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Extreme wildfire events

‣ Multiple ecosystems affected by wildfires (savannah, 
bush, forest, peat…)
‣ More probable and intense events under anthropogenic 
climate change

Global issue
Drought

Composite extreme 
events

✻ Chapter 11, IPCC AR6 
Climate Change 2021: The 
Physical Science Basis

Heat 
waves Strong 

winds

2019/2020 SouthEastern 
Australian wildfires

~100 MW/m
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How can a wildfire degenerate?

Surface fire

‣ Faster surface propagation upwind 
and upslope

Crowning

Passive Active

‣ Possible propagation to the vertical structure 
of the vegetation up to the tree canopy
! Faster propagation and taller flammes
! More intense fire-induced wind
! More severe fire impacts

Spotting

‣ Firebrand projection at 
long distances
! New fire ignition

‣ Litter burning 



2019/2020 SouthEastern 
Australian wildfires
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At the surface 
‣  Strong perturbation of the 

surface winds
‣  New ignitions

In the stratosphere
‣  Soot particles injection and persistence
‣  Similar to moderate volcano eruptions

Pyroconvection

How can a wildfire degenerate?
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Wildland fire behaviour ensemble modeling

✻ Source characterization

 ✻ Surface/atmosphere interactions
➳ Landscape to meteorological scales (100 m to 100 km)

➳ Fire front scales (1 m to 100 m)
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Fire spread model
Rate-of-spread (ROS) parameterization

Level-set front-tracking numerical method

Weather
‣ Surface wind
‣ Temperature
‣ …

Topography
‣ Slope
‣ Aspect

Biomass fuels
‣ Moisture content
‣ Layer thickness
‣ Surface load
‣ Aspect ratio
‣ …

Initial condition
‣ Time and position

Input parameters Time-evolving fire front position

<latexit sha1_base64="mjUiENH1tLVWK6az9Q1pWsd69ug="></latexit>

@c

@t
= ROS |~rc|

<latexit sha1_base64="uo3qW9zI7MlWOzgPeFNhneKUk1o="></latexit>

@c

@t
+ ~V · ~rc = 0

2-D advection equation for progress variable c

<latexit sha1_base64="mUvqBYoWyqxiJzH+nyjRyWRBPUk="></latexit>

ROS = ~V · ~nfr

Big problem .1. Coupled atmosphere/fire model development
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Atmospheric model
Large-eddy simulation (LES)

Fire front spread
Level-set front-tracking method

Surface winds Heat fluxes

Big problem .1. Coupled atmosphere/fire model development

➳ PhD Aurélien Costes 
(ANR FireCaster, 2017-2021) 

co-supervised with Christine 
Lac (CNRM)

✻ Costes et al. (2021)

➳ FireFlux I grass fire 
experiment (30 hectares)

Model evaluation

∆xf ~ 5 m

∆xA ~ 10 à 50 m



Big problem .2. Observation/model synergy
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Visible

MIR 3.9𝜇m 

LWIR 7-13𝜇m 

! Savannah fires (3-8 hectares)
Kruger National Park, South Africa, 2014

Time

✻ Paugam et al. (2021)
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Labeling infrared images to extract observed fire front positions

Threshold

CNN

LWIR infrared image

Active learningFire 1

Transfer learningTransfer learningFire 2

✻ Paugam et al. (under review)

 Convolutional neural networks (CNN)

Issue with radiance threshold due to the complexity of a 
fire scene (flame emissivity, impact of H2O/CO2/soot…)

➳ Collaboration with Ronan Paugam 
(MSCA-IF 3DFIRELAB)
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(a) (b) (c)

Radiance (LWIR) Segmentation (CNN) Interpolation

Arrival time maps

Labeling infrared images to extract observed fire front positions

Infrared 
observations

Coupled 
modelData assimilation

‣  Observed fire behaviour metrics (fire 
front, rate of spread, intensity…) 
‣  Sensitivity to observation errors and 

frequency (optimal sensor placement)
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Wildland fire behaviour ensemble modeling

✻ Source characterization

 ✻ Surface/atmosphere interactions

➳ Front data assimilation with parameter estimation

➳ Parametric reduced-order model 
for large-eddy simulation
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EnKF

OBSERVATIONS

PRIOR

Inverse problem 
resolution

Control variables <latexit sha1_base64="Q5zNBSi0EXjMVbl+TFL6RrnHdWU="></latexit>x

ANALYSIS

<latexit sha1_base64="qk9ektWPmC6Bf3iGqAOL4gTJROQ="></latexit>

(yo,R)

<latexit sha1_base64="Lv7s0eGWwbAjjaKRHf6xJywdUjk="></latexit>

xb,(k)
<latexit sha1_base64="9oHWELMNovz74Nhy4SwTkyXqg8Y="></latexit>

xa,(k) = xb,(k) +Ke

⇣
yo,(k) � G(xb,(k))

⌘
<latexit sha1_base64="s4dxG2MCuAuzG21PAyS163VJn2I="></latexit>

xa,(k)
<latexit sha1_base64="eEkiSbXssaL2PNdKrSDkZ69r8VI="></latexit>

G(xb,(k))
<latexit sha1_base64="9oHWELMNovz74Nhy4SwTkyXqg8Y="></latexit>

xa,(k) = xb,(k) +Ke

⇣
yo,(k) � G(xb,(k))

⌘<latexit sha1_base64="9oHWELMNovz74Nhy4SwTkyXqg8Y="></latexit>

xa,(k) = xb,(k) +Ke

⇣
yo,(k) � G(xb,(k))

⌘

<latexit sha1_base64="SN2U3tAgGCGMaVsUT2topKLHdbE="></latexit>

Ke = BGT
�
GBGT +R

��1<latexit sha1_base64="q1rETWcEeJ+rEo04iSwzSlrlmcc="></latexit>

BGT
<latexit sha1_base64="Xg5Cwy/kuawFBLgtOyetwwbyqVo="></latexit>

GBGT
<latexit sha1_base64="SN2U3tAgGCGMaVsUT2topKLHdbE="></latexit>

Ke = BGT
�
GBGT +R

��1
<latexit sha1_base64="SN2U3tAgGCGMaVsUT2topKLHdbE="></latexit>

Ke = BGT
�
GBGT +R

��1

1) Sensitivity parameter-
observable

2) Uncertainties in the 
observation space

Fire spread 
model

Initial 
condition

Physical 
parameters

Fire front 
position

Boundary 
conditions <latexit sha1_base64="rwH3KTp2P4BgsgRoUZmH5mQRiUc="></latexit>

G(xb)
<latexit sha1_base64="SlhnchJlsXxNMTtIEKhWscgMdDQ="></latexit>

(xb,B)

Inverse Ensemble Kalman filter (EnKF)
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Issue of position errors

Flaming combustion

(a) (b)(a) (b)

(c) (d)

Figure 6.7: The morphing EnKF applied to the fireline propagation model coupled
with WRF. The false color of the contour on the horizontal plane is the fire output
heat flux. The superposition of transparent ensemble members is shown. The volume
shading is the vorticity of the atmosphere in the ensemble mean, where red and blue
shades represent positive and negative vorticity, respectively. The reference solution
(a) is the simulated data. The initial ensemble is created by a random perturbation
of the comparison solution (b), where the fire is ignited at an intentionally incorrect
location. The standard ENKF (c) and the morphing EnKF (d) are applied after 15
minutes. The ensembles have 25 members each. The registration is done on the
atmospheric grid with the fire heat flux as the observation function. The standard
EnKF ensemble diverges from the data, while the morphing EnKF ensemble remains
closer to the data.
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Truth/reference

Standard EnKF Morphing EnKF

Failure of standard EnKF
➳ Generation of artificial structures 
during the analysis when position errors 
are large
 
✻ Hurricane: Chen and Snyder (2007) 
✻ Wildfire: Beezley and Mandel (2008)

✻ Beezley (PhD, University of 
Colorado, 2009)
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Analysis

Observation

Prior

Issue of position errors

Representative and 
efficient ensemble 
generation 
‣Collaboration with Didier 

Lucor (LISN)

Front shape similarity measure
‣Collaboration with Annabelle Collin and 

Philippe Moireau (Inria)

Failure of standard EnKF
➳ Generation of artificial structures 
during the analysis when position errors 
are large
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Front shape similarity measure

J (x) = ||G(x) � yo||2

“outside” measuring MISSES
(mean of obs. in simulated unburnt area)

“inside” measuring HITS
(mean of obs. in simulated burnt area)

0 < C1 <1, C0 ≈ 0

Case 2: Only false 
alarms

0 < C0 <1, 0 < C1 <1C0 ≈ 0, C1 ≈ 1

Case 1: Perfect 
match

Case 3: False 
alarms and hits

Analysis

MISSES

FALSE 
ALARMS

HITS

Observation Prior

Chan-Vese data fitting functional used in image segmentation
✻ Chan and Vese (2001)

J (φ, yo) =

�

Ω
Hv(φ) [yo � C1(y

o,φ)]
2
+ (1� Hv(φ)) [yo � C0(y

o,φ)]
2
dxMin

Min

Minimizing the functional acts on the contour of the 
simulated front to match the observed front shape.

Φ > 0,Hv = 1

Φ < 0,Hv = 0
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Fire front data assimilation approach
✻ Collin et al. (2015), Rochoux et al. (2018)

‣ New Luenberger observer for state estimation in level-set formalism
Components

<latexit sha1_base64="RcOoHyJclf18AOMCwna+rmPxHAs="></latexit>

@c

@t
= ROS |~rc|� � �(c)

n
[y

o � Cmax]
2 � [y

o � Cmin]
2
oNudging term

Dirac δ function localizing the data assimilation 
feedback on the simulated fire front

Fire spread model

Discrepancy 
operator

<latexit sha1_base64="fJ53nUv9C873uQu5aUK+Vqmii5w="></latexit>

xa = xb +Ke

⇥
D
�
yo,G(xb)

�⇤

<latexit sha1_base64="/NDT7IcKHnd+9hQONwgwgt1r0Xw="></latexit>

D
�
yo,G(xb)

�
= (D✏,+,D✏,�)T

<latexit sha1_base64="e4q/2zFW6C2lWOJBp6jlGRgehfY="></latexit>

D✏,+ =
h
1 +

2

⇡
arctan

⇣�
✏

⌘ih
yo � Cmax(y

o,�)
i

<latexit sha1_base64="xW10yQpE6uhJxBl0Z1EVCq00+/k="></latexit>

D✏,� =
h
1� 2

⇡
arctan

⇣�
✏

⌘ih
yo � Cmin(y

o,�)
i

‣ Extended EnKF to discrepancy operator (based on the Chan-Vese functional gradient) for parameter estimation
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Illustration on a synthetic test case
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‣ Joint estimation with wrong wind intensity/direction
Results ✻ Rochoux et al. (2018)
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Illustration on a synthetic test case
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secondary fire 
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moist

‣ Joint estimation with wrong wind intensity/direction and wrong ignitions
Results
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✻ Rochoux et al. (2018)
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Application to RxCADRE experimental grass fire

(a) (b)

Temps d’arrivée (s)

x (m)

y 
(m

)

(a) (b)

Temps d’arrivée (s)

x (m)

y 
(m

)

(a) (b)

Temps d’arrivée (s)

x (m)

y 
(m

)

Arrival time maps

— Analysis
— Prior
— Observation

✻ Zhang et al. (FISJ, 2019)
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Towards application to actual wildfires

obs data
free run
observer

Time 

obs data
free run
observer

Rim fire (grass/forest, 
California, August 2013)

— Analysis
— Prior
— Observation

‣  Parameter estimation is essential for the wildfire application.
‣  Need to improve prior information (biomass fuels, 

atmosphere/fire interactions)
‣  Submitted ANR JCJC to continue this work…

Conclusion
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Wildland fire behaviour ensemble modeling

✻ Source characterization

 ✻ Surface/atmosphere interactions

➳ Front data assimilation with parameter estimation

➳ Parametric reduced-order model 
for large-eddy simulation



Statistical emulation of atmospheric boundary-layer flows 
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Passive tracer dispersion in complex geometry (idealized urban environment)
✻ PhD Bastien Nony (Cerfacs/LISN)

‣  « Large » LES database: 750 AVBP simulations
‣  700 hCPU per run (525 000 hCPU in total)
‣  70% training/30% validation

Tracer concentration mean (time-averaged) fields

‣  Wind magnitude
‣  Surface roughness
‣  Source position and height

4 uncertain atmosphere/source parameters 



Statistical emulation of atmospheric boundary-layer flows 
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Passive tracer dispersion in complex geometry (idealized urban environment)
✻ PhD Bastien Nony (Cerfacs/LISN)

Reduced-
order model

Parameters Mean tracer concentration field K<latexit sha1_base64="uu5Vyb/FwgIvikrguz3CfnmDA2E="></latexit>

✓

Mode 1

Mode 50

Proper Orthogonal Decomposition (POD) 
for dimension reduction
‣  High-order modes correspond to 

localized structures in the concentration 
fields but are not only noise



Statistical emulation of atmospheric boundary-layer flows 
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Passive tracer dispersion in complex geometry (idealized urban environment)
✻ PhD Bastien Nony (Cerfacs/LISN)

Reduced-
order model

Parameters Mean tracer concentration field K<latexit sha1_base64="uu5Vyb/FwgIvikrguz3CfnmDA2E="></latexit>

✓

L = 100

LES

L = 5
Proper Orthogonal Decomposition (POD) 
for dimension reduction

‣  Need to retain a large number of modes 
(L = 100) to reconstruct the near-source 
dispersion

‣  High-order modes correspond to 
localized structures in the concentration 
fields but are not only noise



Statistical emulation of atmospheric boundary-layer flows 
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Passive tracer dispersion in complex geometry (idealized urban environment)
✻ PhD Bastien Nony (Cerfacs/LISN)

Gaussian process regression
‣Anisotropic Matern kernel
‣  Gaussian process noise 
‣Hyperparameter optimisation based on 

prior information (POD) and maximum 
a posteriori estimation (MAP, GPyTorch)

Reduced-
order model

Parameters Mean tracer concentration field K<latexit sha1_base64="uu5Vyb/FwgIvikrguz3CfnmDA2E="></latexit>

✓

Per-mode Q2 computed for predicted components

LES

ROM



Statistical emulation of atmospheric boundary-layer flows 
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Passive tracer dispersion in complex geometry (idealized urban environment)
✻ PhD Bastien Nony (Cerfacs/LISN)

Gaussian process regression
‣Anisotropic Matern kernel
‣  Gaussian process noise 
‣Hyperparameter optimisation based on 

prior information (POD) and maximum 
a posteriori estimation (MAP, GPyTorch)

Reduced-
order model

Parameters Mean tracer concentration field K<latexit sha1_base64="uu5Vyb/FwgIvikrguz3CfnmDA2E="></latexit>

✓

Per-mode Q2 computed for predicted components

Full database (525)

Restricted database (100)

LES

ROM



Next steps
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Data assimilation for coupled model➊
‣  GSA/ Selection of most influential biomass fuel parameters

‣  Observation-model comparison/ Front shape similarity measure
‣  UQ/ Reduced-order modeling approach for mobile source and 

Submitted ANR JCJC project

PhD Eliott Lumet (Cerfacs/LAAS)

‣  Validation against experimental fires in different ecosystems
‣  Capacity to represent extreme fire behavior?

Coupled atmosphere/fire modeling➌

Measurements➋
‣  Instruments/Infrared imaging and lidar/radar 
‣  Optimal sensor placement

Atmospheric model
Large-eddy simulation (LES)

Fire front spread
Level-set front-tracking method

Surface winds Heat fluxes

PhD William Antolin (Cerfacs/CNRM)
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carbon
nitrate

Dust
Sea salt

sulfate

One-year atmospheric chemistry reanalysis for different aerosols

Long-term question:
How to use high-fidelity simulations to inform large-scale models?

2019/2020 SouthEastern 
Australian wildfires



Crédits : Alexandre Deschaumes, « L’Âme de la Forêt »

Thank you for your attention!
Contact
➳ melanie.rochoux@cerfacs.fr


