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Hydroclimatic Conditions for the Western Mediterranean in 2026
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Hydroclimatic conditions preceding the 2026 wildfire outbreak in the Western
Mediterranean https://stateofwildfires.com/news/understandingpains2026
wildfiresthrough-hydroclimaticrebound/

s FHre in western Spain, 202Zhis
summer, an ongoing drought has
spurred even more widespread
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Al Methodologies (I): Domain Knowledge -Driven Detection

DKVRN Novel hybrid variational recurrent neural network (LSB&ded) fordrought detection
Combinesbservational data (precipitation, air temperature 2m; abddomain knowledge (mukscalar SPEI, x1)
KullbackLeiblerdivergencdoss term as a regularization, enhancing generalization and robustness

Estimated expectation afrought probability and uncertaintgomputed by means of importance sampling
(K generated outputs)
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Zhang, M., Fernandekorres, M. A., & Campéalls, G. (2024). Domain knowledgjgven variational recurrent networks for droughibnitoring
Remote Sensing of Environment, 311, 114252,



Al Methodologies (l): Domain Knowledge

SPEI (probability) VLSTM (probability)

VLSTM (uncertainty) DK-VRN (probability) DK-VRN (uncertainty)

2011-01-05 e
2 . .- 3 cmm %
r-—-‘r IF = AF e ———— - N o g - -
1 I P 1 it ‘xlrv{;i
zl 'l i 1 o (RS i e I%l 3 agiirg
= I __"l ‘"Il.______ ___"Il__H‘IL____:_’al___"ll__'_"IL_'___:-__'JI__.‘.'H__EIL ______ LSS _ M
- (o Z

e R IR
---------- : s o
. > et c id o ¥ K
: !
2011-12-07 | m R Cesoeewmma ) e AL ae. et S ol .*‘l iR o 2 G .- _}’. i o S Gt =2
ML ® :_m: fA g l_n_: L l_n_:
P = e AP e A P e e (I A E e R g = ———— == = -
T 1 F ] 1 iLa Sl 1 I Jl 1

I M
Jl-_‘l'lh'"lL___....mal___"ll..-.'lllL____.dl..__'.'ll__ﬂ'lL____J-.lll___'.'ll__ﬂ'lL ______ xl..__"ll__l'.‘l
¥

2012-07-07

' s:% ;@%«::; 4

al :%;%3 :@ m ‘%rzf

: &l e : %
r---ea;m s b v e P
2013-03-02 o TS N it ¥l - T G

= -

r———p == - -

Iﬂl .l -ql S =R :I I Wl K ll
| 1w ] - 3 |I I e 4l I
[ o [ _"u__ﬂ'lL ______ Jl_.._'.'ll__'."lL_‘!'__‘__"Jl___"ll__ﬂ'lL

0.0 02 04 0.6 08 1.0

;

0.05 0.10 0.15 0.20 0.25

probability: uncertainty: [

0.00

Lower number of false alarms than SPEI

DKVRN captures drought events with lower uncertainty than VLSTM

Better generalization for unseen locations

-Driven Detection
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Al Methodologies (Il): Detection and Noisy Labels

STFCEDSpatiotemporal convolutional encodedecoder for drought detection
3D architecture that modelspatiotemporal dependencies
Strategies forobust learning with noisy labels (Nisuch as the ones availablebGi-DAT/GDIS databases
Novelsuperpixelbased label selforrection method (SPLSC)
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CortésAndrés, J., Fernandd@orres, M. A., & Campéalls, G. (2024). Deep Learning with Noisy LabeBpfatioc Temporal Drought Detection.
IEEE Transactions on Geoscience and Remote Sensing.



Al Methodologies (lIl): Detection and Noisy Labels

NL: Model trained with noisy labelsurple); SPLSC: Model trained with label salfrection ( )

(2011 - 2015]

STFCED significantly outperforms w&thown drought
indices (SPEENSMACDI)

Higher precision and fewer false alarms for most events
when training with label selforrection

CortésAndrés, J., Fernandd@orres, M. A., & Camp&alls, G. (2024). Deep Learning with Noisy Labe®pfatic Temporal Drought Detection. 10
IEEE Transactions on Geoscience and Remote Sensing.



Al Methodologies (lll): Flash Drought Forecasting

SMCastDualpathway,

spatiotemporalVision
FLASH DROUGHT .
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Otero, N., Ozer, A., FernandEarres, M. A., & Ma, J. (2026, under review). Skillful-DateenSubseasonaboil Moisture Forecasting: Prospects and Limits for Flash Drought Predictior



Al Methodologies (lll): Flash Drought Forecasting

202122 test Hoghestskill forSMCastoutperforming persistence, raw/biasorrected ECMWF S2S, ddddbaselines
Forecast skill decreases with increasing lead time in both models
Lowest ACC values observed over northern and central Europe

Lead time 1 Lead time 2 Lead time 4 Lead time 7 Lead time 9

v

SMCast (residual)

ECMWF S2S (BC)

0.00 0.|25 0.50 0.75 1.00
Anomaly Correlation Coefficient (ACC)

Otero, N., Ozer, A., FernandEarres, M. A., & Ma, J. (2026, under review). Skillful-DateenSubseasonaboil Moisture Forecasting: Prospects and Limits for Flash Drought Predictior



Al Methodologies (lll): Flash Drought Forecasting

TransformingSM100 predictions podtoc into climatological percentiles yields stramgughtdetection
SMCastmprovesYuanonset criterion and-lash Drought Intensity Indei[Dl) errors

However eventbased multipentad rapid onset detection remainschallengeacross all S2S models

(a) Detection skill (SM ptile < 20th) 05 (b) False alarm ratio (lower is better)
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Table 4 Event-based flash drought skill at selected lead times, for both SMCast 70 Lead 1(day 1-5) . 70 Load 5 (day21-25) 70 Load 3 (dayd145)
(left) and ECMWF S2S (BC) (right). Both the Yuan onset criterion [5] and the 1.0 65];, o 1.0
FDII binary detection (FDII>0) yield near-zero CSI, reflecting the difficulty of - B
resolving rapid intensification within a bounded forecast window. SMCast L L
nonetheless shows higher precision (lower FAR) and lower continuous FDII error 0.6 0.6
(FDII MAE) than ECMWF S28S (BC). 83 8
0.4 0.4
Yuan onset FDII (>0) FDII MAE 0:2 02
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Otero, N., Ozer, A., FernandEarres, M. A., & Ma, J. (2026, under review). Skillful-DateenSubseasonaboil Moisture Forecasting: Prospects and Limits for Flash Drought Predigtior



Bridge A: Advances and Horizons in Detection and Forecasting

rEmbedded SPEI domain priors into variational recurrent

networks to quantify predictive uncertainty and reduce false alarms
ldmplementedspatiotemporal label sefcorrection to train reliably on

noisy natural disaster records
JResolving muHpentadforecastirg for fastdeveloping extreme events

like flash droughts

simprove multi-pentad onsedetectionfor rapid-developing

events like flash droughts
i<Scaling specialized models into unified foundation architectures

that maintain physical consistency acressnpoundcascadingxtremes
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B‘ Drought Detection and Model Calibration Uncalibrated outputs due t& mainshifts

1. Labelprior shift Bvent scarcity and training
undersampling

2. Likelihood shift Variabilityin climate

(a) Climate zones with drought annotations (b) Total precipitation (mm) ) - )
= S— S — § e Bk csa csb variablesconditioning on droughts
v G = S 0.08 0.08 " ) .
75eN | B B e ) L oo A Two-Step Calibration Strategy
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e e 1. Climatic calibrationdividing Europe into
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- ; _m‘J > ;", 0.0yl 000 LA —r Overall calibration errors (%) for different parametric calibration algorithms in the test
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@ Proposed calibration algorithm Uncalibrated Temp Platt Poly Proposed
nput = ‘ ECE 4.06 3.64 0.40 0.35 0.31
é‘}g of__th?_os!d_s;‘ 4 :f‘ Climatic caflbratlon functions B!afj:oneyted function RMSCE 3.40 2.48 0.32 0.28 0.23
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;: A il-“ i Is" 2 Climatic calibration Bias-corrected ECE RMSCE
8= i - LB x x 4.06 3.40
= e N = x v 3.98 3.34
' - Variations of N5 x N x N, ) v X 0.31 0.26
v v 0.31 0.23
X: not applied, +: applied.
Zhang, M., Fernandekorres, M. A., Cohrs, K. H., & Caipls, G. (2025). Calibration and uncertainty quantification for demingbased drought detection. 16

International Journal of Applied Earth Observation and Geoinformation, 140, 104563.



Bo Drought Detection and Uncertainty Quantification

Entropybased UQramework
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Quantified uncertainties
Ensemblegredictions

Quantified uncertainties of the DK-VRN model for the test subset (%).
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Classification performance of VLSTM and DK-VRN for different decision-making strate-
gles, given the test subset (%).

VLSTM DK-VRN

ROC-AUC PR-AUC ROC-AUC PR-AUC
Uncalibrated 66.39 0.91 72.27 2.29
Calibrated 66.39 0.91 72.27 2.29
Uncalibrated ensemble 69.96 1.32 73.61 2.45
Calibrated ensemble 69.52 1.99 74.06 2.59

ROC-AUC: Receiver Operating Characteristic Area Under the Curve.
PR-AUC: Precision-Recall Area Under the Curve.
These two metrics measure the accuracy of drought detection (classification).
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Fig. 4. Accuracy-rejection curves (%) for the VLSTM and DK-VRN models, given
uncertain negative samples in the test subset. The x-axis denotes the keeping rate
from 100% to 10%. For example, 80% keeping rate here represents rejecting the top
20% negative samples with higher uncertainty. The y-axis denotes the classification
accuracy (ROC-AUC or PR-AUC). The calculation processes of metrics are included in
the supplementary material. The dashed gray line denotes the raw results (without
rejection).
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Data: T2m, TP6hr, Z500, T850 + AIWP input variables

ERAS5 [C3S, 2018] IFS ENS [ECMWF, 2016]

Ensemble Members

e Ground truth dataset W e SOTA ensemble NWP,
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# Evaluation of Results

B- Evaluating Global Al Weather Models and Uncertainty Quantification

Models: SOTA, open source & forecasting precipitation

FuXi [Chen et al., 2023]

e Transformer

GraphCast [Lam et al., 2023]

e Graph Neural Network
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Almeida, R., Otero, N., Fernandearres, M. A., & Ma, J. (2026). On the Predictive Skill of Artificial Inteligaesed Weatkr Models
for Extreme Events using Uncertainty Quantification. Artificial Intelligence for the Earth Systems, e250113.

SFNO [Bonev et al., 2023]
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B- Global Al Weather and UQ: Case Studies

2 casestudiesin August 2022:

1) PakistarnFlooding

A Extreme monsoon rains

A Thousands of deaths

A 30 million people displaced
A Total Precipitation(TP)

2) ChinaHeatwave
A Unprecedented heat and drought

O — A ~50,000 deaths

10 A .

M A Energy crisis and historical lows in the
Yangtze River
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- 200 8 2
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Almeida, R., Otero, N., Fernandiares, M. A., & Ma, J. (2026). On the Predictive Skill of Artificial Intelligased Weatbr Models
for Extreme Events using Uncertainty Quantification. Artificial Intelligence for the Earth Systems, e250113.
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deterministic models still fall slightly short

B- Evaluating Global Al Weather Models and Uncertainty Quantification

A Native probabilistic Al models match/exceed ECMWEF ENS performance, whereas perturbed

A Model architecture is the primary driver of ensemble performance, outweighing the impact of the

specific perturbation technique used

A
alternative to complex perturbatiomethods
Perlin
: © "-. ; ¢ 0
2 ﬁ L € \‘ 239 :

ations - 3-day lead time
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Gaussiarand Perlin noise reliably model realistic spread, offering a computationally efficient
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Models
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B- Bridge B: Advances and Horizons in Uncertainty Quantification

Advances
Multi-Component UQ and Pogtloc Calibration Established a twstep parametric calibration and
entropy-based framework to quantify uncertainty
Uncertainty-Guided Decision MakircRejecting the top 20% most uncertain predictions directly
boosts overall detection accuracy
Global Al Weather Model BenchmarkinBenchmarks show model architecture impacts ensemble
performance significantly more than the perturbation method used

Horizons
Native Probabilistic ModelsMoving beyond basic input perturbations toward natively probabilistic
architectures
VariableDependent Skill GapsTrailoring UQ to fix performance disparities across physical variables
(e.qg., strong performance on thermal extremes vs. weaker on precipibation
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Space Time
(when)

(where)

can
a volcanic eruption
be predicted?

should we
anticipate tornadoes?

i Where and when does
a lack of precipitation
contribute to drought?

How does
temperature change
before storms?

Where does
low humidity
contribute to wildfires?

What are the
that determine

susceptibility to flooding?

Feature
(what)
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n- XAl and Process Understanding (I): Heatwave Latent Representations

GDBSCAbetects~14,000summerheatwaveqJulyAugust)acrossl,600 year®f KNMILENTISlimate simulations
extracting5-day windowsof sealevelpressureand 250-hPastreamfunctionfor surface and uppeleveldynamics

B ] Kmeans euclidean - Heatwave 3907 - UK High

3D VAEompresses higdimensional
atmospheric circulation into 428
dimensional latenspace

) ‘Stream250

4 synoptic regimedJnsupervised clustering
(K-means GMM)isolated four distinct
heatwave circulatiompatterns U.K. High,
Scandinavian High, Atlantic High, and Atlantic|;gers
Low .
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n- XAl and Process Understanding (I): Heatwave Latent Representations

Continuous phasepace Discovered latent manifold displays continuous transitions without rigid borders, reflecting
the synoptic life cycle and atmospheric evolution of European heatwaves

Probabilisticclassification Gaussian Mixture Modelsrovide soft classification probabilities to model transitional
heatwaves

Temperatureanomalies of the 4 central heatwaves for GMI
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