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A Data-Driven Fire Spread Simulator:
Validation in Vall-llobrega's Fire

Oriol Rios, Mario Miguel Valero, Elsa Pastor * and Eulalia Planas

Department of Chemical Engineering, Centre for Technolazal Risk Studies, Universitat Politécnica de Catalunya,
Barcelona, Spain

While full-physics re models continue to be unsuitable for Wd re emergency situations,
the so-called operational re spread simulators are incaphle of providing accurate
estimations of the macroscopic re behavior while quickly eacting to a change of
governing spread mechanisms. A promising approach to ovemmme these limitations
are data-driven simulators, which assimilate observed datwith the aim of improving
their forecast with affordable computation times. Althouly preliminary results obtained
by several data-driven simulators are promising, this schiee needs intensive validation.
Detailed studies of the particular aspects related to data ssimilation are essential to
gain insight about the applicability of this approach to opeational wild re simulation.
This paper presents the validation of the simulator preseat in Rios et al. (2014b,
2016, 2018) with a large scenario of real complexity with intricate teain. The study
case corresponds to a wild re of signi cant repercussions accurred in Catalonia in March
2014. We employed as reference data the event reconstructioperformed by the Catalan
Fire Service and validated with operational observation®etailed information about fuel
and meteorology was collected by the re brigades and allowd reconstructing the re

development with Farsite, a widely employed simulator. Sugequently, our simulator was
tested without a detailed description of the fuel and wind peameters, i.e., imitating its
intended deployment conditions. It proved capable of autoratically estimating them and
correctly simulating the re spread. Additionally, the eéct of the assimilation window on
the forecast accuracy was analyzed. These results showed #t the simulator is able to
correctly handle complex terrain and wind situations to sucessfully deliver a short-term
re-front forecast in those real and complex scenarios.

Keywords: wild re, front spread, Rothermel, forecast, Wind-N inja

1. INTRODUCTION

Wild res are a global phenomenon that have a dramatic impadeims of human lives, property,
and environmental losses. Moreover, they exhibit an inéregisend in both burned area and re
severity. In order to face them, better tools to tackle andisage re propagation are required.
Fire spread is determined by a number of physico-chemical phema intimately interconnected.
The complex mathematical description of these underlying phesma has prevented, so far,
scientists from successfully modeling forest re spread witteptable computation resources and
meaningful lead times. Simulators based on Computationatlfhynamics require hardware and
computing times far beyond the current available capacitynseguently, operational re spread
simulation is, at present, performed using semi-empirical elede.g.Rothermel's, 1972that
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are highly sensitive to input parameter's uncertainty andshu of a set of pre-run wind eld maps within the re domain and
cannot be applied universally. The expectable heterogesditie all new values of wind magnitude and direction are autonaitjc
fuel, terrain, and wind properties, added to the intrinsic diulty  interpolated. This approach allows delivering updated maps with
to measure such parameters in a wild re scenario, usuallytea low computational time (in the order of 1E-3 seconds).
an important decrease in the accuracy of these models. After the correct validation of the concept with at

To address this issuéylandel et al. (2009pioneered the experimentsRios et al., 201)6this data-driven modeling system
application of data assimilation concepts into the wild re needs validation against a case as close as possible to real
modeling problem by using Kalman Iters to assimilate re wild re conditions. In order to be applied in a real re scenario,
locations and predict ame temperature using an atmosphereeur simulator should ideally be coupled with a real-time re
coupled wild re model. While the results were promising they monitoring system. Previous studies have proposed inteitige
also raised concerns on spurious re corrections and the rded computer vision algorithms to process aerial infrared imgger
computing time. Following those idedspchoux et al. (2014a,b, automatically with this purpose/lero M. et al., 2017; Valero M.
2015)implemented a data-driven system based on a level-séi. M. etal., 2017; Valero et al., 2Q1Bowever, there is at present
description ofRothermel (197 2nodel and studied the di erence no airborne system that can be deployed operationally to track
between parameters and state assimilations. The system wihe re perimeter in real time with a high temporal resolution.
further used in an interesting application to reproduce theCurrently, quantitative information about the re spread is
front location of a three-hectare eld-scale tesi&héng et al., usually limited to scattered observations of the approximege
2019 and a simulation recreating of a medium-scale (800 Xront positions at temporal resolutions in the order of hours.
400 m) wild re test ghang et al., 2007 The later case used We overcame this di culty using the simulated reconstruction
a spatially-distributed parameter estimation to tackle tegue of a recent wild re, which had been previously validated, as
of spatial heterogeneity of the resolved parameters. Dedpete tsynthetically observed re evolution. The usage of recarngton
strategy showed improved capacity to reproduce observationdata implies that the validation is not performed on the ovkral
the extrapolation to forecast applicationis not clear as aitsied  system but on the assimilation step and capacity to reproduce
parameters remain valid on their pre-stated observablesnegi a set of re perimeter with a given initialization data. Whag

In parallel to those developments, we explored a data-drivethe validation of the whole system is needed (with real data
system based on marker-tracking implementation of Rothermalisage), this particular validation of the assimilation stap also
model Rios et al.,, 2014b, 20)l6This tool integrates data be useful to detect weaknesses and strengths while enabéng t
assimilation techniques in order to calibrate a semi-engairi further upgrade of the embedded re spread model while keeping
re behavior model on-line. By matching modeled and observedhe overall system unchanged.
re evolution, fuel and wind properties are estimated and This paper presents the validation of the simulator presented
periodically updated. In addition to the observed re spread,in Rios et al. (2014b, 2016, 201#) a large-scale wild re
our simulator accounts for terrain and spatially distribdteind.  scenario of real complexity with intricate terrain. We empldye
For the terrain interaction, Digital Elevation Model maps (M  as reference data, the event reconstruction performed by the
are used to compute the Rate of Spread corrected by slo@atalan Fire Service and validated with operational obsenva
projection according to Rothermel's modeRd@thermel, 1972  Point observations of the re evolution were collected bg the
For the wind input, we considered high-resolution simulatedbrigades and allowed, together with detailed informatidroat
wind elds that interact with the re spread according to fuel and meteorology, the reconstruction of the re developiten
the correction of Rothermel's model proposed Byidré and  Subsequently, our simulator was tested based on this syothet
Goncalves (2013)Additionally, wind elds that account for observations and using the data potentially available in & rea
topography are generated with WindNinjadgrthofer et al., 2009; operation, i.e., rough and general fuel information and dama
Wagenbrenner et al., 20).6This software projects overall valuesaveraged wind measurements. The rest of the paper is strutture
of wind speed and direction onto the DEM in order to output a as follows: rstly, section 2 provides background information
detailed wind eld at low height (1.5 m in our case). about the real re incidence as well as its simulation; sec8o

A signi cant drawback of the computation of high-resolution explains the data driven system employed in the present study
topographic wind elds is its high computational cost. For and the results are presented and discussed in sections 4.
instance, a 800 x 800 cell domain needs about 20 min to be
resolved in a single core machine. Recent works conducted by
Sanjuan et al. (2016a,bmade use of advanced parallelization?2, \VALL-LLOBREGA WILDFIRE
computing techniques to reduce this time to the order of saler
minutes using multicore machines. However, those are stiDetailed information about fuel and meteorology was caéec
una ordable times in a data-driven approach where hundreds oby the re brigades and allowed reconstructing the re
iterations are typically required. As the wind speed and dicec  development with Farsite, a widely employed simulator. This
are part of the key parameters to be resolved by the assinmlatioeconstruction was validated using observed data about
process, every time that a new parameter set is estimated, ttitee burned perimeter evolution by L. Castell (personal
wind eld needs to be updated. In order to work around this communication, 2016).
limitation, our modeling system integrates the interpodeti The re started near the village of Vall-llobrega, on the
approach described iRios et al. (2018)This strategy makes use northern shore of Catalunya (see origin sign figure 1) at
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FIGURE 1 | Vall-llobrega re development and nal perimeter. Source GRAF (2014) adapted.

13:04 h of 16th march 2014 and it ended burning 359 ha. Thevave principles for elliptical expansion by means of
extinguishing operation involved more that 50 re engines, 7the partial dierential equations established biRichards
aerial means, and more than 150 re ghters. The re took (1995) The equations are integrated in a discretized form
place o -season but showed similar behavior to summer resmplemented in a Lagrangian markers tracking approach.
(Figure 2) in terms of propagation speeds and re intensity. The enveloping front produced by those equations is Itered
The main and secondary runs together with observable sppttinwith algorithms to prevent loop entanglements, sharp edges,
propagation were reported by the emergency responders arahd homogeneously distributed markers along the entire re
displayed inFigure 1 Reasons were twofold: the severe droughfront perimeter.
regime present at the time [see drought index valuBsrifer, The version used in this paper includes a built-in fuel struetu
1979 displayed inFigure 3 and the presence of large dead fuelto adapt the standard fuel model classi cation develope&bytt
on the ground due to an uncommon snowfall in a precedent yeaand Burgan (2005&p a simpli ed implementation that reduces
(2010), which provided additional available fuel. the number of fuel parameters to 5: Fine Fuel Lo@d)( Surface-
The weather conditions were dry and windy. When the re area-to-volume ratio $AV), Moisture content i¢), Moisture
was initiated, the relative humidity was of 20% and the wirasw of extinction (My), and Fuel Bed Depth). The reduction
blowing from north at a speed over 36 km hwith reported wind  methodology was proposed and evaluatedRins (2018) This
gusts of 80 km hl. Data logged by the automatic weather stationreducing strategy allows for a simplied description of the
located at 10 km from the re are reported iFigure 4. standard fuel modelgcott and Burgan, 200bwhich uses those
ve parameters for each of the ve fuel particle classes, naniely,
3. METHODOLOGY: DATA ASSIMILATION 10, 100 h, live herbaceous, live woody. The equivalent paesaime
set is build up by means of numerical optimization within all
3.1. SmartQFire Tool families of fuel models that contain the same fuel particleselas
SmartQFire is a data-driven wildre spread modeling Additionally, the data driven system at hand includes
system explained in detail inRRios et al. (2014a, 2016, topographic wind simulations that are being run at each
2018) The system is based on ttieothermel (1972)model iteration step. The wind maps are generated by means of the
to estimate the Rate of Spread of a re front given theinterpolation framework presented iRios et al. (2018)which
fuel, terrain, and wind characteristics. The re front is uses the diagnoses software WindNinfeo(thofer et al., 2009;
generated by coupling the rate of spread with the HuygensVagenbrenner et al., 20)Lto generate base maps. This strategy
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minimum. Active-set methods can be applied to both convex
and non-convex problems and have been the most widely used
methods since 1970s\¢cedal and Wright, 1999 They are
based on a trust-region strategy. This technique estaisish
sub-domain near the current objective function evaluatpmint
(trust region) where the cost function is approximated using a
quadratic model. Then, the constrained problem is solved using a
sequence of parametrized unconstrained optimizations, fimc

the limit converge to the constrained problem. The method can
be mathematically formulated with the Kuhn-Tucker equaso
(Kuhn and Tucker, 1991 Lagrange multipliers are necessary to
balance the deviations in magnitude of the objective fuocti
and constraint gradients. Particular care on the impleméata

of this algorithm must be taken regardingaratos e ect This

e ect states that bounds and equalities might be violatedrid

the fastest way to the minimum. In our present problem, this is
important in two of the parameter bounds. Lower wind speed
FIGURE 3 | Drought index values on 16/03/14 over Catalunya. The star (i.e., 0 ms 1) and the inequalityMs My. If any of those
symbol marks Vall-llobrega location. SourceGRAF (2014) constraints is violated, negative and complex values of Bfate
Spread are output producing an error in the spread algorithm.
To solve this issue (and prevent the optimization from haljing
the spread model must be tweaked to handle those scenarios and
produce aNaN output that can be further interpreted by the
optimization method.

proved to be computationally e cient and accurate enough for
operational wild re simulations.

3.2. Optimization Strategy

The cost function used to perform the optimization process is

based on the Shape Dissimilarity Index (SDla) state@byand 3.3, Reference Data for Model Validation

Perera (2010)The original index was corrected by subtractingThe re described in section 2 was recreated using Farsite

the area of the front used to initialize the assimilation tm&  (Finney, 1998 by members of the Catalan Fire Department

the bias given by this already contained area. The SDla indBx closely involved with the emergency response operations

then be expressed as: developed during the re. The Farsite input les, together

with the adjustment factors, were manually tuned to closely

Mi G (1) reassemble the 2 h 50 min initial development of the re. Those

i la are depicted irFigure 5.

. Taking those 35 isochrones as ground-truth, three cases are
Where M; and O; are, respectively, the modeled and observed 9 . 9 L
) ; : . . - run varying the number of isochrones used for assimilatiod an
fronts' burned areas in a given time ahglis the initial front area

. . forecast validation. Those allocations are gathered heldwe
used to perform the rst perimeter expansion.

The optimization step is performed by means of the activeC orresponding time is given in parentheses.
set method as this algorithm was found to overperform other Case A5 assimilated fronts (20 min), 29 forecast (145 min)
existing line-search based methods in terms of computing Case B10 assimilated fronts (45 min), 24 forecast (120 min)
e ciency and capacity to nd the closest solution to the gldba  Case C22 assimilated fronts (105 min), 12 forecast (60 min)

SDlaD
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FIGURE 4 | Wind, temperature and relative humidity data logged at thew@omatic station of La Bisbal d'Emporda (10 km from the re) orthe 16/03/2014. Shaded
area corresponds to the period of interest. Source: Servei Bteorologic de Catalunya.
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FIGURE 5 | Farsite validated reconstruction of Vall-llobrega res fathe initial 170 min. Black lines are 35 isochrones at 5 min fggiency. Orange solid contour is the
satellite-based nal scar (source:ICGC, 2018).
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To initialize SmartQFIRE software, the 7 parameters to beases, it is clear that the front generated with the initiion
optimized were estimated with the values gatheredable 1  values highly di ers from observations. On the contrary, the
This could be a blind estimation done in real situations asmily ~ assimilation process converges into a situation that closely
requires a rough idea on the scenario conditions. As examplegsembles the observations, especially in the cases wherk 5 an
for the case at hand, the fuel characteristics had been pairdd fronts are assimilated. In particular, the topographic e iect
to the fuel model TUS5Very High Load, Dry Climate Timber- both anks is well-resolved. The 10 front case, howevernsho
Shrub (Scott and Burgan, 200ptas re responders already some divergence on the tail as converged fronts spread Iglight
knew that packed and dead under-story was present. Simikarly further than observations. This e ect is more remarkable fie t
representative wind speed and direction was taken from a ryearlshird case, Figure 60 where this overspread is larger. In this
station at the time of re initiation (se&igure 4) . case, however, anks and fronts are still correctly resalvidee

di culty to properly simulate the tail part of the re may lie on

the fact that backwards spread ( re spreading against wind and
4. RESULTS AND DISCUSSION topography) is not well-characterized yet. A dedicated suddeh
4.1. Assimilation Results should be implemented once theoretically available, to impro

The results of the assimilated fronts for the three caseoeaqbl this weakness.

are plotted in Figure 6. Dashed-green lines in this gure

correspond to the estimated propagation with the values ift.2. Parameters Convergence

Table 1 Black lines correspond to the observed fronts whereafo assess the convergence of the assimilation process we
red dashed lines are the calibrated re spread. In the threanalyzed, on one side, the convergence of the simulatedsfront

FIGURE 6 | Three different assimilations runs. North direction is toard the top of the image. Black solid lines are observationgjashed green lines are initial run, and
dashed red lines are the optimized fronts at the end of the asmilation period. Background image is the hillshade represntation of the domain.(A) 5 fronts. (B) 10
fronts. (C) 22 fronts.

FIGURE 7 | Convergence of the assimilation process for Case A (20 min afssimilation).(A) Mean area error between observed and assimilated frontgB) Relative
convergence for each of the 7 optimized parameters.
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and, on the other, the convergence of the seven assimilat@@BLE 1 | Values of the parameters estimated to initialize the assitation run.
parameterskFigure 7 shows those two convergences for the rst
case presented here (20 min of assimilation). As the optinazat
engine made use of the active-set strategy, each of théidtesa
indicated in the Figure make use of multiple evaluations & th | giess  1.73 4015 110 25 20 366 360
forward model in order to de ne the following step direction.
The mean area cost value depicted in the left pandtigtire 7

is the absolute areal di erence between each of the obsened a
simulated re perimeters averaged by the number of simulateJAB'-E 2 | Final absolute values for all seven parameters after the assilation
fronts. It is remarkable that in the Oth iteration this value ™

w SAV My Mg u
kgm 2] [m 1 [em] [%] [%] [kmh 1] [deg]

diverges rising to 240 fa The explanation for this behavior w SAV Mx Mg u

might lie on the fact that despite the optimization is constiedl, kgm 21 [m 11 [ecm] [%] [%] [kmh 1] [deg]
the active-set converging process could exceed the bowsari

of the optimization domain before the parameters are forcedni- Guess 173 4015 110 25 20 36.6 360
to fall back into the valid range. Those processes have beépse A 172 7,234 183 240 169 34.9 3711
sometimes identi ed to produce this local divergence of theCaseB 151 6,915 167 253 174 323 3516
optimization process. Case C 1.32 6,859 172 236 163 27.7 358.2

The relative parameters value convergenE&gl(re 7B) 1S The initial estimated values are also depicted in the rst row.
expressed as a percentage of the nal converged value. Thus,
all parameters converge to 100%. We can identify here that the
convergence is not smooth and steady as there are large jJUMSLE 3 | Ssummary of the proposed fuel model variables, ranges, and awtant
(SAvVandu atiteration 17 for example). This supports the nding values.
identied in Rios et al. (2017)the optimization problem at

. . . arameter Range (value) Units
hand is not a smooth problem and, thus, simple linear searcﬁ
algorithms do not provide an acceptable solution. CHARACTERISTIC VARIABLES
Converged values for each parameter and case are gatheegg (oad W 0.067—-2.925 kgm 2]
in Table 2 Analyzing them one-by-one we nd that all three gyrace-area-to-volume ratio SAV 3753-7270 m 1
cases generated here mostly converge toward the same setgkure content My 5-40 %]
parameters, except for the wind speed in case C, which j%sture of extinction My 12-40 (%]
considerably lower than the other cases. The ne fuel logdi§  GRIGINAL VARIABLES
reduced for all cases with respect to the initial value asasete | geq peptn 0.06-1.83 m]
moisture content. This could provide a larger re spread, Wwhic ;4 ame wind speed U 0.06-1.83 ms 1]
would be inexplicable regarding the fronts produced with the,,. . wind bir 3 frad]
initial guess (see green dashed lineigure €), butthe dramatic =g ETANT BARAVETERS
wind reduct_lon p_revents th|_s. Indeed, for all cases the c_zlmmal Low heat content (all fuel particles) h 18609 kikg 1]
representative wind speed is lowered below 10 n$he wind ) . 3
. K . . X . Ovendry particle density p 512.59 [kgm <]
direction pivots around the 360value, i.e, wind blowing from o
. . . L. Effective mineral content Se 5.55 [%]
north. It is worth to recall here that the direction ) is internally _
. . . . Total mineral content St 1.0 [%]
expressed in radians and values are always projected into [TERRAININPUT SARANVIETERS
- 3 ] bounds for numerical reasons (sékble 3. Another
. Slope slp - [rad]
remarkable output is the converged value of the surface-tarea . (rad]
spec - raf

volume ratio SAV). In all cases, it increases largely, and even iA
case A, it gets close to the upper bound (stated at 7,278.m
These values indicate that from our simulator standpointstho
the thinner fuel is the principal contributor to re spread. To
validate this results, post- re data would be needed to asses As it could be expected, case A (with the shortest assimilatio
the principal fuels involved in the re. Despite the lack of this window) performs poorer than the other two cases. This case
information, the observations of high intense re behavemd correctly forecasts the back of the re and the right ank exft
its high propagation speed support this outcome. 145 min (2 h 25 min) Figure 8A), however it over-predicts the
position of the front part of the perimeter by approximately
200 m. Case B also manages to forecast the back of the re
4.3. Fire Spread Forecast and it matches correctly the front and the anks. The lasteiar
Once the seven parameters are calibrated by means of tlechrones show a burst on the rear part of the right ank.
assimilation process, the forecast is launched and compared This might be due to bad terrain handling, as it seems that this
the ground-truth fronts that remain available in each cadgese part of the front accelerates suddenly. Contrary to the presio
results are depicted iRigure 8 For all cases, the last assimilatedcases, case C, which is the one that has more fronts assdilat
perimeter is the one used to initiate the forecast model run. under-predicts the back of the re and slightly over-preditte
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FIGURE 8 | Forecast run (blue dashed lines) vs. observations (black Ed lines) for the three cases(A) 5 assimilated fronts, 29 forecast fronts(B) 10 assimilated
fronts, 24 forecast fronts. (C) 22 assimilated fronts, 12 forecast fronts.

front. Nevertheless, the right ank is better resolved tharthe  time, there is a trade-0 between the assimilating time ahgst
previous cases. averaging e ect. Ideally, once enough validations are peréaf,

To help in the analysis of the forecast performance of eacthe optimal assimilation windows for a given case could be
case, the SDla index for each forecast perimeter is plotted e ned and it should be shifted over time (without increagin
Figure 9. Each marker in the Figure corresponds to a single SDIthe number of assimilated fronts) as the emergency evolves. A
value for a given time. One can observe, for example, thateke b this window might depend on the overall re behavior, di erent
110 min-forecast is provided in case C. However, this is prjbabwindow length could be set based on some index, as head front
due to the fact that case C was initialized at minute 90 so it iRate of Spread. The study of this optimal assimilation window
actually a forecast at 20 min horizon. Indeed, as time pasges linked to scenario (observed re behavior, domain chardstes,
case C performs worse than case B. Case A delivers an acceptglalemeters values, etc.) should be further investigateu mire
forecast during the rst 30 min. Beyond this time, perform&nc validation cases as it is one of the key aspects to render this
decreases with time until reaching rather unacceptableegalu tool operational.
for the last 50 min. As the whole systems is build up on Finally, the computation time needed to perform all
nding representative parameters that are assumed consteert o assimilation and forecast runs for each case are reported
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Rios et al. SmartQFire Simulator Validation

FIGURE 9 | Similarity index (SDla) performance for all forecast fronésd the three different strategies explored. Ass, assimiled fronts; Fore, forecasted fronts.

TABLE 4 | Running times and lead times for all cases. and do not fully describe re dynamics. Consequently, the
inaccuracies of a data-driven simulator when compared again

Case  Flapsedwallclocktime  Forecasthorizon  Lead time observed data could be a result of de cient data-assinoitati

I fel(fminl) [=1({min) performance just as well as inherent physical limitations & th
Case A 115 8700 (145) 8585 (143  forward modelg . .
Case B 251 7200 (120) 6949 (115.8) By decoupling both problems, this study aimed to assess
Case C 380 3600 (60) 3220 (53.6) OUr data assimilation system independently from the re sprea

model employed. We achieved this by using, as synthetic
The simulations are conducted with an Intel(r) Core(MT) i7-6700CPU 3.4Ghz (@ysical ground-truth data, simulation results obtained with Faesi
cores). Farsite implements Rothermel's re spread model, which is also
incorporated in SmartQFIRE. Therefore, results obtainechis t

in Table4 In all cases, the lead time (time between thesy,qy can be understood as a direct assessment of the agairac
results delivery and the forecast time) exceeds 50 min. Thigr data assimilation system.

aspect, together with an accuracy estimation to set thehlelia  The evaluation was performed with the initial 2 h and 50
forecasting horizon, are key aspects if SmartQFIRE is to Bgin of isochrones with a frequency of 5 min. Three di erent

employed in operational situations. assimilation cases were studied. They could be representativ
of dierent times where the assimilating system could be
5. CONCLUSIONS deployed. The algorithm showed great potential to handle

complex wind and terrain entangled scenarios. The coupling
The data driven system SmartQFIRE was tested with theith WindNinja enhanced successfully delivered realistimts
reconstruction of a real wildre in order to explore its that could closely match observation without jeopardizig t
potential performance in a real emergency scenario. Theperational application due to computing time. Indeed, for
a-posteriori simulation of a real re had been generatedall cases studied, the lead time exceeded the 50 min. It was
with Farsite and validated by operational responders witfound that, in general terms, more assimilated fronts presd
in-situ point observations. This simulation was used inbetter results although the analysis also showed that itsexist
the present study as synthetic observed re evolutiontrade-o on the averaging calibration parameters and cotrec
Synthetic re spread was used instead of real observatiorfsrecast. More research is needed to determine the ways to
in order to decouple the data-assimilation problem fromestablish the correct assimilation window that optimize th
the re-spread-simulation scheme. Whereas comparisorforecasting results.
of this simulator against real data will be essential, the Finally, one of the identi ed limitations of this approach
measurement of its performance in a real scenario woulis the lack of spatial variation of the fuel parameters that
complicate the identi cation of the forecast error sources.are being resolved by means of the assimilation. In most
Operational re spread simulators are based on semifeal situations and long lasting wild res, the canopy cover
empirical models which are built upon strong simpli cations a ected will be heterogeneous and thus, the present system
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will not be capable of correctly resolving a single set of fusRUTHOR CONTRIBUTIONS

parameters for the entire domain. A possible solution lies on

the ab|||ty to pre_dassify the entire domain into di erent lsu All authors listed have made a SUbStantial, direct and iatsbal
domains with certain homogeneity. If this division is pogsib contribution to the work, and approved it for publication.

(for example, employing available canopy cover information

coming from lidar sensors) then, it is possible to resolve th&eUNDING

parameters independently for each of the sub-domains. Araihit

exploration of this concept was performed hang et al. The authors thank the Spanish Ministry of Economy and
(2017) although in their case the aim was to capture windCompetitiveness (project CTQ2017-89990-R) founded with
heterogeneity (already considered in the system at hand) aFEDER funds, the Spanish Ministry of Education, Culture and
the division was not based on canopy cover but structured iffport (Formacion de Profesorado Universitario Program) and
a grid shape. Thus, this upgrade is a necessary future wotke Autonomous Government of Catalonia (project no. 2017-
to be conducted prior to the deployment of the system intoSGR-413).

real scenarios.
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