by the end of the century in the SSB5 and SSP8.5 respectively with respect to the
historical value of 124.7 W/t For perfect equilibrium, there must be a net balance at the top of the
atmosphere, such that the amount of incoming eneffggm the sun (in the form of shortwave
radiation) must be the same as the amount of energy emitted by the Earth (in the form of longwave
radiation).

Regarding the wind speed results, some significant changes are expected as shown in figure A5.24.
Changes in values are expected to rafrgen -0.3 t0-0.4 km/h by midcentury and rangéom -0.2 to

-0.4 km/h by the end of the century in the SSR2 and SSP8.5 respectively with respect to the
historical value of 13 km/h.

Regarding the Heat Wave results, the annual number of Heat Waves episodes and the average duration,
mean intensity and maximum intensity of these episodes are studied. In terms of annual number of
Heat Waves, significant changes are expected as showgurefX2 (A5.25 in Annex 5). Changes in
values are expected to randem 2 to 2.5 per year by midentury andfrom 2.5 to 5 per year by the

end of the century in the SSE2 and SSP8.5 respectively with respect to the historical value of 0
episodes peyear. This result is complemented by the characteristics analysed using the annual average
for each episode: average duration, mean intensity and maximum intensity, analysed in figures A5.26
A5.28.
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Regarding average duration (figure A5.26), significant changes are expected. Its increases are
expected to rangérom 0.4 to 0.9 days per year by mogéntury andfrom 0.7 to 1.7 per year by

the end of the century in the SSB5 and SSP38.5 respectively with respect to the historical
value of 4.9 days per year.

Regarding average intensity (figure A5.27), only significant changes are expected by the end of
the century in the most catastrophic scenario. Its increases are expected to framg®.7 to

0.8°C by midcentury andfrom 0.8 to 1.3°C by the end of the century in the SSP2 and SSP5

8.5 respectively with respect to the historical value of 3€.5

Regarding maximum intensity (figure A5.28), only significant changes are expected in the worst
scenario by mid and end century. Its increases are expected to famgel to 1.4°C by mid
century andfrom 1.3 to 2.6°C by the end of the century in the SSP2 and SSP8.5
respectively with respect to the historical value 0PG4

Based on the results, a significant increase in the annual number of heat waves is expected, ranging
from a median zero value in the reference period to a median of 2.5 or 5 heatwaves per year-by mid
century and latecentury, respectively, in the worstase scenario. This is the most significant change
expected in the analysed values. However, these heatwarealso expected to intensify, particularly
towards the end of the century, in terms of both average duration and average and maximum intensity,
with significant increases in some cases.
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Figure22. The graph shows the evolution of annual number of Heat Waves per year throughout the 21st century for the periods
Historical (19842010), short (2022050), medium (2042070) and longerm (207%2100) under four emission scenarios: S3B1
SSP2.5, SSB7.0, and SSP&.5 for the set of all the observatories employed in Leuven. The boxplots represent the results from 10

climate models, with the central horizontal line corresponding to the median and the upper and lower extremes repregenfitig th
and 25th percentiles, respectively. The lower value indicates the increase compared to the absolute value for the Hisbakriddleoe
fill codes specify the statistical significance of the results. [Figure A5.25 in Annex 5]

Regarding the SPI resultsgridnth, 6month, 12month, 24month and 66month accumulation periods
are studiedto assess short medium and longterm conditions figures A5.2975.33). All indices start
at a value of 0 in the reference period except for ther60nth accumulation index, which starts at a
value of-0.1. Significant increases are expected by the end of the century @n@ 6month
accumulations in alcenarios except the most sustainable one. For #meodith SPI, a changeom a
value of O (normal value) in the reference period to a significant incréase 0.4 to 0.6 (normal
moderately wet) is expeed by the end of the century in the SS#8 and SSP8.5 respectively. For
the 6month SPI, a changeom a value of O in the reference period to a significant incrdasm 0.5

to 0.8 (normalmoderately wet) is expected by the end of the century in the SE®P2and SSP8.5
respectively. In 12and 24month accumulations significant increases are expected bycemdury in
the worst scenario and by the end of the centunalhscenarios except the most sustainable one. These
changes for the 1-Pnonth acumulation period would rangom 0.4 to 0.6 (normamoderately wet)
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for mid-century andfrom 0.6 to 1.1 (moderately wet) for the end of the century in the S&B2and
SSP83.5 respectively. In the case of the-B¥bnth accumulation period would rangeom 0.6 to 0.7
(moderately wet) for miecentury andfrom 0.9 to 1.7 (moderatehgeverely wet) for the end of the
century in the SSP25 and SSP8.5. Finally, for the 6@honth period, significant increases would be
expected for all future periods in all scenarios except the most sustainable one, rdraymg to 1.3
(moderakely wet) by midcentury andfrom 1.5 to 3 (moderatehextremely wet) by the end of the
century in the SSP25 and SSP8.5 respectively with respect to the historical value@fl.

Regarding the SPEI resultsm®nth, 6month, 12month, 24month and 66month accumulation
periodsare studiedto assess shoft medium and longterm conditions (as SRfjgures A5.34A5.38).

In summary, for 3nonth, 6month, 12month accumulation periods, no significant decreases are
expectediromvalues of 0, 0 and 0.1 (normal values) in the reference period, respectively.-Fam2i
accumulation period, only a significant decrease is expected by the end of the century with a value of
0.9 from a 0.1 (moderately dry- normal value) value in the reference period. For-r6nth
accumulation period, almostll the expected changes are significant by mid and end century, ranging
from -0.9 to-1.1 (moderately dry) by midentury andfrom -0.7 to-1.5 (moderately dry) by the end of

the century in the SSP25 and SSP8.5 respectively with respect to the historical value of 0.1 (normal
values).

Results for Tallinn

According to the climate change local scenarios generated, the main conclusions for each variable for
Tallinn are summarised below, together with an illustrative figure. For reference, the remaining figures
and extended information are included in Annex 5.

According to the climate change local scenarios generated for Tallinn no significant changes can be
expected in maximum relative humidity across all scenarios and time horizons (figure A5.39). Changes
in values are expected to ran@@m -0.3 t0-0.4 per cent both by migdentury and by the end of the
century in the SSP25 and SSP8.5 respectively with respect to the historical value of 90.8%. No
significant changes are also expected in minimum relative humidity values across alicsandrtime
horizans (figure A5.40). Changes in these values are expected to famge0.4 to-0.5 per cent by
mid-century andfrom -0.2 to-0.5 per cent by the end of the century in the S8 and SSP8.5
respectively with respect to the historical value of 67.4%. In the initial results, we observed an
important increase in temperature in both maximum and minimum values. As imwathe
atmosphere has a greater capacity to hold moisture. But at the same time, as global surface
temperatures rise as a result of anthragenic warming, the amount of water evaporated increases
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and, therefore, the water vapour content in the atmosphere increases. The expected ahaatpive
humidity values is the result of the balance between this interaction.

Regarding the radiation results, long wave radiation ahdrt-waveradiation are studied. In terms of

long wave radiation significant changes are expected as shown in figure A5.41. Changes in values are
expected to rangérom 10.5 to 14.8 W/ by mid-century andfrom 14.2 to 28.1 W/M by the end of

the century in the SSPR5 and SSP8.5 respectively with respect to the historical value of 282.9
W/mZ2.Instead, in terms of short wave radiation only significant changes are expected at the less
catastrophic scenario by mid and end century. As shown in figure A5.42, changes in values are expected
to rangefrom 3.1 to 2.9 W/nt by midcentury andfrom 3.5 to 1.7 W/n3 by the end of the century in

the SSP2.5 and SSP8.5 respectively with respect to the historical value of 115.1 W/Ror pefect
equilibrium, there must be a net balance at the top of the atmosphere, such that the amount of
incoming energyrom the sun (in the form of shortwave radiation) must be the same as the amount of
energy emitted by the Earth (in the form of longwave radiation).

Regarding the wind speed results, no significant changes are expected as shown in figure A5.43.
Changes in values are expected to rafigen O to -0.1 km/h by midcentury and range arouneD.1

km/h by the end of the century in the SSBS5 and SSP8.5 respectively with respect to the historical
value of 12.3 km/h.

Regarding the Heat Wave results, the annual number of Heat Waves episodes and the average duration,
mean intensity and maximum intensity of these episodes are studied. In terms of annual number of
Heat Waves, significant changes are expected as showguire fK3 (figure A5.44 in Annex 5). Changes

in values are expected to ranfiem 1.5 to 2 per year by midentury androm 2 to 3.8 per year by the

end of the century in the SSE25 and SSP8.5 respectively with respect to the historical value of 0.2
episodes per year. This result is complemented by the characteristics analysed using the annual average
for each episode: average duration, mean intensity and maximum intensity, analysed in figures A5.45
A5.47.

Regarding average duration (figure A5.45), some significant changes are expedtenieéise
isexpected to rangérom 0.6 (no significant value) to 1.5 days per year by-caidtury androm

1.2 to 3.5 per year by the end of the century in the S&B2and SSP8.5 respectively with
respect to the historical value of 4.5 days per year.

Regarding average intensity (figure A5.46gre are nosignificant changes in any case. Its
increases are expected to be around 85by midcentury andfrom 0.6 to 0.9°C by the end of

the century in the SSP25 and SSP8.5 respectively with respect to the historical value of
28.3C.

Regarding maximum intensity (figure A5.47), only significant changes are expected in the worst
scenario by the end of the century. Its increases are expected to famme.9 to 1.2°C by mid

[D32 ¢ Al models for climate change vulnerability assessment and weather fore¢2ist Page |62
URBREATH10113971t HORIZOMIISS2023 CLIMACITIE®1-01



Cofunded by Horizon Europe Project URBREATH “
-*“‘*E““”‘*""”"'“" HORIZOMISS2023CLIMACITIE®1-01 E URBREATH

century androm 1 to 1.9°C by the end of the century in the SSR2 and SSP8.5 respectively
with respect to the historical value of 29@.

Based on the results, a significant increase in the annual number of heat waves is expected, ranging
from a median of 0.2 events per year in the reference period to a median of 2.4 or 4 heatwaves per
year by midcentury and latecentury, respectively, in the worslase scenario. This is the most
significant change expected in the analysed values. Howevesetheatwaves are also expected to
intensify in terms of average duration, especially by the end of the century. No significant changes are
expected regrding average and maximum intensity.

Annual number of Heat Waves per year
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Figure23. The graph shows the evolution of annual number of Heat Waves per year throughout the 21st century for the periods
Historical (19842010), short (2022050), medium (2042070) and longerm (207%2100) under four emission scenarios: S&BL
SSPA.5, SSB7.0, and SSP&.5 for the set of all the observatories employed in Tallinn. The boxplots represent the results from 10
climate models, with the central horizontal line corresponding to the median and the upper and lower extremes represenfitig th
and 25th percentiles, respectively. The lower value indicates the increase compared to the absolute value for the ldistakiddie
fill codes specify the statistical significance of the results. [Figure A5.44 in Annex 5]
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Regarding the SPI resultsp®nth, 6month, 12month, 24month and 66month accumulation periods
are studiedto assess shortmedium and longterm conditions figures A5.48A5.52). In summary, for
all the accumulation periods analysed, it can be said that significant increases are expected in all cases.

Regarding 3nonth SPI (figure A5.48), its decreases are expected to raonge 0.6 to 0.9
(moderately wet) by migentury andfrom 0.9 to 1.7 (moderatehgeverely wet) by the end of
the century in the SSP25 and SSP8.5 respectively with respect to the historical value of 0.
Regarding énonth SPI (figure A5.49), its decreases are expected to range 0.9 to 1.2
(moderately wet) by migcentury andfrom 1.2 to 2.2 (moderatehgeverely wet) by the end of
the century in the SSPR5 and SSP8.5 respectively with respect to the historical value of 0.
Regarding 12nonth SPI (figure A5.50), its decreases are expected to rangel.2 to 1.6
(moderatelyseverely wet) by migtentury andfrom 1.7 to 3 (severebextremely wet) by the
end of the century in the SSRB2 and SSP8.5 respectively with respect to the historical value
of 0.

Regarding 24nonth SPI (figure A5.51), its decreases are expected to rangel.7 to 2.3
(severelyextremely wet) by miecentury andfrom 2.4 to 4.2 (extremely wet) by the end of the
century in the SSP25 and SSP8.5 respectively with respect to the historical value@fl.
Regarding 6@nonth SPI (figure A5.52), its decreases are expected to range2.4 to 3.5
(extremely wet) by miecentury andfrom 3.6 to 5.5 (extremely wet) by the end of the century
in the SSR2.5 and SSP8.5 respectively with respect to the historical value of 0.

Regarding the SPEI resultsm®nth, 6month, 12month, 24month and 66month accumulation
periodsare studiedto assess short medium and longterm conditions (as SPdures A5.53A5.57).

In summary, for all the accumulation periods analysed some significant increases are expected in all
cases.

Regarding 3dnonth SPEI (figure A5.53), its decreases are expected to rfaoge0.4 (no
significant) to 0.6 (normal moderately wet) by mietentury andfrom 0.5 to 1.2 (moderately
severely wet) by the end of the century in the S8Rand SSP8.5 respectively with respect
to the historical value of 0.

Regarding @nonth SPEI (figure A5.54), its decreases are expected to famge0.5 to 0.7
(moderately wet) by migtentury androm0.7 to 1.4 (moderately wet) by the end of the century
in the SSR2.5 and SSP8.5 respectively with respect to the historical value of 0.

Regarding 12nonth SPEI (figure A5.55), its decreases are expected to famye0.8 to 1.1
(moderately wet) by migtentury andfrom 1.1 to 1.9 (moderatehgeverely wet) by the end of
the century in the SSP25 and SSP8.5 respectively with respect to the historical value of 0.
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Regarding 24nonth SPEI (figure A5.56), its decreases are expected to femmgel.l to 1.4
(moderately wet) by migtentury andirom 1.4 to 2.5 (moderatehgxtremely wet) by the end of
the century in the SSP25 and SSP8.5 respectively with respect to the historical value of 0.
Regarding 6®nonth SPEI (figure A5.57), its decreases are expected to famyel.7 to 2.1
(severelyextremely wet) by miecentury andfrom 2.1 to 3.4 (extremely wet) by the end of the
century in the SSP25 and SSP8.5 respectively with respect to the historical value of 0.

Results for CluNapoca

According to the climate change local scenarios generated, the main conclusions for each variable for
ClufNapoca are summarised below, together with an illustrative figure. For reference, the remaining
figures and extended information are included in Arrie

According to the climate change local scenarios generated foiNalupca no significant changes can

be expected in maximum relative humidity across all scenarios and time horizons (figure A5.58).
Changes in values are expected to rafrgen -1 to-1.5 per cent both by midentury andfrom -0.9 to

-3.1 by the end of the century in the SS#P8 and SSP8.5 respectively with respect to the historical
value of 90.4%. Some significant changes are also expected in minimum relative (figure A5.59). Changes
in these values are expected to ranffem -1.9 to-2.2 per cent by migtentury andfrom -1.6 to-4 per

cent by the end of the century in the SS#8 and SSP8.5 respectively with respect to the historical
value of 59.2%. In the initial results, we observed an important increase in temperature in both
maximum and minimum values. As it warmnise atmosphere has a greater capacity to hold moisture.
But at the same time, as global surface temperatures liseause ofanthropogenic warming, the
amount of water evaprated increases and, therefore, the water vapour content in the atmosphere
increases. The expected changeelative humidity values is the result of the balance betwéegse
interactions

Regarding the radiation results, long wave radiation ahdrt-waveradiation are studied. In terms of
long wave radiation significant increases are expeateal cases as shown in figure A5.60. Changes in
values are expected to rang®m 10.4 to 15 W/ni by mid-century andfrom 13.6 to 26.8 W/m by the

end of the century in the SSP2 and SSP8.5 respectively with respect to the historical value of 285.6
W/m?Z. In terms ofshortwave radiation, significant increases are expected at all future periods and
scenarios too. As shown in figure A5.61, changes in values are expected tdrcan@e3 to 5.1 W/nd

by midcentury andfrom 6.4 to 7.1 W/n? by the end of the century in the SSR5 and SSP8.5
respectively with respect to the historical value of 150.3 \&/For perfect equilibrium, there mube

a net balance at the top of the atmosphere, such that the amount of incoming efi@mgthe sun (in

the form of shortwave radiation) must be the same as the amount of energy emitted by the Earth (in
the form of longwave radiation).
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Attending the wind speed results, some significant changes are expected as shown in figure A5.62 but
not in all cases. Changes in values are expected to reioge-0.2 to-0.1 km/h by midcentury and

range around0.3 km/h by the end of the century in the SSP2 and SSP8.5 respectively with respect

to the historical value of 6.5 km/h.

Regarding the Heat Wave results, the annual number of Heat Waves episodes and the average duration,
mean intensity and maximum intensity of these episodes are studied. In terms of annual number of
Heat Waves, significant changes are expected in all casesown in figure X4 (figure A5.63 in Annex

5). Changes in values are expected to raiinge 2.5 to 3.2 per year by midentury androm 3.5t0 5.1

per year by the end of the century in the SSP2 and SSP8.5 respectively with respect to the
historicalvalue of 0.5 episodes per year. This result is complemented by the characteristics analysed
using the annual average for each episode: average duration, mean intensity and maximum intensity,
analysed in figures A5.645.66.

Regarding average duration (figure A5.64), significant increases are expected in almost all cases.
Its increases are expected to ranfyjem 1.4 to 2.1 days per year by magntury andfrom 1.9

to 4.9 per year by the end of the century in the S8Fand SSP8.5 respectively with respect

to the historical value of 4.2 days per year.

Regarding average intensity (figure A5.65), only significant changes are expected in the two
worst scenarios by the end of the century. Its increases are expected to fimg€.2 to 0.7°C

by midcentury andfrom 0.7 to 1.6°C by the end of the century in the SSP2 and SSP38.5
respectively with respect to the historical value of 3€4

Regarding maximum intensity (figure A5.66), only significant changes are expected in the two
worst scenarios by the end of the century. Its increases are expected to framg®.3 to 0.9°C

by mid-century andfrom 0.9 to 2.5°C by the end of the century in the SSR2 and SSP8.5
respectively with respect to the historical value ofG6

Based on the results, a significant increase in the annual number of heat waves is expected, ranging
from a median of 0.5 events per year in the reference period to a median of 3.7 or 5.6 heatwaves per
year by midcentury and latecentury, respectively, in the worslase scenario. This is the most
significant change expected in the analysed values along thwthexpected increase in the average
duration of these eventsdowever, these heatwaves are also expected to intensify in terms of both
average and maximum intensity, but only in a significant way at the two worst scenarios by the end of
the century
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Figure24. The graph shows the evolution of annual number of Heat Waves per year throughout the 21st century for the periods
Historical (19842010), short (2022050), medium (2042070) and longerm (207%2100) under four emission scenarios: S3B1
SSP2.5, SSB7.0, and SSP8.5 for the set of all the observatories employed in-Bapoca. The boxplots represent the resfriien 10
climate models, with the central horizontal line corresponding to the median and the upper and lower extremes represenfihg th
and 25th percentiles, respectively. The lower value indicates the increase compared to the absolute value for thepeisbokiddie
fill codes specify the statistical significance of the resitgufe A5.63in Annex 5]

Regarding the SPI resultsgridnth, 6month, 12month, 24month and 66month accumulation periods
are studiedto assess short medium and longterm conditions figures A5.67A5.71). In summary, for
all the accumulation periods analysed, it can be said that significant increases are expected in almost

all cases.

Regarding 3nonth SPI (figure A5.67), its decreases are expected to raonge 0.4 to 0.6
(normalmoderately wet) by miecentury andfrom 0.7 to 0.9 (moderately wet) by the end of
the century in the SSP25 and SSP8.5 respectively with respect to the historical value of 0.
Regarding énonth SPI (figure A5.68), its decreases are expected to raonge 0.5 to 0.7
(moderately wet) by migtentury androm 0.9 to 1.1 (moderately wet) by the end of the century
in the SSR2.5 and SSP8.5 respectively with respect to the historical value of 0.
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Regarding 12nonth SPI (figure A5.69), its decreases are expected to range0.6 to 0.9
(moderately wet) by migtentury androm 1.1 to 1.4 (moderately wet) by the end of the century
in the SSR2.5 and SSP8.5 respectively with respect to the historical value@fl.

Regarding 24nonth SPI (figure A5.70), its decreases are expected to range0.8 to 1.3
(moderately wet) by migtentury andfrom 1.6 to 2 (severekgxtremely wet) by the end of the
century in the SSP25 and SSP3.5 respectively with respect to the historical value@fl.
Regarding 6®nonth SPI (figure A5.71), its decreases are expected to réoge 1.3 to 2
(moderatelyextremely wet) by miecentury andfrom 2.4 to 2.6 (extremely wet) by the end of
the century in the SSP25 and SSP8.5 respectively with respect to the historical value®fl.

Regarding the SPEI resultsm®nth, 6month, 12month, 24month and 66month accumulation
periodsare studiedto assess shoft medium and longterm conditions (as SPfgures A5.72A5.76).

In summary, for all the accumulation periods analysethe decreases are expected in all cases but
only some are significant.

Regarding 3nonth SPEI (figure A5.72), its decreases are expected to range a8y mid
century andfrom -0.1 to-0.6 (significant) (normahoderately dry) by the end of the century in
the SSP2.5 and SSP8.5 respectively with respect to the historical value of 0.

Regarding énonth SPEI (figure A5.73), its decreases are expected to range afbhdnry mid
century andfrom -0.3 to-0.9 (significant) (normahoderately dry) by the end of the century in
the SSP2.5 and SSP8.5 respectively with respect to the historical value of 0.

Regarding 12nonth SPEI (figure A5.74), its decreases are expected to range arOuthd
(moderately dry) by migtentury andirom -0.4 to-1.3 (significant) (normahoderately dry) by
the end of the century in the SSB% and SSP8.5 respectively with respect to the historical
value of 0.

Regarding 24nonth SPEI (figure A5.75), its decreases are expected to range afofiy mid
century (both significant) andom -0.5 to-1.8 (significant) (moderatelgeverely dry) by the end
of the century in the SSPR5 and SSP8.5 respectively with respect to the historical value of
0.

Regarding 6@nonth SPEI (figure A5.76), its decreases are expected to feomgel.6 to-1.4
(both significant) (moderatetgeverely dry) by midentury andfrom -1.1 to-2.3 (significant)
(moderatelyseverely dry) by the end of the century in the S8Fand SSP8.5 respectively
with respect to the historical value of 0.
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5. Displaying results in the final tool

The increasing intensity anfdlequencyof extreme weather events underscore the critical need for
effective visualization tools to support urban decisimaking and climate adaptation. A robust display
mechanism is essential to translate complex model outpfrtsn the longterm to the immediate
future, into actionable insights for city planners and stakeholders.

Effective climate risk management relies on exploiting the synergistic feedback that exists across all
timescalesfrom climate projections and seasonal forecasting to shierm weather forecasting. Local
downscaled climate change projections enable cities to identify-teng warning signals and risks to
specific urban areas, which are typically represented byesigred indices. Once these thresholds

have been established, they can be translated and adapted to shorter timescales, such as seasonal and
weather forecasts. This enables early warning indexes to anticipate impact risks and allow for the
deployment of proactive protection measures for the short term. Furthermore, by comparing daily
meteorological data with longerm climate simulations, citiesan assess which climate change scenario

is becoming reality and adjust their strategic planning accordingly. This approach establishes a
seamless, bidirectional workflow of data and indices across temporal scales.

To ensure the efficient and reliable delivery of these migltnporal results to the URBREATH decision
making tools, a dual data management strategy has been employed. The WMS (Web Map Service)
protocol is utilized for all dynamic information that requirtequent updates, specifically the daily
weather and monthly seasonal forecasts. For climate projections maps and historical benchmark data,
a single batch delivery was done due to this is static information, MinlO is the repository and visualizer
where this information can beonsulted.MinlO is a tool provided by the project partner Engineering.
Currently, the partners VCS and Municipia/Engineering are actively working to display final visualizer
versions for the outputs that FICLIMA is providing via WMS (seasonal and weather fof@itiastan
access the currently available prototype web visualization here:
https://URBREATH.virtualcitymap.de/ficlima/

5.1 Weather forecast

At weather forecasErontrunner cities can consult probabilistic forecasts for short terriQldays) for
GKSaS Ol NALFO6tSE&Y GYAYAYdzY GSYLISNI Gdz2NBEX aYl EAY
HNnK LINSBOALAGI A2y éx LI FOSR id GKS Rleyidreaefuiringt St S ¢
the forecastfrom the available points and then select the threshold of interest. Next step is the
aSt SO0A2y 2F GKS AGINIAY3I LRAY(G F2N 6KS F2NBOI
day by default. Once the entireBeS OG A2y LINRPOSaa Aa O2YLX SGSRZ LINB
results are shown on screen clicking on the forecast point. See examples below (Fig2#gs 25
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Figure25. Screenshot of the FICLIMA prototype webpage for weather forecast by VCS. Are displayed results for Madrid city for
maximum wind gust probability of overpassing 40kmk/h.
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Figure26. Screenshot of the FICLIMA prototype webpage for weather forecast by VCS. Are displayed results for Leuven city for
probabilistic daily accumulated precipitation at the threshold of appreciable precipitation (>0mm).
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Figure27. Screenshot of the FICLIMA prototype webpage for weather forecast by VCS. Are displayed results for Tallinn city for
probabilistic for minimum temperature probability of overpassing below 0°C.
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Figure28. Screenshot of the FICLIMA prototype webpage for weather forecast by VCS. Are displayed resulidafmrdalejty for
probabilistic for maximum temperature probability of overpassing 5°C

[D32 ¢ Al models for climate change vulnerability assessment and weather fore¢2st Page |71
URBREAT#H10113971t HORIZOMIISS2023-CLIMACITIE®1-01




Cofunded by Horizon Europe Project URBREATH “
-*“‘*E““”‘*""”""’" HORIZOMISS2023CLIMACITIE®1-01 E URBREATH

There is another URBREATH platform, prepared by Municipia, that is currently ingesting FICLIMA wms
data in order to display weather and seasonal forecast outputs into its different tools, here is the link:
https://dashboarddev.URBREATH.tech/tools/kpi/leuvérhe IT teams are working just in the moment

of preparing this deliverable in order to optimize the user experience visualization, consequently the
available sections anttheir dashboards are in a draft stage. Here we share an example as screenshot
(Figure 29).

<« G % dashboard-dev.urbreath tech/tools/kpi/leuven A L O
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Filters &
[1] NBSRegistry . -
Minimum Temperature Probability
@ Doigital Twin hd Metic  SUM(val)
threshold
2 -1 -10 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 10 20
T URBREATH Catalogue horizon
) 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 100.0% 100.0%
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120 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 10.0% 100.0% 100.0%
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Figure29. Screenshot of the FICLIMA prototype webpage for weather forecast by Municipia. In the picture can see displayed results for
Leuven city for probabilistic for minimum temperature probability of overpassing every available threshold.

5.2. Seasonal forecast

For seasonal forecagfontrunnercities can consult anomalies forecasts for medium terté (donths)
F2N) GKSaS OINRARIFIOfSXEIMYBAYE I BYRSNIVY2geNIEKE @ LINB O,
dataset selector. The unique point of forecast displayed for each city is representative of the entire city,
YSEG aiGdSLI Aa G(GKS aStSOGA2y 2F GKS &0 liNdsplayed L2 A
F2N) 6KS OdaNNBy(d Y2yiGK o6& RSTFI dz G hyéé 0Ky Syl
G2 flre@SN)odzid2yé¢ GKS NBadzZ Ga INBE aKz2gy 2y &aO0ONB
(Figures 3682):
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Figure30. Screenshot of the FICLIMA prototype webpage for seasonal forecast by VCS. Are displayed results for Madrid city for relative
monthly precipitation anomaly.
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Figure31. Screenshot of the FICLIMA prototype webpage for seasonal forecast by VCS. Are displayed results for Madrid city for relative
monthly precipitation anomaly.
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Figure32. Screenshot of the FICLIMA prototype webpage for seasonal forecast by VCS. Are displayed results for Madrid city for relative

5.3. Climate projections
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of the simulated variables in graphical form, as well as a description of how to interpret the attached
information. In this section is shown as examfhe FRCity of ClujNapoca, additionally it is shared

here the link to the visualization toohttps://dashboarddev.URBREATH.tech/tools/kpi/chipoca
See examples below (Figures3®):
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Figure33. Example of a visualisation of climate projections for average annual temperature within the URBREATH visualization tool,
along with an explanation of how to interpret the results shown in the graph for the city éfl&oca.
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Figure34. Example of theisualisation of climate projections for annual mean wind speed and annual mean shortwave radiation in the
city of ClujNapoca within the URBREATH visualization tool
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6. Conclusions

This Deliverable successfully demonstrates the implementation and validation of advanced
methodologies that significantly improve upon the current Stateéhe-Art (SOTA) for urban climate
services. The core contribution is the refining of predictionshatlbcal scale through statistical pest
processing, the integration of higiesolution local weather station data, and the systematic application

of Artificial Intelligence (Al) models to enhance accuracy, correct systematic biases, and provide the
necessay probabilistic uncertainty quantification for informed decisioraking in the cities. These
robust, localscale climate and weather assessments reflect the urgent need for adaptation strategies
through both shortterm forecasts and longerm projections,in light of the profound implications of
climate change as highlighted by the latest IPCC report. The current findings provide a robust operational
Frameworkand starting point to mitigate the impacts of climate change for eaBi&ity in the coming
decades.

This report's evaluation of ensemble weather prediction models has provided valuable information on
the systematic biases and predictive capabilities of different models for usbale forecasting. As
described in section 2.3.1, a historical comparisortwad ensemble models (GEFS and ECMWF) has
been successfully carried out for the desired period (22P24). While both models exhibit
comparable limitations, particularly in scenarios involving convection, thermal inversions, or local wind
phenomena, the EMWEF consistently demonstrated superior predictive capabilities. This is evident
from the fact that the ECMWF's mean absolute errors for temperature are between 0.3°C and 0.5°C
lower than those of the GEFS, and it also shows a higher correlation between observations and
predictions. Regarding precipitation, both models demonstrate sigmfigredictive capacity, as
indicated by the AUC parameter. In all study areas excepiNajppca, the AUC value randesm 0.7

to 0.95 (with 1 representing an optimal prediction). Analysing the ROC curves shows that, in all study
areas, the ECMWF improves on the GEFS prediction for all prediction horizons studied. The ECMWF
also presents better RPS values, which analyse en giwodel's accuracy in terms of precipitation
amount intervals. According to this analysis FICLIMA Al based model is based on ECMWF model.

In addition to the comparative evaluation of models, this report assessed the potential for correcting
systematic bias in ensemble forecasts using an Al model based on the random forest algorithm. This
model was trained using the full 2023024 ECMWF dates and validated with datdrom 2025.
Applying this Al correction model improved the accuracy of temperature forecasts, reducing the error
by half in the first prediction horizons in areas where the model had the greatest systematic error. This
model provides a foundation for future repts, in which the autdraining of the model will be refined

to further reduce prediction error. These improvements aim to optimise probabilistic forecasia

urban scale, providing more reliable predictions to support climate resilience efforts in all project's
cities.
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Regarding seasonal forecasts, the benchmarking confirms that the CNN_Ens, CNN_TeWa and TeWa_Lin
configurations form the besperforming group, systematically outperforming the baseline models for
temperature and precipitation, especially in terms of Pearsorrelation and reduced Scaled Mean
Absolute Error (SMAE). The integration of Teleconnection and Wa&&WA (selpredictability)

within the TeWAFrameworkadds significant predictive value, and these statistidghamical post
processing models, finined by FIClima, deliver skills that are broadly comparable to, and in many
cases slightly better than, the reference SEAS5 system, particularly by refaositige correlations at

longer seasonal lead times.

Overall, the climate study concludes that a meaningful climate risk assessment must be performed at
local scale, translating global climate information into c@levant variables and indicators through a
robust, fitfor-purpose downscalindg-ramework It combines a statistical downscaling method for
temperature and precipitation (FICLIMA) with a parametric quaggilentile mapping method for

wind, relative humidity and radiation, anchored to reanalysis datasets (ERAS5IERAR and
strengthens credtility through explicit verification and validation steps that test the ability to
reproduce past conditions, mean climate and variability before producing future scenarios. Uncertainty
is handled transparently via an ensemble of models and multiple SSP patheveapling results to be
communicated as ranges rather than a single deterministic future.

It is necessary to emphasize operational relevance by moving beyond mean changes to analyze high
impact extremes, particularly heatwaves and meteorological drought, providing decesaoly metrics

that better reflect realworld vulnerability and planningeeds. Annex 5 reinforces this decision focus

by compiling, for eachrRCcity and time horizon, ensemblgased evidence on key variables and
indicators (humidity, radiation, wind, heatwave metrics, and SPI/SPEI at multiple accumulation scales),
including nter-model spread, changes relative to the historical baseline and statistical significance,
which supports prioritizing adaptation actions across shornid- and longterm horizons.

The successful validation of the methodologies across all time schat@® operational weather
forecasting to longerm climate projections provides a crucial foundation for more precise and
impactful planning. Adjusting both weather prediction methodologies and climate projection
techniques allows for a coherent approach, hetpcity stakeholders manage immediate risks, such as
shortterm heavy rain, while also guiding letgrm decisions on crucial matters such as Nature based
Solutions development andgen space planning.

Looking ahead, the achievements validated in this Deliverable serve as the robust operational base for
the project. This provefkrameworkwill now be scaled up to encompass all Follower Cities, ensuring
that all project participants benefifrom the enhanced predictive developments. Furthermore, a
fundamental next step is to rdirect the focus on the coreation process with interested cities to
develop adhoc indicators tailored to their specific and fined local needs, which are plannedte
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finalized by December 2026. To initiate this engagement and train cities in the use of the new tools and
FICLIMA results, a dedicated webinar event is planned for January 20. This event will also fully explain
the cocreation process, inviting cities thhive not yet shown interest to participate actively in the
development of these customized, decisiceady indicators.
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Annex 1. Verification metrics for weather and seasonal forecast

Weather forecast

Precipitation verification

Ranked Probability Score (RP®)screte Ranked Probability Score measures the deviation of
the forecast values assigned to a category compared to the corresponding observations that
actually fall within that category. The terms "discrete” and "ranked" refer to the discrete nature
of the forecast categories.

where M is the number of forecast categoriepk is the predicted probability in forecast

categoryk, andok is an indicator (0=no, 1=yes) for the observation in categgomhe RPS is a
measure of how good forecasts are in matching observed outcomes. Where:

RPS = 0 the forecast is perfectly accurate.

RPS =1 the forecast is completely inaccurate.

ROC CurveThe Relative Operating Characteristics (ROC) diagram is a powerful way to verify
probabilistic forecasts and, in particular, to compare their performance with deterministic
forecast systems. These categorical forecasts will produce a set of pairs Ratelitand "False
Alarm Rate" values to be entered into the ROC diagram: False Alarm Rate (FAR)-arishe X
and Hit Rate (HR) value on theyis (derivedrom a contingency table).
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FigureAl.1 Example ROC diagram: EPS vs. deterministic forecast. Source: ECMWF

False alarm rate —

- The upper left corner of the ROC diagram represents a perfect forecast system (no false alarms,
only hits). The closer any verification is to this upper left corner, the higher the performance.
The lower left corner (no false alarms, no hits) represensgsiem which never warns of an
event. The upper right corner represents a system where an event is always warned.

- Area Under the ROC Curve (AUThe area under a ROC is a scalar value that measures the
overall performance of a binary classifietapley and McNeil 1982The AUC value is within the
range [0.51.0], where the minimum value represents the performance of a random classifier
and the maximum value would correspond to a perfect classifier (with a classification error rate
equivalent to zero).

The AUC is a robust overall measure to evaluate the performance of score classifiers because its
calculation relies on the complete ROC curve and thus involves all possible classification
thresholds. The AUC is typically calculated by adding succesgezdid areas below the ROC
curve.
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FigureAl.2 Area under the ROC curves for two score classifiers, A and B. Source: Springer Nature website

Contingency table statistics

To verify a forecast of a yes/no event, for example a rainfall or a fog event, a contingency table
that shows thefrequencyof "yes" and "no" forecasts and occurrences is a powerful tool. The
four combinations of forecasts (yes or no) and observations (yes or no), callepbitihe
distribution, are:

hit - event forecast to occur, and did occur

miss- event forecast not to occur, but did occur

false alarm- event forecast to occur, but did not occur

correct negative event forecast not to occur, and did not occur

Observed
yes no Total
Forecast yes hits false alarms forecast yes
no misses correct negatives forecast no
Total observed yes observed no total

Figure Al1.3ontingency table for a yes/no event. Source: CAWCR

Given a contingency table for precipitation events, the following statistics have been calculated:

o Accuracy:the accuracy represents the proportion of correct predictions (btitke
positivesandtrue negativey among the total number of cases examined.
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- Brier ScoreBrier Score (BS) is a measure, over a large sample, of the correspondence between
each forecast probability against tifeequencyof occurrence of the verifying observations.
Observation frequency is plotted against forecast probability as a graph. A perfect
correspondence means the graph will lie upon the diagonal; the area between the graph and
the diagonal measures the Brier Scorealues lie between 0 (perfect) and 1 (consistently
wrong).

Temperature verification

- BIAS: Average difference between the forecast and observed value in a weather forecast.

- Mean Absolute Error (MAE): The Mean Absolute Esrtre average error of the absolute value
between the difference of forecast and observed value:

- w220 aSly {ljd2a NS 9NNEBNJ o6wa{9u0Y YSIadaNBa (0KS
predicted valuesand the observed values. Mathematically, it is the standard deviation of the
residuals Residuals represent the distance between tbgressioriine and the data points. It
takes into account both random and systematic errors, making it useful for comparing models
and monitoring model performance over time
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- Correlation: In midatitudes, this correlation measures the linear relationship between
predictions and observations without taking possible bias (systematic error) into account. It is
useful for determining the predictability of temperature increases dedreases (variability),
as it is a practically Gaussian variable with linear changes.

Use of ensemble prediction systems for urban forecasting

EPS modelsom different meteorological agencies vary in their spatial resolution, forecast horizon,
and ensemble size. Below (Table 7) is an overview of the major EPS systems available globally with at
least 4 days of forecasting temporal range.

Table Al.1 Compilation of existing raw EPS models

European Centre foi

ECMWF Ensemble Medium-Range
Prediction System (ENS' Weather Forecasts 6 hours 15 days o1 ves
(ECMWF)
G'Obz’g;ﬁfﬂm(ze;gecaf NOAA/NCEP (USA 6hours = 16days = 31 Yes
Met Office Global and UK
Ensemble (MOGRERD& UK Met Office 6 hours 7 days 18 No
MOGREPSK)
Canadian Ensemble | Environment Canad:
Prediction System (CEP< (CMC) 6 hours 16 days 20 No
Météo-FR@nceARPEGE
Ensemble Prediction Météo-FR@nce 6 hours 4 days 35 No
System
ICON Ensemble Predictio Del_Jtscher
Wetterdienst (DWD, 3 hours 7 days 40 Yes
System (ICONEPS)
Germany)
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These models form the backbone of operational weather prediction across different regions and
forecast horizons. Their strengths lie in capturing uncertainty, but their raw outputs must be optimized
for high-resolution urban applications through advancelbased postprocessing methods.

Optimising urban weather forecastingrom statistical optimisation treatment to integration
of ensemble prediction systems with Alased postprocessing

EPS are a key component of modern numerical weather forecasting, providing probabilistic predictions
that allow for uncertainty quantification. These systems, developed by various national meteorological
centers, generate multiple realizations of futuremaispheric states by perturbing initial conditions
and/or model physics. Their outputs are crucial for urban weather forecasting, where accurate
predictions of temperature, precipitation, and snow accumulation are essential FR@structure
planning, pulic safety, and climate adaptation strategies (Bouallégue et al., 2023).

However, raw ensemble forecasts often contain biases, systematic errors, and-disgdersive
predictions, particularly at high spatial resolutions relevant to urban environments. Therefore, the
integration of Albased postprocessing techniques is a prangissolution to refine ensemble outputs,
enhance forecast skill, and improve reliability for etale predictiongRasp & Lerch, 2018)

To bridge the gap between coarse ensemble forecasts anarbggiution urban meteorology, Alased
post-processing techniques are being increasingly used. These methods help improve spatial precision,
bias correction, and probabilistic reliability. ClimaResearch Foundation usually uses statistical
methodologies to improve the raw weather forecast output. Here is a description:

For each forecast day and ensemble member, the values of the 10 immediately preceding days are
selected and compared with the observed values. Thus, two parameters are calculated:

- Variability: O O
- Standard deviation;

Where O s the forecast for the problem dayQis the average forecast for the ten previous days g the forecast for
each one of the ten previous days.

Then, two types of corrections are calculated:
- Climate correction: A simple linear regression of prediction vs observation is applied through

the complete climate series.
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- Operative correction: A simple linear regression of prediction vs observation is applied only to
the data of the ten previous days selected.

To calculate the corrected value of the current forecast, one of these two corrections is applied:

If the forecastdor the previous ten days present a very high variability ¢, ), the corrected
value is calculated througtiimatecorrection.

Otherwise, if the forecastfor the previous ten days present a small variability (c,), the
corrected value is calculated through the operative correction.

These statistical methods will be applied to all available models and take a complementary part of the
process of optimisation of the weather forecasting with Al methods. With the aim of identifying best
results modelisation, both methods will be explonedh available models during 2025, comparing the
required 2 years of observed data with the different modelisations and optimisation methods. These
are the Al methods that have been documented to study and implement their development in the
coming months:

Neural networks for bias correction
3z Deep learning methods, such as convolutional neural networks (CNNs) and recurrent
neural networks (RNNs), have demonstrated the ability to correct systematic errors in
ensemble temperature and precipitation forecagiasp & Lerch, 2018)
3 Al models can learn complex relationships between forecasted and observed weather
variables, significantly improving shaegrm urban weather predictions.
Statistical postprocessing for probabilistic forecasting
3 Techniques such as quantile regression forests (QRF) and ensemble model output
statistics (EMOS) provide enhanced probabilistic predictions of snow accumulation,
precipitation extremes, and temperature variability (Evin et al., 2021).
3 These models allow for adjusting ensemble spread, ensuring more realistic probability
distributions of extreme weather events in urban settings.
Generative Al for precipitation forecasting
3 Generative Al models, such as Latent Diffusion Models (LDMs) and Vision Transformers
(ViTs), have recently been developed to enhance ensemble precipitation foréSasts
et al., 2024)
These techniques generate realistic precipitation scenarios, improving the detection of
extreme rainfall events that are critical for urban flood management.
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Hybrid Atphysical models for snow forecasting
3z The integration of analog ensemble techniques with parametric Al models has improved
snowfall predictions by combining historical analogs with-teaé ensemble outputs
(Scheuerer, 2018)
3 These hybrid methods refine urban snow accumulation estimates, supporting
transportation management and FR@structure resilience.

Given that the official meteorological sources used for historical data retrieval also offetimneal
ensemble forecasts, it has been ensured that the operational data pipeline is sustainable and reliable
for operational weather forecast purposes suppatteith Al. This includes using:

Daily downloads of ensemble model outpiditem selected EPS providers: Weather predictifnasn

three different models are being automatically downloaded on a daily basis, with the aim of selecting
and training an optimal Al algorithm and then building an operational system that corrects each model's
predictions to produce an optimal forecast.

Integration of neatreaktime ensemble predictions into our AasedFramework The data downloaded

from the forecast models on a daily basis will join the models' historical database, allowing the Al model
to automatically adjust to the new data it will receive.

Operative calibration and bias correction through Al, including the statistical finfitorgshe historical

model (20232024) evaluation phase: The historical dfxtan the prediction model will be used to train

the Al algorithm in order to obtain a prediction tailored to each study case. A neural network will be
considered as a priority algorithm for implementation: neural networks are highly powerful
mathematical toolsthat can be used to recognize images, design artificial intelligences capable of
surpassing the best chegdayers orbuild predictive models. In the context of weather forecasting,
neural networks can be utilized to enhance the performance ofpostessing in numerical models.

Seasonal Forecast

For each variable (temperature, precipitation and mean wind speed), model performance is assessed
using a common set of complementary validation metrics. Pearson correlation is used to evaluate
whether forecasts reproduce the temporal evolution and phaselserved anomalies, independently

of any systematic bias. The Standardised Mean Absolute Error (SMAE) provides a dimensionless
measure of the typical error magnitude, allowing us to compare skill across variables, stations and
models with very differentinits and climatological ranges. Mean Absolute Error (MAE), expressed in
the physical units of each variable, offers a simple measure of the average absolute error at station
scale. Finally, the Root Mean Square Error (RMSE) also in physical unitdhtki¢drgg errors more
strongly and facilitates comparison with previous studies and operational benchmarks.
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0 Pearson Correlation Coefficient: Measures the correlation between predicted and observed
monthly anomalies, assessing spatial and temporal skill.

0 Standardised Mean Absolute Error (SMAE): Quantifies the magnitude of error between

predictions and observations.
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(for lead h and case i), and Oh is the observed value (for lead h and @&&AR. is unitless, so a value of 1 means the
average error is about one climatological standard deviation of the local variability.

0 Mean Absolute Error (MAE): Provides a straightforward deterministic measure for prediction
errors.
060

ﬂ 0+ U &
'5 h h

All the parameters are defined above. MAE provides a simple, deterministic measure of forecast accuracy in the original
physical units of each variable.

0 As an additional deterministic metric, it has been computed as the Root Mean Square Error
(RMSE) to validate SEAS5 and each of the statistical models. For a time series of monthly (or
daily) anomalies and observations over time steps, RMSE is defined as

YD "YO UB Of U g

WhereNh is the total number of forecastbservation pairs available for lead h. The rest of the parameters are defined
above. RMSE is expressed in the same units as the variable as MAE does. It penalises larger errors more strongly because
of the squared term.

o

0 Skill Scores (e.g., Brier Skill Score, Continuous Ranked Probability Score): Compare the hybrid
model's performance against baseline models like climatology and persistence.
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Annex 2. Simulation of Heat weaves and Drought episodes

1. Heat weaves episodes

There aremany varied terms used to define a heat wave. For example, the AEMET (Spanish
aStS2NRf23A0Ff ! 3SyOév RSTAySa || KSIG sl @S a |
at least 10% of the stations considered record maximums above the 95% pexadritieir series of

maxima daily temperatures of the months of July and August of the periodck9Aln n ®¢ ¢ KS 2
(World Meteorological Organization) defines a heat wave as an extreme event with marked warming

of the air or the invasion of very warm aireva large area, it usually laftem a few days to a few
$SS1adé ¢KS Lt/ / RSFAYSa | KSKHG 61 @S +Fa al LISN
Those definitions are not the only ones acceptedadrentificliterature. Some heatvave definitions

have been used to identify heat waves in a time series of temperature data (Smith et al., 2013), and the
choice of the heat wave definition can influence both projected heave trends (Smith et al., 2013)

and estimates of health risks during eventsn@erson and Bell, 2009; Chen, et al. 2015, Kent, et al.
2014).

According to the recommendations of the WMO (WMO, 2010), a practical and qualitative definition of
a heat wave must consider marked and unusual hot weather over a region during at least two
consecutive days in the hot period of the year, based on locadatdi conditions, with thermal
conditions recorded above given thresholds. On the basis of these recommendations, it has been
defined as follows: at least three consecutive days with a maximum temperature above the 95th
percentile of the maximum temperaturseries and calculated between the months of June to
September during the period 1982000.

To better identify a heat wave, average duration, maximum intensity and average intensity have been
evaluated as recommended by the WMO in the Guidelines on the definition and monitoring of extreme
weather and Climate Events. The average duration refetisg@verage number of days the heat wave
lasted. The average intensity represents the average value of the temperature during the heat wave.
The maximum intensity is equal to the maximum value that the temperature reached during the heat
wave.

2. Meteorological drought episodes

Drought is one of the most impactful extreme climate phenomena, affecting water availability,
agriculture, tourism, human health and ecosystems worldwide. Its complexity, the influence of multiple
atmospheric drivers and limited historical records makedifficult to characterize. Although

precipitation is the primary driver, temperature, wind, humidity and evaporative demand also
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modulate drought intensity. For this reason, various institutions maintain comprehensive drought
monitoring systems, and numerous standardized indices are used to quantify drought severity and
enable comparison across regions and timescales. Among thes&tandardized Precipitation Index

(SPI1) and the Palmer Drought Severity Index (PDSI) are widely applied, yet SPI does not account for
temperaturedriven increases in atmospheric evaporative demand. To address this limitation, the
Standardized Precipitatn Evapotranspiration Index (SPEI) was developed, incorporating both
precipitation and evaporative demand, thereby providing a more robust indicator under climate
change conditions.

Future projections suggest that drought episodes may intensify in many regions, particularly in Europe
and the Mediterranean, which are considered climateange hotspots. However, drought projections
remain uncertain because global climate models simulatmperature trends more reliably than
precipitation patterns, especially in regions with high rainfall variability such as the Mediterranean
basin. Additional complexities arigeom factors, such as soil moisture, runoff behaviour and the
physiological EF SO0 a 2F NARaAy3d /hi O2yOSYiGNYGAzya 2y LI
and complex terrain amplify drought risk, combining SPI and SPEI provides a more comprehensive
assessment of meteorological drought. This is particularly relevaehghat rising temperatures are
expected to be one of the most significant climate signals throughout the 21st century

SPI was developed by McKee et al. (1993) and is based on two assumptions: 1) that the variability of
precipitation is greater than that of temperature and ETP, and 2) that the rest of the variables are
stationary over time. The SPI value is defined as mamical value that represents the number of
standard deviations of precipitation, over the accumulation period in question, with respect to the
average, once the original distribution of precipitation has been transformed into a normal distribution
(i.e., mean of zero and standard deviation of 1). The SPI values can be interpreted as the number of
standard deviations by which the observed anomaly devifitas the longterm mean.

SPEI, developed by (Vicerierrano et al., 2010) and revisited by (Begueria et al., 2014) is a variant of
the widespread SPI; it has greater potential as a drought index since it considers the climate balance
(through the difference between monthly predigtion and ETP). SPEI values can be interpreted in the
same way as SPI values (number of standard deviations by which the observed anomaly ttemates

the longterm mean).

The period 1972005 was used as a reference period, which represents the last 30 years of the
Historical period. Based on this reference period, both the SPI and the SPEI were calculated for the
period 20062100. The choice of the reference period was m&al evaluate the future hydroclimatic
conditions of the region with respect to the average conditions of the last 30 years of the Historical
experiment.
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Gamma distribution to fit the original precipitation series (WMO, 2012) and the SPEI was calculated
using loglogistic distribution (Vicent&errano et al.2015; VicenteSerrano and Begueria, 2016). The
parameters of these distributions were obtained by the method of unbiased probabilistic weighted

moments (VicenteSerrano and Begueria, 2016). The scale of SPI and SPEI values used in the study can
be seen irFigure A2.1.

I
=2 extremely wet
15a2 severely wet
05 als moderately wet
-0.5a0.5 normal values
-1.5<-0.5 moderately dry
-15=-2 severely dry
<-2 extremely dry

Figure A2.1Intensity scale for the SPel/SPI indicators

The way in which the indexes have been analysed follows the guidelines of the WMO (WMO, 2017)
which recommends analysis of a drought epis@en three main aspectg magnitude (index values),
duration (alternation between positive and negative values) and spatial extant all these aspects
configure the severity of the episode.
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Annex 3. Weather forecast results
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Figure A3.1BIAS for minimum temperature in Leuven.
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Figure A3.2BIAS for maximum temperature in Leuven.
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Figure A3.3MAE for maximum temperature in Leuven.
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Figure A3.4Correlation between observations and predictions for maximum temperature in Leuven.
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