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SAFETY  
Forecast wildfire behavior in real 
time to help fire emergency 
responses and strengthen 
firefighting actions 

AIR QUALITY / CLIMATOLOGY 
Evaluate emissions, their impact on 
micrometeorology and atmospheric 
chemistry

UNDERSTANDING 
Analyze laboratory- and field-scale 
controlled burning to enhance 
knowledge and improve modeling
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Fire front paradigm

• Interface from burnt to unburnt vegetation that self propagates in the normal direction 
• Rate of spread, ROS ➤  parameterization of the fire front speed

Rothermel, A mathematical model for 
predicting fire spread in wildland fuels, 
Technical report, US Forest Service (1972)

ROS1D = f([Mv, δv,m
��

v , ρv, Σv],�nslope,�uwind) = ROS0 (1+ Φw + Φsl)
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somewhat. Spread rates with the !x = 1 m were 15% (or less)
slower than the !x = 3.33 m cases and 10% (or less) slower than
!x = 1.66 m cases.Table 2 contains the values for grid resolution
and other parameters for the production simulation runs.

Production simulations (1500 × 1500 × 200 m, in general)
required 16 × 106 grid cells and 11 processors. The total cpu
time required for these runs depended on the overall heat release,
which increases with fuel loading. For most of the cases con-
sidered 44 cpu hours were needed for 100 s simulated time
(i.e. all 11 processors running for 44 h on 1.8 GHz processors).
Exploratory simulations run much faster, on the order of 2 h on
a single processor. These faster runs were on smaller domains
and provide reasonable results if the ambient wind speed is suffi-
ciently high. For lower ambient wind speeds (O(1) m s−1) natural
entrainment was influenced by the presence of numerical bound-
aries as discussed above. Thus, for consistency all simulations
had horizontal domains of 1500 × 1500 m.

It should be noted that the results of any large-scale simula-
tion will depend on both the grid resolution and the modelling
assumptions employed. Fully resolving the combustion zone
(as captured by the relatively simple fast-chemistry mixture
fraction approximation used here) requires sub-millimeter grid
resolution (Mell et al. 1996). The larger-scale fire–fuel interac-
tions, which control the heat transfer to the fire bed, occur on
scales on the order of 1–10 m for grass fires, a factor of over a
thousand greater. Fire–atmosphere interactions occur over even
larger scales. Present day computers (even massively parallel
platforms containing thousands of processors) do not have the
memory capacity or processor speeds to fully resolve processes
occurring from the combustion zone up to scales that char-
acterise the fire–atmosphere interactions. For this reason, the
governing equations must be approximated in a way that retains
the physical processes that are most relevant to the fire prob-
lems under study. Here the emphasis is placed on resolving the
larger-scale fire plume dynamics and heat transfer processes,
in the fire–fuel and fire–atmosphere interactions, that drive fire
spread (as opposed to smaller scale combustion processes of,
for example, chemical kinetics and soot generation). In the fol-
lowing sections WFDS will be evaluated by determining how
well it reproduces observed fire-spread trends in the Australian
grassland experiments.

A characteristic example of both the experiment and simula-
tion is shown in Fig. 4. A photograph of the fire perimeter taken
during experiment F19 is shown in Fig. 4a. A rendering of the
simulated fire front and smoke plume using the visualisation tool
Smokeview (Forney and McGrattan 2004) is plotted in Fig. 4b.
As discussed above, smouldering combustion is not currently
modelled. For this reason, there is no smoke generated upwind
of the fire in the simulation (Fig. 4b).

Effect of wind on head fire spread
Cheney et al. (1993) found that when head fire spread rate was
correlated with fuel type, wind speed, and fireshape variables,
wind speed U2 had the most effect on the spread rate. Convec-
tive activity was thought to be a primary factor that determined
whether fires progressed steadily in the direction of the prevail-
ing wind, and fires burning under light wind conditions often
spread erratically as they responded to gust and lulls caused
by the localised thermal activity. As the wind speed increased,

Fig. 4. (a) Photograph of experimental fire F19 at t = 56 s. (b) Snapshot
of WFDS simulation of experimental fire F19 at t = 56 s.

the head fire width required for fires to approach their potential
quasi-steady rate-of-forward spread, Rs, also increased. Cheney
et al. (1993) note that the wind directly influencing fire spread
is the net wind at the flame zone, not the wind measured remote
from the fire. However, since this net wind speed is not known
and would be very difficult to measure, empirical formulas for
the spread rate of the head fire are based on a representative
ambient wind U2. The determination of U2 was discussed above.

The following empirically based formula (eqn 4 in Cheney
et al. 1998) relates the experimentally observed head fire spread
rate, Ro, to the measured wind speed U2, the head fire width W,
and the fuel moisture content M:

Ro = (0.165 + 0.534U2) exp([−0.859

− 2.036U2]/W ) exp(−0.108M ). (2)

They defined the head fire width, W, as the width of the fire
measured at right angles to the direction of head spread, which
influenced the shape and size of the head fire during the next
period of spread measurement (Cheney and Gould 1995). The
effective width of the head fire can also be defined as that portion
of the perimeter where the flames are leaning towards unburnt
fuel. In WFDS the head fire width was defined to be the distance

head

flank

•rear


•

© Cheney (CSIRO)



Fire growth models

• Huygen’s elliptical expansion (FARSITE - 
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Reax Engineering)
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Current fire growth models are far from being predictive
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• Data challenge ➤  input parameters that may not be known or are known with limited 
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Epistemic uncertainties

Need of deeper fundamental 

understanding of flame-scale processes 
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Epistemic/aleatory uncertainties

Need of more information on the time and 
space variation of the environmental and 
meteorological conditions 
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�c
�t = ROS2D |�c|
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Fire front position
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First answer to the question “How often 
do we need to assimilate data to control 
the error in the data-driven simulation?” 

Requires synergy with data providers



Methodological challenge

11

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

How to properly address shape and position errors for complex fire front topology?

Observation 
(main fire)

Simulation

• Formulation of a non-Euclidean discrepancy operator 
to represent shape and topological discrepancies 

• Able to assimilate image data directly

Observation 
(spot fire)



Methodological challenge

11

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

How to properly address shape and position errors for complex fire front topology?

Observation 
(main fire)

Simulation

xa = xb + KD
�
yo, G(xb)

�
xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)

• Formulation of a non-Euclidean discrepancy operator 
to represent shape and topological discrepancies 

• Able to assimilate image data directly

Observation 
(spot fire)



Methodological challenge

11

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

How to properly address shape and position errors for complex fire front topology?

Observation 
(main fire)

Simulation

xa = xb + KD
�
yo, G(xb)

�
xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)

• Formulation of a non-Euclidean discrepancy operator 
to represent shape and topological discrepancies 

• Able to assimilate image data directly

Observation 
(spot fire)

Update

Update



Methodological challenge

11

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

How to properly address shape and position errors for complex fire front topology?

Observation 
(main fire)

Simulation

xa = xb + KD
�
yo, G(xb)

�
xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)

• Formulation of a non-Euclidean discrepancy operator 
to represent shape and topological discrepancies 

• Able to assimilate image data directly

Observation 
(spot fire)

Update

Update

FALSE 

ALARMS

Observation

Simulation

MISSES

HITS

• Minimization of misses 
• Maximization of hits



Methodological challenge

11

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

How to properly address shape and position errors for complex fire front topology?

Observation 
(main fire)

Simulation

xa = xb + KD
�
yo, G(xb)

�
xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)

• Formulation of a non-Euclidean discrepancy operator 
to represent shape and topological discrepancies 

• Able to assimilate image data directly

Observation 
(spot fire)

Update

Update

FALSE 

ALARMS

Observation

Simulation

MISSES

HITS

• Minimization of misses 
• Maximization of hits

Image  segmentation 
theory




Methodological challenge

11

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

How to properly address shape and position errors for complex fire front topology?

Observation 
(main fire)

Simulation

xa = xb + KD
�
yo, G(xb)

�
xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)xa = xb + K

�
yo � G(xb)

�
, K = f(B,R,G)

• Formulation of a non-Euclidean discrepancy operator 
to represent shape and topological discrepancies 

• Able to assimilate image data directly

Observation 
(spot fire)

Update

Update

FALSE 

ALARMS

Observation

Simulation

MISSES

HITS

• Minimization of misses 
• Maximization of hits

Image  segmentation 
theory


observation

analysis


delta function




40 80 120 160

40

80

120

160

0
0

x1(m)

x2(m)

Verification test case

12

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

main fire 
propagating 
during 100 s

State estimation with wrong initial condition

secondary fire 
starting at 40 s

background mean
analysis mean

Rochoux et al. , Front shape similarity 
measure for front position […] data 
assimilation for eikonal equation, ESAIM: 
Proceedings and Surveys (in review).



40 80 120 160

40

80

120

160

0
0

x1(m)

x2(m)

Verification test case

12

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

main fire 
propagating 
during 100 s

State estimation with wrong initial condition

secondary fire 
starting at 40 s

20 40 60 80 100 120

20

40

60

80

100

120

140

160

10 s

60 s

60 s
40 s

100 s

100 s

0
0

x1(m)

x2(m)

20 40 60 80 100 120

20

40

60

80

100

120

140

160

10 s

40 s

60 s

60 s

100 s

100 s

0
0

x1(m)

x2(m)

Without topological gradient With topological gradient

background mean
analysis mean

Rochoux et al. , Front shape similarity 
measure for front position […] data 
assimilation for eikonal equation, ESAIM: 
Proceedings and Surveys (in review).



40 80 120 160

40

80

120

160

0
0

x1(m)

x2(m)

Verification test case

13

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

main fire 
propagating 
during 100 s

State estimation with wrong initial condition and wrong wind parameters

secondary fire 
starting at 40 s

background mean
analysis mean

Rochoux et al. , Front shape similarity 
measure for front position […] data 
assimilation for eikonal equation, ESAIM: 
Proceedings and Surveys (in review).

40 60 80 100 120 140 160

80

100

120

140

160

10 s

40 s

60 s

100 s

20
60

x1(m)

x2(m)

40 60 80 100 120 140 160

80

100

120

140

160

10 s

40 s

60 s

100 s

20
60

x1(m)

x2(m)



40 80 120 160

40

80

120

160

0
0

x1(m)

x2(m)

Verification test case

14

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

main fire 
propagating 
during 100 s

Parameter estimation with wrong wind conditions

secondary fire 
starting at 40 s

background mean
analysis mean

Rochoux et al. , Front shape similarity 
measure for front position […] data 
assimilation for eikonal equation, ESAIM: 
Proceedings and Surveys (in review).

40 60 80 100 120 140 160

80

100

120

140

160

10 s

40 s

60 s

100 s

20
60

x1(m)

x2(m)

40 60 80 100 120 140 160

80

100

120

140

160

10 s

40 s

60 s

100 s

20
60

x1(m)

x2(m)



40 80 120 160

40

80

120

160

0
0

x1(m)

x2(m)

Verification test case

14

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

main fire 
propagating 
during 100 s

Parameter estimation with wrong wind conditions

secondary fire 
starting at 40 s

background mean
analysis mean

Rochoux et al. , Front shape similarity 
measure for front position […] data 
assimilation for eikonal equation, ESAIM: 
Proceedings and Surveys (in review).

20 40 60 80 100

1.5

2

2.5

3

0

1

Time (s)

✓1 s.t. wind intensity (m s

�1
): 2

✓1

20 40 60 80 100

7

7.5

8

8.5

9

9.5

0

6.5

Time (s)

✓2 s.t. wind direction (

�
): 2

✓2



40 80 120 160

40

80

120

160

0
0

x1(m)

x2(m)

Verification test case

15

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

main fire 
propagating 
during 100 s

Parameter estimation with wrong wind conditions

secondary fire 
starting at 40 s

background mean
analysis mean

Rochoux et al. , Front shape similarity 
measure for front position […] data 
assimilation for eikonal equation, ESAIM: 
Proceedings and Surveys (in review).

20 40 60 80 100 120 140 160

20

40

60

80

100

120

140

160

10 s

40 s

60 s

60 s

100 s

100 s

0
0

x1(m)

x2(m)



40 80 120 160

40

80

120

160

0
0

x1(m)

x2(m)

Verification test case

15

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

main fire 
propagating 
during 100 s

Parameter estimation with wrong wind conditions

secondary fire 
starting at 40 s

background mean
analysis mean

Rochoux et al. , Front shape similarity 
measure for front position […] data 
assimilation for eikonal equation, ESAIM: 
Proceedings and Surveys (in review).

20 40 60 80 100

1.5

2

2.5

3

0

1

Time (s)

✓1 s.t. wind intensity (m s

�1
): 2

✓1

20 40 60 80 100

7

7.5

8

8.5

9

9.5

0

6.5

Time (s)

✓2 s.t. wind direction (

�
): 2

✓2



Validation

16

CHALLENGES  |  DATA-DRIVEN MODELING  |  OBJECT-ORIENTED ESTIMATION  |  CONCLUSIONS

Mélanie Rochoux

2012 RxCADRE S5 fire

• 15-min controlled burn (ROS ~20cm/s) 
• flat terrain ~180 m x 180 m 
• average wind speed ~2.5 m/s 
• grass with light shrub ~20 cm high 
• observation time period ~60 s
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2013 Rim fire (California)

• large scale fire (illegal campfire) 
• complex terrain ~70 km x 50 km 
• grass and forest wild land fuels 
• 11 observations over 20-25 August 
• GeoMAC data (Evan Ellicott, UMD)

© NASA

© NASA
© Justin 
Sullivan

Crown fire
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Computational cost for 
the integration of the fire 
growth model

• spatial resolution 

~70 m 
• Time step ~60 s 
• Simulation time ~100 hr 
⬌ CPU time ~20 min Crown fire
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Fire growth prediction

W
ide variety of applications

• detection of active burning areas 
• opacity of the smoke plume 
• sparse measurements 
➡ measurement and 

representativeness errors 

• burnt or unburnt state 
• many inputs: physical 

parameters to the ROS model, 
initial condition 

➡uncertainties in inputs and 
model assumptions

Mid-Infrared imaging Fire growth model

➡ Find more optimal values of the estimation targets by minimizing 
the misfit error with respect to the observations   

➡ Improved representation of the simulation-observation 
discrepancies using the front shape similarity measure

Mélanie Rochoux
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➡ Develop a unique framework for Eulerian 
and Lagrangian fire growth models 

➡ Test joint state-parameter estimation on 
multiple datasets (2013 Rim fire, 2011 
Greece fire…) in reanalysis mode 

➡ Apply to coupled fire-atmosphere 
models (ex: FOREFIRE-MesoNH) 

➡ Help to design adapted observation 
systems

Paving the way towards application to regional-scale 
wildfire spread in forecast mode
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