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Climate change
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Why do we need better drought indicators?

Climate change

Increasing frequency, duration, severity of droughts

Major impacts on agriculture, energy, ecosystems

2022 Precipitation Anomaly
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Snow Drought in the West
Reaches Record Levels

resources for the year.

UN Drought Report Highlights ‘Silent’
Threat to Warming Planet

The Global Drought Snapshotsays more frequent and severe rought ae a wake-

up cal o mprove esfncy.
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Recent droughts are 'slow-moving
global catastrophe’ - UN report
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Contribution: Toward impact-based drought indicators

Solution #1: empirical indicators

s Physics aware, human interpretable

i@ Ad hoc expert-based formulations
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Solution #1: empirical indicators Solution #2: data-driven ML indicators
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Contribution: Toward impact-based drought indicators

= Bridging empirical indicators interpretability/causality and black-box ML

1. Interpret

every stage of
the pipeline

Bonetti et al. Impact-based drought detection via interpretable machine learning and causal discovery Politecnico di Milano



Contribution: Toward impact-based drought indicators

= Bridging empirical indicators interpretability/causality and black-box ML
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Contribution: Toward impact-based drought indicators

= Bridging empirical indicators interpretability/causality and black-box ML

1. Interpret

every stage of
the pipeline

2. Select

relevant spatial
drivers

3. Share
models across
basins
(multitask)
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Contribution: Toward impact-based drought indicators

= Bridging empirical indicators interpretability/causality and black-box ML
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Contribution: Toward impact-based drought indicators

= Bridging empirical indicators interpretability/causality and black-box ML
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every stage of relevant spatial
the pipeline drivers
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Data: Po River Case Study

Vegetation Health Index of
cultivated pixels (8-day aggregation)

7 temporal aggregations: 8D to 24W

Temperature 991 pixels
Precipitation 991 pixels
Snow depth 53 pixels
Lake water levels 4 |lakes

m Tasks: 10 sub-basins, 3 clusters
» Samples: 411 train (2001-2009), 228 validation (2010-2014), 228 test (2015-2019)
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Workflow: The DRIER Framework

0. Data Preparation

temporal aggregation crop to basin

x lw,dw 8w, 12w, 16w 24w

Input example

Temperature tg, 1-week aggregation
Iw, 10 sub-basins
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Workflow: The DRIER Framework

Dimensionality reduction: S OIS St o .
NonLinCFA [Bonetti et al., 2023] ' s e '

x 1w, 4w, 8w, 12w, 16w, 24w

m Principled aggregation:
2
g

2 2
-1 2 R 6,65 — B h(e1,00)

1. Dimensionality Reduction via Non-
Linear Correlated Features Aggregation

. Benchmark: PCA ;. ............................... ;
m Example: Ticino weekly temp ‘. '
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Workflow: The DRIER Framework

Feature Selection: 0.Data Preparation ...
Forward CMI [Beraha et al., 2019] o ==y
: x 1w, dw,8w, 12w, 16w 24w

= Non-linear filter:

X, Y
I(X;Y) =Exy [log M}
p(X)p(Y)
1. Dimensionality Reduction via Non- 2. Feature Selection via
AT P AT, (o S AT s,
m Benchmark: wrapper FS S

m Ticino selected drivers ‘. _. aﬁ
Temp + Prec + Lake + Snow
tg 1w 0 tg 1w 0 N ) B :
rr_4w_0 rr-4w_0
tg 1w 2 snow_1lw

Lugano_1w

Maggiore_16w
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Workflow: The DRIER Framework

Multi-task linear regression 0. Data Preparation

temporal aggregation crop to basin

m Shared cluster-level features:

x Lw,dw,8w, 12w, 16w, 24w

g1 =121 + -+ dpap + P,

G = W1x1 4+ Wpxp + Pi-

1. Dimensionality Reduction via Non- 2. Feature Selection via
Linear Correlated Features i Conditional Mutual i

™ Benchmark: FFNN, RF, SVR ............................... ,
u Coefficient of determination: LD :

: P
1he
CLUSTER 1 : ~

4. Causal Analysis via Transfer
‘ | ‘ ‘ Entropy Feature Selection
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Workflow: The DRIER Framework

0. Data Preparation

Granger-causality inspection enpor seregion e
Forward TEFS [Bonetti et al., 2024] s S, 21621

m Transfer entropy:
TE(X »Y | 2)
1. Dimensionality Reduction via Non- 2. Feature Selection via

= Benchmark: PCMCI (ST AT, alMutalnformatio
[Runge et al., 2019] :

m Ticino example:
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Results Summary

Dimensionality Reduction: from Feature Selection: at most 5 features
991x7x2 to 549 features for each sub-basin

Tp o g e I e |

Far
&Hé,/f'j =3
Ba ity

s

Ticino | Temp + Prec  + Lake + Snow

tg Ow_0 tg Ow_0

rr_4w_0 rr_4w_0

tg_Ow_2 snow_0Ow
Maggiore_16w
Lugano_Ow

) (Multi-task) linear regression:
Causal Analysis: |

e lhihnid

Simuation 1D

I LR-avg Inputs W LR
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Results Summary

Feature Selection: at most 5 features

Dimensionality Reduction: from )
for each sub-basin

991x7x2 to 549 features
- : Temp + Prec + Lake + Snow

— e R g

% Data-Driven Impact-Based Drought index
- (Ticino):

—

VHI = —0.35tg Ow_0+0.88- Lugano Ow—0.52 | .

-
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Take-home messages

= Impact based drought indices < f# Generalizable across sectors and spatial
domains " Need ML experts and users validation
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= Reconstruction performances =P 8 interpretability of all the steps ¥ limits of
linear regression
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Take-home messages

= Impact based drought indices < f# Generalizable across sectors and spatial
domains @ Need ML experts and users validation

= Reconstruction performances =P 8 interpretability of all the steps ¥ limits of
linear regression

» (Causal) Feature Importance <p sl relevant information extracted " more
variables could be included for improvements
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