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A Digital Twin for Wildfire
risk adaptation planning: 

DT-WILDFIRE+
DT-Wildfire+ for Barcelona will be designed to assess the risk of extreme wildfires, and how they are impacted by heatwaves and droughts.

By leveraging high-resolution climate model projections, fire ignition and susceptibility models, satellite data, local observations, and
advanced machine learning, DT-Wildfire+ will provide a granular understanding of future climate risks.   

1. Introduction
Wildfires pose a growing threat to populated areas.
While rural abandonment has created appropriate
conditions for large wildfires, climate change has
exacerbated the hot and dry conditions and has been a
key driver in increasing the risk, extent and severity of
wildfires. The rising number of homes in the wildland-
urban interface (WUI) have led to an increasing need for
mitigation and adaptation measures against wildfire
risk. 

The Barcelona Metropolitan Area with an extended WUI
is particularly vulnerable. A part of its population and
infrastructure are located at the border of the Collserola
Natural Park and is threatened by large forest fires. 

DT-Wildfire+ will help authorities and society to design
participatory risk reduction measures according to the
different climate scenarios. 

2. Objectives

Develop a user-friendly risk assessment
tool that quantifies extreme wildfire,

heat and drought risk.
 

Assess risk at ultra high granularity
(250-800m) under different future GHG
emission scenarios and a time horizon

from present to 2050.

Provide a risk index that utilizes local
vulnerability and exposure data.

Compare business as usual with strategic
management (e.g., NBS solutions,

forestry & rural development etc).

3. Methodology for achieving ultra-high resolution To achieve ultra high resolution we train a UNet
using two inputs: ERA5 , and elevation map
(Copernicus DEM GLO-90 ) using as a target
dataset CHELSA (High resolution climate data for
Europe ). By using a neural network  (Figs 2,3) we
build a CHELSA-emulator UNet which learns the
relationship between large-scale predictor (ERA5 at
0.25 , ~25 km) and the local predicted variable  
(CHELSA at 30", ~0.8 km) over the domain (Fig 4).
The trained UNet is then used to predict the high
resolution surface variables from the large scale
climate variables of bias corrected global climate
models (Global Downscaled Projections for Climate
Impacts Research ). 
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4a. Surface temperature at 30 arcseconds

Fig 1. Using deep learning to achieve
high granularity (Section 3)

Fig 2. Scheme of the protocols for the training (top)
validation and test (middle) and inference (bottom)

Fig 4. Illustration
of the domain used
to train the UNet.
a) an example of
daily maximum

near surface
temperature on the

target domain
(CHELSA, 30"

over land, ERA5,
0.25 deg over
ocean). b) the

DEM used to train
the model   
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Fig 5. Inference with
the UNet: climatology

(1990-2005) of
maximum surface daily
temperature at 30" for

a) CHELSA, b)
GDPCIR model
(NorESM-MM)

inferred with UNet, c)
GDPCIR (NorESM-

MM) interpolated with
nearest neighbor

d)ERA5 inferred with
UNet.     
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Fig 6. Evaluating the UNet: RMSE for maximum surface daily
temperature (1990-2005) with CHELSA as baseline for a) GDPCIR
model (NorESM-MM) interpolated with nearest neighbor method at
30", b) GDPCIR (NorESM-MM) inferred with UNet c) difference:

UNet minus interpolated.       
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Fig 3. Downscaling methodology in the
Digital Twin DT-wildfire+
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    Calculating FWI at 60" spatial resolution 
Noon temperature is calculated from daily max and min temperatures
using Sin (14R-1) method  8

Wind speed is limited to 15m/s to avoid wind speed outliers in EMO1.
Relative humidity is calculated from vapor pressure and temperature
using the August-Roche-Magnus formula.

  

5. Fire Weather Index at 60 arcseconds 

Fig 8. Example of Fire
Weather Index (FWI) at

high resolution:  FWI from
a) CEMS  at 0.25 deg, and

b) EMO1  at 60" over
Catalonia for 1993/07/03   
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Fig 9. Evaluation of FWI : a) bias b) RMSE and c) Correlation. Period: 1990-1995.
Baseline is CEMS. 

Fig 10.Example of
FWI at high

resolution: Time
series of FWI over

Collserola from
CEMS & EMO1   for

1991 
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4b. Heatwave days at 30
arcseconds

Fig 7. Hazard indicators at high
resolution: difference in heatwave days
(defined as the number of consecutive

days with maximum daily surface
temperature > 30 C) between 2040-2049
(SSP585 scenario) and baseline (1990-

2005) for GDPCIR (NorESM-MM) at a)
resolution 0.25 ), and b) inferred
resolution with UNet of 30"        
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6. Next steps 
Develop hazard indicators for extreme heat and drought
risk at ultra high granularity for present and future GHG

emission scenarios from present to 2050.   
Provide extreme wildfire danger indicators based on in-

house machine learning models for fire susceptibility and
fire ignition probability.      

Combine hazard indicators with local vulnerability and
exposure data to provide risk index.  

Integrate into framework scenarios that include solutions
with strategic management (e.g., NBS solutions, forestry &

rural development etc).
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