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Motivation

Climate change will
aggravate fire danger
by increasing wildfire
frequency and severity

Short-term forecasting
(hours, days)

Manage resources,
squades, Plan
evacuation

Long-term forecasting
(weeks, months)
Lease equipment,
Manage fuel
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Present climate (1%1&2010)
) SORE

Overall weather-driven forest fire danger in the present climate and projected changes under two climate change scenarios
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Fire danger in Europe under projected climate. Source: De Rigo,
Daniele, et al. Forest fire danger extremes in Europe under climate
change: variability and uncertainty. (2017)
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Challenges

Vegetation

Fires are the result of
complex interactions Fuel
between humans, i ciuse

climate, vegetation
-i Precipitation
FIRE

Temperature |fr———— - — = = == = - - - - - - - - - - -
OCCURRENCE

Proposed solution

Use Machine Learning
on historical Earth
Observation data

Associate conditions of
fire drivers with past
burned areas

Humans

&
<

Fire Drivers. Source: Hantson et al. “The status and challenge of global fire modelling” (2016)
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Short-term Wildfire
Danger Forecasting
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Current Status
Fire Danger Forecasting g &
INn Europe

EFFIS (Fire Weather) o 7 _
® Only meteo A ey R
® 8km x 8km T i

® Assumes pine fuel
everywhere

N Otlo na l DO n g er ma pS Source: EFFIS fire danger forecast for July 16t 2020

[ ) reglonol |eve| https://effis.jrc.ec.europa.eu/about-effis/
° low resolution Elretdatr_\ger maps from Greek Civil
rotection

e

® not explainable
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Defining ML-based Fire Danger

What is fire danger?
“Fire danger assesses the conditions that allow a fire to ignite and

spread.” from Pettinari, M. Lucrecia, and Emilio Chuvieco. ‘Fire
danger observed from space.” (2020)

Data-driven fire danger
“Associate conditions of fire drivers to large burned areas.”

Al for Good Workshop, July 5t 2023, Geneva



g .
£ Al Al for Good
L/ \ g

‘and’

FireCube - Data Collection and Harmonization

Elevation Land Cover LST Day Population Density
-

Variables . s . .-
Meteo (ERA5-L_ond2; Temperature, Wind speed & £ . 1= £
direction, Precipitation, Relative Humidity {9km) By N

sq7e"|te EMODlS) LOnd Temperqture’ NDVI/EVll g 37 = E Max temperature Max u-wind Max v-wind Burned Area (Target)

®o8

LAI/FPAR, Evapotranspiration | s ) el B e
Soil moisture (European Drought Observatory) = o F_
Topography (EU-DEM): Elevation, Slope, Aspect weobiss dapa st _ N

Land Cover (Corine)

Population Density (WorldPop) = w -
Roads Density (OpenStreetMap) i / /B
Burned areas (EFFIS) } | A / \
Harmonization ety Dbl | Wiy " Ryt Dot
Resolution: km x 1km x 1day 0
Spatial Extent: Greece and eastern Mediterranean o) a o
Temporal Extent: 2009-202] y:© | /A
mTe}r:\opegotur:'iK)m Ssl:rfasc;e P:;ss:rse (ll:;a)m-“ o NOD‘VI i ZSBLST BZY (K;)m oo 2IioST ﬁ?gh?f!()w "

FireCube: A Daily Datacube for the Modeling and Analysis of Wildfires in
Greece (1.0) [Data set]. Zenodo. https://doi.org/10.5281/zenodo.6475592
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Experimental Setup

« From the datacube we extract
different types of datasets to

feed to different models
d Tabular dataset
* Temporal Dataset
* Spatiotemporal Dataset

« Thetargetis always the same
If the cell with burn from a fire
that starts the next day and
becomes large

* Negative samples are chosen
from days with no fires

Code:
https://github.com/Orion-Al-Lab/wildfire_forecasting
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Input
P Pixel

Xiret ﬁ

]

fx1

RF, XGBoost

Spatiotemporal

Temporal

fxhxwxd

convLSTM

Target .
;
RIS f: number of input features
- Next day burned value (0, 1) :’ ':\?i:jgt:t

d: number of days

Geophysical Research Letters’

Research Letter () OpenAccess @ @ @

s for Daily Wildfire Danger Forecasting

amps-Valls,

lo Ronco, Miguel-Angel Fermandaz-Toros, Maria

Wildfire Danger Prediction and Understanding With Deep  »
Learning

Spyros Kondylatos i, loannis Prapas i, Michele Ronco, loannis Papoutsis, Gustau Camps-Valls
Marfa Piles, Miguel-Angel Fernéndez-Torres, Nuno Carvalhais
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Evaluation

Models that leverage temporal and
spatiotemporal data are best. ;

ROC Curve 2020 ROC Curve 2021

124
®

Comparison against the
Fire Weother Index (FWI)
For fires in the test set, we

o
o

14
>

measure the predictive skill
of each model and FWI
« Upscale all outputs to FWI's
resolution
DL models are better predictors of

large burned areas than the Fire
Weather Index

True Positive Rate

PO\
Q:‘) —— LSTM - AUC: 0.868 +0.011
—— ConvLSTM - AUC: 0,887 +0.012
—— RF-AUC: 0.824 %0018
—— XGBOOST - AUC: 0,622 + 0.012
—— FWI- AUC: 0,693 +0.022

0.0 0.2 0.4 0.8 1.0

False P05|t|ve Rate

True Positive Rate

o
~

PN

Q:‘) —— LSTM - AUC: 0.886 +0.011
—— ConvLSTM - AUC: 0.907 + 0.08
—— RF-AUC: 0.870£0.010
—— XGBOOST - AUC: 0.874 % 0.013
—— FWI- AUC: 0.794 % 0.010

0.4 0.8 1.0

~ False P05|t|ve Rate
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lainability: iald d i
Explainability: partial dependencies
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Explainability: temporal contribution

[Sundararajan, et al., Axiomatic Attribution for Deep Networks,

ICML 2017]
Slow-onset activation:
v —— Max Wind Speed (m/s) accumulation effects
£
; 1.0 ‘
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Fire Danger maps in summer 2022

Updated fire danger forecast for 07-07-2022

* We apply this LB
setting with s 4
real-time data Lt
inthe summer .
of 2022 S o
®* Generally e
higher o DR e
resolution and ™ Y L/ S
recision than :
ire danger
indices 1
N
®* Evaluation
from officials e e
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Coming Next: Scaling up to the Mediterranean

Mediterranean Datacube (Mesogeos)

Specifications

Resolution: Tkm x Tkm X 1—do§
Temporal extent: 2006 - 2022
Shape: {time: 7488, x: 4714, y: 1752}
28 variables related to wildfires
INn-memory size 5.5 TB

Uses: Modeling Wildfire Danger,
Susceptibility, Spread, Extreme wildfires

orion-ai-lab.github.io/mesogeos/

Mesogeos: A multi-purpose dataset for

data-driven wildfire modeling in the
Mediterranean

Spyros Kondylatos (1, 2), loannis Prapas (1, 2), Gustau Camps-Valls (2), loannis Papoutsis (1)
(1) Orion Lab, IAASARS, National Observatory of Athens
(2) Image & Signal Processing Group, Universitat de Valéncia

High

Low

8°w 4°w 0° 4°E 8°E 12°E 16°E 20°E 24°E 28°E 32°E 36°E

Mediterranean-scale fire danger prediction

Fire Danaer
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Subseasonal to Seasonal
Wildfire Forecasting

Al for Good Workshop, July 5th 2023, Geneva



s T,
£ Al Al for Good
LT N

‘and’

Current Status - Long-term weather anomalies

Sub-seasondl . bl e et it and rz nomalies

ICSVLCGOL Ul LTSI QLI € Al TCQIIIGLL QIIVIIIGuUICS D
forecast

Temneratire anamalioc I Tp——
emperature anomalties

* Temperature,

.
R Q I n Monthly Temperature (T2m) Anomalies valid for week: from 30 January to 05 February 2023 Monthly Rain Anomalies valid for week: from 30 January to 05 February 2023
Map processed by EFFIS Systern based on ECMWF Monthly Forecast System initiated on 30 January 2023 Map processed by EFFIS Systern based on ECMWF Monthly Forecast System initiated on 30 January 2023
. ) of the mean from il gr E: aly) of the mean from millimeters (mm)
[ ] [ . [—— ]
'I 6 W kS e = s v wr e : - - ,:, s = = -(:_'.x

Seasonal Forecast

* Temperature,
Rain
Anomalies
-6 months

EFFIS long-term forecasts https://effis.jrc.ec.europa.eu/apps/effis.longterm.forecasts/
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SeasFire Datacube

2 Meter Temperature

SeasFire Cube: A Global Dataset for Seasonal Fire Modeling in the Earth System [Data
set]. Zenodo. https://doi.org/10.5281/zenodo0.7108392
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Resolution: 8days x 0.25° x 0.25°

Extent: Global, 2001 - 2020

Wlldflre drivers
Meteorology (ERAB)

° atellite Observations
MODIS?_

* Vegetation, Surface
TeMmperature

Oceanic Indices (N AA
Po ulation Density !EI
CB Land Cover (ESA

Wlldflre variable

Burned Areos?GFED FireCCl,
GWIS
Fire Emissions (GFAS)
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Wildfire Forecasting as a Segmentation Task

Deep Learning for Global Wildfire Forecasting

* Input: 8 fire driver variables

Ot ti me t loannis Prapas'2, Akanksha Ahuja', Spyros Kondylatos'?, Ilektra Karasante', Eleanna Panagiotou®,
Lazaro Alonso Charalampos Davalas®, Dimitrios Mlchznl3 Nuno Carvalhzus and Joannis
Stacked 128x128 patches Papoutsis’
* Target: Presence of burned
. Land Surf: Surface Sol: Sea Surf: Te it V. Py Burned
ared C]t t| me t+ h rempe,aﬁ‘: Relative Humidity Radiation Temperature Vinimom F et (uo' 1)
[

(h=8,16, 32, 64 days)

®* A separate U-Net++ model
is trained for each h

B
- fwx ‘”;

Target Y;.j : 128 x 128
h = 8,16, 32, 64 days

* Data split temporally:
Training (2001 to 2017)
Validation (2018)
Testing (2019)

Prediction | a0\
———> UNET+H ———»| W =%
128 x 128 | 'igm

Presented in NeurlPS 2022 Workshop
on Tackling Climate Change with Al

https://www.climatechange.ai/p
apers/neurips2022/52

CFE Loss(UNET, . (X41), Yiin)

Input X, : 8 x 128 x 128

Al for Good Workshop, July 5t 2023, Geneva
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Results - Quantitative

« Performance decreases as the forecasting window increases
« Models’ predictive skill is better than mean seasonal cycle
« Burned area patterns can be skillfully predicted 2 months in advance

Lead time (days) AUPRC

8 0.550

16 0.547

UNET++ 32 0.543

64 0.526

Weekly Mean Seasonal Cycle - 0.429

Al for Good Workshop, July 5t 2023, Geneva
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Results - Qualitative

Main patterns are captured
*  Shift from the southern to the northern African savanna

* Reduction in fire activity in eastern Europe
* Increase in fire activity in Indochina

Lead time: 8 days

Lead time: 32 days Lead time: 64 days
2 fv S = g

e o it . -

1.0

(2]
c
Ko}
B
hel
o 0.8
o
S Ul i e P WP e
Target on 2019-09-22 Target on 2019-10-16
TP . - = . 0.4
% 0.2
o
K
0.0
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Earth is a complex inter-connected system

Teleconnections are long-range
spatiotemporal connections inthe
earth system. “Arctic oscillation
anomalies linked to extreme wildfires
In Siberia” Kim et al. (2020

Memory effects refer to the temporal
dynamics of earth system variables.
E.Q. state of vegetation after previous
year sustained drought.

We need models that are able to
capture large-scale spatiotemporal
interactions that are omnipresent in
the Earth System

Source: Statistical physics approaches to the complex Earth system

Al for Good Workshop, July 5t 2023, Geneva
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Teleconnections modulate global wildfires

climate and
atmospheric science

npj

www.nature.commpjclimatsci  RESEARCH ARTICLE  CLIMATOLOGY

Extensive fires in southeastern Siberian permafrost
ARTICLE 0PN n sl |inked to preceding Arctic Oscillation
AI'Ct%C Oscillation and Pacific-North Amenc.an pattem Jin-Soo Kim'Z, © Jong-Seong Kug®",  Su-Jong Jeong*?, © Hotaek Park’ and (© Gabriela Schaepman-Strub’
dominated-modulation of fire danger and wildfire occurrence  «seeaos e fietions

Flavio Justino ('™, David H. Bromwich?, Vanucia Schumacher®, Alex daSilva(3* and Sheng-Hung Wang (7 Science Advances 08 Jan 2020:

Vol. 6, no. 2, eaax3308
DOI: 10.1126/sciadv.aax3308

nature communications
Environmental Research Letters

Article https://doi.org/10.1038/s41467-023-3605

Climate teleconnections modulate global =

burned area ~How much global burned area can be forecast on seasonal time
scales using sea surface temperatures?

— — TV — - Yang Chen’, Douglas C Morton®, Niels Andela’, Louis Giglio® and James T Randerson'
Received: 31 March 2022 Adrian Cardil® . Marcos Rodrigues™”, Mario Tapia®, Renaud Barbero®, | D Earths S University of California, Trvie. GA 92657, TISA
. . 38 7 " 8 epartment o rth System Science, Umiversity ol 1formia, lrvine, N
Accepted: 12 January 2023 Joaquin Ramirez’, Cathelijne R. Stoof ®”, Carlos Alberto Silva®®, ? Biospheric Sciences Branch, NASA Goddard Space Flight Center, Greenbelt, MD 20771, USA
P Y Midhun Mohan® & Sergio de-Miguel ®
idhun an rgio de-Migue! * Department of Geographical Sciences, University of Maryland, College Park, MD 20742, USA
B_mail vanm chonthac ade
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TeleViT: Teleconnection-driven Vision Transformer

* TeleViT combines
fine grained local input with

®* Coarsened global input
* Climatic indices

* Different inputs are
iIndependently tokenised

* Tokens are fed to a
transformer network

Local Input

= — ) = me [ Decoder
s “il
7 s _"II-MI.‘ T
‘ £ EEELY
.g EREE: Transformer Encoder
Global Input 2 "‘1" H.E”" 3
T o
=
?!_’ TR A ﬁ al E] E]
= cls
Climatic Indices g ;
£ Token Encoder
S e [j [j [j é
RN Tokens
ol

Figure 1. Full pipeline of the TeleViT architecture. The different
multi-scale inputs i.e. local, global and teleconnection indices, are
tokenized at different resolutions and fed to a Transformer encoder
along with a prepended classification token. The linear decoder is
based on the output of the classification token.

Al for Good Workshop, July 5t 2023, Geneva
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Results
Model comparison per forecasting window

* Vanilla ViT* is mostly better - “*-\.*
than the U-Net++ baseline Ee

* Teleconnection-driven R e .
transformers better 2 60 S
performance, especially for S e e T
longer temporal horizons sl = viT .

~#- TeleVit;

®* Best performance from e TeleVi, .
TeleViT with oceanic indices 581 ~#- TeleVit;, -
and global input i 2 4 : e

Forecasting Window (8-days)

Figure 2. AUPRC performance of the different models for forecast-

o ) . ing windows of 1, 2, 4, 8 and 16x8-days in advance.
*Dosovitskiy, Alexey, et al. "An image is worth 16x16 words: Transformers

for image recognition at scale.”
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Results

Model comparison per forecasting window

Forecasted Burned Area Pattern Lead Time 4x8-days
“\
624
ot .
. E S
10 N - -
611 % o w h e
— I SN o e
08 § S - e T 3
% 60 - *“‘ . %
06 9 =) Sl I
2 < % U-Net++ ™ %
Qo . k‘*-, -
3 o] VT
04 9 59 . T
—#-- TeleVit; e
~#-—- TeleVit, e
02 M
581 —#-- TeleVit,, -
00 1 2 4 8 16

Forecasting Window (8-days)

Figure 2. AUPRC performance of the different models for forecast-
ing windows of 1, 2, 4, 8 and 16x8-days in advance.
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Discussion and Next Steps (Long-term Forecasting)

* Deep Learning models are promising for global burned
area forecasting

* Teleconnection-informed models can improve long-term
forecasting capabilities

* Future work
* Improve evaluation, use more baselines
* Relative importance of the indices and the global input
* Examine attribution, e.g. attentions maps
* Time-series for local and global input
* Beyond burned area pattern forecasting

Al for Good Workshop, July 5t 2023, Geneva
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Main Takeaways

Machine Learning can increase the skill of wildfire danger predictions

Short-term versus Long-term forecasting
* Inthe short-term (days), temporal context is mostly enough
* Inthelong-term (weeks, months), spatial context becomes important

Evaluation should be in fire danger terms
®* Problem-specific metrics
®* Normal versus extreme seasons
* Compare against existing tools

Al for Good Workshop, July 5t 2023, Geneva
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Open Science

*  https://github.com/Orion-Al-Lab

*  https://github.com/SeasFire

*  FireCube: A Daily Datacube for the Modeling and Analysis of Wildfires in Greece (1.0) [Data set].
Zenodo. https://doi.org/10.5281/zenodo.6475592

*  SeasFire Cube: A Global Dataset for Seasonal Fire Modeling in the Earth System (0.3.0) [Data set].
Zenodo. https://doi.org/10.5281/zenodo.7108392

* Prapas, loannis, et al. 'Deep learning methods for daily wildfire danger forecasting.” arXiv preprint
arXiv:211.02736 (2021).

* Kondylatos, Spyros, et al. "Wildfire danger prediction and understanding with Deep Learning.”
Geophysical Research Letters 49.17 (2022): €2022GL099368.

* E’ropa)s, loannis, et al. 'Deep Learning for Global Wildfire Forecasting.” arXiv preprint arXiv:2211.00534

2022).

* Kondylatos, Spyros, et al. 'Mesogeos: A multi-purpose dataset for data-driven wildfire modeling in
the Mediterranean." arXiv preprint arXiv.2306.05144 (2023).

* Prapas, loannis, et al. "TeleViT: Teleconnection-driven Transformers Improve Subseasonal to
Seasonal Wildfire Forecasting." arXiv preprint arXiv:2306.10940 (2023).
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Thank youl!
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