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Abstract One of the challenges still open to wildland fire
simulators is the capacity of working under real-time con-
strains with the aim of providing fire spread predictions that
could be useful in fire mitigation interventions. We propose
going one step beyond the classical wildland fire prediction
by linking evolutionary optimization strategies to the tra-
ditional scheme with the aim of emulating an “ideal” fire
propagation model as much as possible. In order to acceler-
ate the fire prediction, this enhanced prediction scheme has
been developed in a fashion on a Linux cluster using MPIL
Furthermore, a sensitivity analysis has been carried out to
determine the input parameters that we can fix to their typi-
cal values in order to reduce the search-space involved in the
optimization process and, therefore, accelerates the whole
prediction strategy.
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1 Introduction

Forest fire is one of the most critical environmental risks in
all the Mediterraneans countries due to the high tempera-
tures and low precipitation rates, especially during the sum-
mer. This is an important problem throughout the world, but
in these areas it is extremely dangerous. Every year inten-
sive forest fires burn thousands of hectares destroying a great
number of trees and natural resources. Moreover, this im-
plies a progressive turning of land into desert with all the
associated problems.

For all these reasons, it is very important to fight against
such forest fires using all the available resources in order to
minimize their effects as much as possible. This fight against
the fire must be carried out at two main different levels. These
two levels are:

1. Forestfire prevention: Atthis level the administration must
promote the education of civil society to avoid risks that
can provoke a wild forest fire. However, there are many
other things that must be done to minimize the fire ef-
fects as much as possible. For example, it is necessary
to work on the planning of the terrain to prepare natu-
ral fire-breaks, to decide which terrain can be urbanized,
to prepare evacuation plans, to design roads and ways of
reaching all the places in the country and so on. If the
administrative decisions are made in the proper way, the
effects of fire can be minimized and the fight against fire
during a real emergency can be made easier.

2. Forest-fire fighting: During a forest fire emergency it is
necessary to use the available resources in the best pos-
sible way. However, this fighting against the fires implies
the coordination of several groups (plane and helicopter
pilots, firemen, and volunteers) for the adequate use of
combative resources.

@ Springer



330

Cluster Comput (2006) 9:329-343

In both cases of fire prevention and real emergency, it is
important to have tools that are able to predict the forest-fire
propagation taking into account the particular conditions.

Models are being increasingly used to make predictions in
many fields of environmental science. Models, however, have
a series of limitations from which the lack of accuracy and/or
a proper validation have the most dramatic consequences.

One of the goals of fire-model developers is to provide
physical or heuristic rules that can explain and emulate fire
behavior and, consequently, that might be applied to creating
robust prediction and prevention tools. However, as knowl-
edge of several factors affecting fire spread is limited, most
of the existing wildland fire models are unable to exactly
predict real-fire spread behavior. Fire simulators [2, 4-6],
which only are a translation of the fire model equations into
code, cannot therefore provide good fire spread predictions.
The disagreement between real and simulated propagation
basically arises because of:

— uncertainties stemming from the respective mathematical
models,

— approximations in numerical solutions,

— processor limitations and

— the difficulty of providing the model with accurate input
values.

There are two different philosophies to approaching the chal-
lenge of developing fire-propagation models. On the one
hand, certain scientists study fire behavior to create sophisti-
cated fire models in order to “exactly” (“ideally”) reproduce
the real fire behavior. However, overly complicated models
can be impractical to use or even to realize. On the other hand,
there are certain trends to simplify the phenomena without
losing the main characteristics. The drawback, in this case,
is that excessively simple models can lose accuracy.

Mathematical models usually contain complicated differ-
ential equations that need approximated numerical solutions
to be solved. Translating these numerical solutions into code
is carried out using a computer language. These languages
and the underlying processors have numerical accuracy lim-
itations. The representation of real numbers in digital ma-
chines and the ability of the processors to process these num-
bers have limits [22].

Classical prediction simply consists of using any existing
fire simulator to evaluate fire position after a certain time. The
simulator is fed with all the required parameters (vegetation,
meteorological information, ignition point ...etc.) and then,
the simulator is executed to predict the fire line after certain
period of time. The simulator cannot be run with the absence
of one of these input parameters. The prediction obtaining
using this approach usually disagrees to the reality. As we
have previously commented, one reason of the disagreement
between real and simulated propagation stems from the dif-
ficulty of providing the model with accurate input values.
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Uncertainties in the input variables needed by the fire prop-
agation models can have a substantial impact on the result
errors and have to be considered.

A way to overcome this problem consists of applying op-
timization techniques to the input parameters of the simula-
tor/model, with the aim of finding an input setting so that the
predicted fire propagation matches the real fire propagation.
Due to the increasingly large size and inherent complexity of
most man-made simulators, purely analytical means are of-
ten insufficient for optimization [1]. We need to use heuristic
optimization methods to search input parameters domains in
most efficient way.

Additionally, we should bear in mind that, for a fire pre-
diction be useful, it should provide a new fire-line situation
within a time frame that is substantially before that of the
real time being predicted. Otherwise, the prediction will be
of no value. Therefore, fire prediction can be seen as a process
under real-time constraints.

Approaching this problem using the classical prediction
approach we can meet the real-time constraints in detriment
to the precision results. However, this kind of environmental
risks need reliable predictions in order to tackle the emer-
gency in a productive way. Thus, we propose going one step
beyond the classical wildland fire prediction by linking evolu-
tionary optimization strategies to the traditional scheme with
the aim of emulating an “ideal” fire propagation model as
much as possible. Similar ways of approaching this problem
can be found in the literature [8, 9], however, no analysis of
its applicability under real time constraints has been carried
out.

The current state of the art in the computational field offers
the required background to be applied to approach this prob-
lem. Computing systems based on parallel and distributed
platforms (cluster computing) offer the required computing
power to apply these techniques and to provide successful
results in an acceptable time. However, since evolutionary-
optimization techniques work in an iterative way by improv-
ing the obtained solution at each iteration, they could be
a time consuming problem even using clusters computing.
Therefore, techniques to improve the convergence speed of
the optimization technique should be provided. In this work,
we apply a sensitivity analysis to the input parameters in order
to asses their impact on output and, consequently, to deter-
mine which parameters are worth spending time on tuning
and which are better to avoid spending effort on, maintaining
them instead at their typical values.

The rest of the paper is organized as follows. In Section 2,
we briefly reported the fire modeling problem. The classical
and the proposed enhanced prediction methods are described
in Section 3. How to speed up the fire prediction process
taking advantage of cluster computing and techniques for
accelerating the optimization are outlined in Sections 4 and 5
respectively. The framework used for the experimental study
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is reported in Section 7 is set in Section 6. Finally, the main Table 1 Input parameters for the Rothermel model

conclusions are listed in Section 8. Parameter Unit
Loading (/) Ib fuel/sq ft bed

2 Fire simulation Dead fuel moisture (dm) 1b water/Ib fuel
Live herbaceous fuel moisture (Im) b water/Ib fuel
Surface area-to-volume ratio (s) sq ft fuel/cu ft fue

It should be recalled that the forest fire propagation is a very
complex problem that involves several aspects that must be
considered:

1. Meteorological aspects: The meteorological conditions
affect the fire propagation in a direct way. Temperature,
wind, moisture, and so on modify the fire behavior and
propagation in a significant way. It must be taken into ac-
count that these conditions are not static, but change due
to the macro-meteorological conditions or the day-night
cycle. Therefore, the forest-fire propagation prediction
should consider the prediction of the meteorological con-
ditions as well. In a more accurate analysis, it must be
pointed out that the fire itself modifies the temperature,
wind conditions and so on.

2. Vegetation features: The features of the vegetation influ-
ence in a direct way the fire behaves. However, there are
points related to meteorological conditions that modify
the features of the vegetation. For example, the moisture
contents of the vegetation influences fire behavior, but this
contents depends on meteorological conditions (past and
current).

3. Topographical aspects: The topographical aspects of the
terrain are also very significant in order to predict the
fire behavior. But the particular topographical conditions
also modify the meteorological conditions. For example,
meteorological wind is modified by the topography of the
terrain in such a way that the particular wind must be
evaluated at each point and therefore, it must be analyzed
as a wind field with a particular value at each point.

For all these reasons it can be concluded that the forest-fire
propagation prediction is a very complex problem that in-
volves several disciplines (physics, chemistry, biology, ecol-
ogy, ...) that must co-operate to provide accurate models and
solutions that predict the fire propagation in a realistic way.

There are several models in the literature to describe the
behavior of forest fire propagation, which can be divided
into two main categories: global and local models. These
two models consider two different scales. On the one hand,
the global models consider the fire-line as a whole unit (ge-
ometrical unit) that evolves in time and space. On the other
hand, the local models consider the small units (points, sec-
tions, arcs, cells, ...) that constitutes the fire-line. These local
models take into account the particular conditions (vegeta-
tion, wind, moisture, ...) of each unit and its neighborhood
to calculate the evolution of each unit. Most of these mod-
els have in their core the basic fire propagation equations

Fuel bed depth (f) feet
Dead fuel extension moisture content (df)  1b waterlb fuel

Low heat of combustion (/) BTU/1b fuel
Total silica content (S7) Ib silica/lb fuel
Effective silica content (Se) Ib silica/lb fuel
Wind speed (U) feet/min

developed by Rothermel [18]. The input parameters needed
by this model are reported in Table 1.

Once the scientists come up with either an enhanced or
new fire model, they must finally collaborate with scientists
from the computer science field, in order to develop fire sim-
ulation tools. That means that the theoretical models must
be coded and then executed on computers. To accomplish
this objective it is necessary to apply numerical methods and
algorithms that solve the proposed models.

The main goal of all the implementations based on propa-
gation models is to provide an integrated simulation system
of forest-fire propagation. The global and local models and
the required environmental information must be integrated
to obtain a simulation system that provides the space-time
forest fire evolution. The main components of an “ideal” fire
simulation system are the following [17]:

1. Input information databases, concerning the physical en-
vironment, including: (1) ignition point or current status of
the fire-line, (2) vegetation maps that include the charac-
teristics of the vegetation of each region, (3) topographic
information of the terrain where the fire is burning, and
(4) meteorological information, usually the wind field.

2. Propagation models: The global and local models de-
scribed above.

3. Complementary models: These models include those pa-
rameters with a dynamic behavior.

However, the current state of forest-fire research does not
allow us to include all the components in a real system.
There is active research in all these fields but there are no
final results that can be included in the simulation systems.
Therefore, the real current simulation systems have a simpli-
fied structure, which is shown in Fig. 1 and, consequently,
“ideal” fire-propagation simulators do not exist. In the fol-
lowing section, we will describe how to enhance the classical
fire prediction scheme based on the use of “non-ideal” fire
simulators, in order to provide more accurate fire spread pre-
dictions.
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Fig. 2 Classical prediction of wildland fire propagation
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3 Wildland fire prediction

As we have previously mentioned, the classical prediction
scheme simply consists of using any existing fire simulator
to evaluate the fire position after a certain time. The simulator
is fed with all the required parameters (vegetation, meteoro-
logical information, ignition point, etc. ...), otherwise it will
not work properly and is then executed to predict the fire line
after a certain period of time.

This classical approach is depicted in Fig. 2. FS corre-
sponds to the underlying fire simulator, which will be seen
as a black-box. RFLO is the real fire line at time #; (initial
fire line), whereas RFL1 corresponds to the real fire line at
time #;. If the prediction process works, after executing F'S
(which should be fed with the corresponding input param-
eters and RFLO) the predicted/simulated fire line at time
(PFL) should concord with the real fire line (RFL1). How-
ever, due to the complexity of the fire spread modeling (as
we have analyzed in the previous section), the traditional
prediction scheme fairly matches the real fire propagation.

The proposed prediction method is a step forward with re-
spect to this classical methodology. Our approach introduces

Fig. 3 Enhanced wildland fire t=to

of parameters that should be adjusted (tuned) to optimize the
objective function. This set of parameters is represented by a
vector referred to as 6*. Consequently, we can formulate an
optimization problem as follows:

Find 6* that solves mingegL(6)

where L represents some objective function to be minimized
(or maximized). Put simply, the optimization problem deals
with the aim of defining a process to find a setting for the
parameter vector 6, which provides the best value (minimum
or maximum) for the objective function L. This search is
carried out according to certain restrictions of the values that
each parameter can take. The whole range of possibilities that
can be explored in obtaining the optimization goal is called
the search space, which is referred to as S.

If we accommodate the fire prediction elements to this op-
timization description, the resulting scheme is the one shown
in Fig. 3.

Letus analyze in more detail the correspondences between
the depicted boxes and the optimization components. First
of all, the vector 6 corresponds to the set of input parameters
to be optimized. The length of this vector will depend on
the underlying simulator, but in general, as the majority of
fire simulators are based on the above-mentioned Rothermel
model, it will not be less than 10 components.

In order to reduce the divergence between classical
prediction and real-fire propagation, we need to evaluate the
goodness of the results provided by the simulator. For this
purpose, a Fitness Function must be included (FF box). This
function will somehow determine the degree of matching
between the predicted fire line and the real fire-line. Both the
fire simulator and the fitness function conform the objective
function L together. Finally, the OPT box will include

t=t1 t=t2

prediction method ame ——- .- - -

v v
--------------- :

»

Input Parameters T>
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the particular optimization strategy selected to solve the
problem. The goal of the optimization strategy consists of
generating a new set of input parameters, which minimizes
the underlying error prediction, taking into account the infor-
mation provided by L (FS and FF boxes). The optimization
process is performed in an iterative way, which is represented
in Fig. 3 by the dotted arrow. This feedback loop will be
repeated until either a “good” solution is found or a predeter-
mined number of iterations has been reached. At that point,
an “optimal” set of input parameters might be found, which
will be used as the input set for the underlying fire simulator,
in order to obtain the predicted position of the fire front
(PFL) in the very near future (¢, in Fig. 3). This process will
be repeated when a new real fire-line is fed to the process in
order to readjust the prediction. Obviously, this process will
not be useful if the time incurred in optimizing is superior
to the time interval between two consecutive updates of the
real-fire spread information (for the example of Fig. 3, the in-
terval time between #; and 1,). For this reason, it is necessary
to accelerate the optimization process as much as possible.

In the following sections, we will describe two non-
exclusive alternatives to deal with those real time constraints.
First, we will describe how to take advantage of the com-
puting power provided by cluster computing and parallel
programming strategies to speed up the whole optimization
computation time. Second, and going deeper into the par-
ticular problem we are dealing with (fire propagation), we
will define alternative ways of reducing the searching space
S involved in the optimization process.

4 Parallel implementation of the enhanced-prediction
method

As commented above, optimization techniques typically ob-
tain progressive improvements in the original guess of the
vector to be optimized by consecutive executions of the op-
timization process. A great improvement in this way of pro-
ceeding is to consider not only one guess at a time, but a
wide set of guesses and, based on the results obtained for all

of these, to automatically generate a new set of guesses and
re-evaluate the objective function for them all, and so on.

If we apply this extended optimization procedure to the
enhanced-prediction scheme described in the previous sec-
tion, we obtain the extended scheme depicted in Fig. 4.

For optimization purposes, we developed the optimization
framework called BBOF (Black-Box Optimization Frame-
work) [1], which consists of a set of C++ abstract-based
classes that must be reimplemented in order to fit both the par-
ticular function being optimized and the specific optimiza-
tion technique. Since these two elements are independent of
each other, we can experiment in a “plug&play” fashion with
different complex objective functions and optimization tech-
niques. BBOF works in an iterative fashion, where it moves
step-by-step from an initial set of guesses to a final value that
is expected to be closer to the optimal vector of parameters
than the initial guesses. This goal is achieved because, at each
iteration of this process, a preset optimization technique is
applied to generate a new set of guesses that should be better
than the previous one. In other words, this process proceeds
with the following iterative steps:

1. Create a set of initial vectors randomly or distributed
around some expected vector of parameters.

2. Evaluate the objective function for each vector.

3. Apply an optimization technique to move from the current
set of vectors to a better set.

4. Repeat 2 and 3 until satisfying the exit conditions (number
of iterations or accepted value).

This optimization scheme fits well into the master-worker
programming paradigm working in an iterative scheme. An
iterative master-worker application consists of two entities:
a master and multiple workers. The master is responsible for
decomposing the problem into small task (and distributing
these tasks among a farm of worker processes), as well as
for gathering the partial results in order to produce the final
result of the computation. The master also runs the code lof
the optimization algorithm as sholwn in Fig. 5. The worker
processes receive a message from the master with the next
task, process the task, and send the results to the master. The
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Fig. 5 How master-worker is t=t0
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master process may carry out certain computations while
tasks of a given batch are being completed. After that, a new
batch of tasks is assigned to the master, and this process is
repeated several times until completion of the problem.

The three most relevant classes within BBOF are the fol-
lowing:

BBOF _objective_function this class corresponds to the ob-
jective function to be optimized. This is the only function
that the user has to change if he wants to optimize his
own objective function. It takes an individual, evaluates
the objective function according to the parameter vector
it consists of and modifies the individual to hold the ob-
jective function evaluation result. This class executes on
the worker.

BBOF _guess this class is identified with a vector of real
numbers and the value of the objective function. In other
words, this class represents the information related to the
tasks to be executed by the workers.

BBOF _guess_set is a set of BBOF_guess classes (vector
guesses) and the current iteration number. One impor-
tant method within this class is the method denoted by
BBOF _optimization_technique, which is the optimization
technique to be applied. This class keeps the best individ-
ual and it generates a report about the set characteristics
and status (like average of the fitnesses and standard de-
viation).

We can easily match each element of this master-worker
scheme with the main components of the iterative optimiza-
tion framework BBOF. In particular, since the evaluation of
the objective function for each guess is independent of each
other, they can be identified as the work (tasks) done by
the workers. The responsibility for collecting all the results
from the different workers and for generating the next set
of guesses by applying a given optimization technique will
be concentrated on the master process. Figure 5 graphically
illustrates how this matching is undertaken.

This framework was developed to be executed on a cluster
system and, for the master-worker communication purpose,
BBOF uses the MPI (Message Passing Interface) library [3].
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5 Optimization acceleration

The proposed enhanced prediction scheme described in
Section 3 benefits from optimization to improve the
fire-evolution predictions provided by the classical predic-
tion schemes. However, as we have previously reported, in
order to provide useful fire predictions, any prediction tech-
nique must accomplish certain real time constraints. Since
optimization is a time-consuming process, in this section,
we approach the problem of how to accelerate the whole op-
timization process as a non-exclusive alternative to the use
of computing power provided by cluster computing to meet
the real-time constraints.

Basically, the time spent by any optimization technique
in finding the “optimal” solution, depends on the underlying
search-space size. For our particular case (fire propagation),
the search-space dimension is determined by the number of
combinations of the input parameter set of the fire simulator.

As we mentioned above, the core of the most-used fire
simulators is the Rothermel model [18]. The basic set of equa-
tions that make up the Rothermel model are often wrapped up
by more complex formulas, which implies an enlargement of
the input parameters set (as has been outlined in Section 2).
Therefore, the group of input parameters of the Rothermel
model makes up the minimum set of parameters we can find
within the fire simulation area. In particular, this minimum
number of input parameters involved in any fire simulator is
atleast 10 (see Table 1). In mathematics, and dealing with real
numbers, there are an infinite number of possible solutions for
this combinational problem. However, in computers, every-
thing is digital and finite, so we have to consider the available
computing precision. If our precision guarantees six decimal
places, each variable could then take on 10, 000, 000 differ-
ent values [10]. Thus, with only 10 parameters, the search
space will be 10E70 different combinations.

One way of reducing the search-space dimension consists
of reducing the number of parameters to optimize. However,
itis not feasible to eliminate any parameters in arandom way
because each parameter has different impact on the predic-
tion results. For this reason, we have performed a sensitivity
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analysis, in order to determine the best candidate parameters
to fix to their typical value, thus concentrating, the optimiza-
tion effort on the parameters that provide great impact in
the simulator output. This alternative is described in the next
subsection.

5.1 Sensitivity analysis

Sensitivity Analysis (SA) classically aims to ascertain how
the model depends upon the information fed into it (input
model/simulator parameters). The objective of any sensitivity
analysis is to identify the most important factor among all
inputs, which will be defined as the input that, if determined
(i.e. fixed to its true although unknown value), would lead
to the greatest reduction in the variance of the model output.
Likewise, we can define the second most important factor,
and so on, until all factors are ranked in order of importance
[16].

Sensitivity methods can be classified as: (1) mathematical
(2) statistical (3) graphical.

Mathematical sensitivity methods assess the sensitivity of
a model output to the range of variation for an input. These
methods typically involve the output evaluation for a few
values of an input, representing the possible range of the
input. Such methods do not address variance in the output
due to the variance in the input, but can assess the impact
on the output of range of variation in input values. In some
cases, mathematical methods can be helpful in screening the
most important inputs. These methods can also be used for
verification and validation, as well as in identifying inputs
that require further data acquisition or research.

Statistical methods involve running simulations in which
inputs are assigned probability distributions, and process the
effect of variance in inputs on the output distribution. De-
pending upon the method, one or more inputs are varied at
a time. Statistical methods allow us to identify the effect of
interactions among multiple inputs.

Graphical methods give representation of sensitivity in
the form of graphs, charts, or surfaces. Generally, graphical
methods are used to give a visual indication of how an output
is affected by variation in inputs. These can be used as a
screening method before further analysis of a model or to
represent complex dependencies between inputs and outputs.
These can be used to complement the results of mathematical
and statistical methods for better representation.

The SA method used in this work is based on the nomi-
nal range sensitivity analysis, which is also known as local
sensitivity analysis or threshold analysis [16]. This method
is applicable to deterministic models and it is not usually
used for probabilistic analysis. One use of nominal sensitiv-
ity analysis is as a screening analysis to identify the most
important input to propagate through a model in a proba-

bilistic framework. Nominal range sensitivity can be used to
prioritize data collection needs.

Basic nominal sensitivity analysis evaluates the effect on
the model output exerted by individually varying only one of
the model inputs across its entire range of possible values,
while holding all other inputs at their nominal or base-case
values. The difference in the model output due to the change
in the input variable is referred to as the sensitivity or swing
weight of the model to that particular input variable, in that
given case.

However, there may be interdependencies among the pa-
rameters. Therefore, the effect of one parameter may depend
on the values of the fixed parameters. The nominal-sensitivity
analysis must therefore be repeated for each parameter for
all possible cases and combinations of all the other param-
eters. In the particular case of fire propagation, the number
of parameters is quite high and the number of combinations
that must be evaluated in order to reach the sensitivity index
is enormous.

5.1.1 Calculating the sensitivity index

The sensitivity of the parameters, in our case, depends on
the fire-propagation model used in the core of the objec-
tive function. As we have previously commented, for a
generic study, we studied the effect of the parameters of the
Rothermel model. In order to evaluate the sensitivity index
for each parameter, it is necessary to define a minimum and
maximum value for the parameter, which are typically ob-
tained from field and lab measurements. For all the possible
combinations of the other parameters, therefore, two simula-
tions are executed by considering the minimum and the max-
imum value of the parameter currently studied. The speed
difference between both propagation simulations represents
the effect of changing that particular parameter from its min-
imum to its maximum value for that particular combination
of the other parameters. Let V;; be the effect of varying factor
i from its minimum to its maximum (difference of the speed
of the minimum and the speed of the maximum) at case k.

The total effect of parameter i is defined as the addition
of the effect of each possible case:

Vi=) Vi

where k is all the possible cases (combinations of input fac-
tors). Thus, V; will be our index of sensitivity for parameter
i. This index not only reflects the effect of the parameter but
also the effect of its range. Higher parameter ranges mean
greater uncertainty in the measurement of that parameter.
Sensitivity index is stated in Table 2.

From the sensitivity study, we can classify input pa-
rameters by their sensitivity. In this work, we have divided
the parameters into 3 basic categories according to their
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Table 2 Parameters ordered by sensitivity index

Parameter Index
Fuel load (1) 0,86
Fuel depth (f) 0,77
Wind speed (U) 0,71
Humidity 0,61
Area-to-volume (s) 0,56
Effective silica content (S,) 0,16
Heat content (&) 0,13
Total silica content (S;) 0,03
Table 3 Parameters ordered by sensitivity index
Parameter Sensitivity
Load parameters (/, f) High
Wind speed (U) High
Humidity parameters (df, Im, dm) Medium
Area-to-volume (s) Medium
Heat (h) Low
Metal contents parameters (S7, Se) Low

ranking in the sensitivity: high, medium and low sensitivity.
Table 3 shows the sensitivity of the input parameters of the
Rothermel model according to this coarse classification.
The load in the Rothermel model can be expressed by 2
parameters and they illustrate the most sensitivity. The
third is wind (U), followed by humidity parameters (usually
dead and living vegetation). The parameters with weakest
effect are metal content (St, Se) and heat content (h). These
experimental results agree with the results obtained by [19],
which also use the Rothermel set of equations as a forest
-fire propagation model.

6 Experimental framework

The experiments reported below were executed on a Linux
cluster composed of 16 PCs with Celeron processor 433 MHz
and each one has 32 MB RAM connected with Fast Ether
Net 100 Mb. All the machines are configured to use NFS
(Network File System) based on one server which has the
same characteristics of the other machines. MPI has been

used as a message-passing interface. Subsequently, we will
describe the FS, FF and OPT component of the enhanced-
prediction method depicted in Fig. 3 for our particular case.

6.1 The fire simulator

For wildland fire -simulation purpose, we have used the wild-
land simulator proposed by Collin D. Bevins, which is based
on the FireLib library. FireLib is a library that encapsu-
lates the BEHAVE [21] fire behavior algorithm. In particular,
this simulator uses a cell-automata approach to evaluate fire
spread. The terrain is divided into square cells and a neigh-
borhood relationship is used to evaluate whether a cell is to
be burnt and at what time the fire will reach the burnt cells. As
inputs, this simulator accepts the maps of the terrain, the veg-
etation characteristics, the wind and the initial ignition map.
The output generated by the simulator consists of the map of
the terrain where each cells is tagged with its ignition time.

6.2 The fitness function

As we have commented, in order to measure the goodness
of the predicted fire line, we need to define a fitness func-
tion. Taking into account the particular implementation of
the simulator used in this experiment, where the terrain
is treated as a square matrix of terrain cells, in order to
ascertain whether or not the simulated fire spread exactly
matches real fire propagation, we define the fitness function
as the minimization of the number of cells that are burned
in the simulation but are not burned in the real fire map, and
vice versa. This expression is known as the XOR function.
Figure 6 shows an example of how this fitness function is
evaluated for a 5 x 5 cell terrain. The obtained value will be
referred to as the prediction error that, for this example, is 3.
The prediction error will decrease as the simulated fire and
the real fire get closer. In the ideal case where both simulated
and and real fire concord, the predicted error will be zero.

6.3 The optimization strategy

Genetic Algorithms (GA) are numerical optimization algo-
rithms inspired by both natural selection and natural genet-

Simulated Fire Fitness = 3

XOR =

Fig. 6 Evaluation of the XOR Real Fire
function as a fitness function for
a5 x 5 cell terrain

burned cell
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ics. The method is a general one, capable of being applied
to an extremely wide range of problems. Unlike some ap-
proaches, their promise has rarely been over-sold and they
are used to help solve practical problems on a daily bases.
The algorithms are simple to understand and the required
computer code easy to write [11, 12]. Under GA scenarios,
we refers to a vector of parameters as a chromosome. A gene
is identified with one parameter and the population is the
set of vectors (chromosome) used for one iteration of the
algorithm.

Rather than starting from a single point (or guess) within
the search space, GAs are initialized with a population
of guesses. These are usually random and will be spread
throughout the search space. A typical algorithm then uses
three operators, selection, crossover and mutation (chosen in
part by analogy with the natural world) to direct the pop-
ulation (over a series of time steps or generations) toward
convergence at the global optimum. A sketched algorithm of
a generic GA is shown in Algorithm 1.

Typically, these initial guesses are held as binary encoding
(or strings) of the true variables [13], although an increasing
number of GAs use “real-valued” (i.e. based-10) encoding
[14], or encoding that have been chosen to mimic in some
manner the natural data structure of the problem [15]. In
our case, a chromosome is defined as the set of input pa-
rameters needed by the simulator to provide the output fire
line. Since all involved parameters are represented by floating
point numbers, we took this patterns as a solution represen-
tation for all elements of our chromosomes.

The initial population is then processed by the three main
operators, which in our case have been implemented as
follows:

Algorithm 1. Sketch of Genetic Algorithm

Randomly generating the first population of individual
potential solutions.
Evaluate the fitness function for each population member.
While not(stop criteria)
Obtain a new generation:
Elitism: best individuals are copied into the new
generation.
repeat
Selection: select two “parent” individuals with a bias
toward better individuals to produce children.
Crossover: each of two parents is divided into two parts
and one part from each parent is combined into a
child.
Mutation: a single “parent” is randomly modified
to generate a child.
until a new population has been completed
end while

Elitism. The two best solutions to the problem discovered
are copied to the next generation. We choose two because
our implementation of crossover needs two parents to pro-
duce two children and the population size is assumed as
even. It can be implemented by copying one elite individ-
ual, and the population needs to be odd, by producing one
offspring from two parents through crossover. Our imple-
mentation maintains the same number of vectors in each
generation.

Selection. We implement the biased selection (or fitness-
proportional, or roulette wheel) where the individual with
greater fitness has more probability of being chosen. For
this purpose, a random number between zero and the sum-
mation of all fitness is generated. Then, the fitness of indi-
viduals are added in turn and when the partial sum equals
or exceeds the random number previously obtained, the
corresponding individual is selected.

Crossover. In particular, we implement arithmetic
crossover. The crossover proceeds by cutting the pair of
parents obtained by the selection operation at a random
locus (picked by throwing a random number between
0 to the length of the chromosome). The two obtained
parts of the chromosome will each be equally copied to
one of two children in the same locus as they occupied
in the parent chromosome. Furthermore, the reminder
parameters (genes) of each child will be obtained by
evaluating the average the corresponding locus values in
the parents’ genes. Formally:

P Qpli i
cli =1 0,146, .

A

crosspoint

v

B crosspoint

A

0p2i i

v

Op1i+0p2i .
——— 1 <crosspoint .
O = S Vi=1...n
crosspoint

where 6.1; is the parameter i of the first child, 6.y is the
parameter i of the second child, 6,,; is the parameter i of the
first parent, 6,,; is the parameter i of the second parent, and
n is the number of vector parameters.

Crossover is not necessarily implemented on each indi-
vidual, it can be subject to some probability, as in the case of
mutation, but the probability of crossover is usually consid-
erable. A random number is generated between 0 and 1000,
if the number is less than the probability of crossover, the
algorithm applies the crossover, otherwise the individual is
copied to the next generation and may undergo some muta-
tion. Typical probabilities of crossover are 400 to 900 from
1000 or 0.4 to 0.9. When we use more probability, it reaches
0.99.

Mutation. This canbe defined as changing certain aspects of
the solution. For every parameter there is the same prob-
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Fig. 7 Image recorded as an
ignition fire (a), and fire spread
after 1 minute (b)
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ability of being mutated. We have implemented several
types of mutation. The first method is to add (or subtract)
a small number to (from) the selected parameter. There-
fore we apply the formula 6; = 6 & ¢ where ¢ is a small
real number which could be called the mutation distance.
The other method is to change the selected parameter to
another randomly generated value. The new value can be
generated from the range of available values of the param-
eter using a random distribution function. The function
can be equal distribution or any other distribution such
as normal distribution. Using equal distribution, the new
value does not depend on the current value; but in normal
distribution the new value depends on the current value
by using this as the mean of disruption.

Experiments with genetic algorithms show that the progress
is not linear. Initial progress is rapid, although this progress
is not maintained. If early during a run one particularly fit
individual is produced, fitness-proportional selection can al-
low a large number of copies to rapidly flood the subsequent
generations. Although this will give rapid convergence, con-
vergence could quite possibly be erroneous or only to a local
optimum. Furthermore, during the later stages of the execu-
tion, when many of the individuals will be similar, fitness
proportional selection will pick approximately equal num-
bers of individuals from the range of fitness present in the
population. Thus there will be little pressure distinguishing
between good and very good individuals.

7 Experimental results

The proposed fire-prediction model has been studied using
a purposely-built experimental device. This set is composed
by a burn table of 3 x 3m? that can be inclined at any
desired angle (slope) and by a group of fans that can produce
a horizontal flow above the table with an arbitrary velocity.
In our experimental study, the laboratory environment was
set up as follows: the table inclination was set to both 30
(experiment 1) and 35 (experiment 2) grades; there was no
wind and the fuel bed consisted of maritime pine (“pinus
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pinaster”). Furthermore, experiment 1 was conducted by
using a grid-cell of 40 x 40 in the fire simulator, whereas in
experiment 2 the grid was set to 80 x 80.

In order to gather as much information as possible about
the fire-spread behavior, an infrared camera recorded the
complete evolution of the fire. Subsequently, the obtained
video was analyzed and several images were extracted,
from which the corresponding fire contours were obtained.
Figure 7(a) and (b) show the recorded images for the fire
ignition and fire spread after 1 minute, respectively, for one
of the two experiments performed. It should be taken into ac-
count that the slope increases from the bottom of the images
toward the top. Despite the duration of this laboratory exper-
iment (1 min 30” and 2 min from the moment of ignition),
its post-mortem analysis allows us to validate the behavior
of our prediction method, as will be shown in the following
sections.

7.1 Classical wildland fire prediction

We used the laboratory fires described above to compare
the prediction results provided by classical prediction with
respect to the proposed enhanced prediction method. As pre-
viously commented, any fire-spread simulator needs to be
fed with certain input parameters. Since our experimental
fire was carried out under determined conditions (laboratory
conditions), we have fairly good estimation values for the in-
put parameters. Table 4 shows the values of these parameters.

We used the prediction scheme described in Fig. 2 every
30” for both experiments. That mens two times for experi-
ment 1 and four times for experiment 2. The initial time #,
was chosen as 30", consequently, the fire line at that time
was RFLI. For this initial situation, we predicted the new
situation of the fire front at time 1 minute by executing the
fire simulator in an isolated way. The next prediction was
performed by considering 1 minute as the initial time and
the predicted fire line was obtained for time instant 1min
30”. This process stopped here for experiment 1, and it was
repeated twice for experiment 2.
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Table 4 Input parameter values measured at the lab-
oratory fire

Parameter Value
Wind speed (U) 0
Moisture (Im) 0.1536
Moisture of herbs (dm) 0.1536
Fuel depth (f) 0.25
Fuel load (1) 0.134
Dead fuel moist. (df) 1
Area-to-volume (s) 2500
Total silica content (St) 0.0555
Effective silica content (Se) 0.01
Heat (h) 8000

Tables 5 and 6 summarizes the obtained results. If we con-
sider the prediction errors in terms of percentage according
to the total number of cells burnt, we have 52% and 42%
for the first prediction of experiment 2, and 25% and 21%
for the second prediction of experiment 2 (stopping at this
step). Bearing in mind the dimension of the fire (3 x 3m?),
this percentage of error is considerably high.

7.2 Enhanced wildland fire prediction

The above numbers show that the classical prediction method
does not provide accurate predictions, despite the study cases
being well known due to its laboratory nature. Therefore,
what would happen in a real fire situation where there are
several types of uncertainty? We therefore applied the en-
hanced prediction method to the same lab fires analyzed in
the previous section in order to compare the obtained predic-
tions with that from the earlier experiments. As commented,
we used the Genetic Algorithm as an optimization strategy,
which will be iterated 1000 times. The input parameters to
be tuned are the same as those shown in Table 4, and the op-
timization process will work under the assumption that there
is no previous knowledge of the input parameters. The com-
plete enhanced prediction method, depicted in Fig. 3, was
applied twice, once at 30” and again at 60" at experiment 1
and four times at experiment 2. The first optimization pro-

cess provided an “optimal” set of input parameters, which
were used to predict the new fire-line situation at 60" and so
on. The first prediction was obtained by executing the fire
spread simulator once, feeding it with the real fire line at 30”
and with the “optimal” set of parameters obtained for that
time. Subsequently, we continue the process of optimization
to predict the fire line either at 1 min 30” and 2 min 30”.
We used the optimized parameters at 30” as the initial gen-
eration, repeating the same process using the real-fire line at
1 minute as reference. Optimized parameters were used to
predict the fire line at 1 min 30”. The result obtained in terms
of improvement in prediction quality are shown in Fig. 8.
This figure plots both the enhanced and classical predicted
fire lines versus the real fire lines for the two performed
experiments.

As we can observe from both the plotted fire lines and
the obtained prediction errors (Tables 7 and 8), the proposed
prediction scheme outperforms the results obtained when ap-
plying the classical scheme. In particular, the prediction er-
rors obtained, in percentage, for the experiment 1 are 40%
and 11% for both predictions, respectively. That means a re-
duction of 20% in the first case with respect to the classical
approach and a reduction of more than 50% for the prediction
at 90”. Something similar happens for experiment 2.

We can therefore conclude that the enhanced prediction
method provides better results than the classical prediction
scheme. In particular, we observe that the accumulation effect
of the optimization method (1000 iterations at 30" plus an
additional 1000 iterations at 60”) provides better prediction
quality and it is further improved if we can repeat the opti-
mization process more times as is shown for experiment 2.

We should thus be able to both iterate the process as much
as possible under real-time constraints in order to guarantee
good prediction quality and accelerate the optimization pro-
cess in order to converge in fewer iterations. In the following
section, we will show the influence of the two alternatives
above-described to accelerate wildland fire prediction: im-
proving speed up by using cluster computing and improving
optimization convergence taking into account the results ob-
tained in the sensibility analysis.

Table 5 Prediction error for the

classical prediction method Initial time  Prediction time  Total burned cells  Prediction error  Error %
applied to the laboratory fire 1 30" 1 min 180 95 529

1 min 1 min 30” 401 101 25%
Table 6 Prediction error for the . . K .
classical prediction method Initial time  Prediction time  Total burned cells  Prediction error  Error %
applied to the laboratory fire 2 30" 1 min 249 106 42%

1 min 1 min 30” 539 118 21%

1 min 30” 2 min 913 126 14%

2 min 2 min 30” 1465 188 13%
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Fig. 8 Predicted fire lines for
the lab fire 1 (a) and 2 (b) at 90”
applying the classical and the
enhanced prediction methods
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7.3 Speed up improvement on cluster systems

As has been shown, in order to provide useful fire-spread
prediction, it is necessary to work under real-time constrains,
which must be accomplished for the proposed enhanced pre-
diction method. For this reason, we have analyzed the speed
up improvement for the prediction process as the number of
processors increases.

The number of processors used were 1, 2, 4, 8 and 16.
Figures 9(a) and (b) shows the evolution of the speed up
for this particular example. From 4 processors we clearly
observe a speed up improvement, which continues as the
number of processors increases. For the maximum number
of processors available, we can observe a considerable time
reduction despite not accomplishing the real-time constraints
required by our experiment. The prediction time for the labo-
ratory experiment should be less than 30”. However, with the
available computational resources, we have not been able to
accomplish such time requirement. Figure 9 illustrates that
by using more machines we can carry out more iterations in
a predetermined limitation of time and obtain a better quality
of prediction. Therefore, if we wish to predict fire evolution
faster than real-fire spread, the use of parallel processing be-
comes crucial.

7.4 Improving optimization convergence

Considering the definition of the sensitivity index, if we were
able to find the real value of the parameters with greatest im-
portance, we would minimize the divergence of the simulator
from reality. Therefore it is crucial to calibrate the parameters
that have a greater sensitivity index while we do not know
their real values. Likewise, we can say that calibrating the
parameters that have little effect on the result will not signif-
icantly improve the simulator results, and this will consume
processing time. The impression is therefore created that it is
not worth tuning the parameters with a small sensitivity in-
dex. We suppose that fewer parameters to be optimized will
make the convergence faster and, at the same time, fixing
certain unimportant parameters to a given value with a rea-
sonable error will not deviate the optimization process too
far from the global minimum.

However, it is evident that if we need more accuracy, we
then need to tune all the parameters regardless of their im-
portance.

This experiment is designed to observe the effect of
removing the parameters that have a small sensitivity
index on the convergence of the optimization process.
We used the fire-lines that were above-described. The

Table 7 Predicted error for the

lab fire 1 applying the classical Initial time

Prediction time

Classical prediction error  Enhanced prediction error

and the enhanced prediction

/!
methods 30

60//

60//
90//

95
101

72
45

Table 8 Predicted error for the

lab fire 2 applying the classical Initial time

Prediction time

Classical prediction error  Enhanced prediction error

and the enhanced prediction

/!
methods 30

60//
90//
120”7

60" 106 106
90" 118 79
120" 126 95
150” 188 11
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Fig. 9 Speed up for the 16 : : 16 : :
enhanced prediction method Sp?ed up sptﬁed p —
applied to experiment 1 (a) and % r near " near -
2 (b) for different number of ol ol
processors
10 10
Q Q
=] 3
5 8 3 8
0 o
& 6 N
4t 4t
2 r 2t
0 1 1 1 1 1 0 1 1 1 1 1 1 1
6 8 10 12 14 16 2 4 6 8 10 12 14 16
# of machines # of machines
(a) (b)
Fig. 10 Optimization 118 T T 1el T " T T 260 T T T |10 T |t T T
. parameters - parameters -—X--
Conver.gence. all the parameters 13 parameters -+ 04p I 13 parameters -+ -
v.s. fixing some for the time of 100 i ] 4
1m 30” (a) and 2 minutes (b) k! 22 b
sl | ) 200 -, .
— ' ~ 180 F .
S st b - S el d -
.. Sy '
s S e s ST N S 1ol .
X | Xx ] X \
7 feex % 1
* o [
“Kerre, i s N I
60 | Ko e 5 | X.\X +--+_‘+_+__, et |
50 | | | | | | 68 | | | | | | | I
0 4 6 8 16 12 14 16 6 2 4 6 8 18 12 14 16 18
iterations iterations
(a) (b)

optimization process was repeated 10 times for each case
and the average of these repetitions is plotted on the
curve.

Figures 10(a) and (b) show the convergence of the opti-
mizing process by reducing the number of optimized param-
eters. The curve labeled 13 parameters represents optimizing
all the parameters in the Table 3 and that labeled 10 param-
eters represents the convergence of the optimization process
when fixing the three less sensitivity parameters obtained in
Section 5.

The curve clearly shows the tendency for faster opti-
mization convergence when fixing the parameters with low-
sensitivity index. This behavior is due to the reduction of
search space when optimizing less parameters. At the same
time the possible error of the fixed value does not have a
great influence on the result because the fixed parameters
have a low sensitivity index. We can conclude that reducing
the search-space is a good policy for speeding up optimiza-
tion convergence.

8 Conclusion

One of the most common sources of fire-spread prediction
deviation from real fire propagation is imprecision in input-
simulator parameters. This problem can be approached by ap-
plying an evolutionary optimization such as the Genetic Al-
gorithm so as to calibrate input-simulator parameters. Bear-
ing in mind that fire spread prediction must be carried out
under real time constraints in order to have useful predic-
tions, techniques to accelerate the whole optimization pro-
cess might be applied.

Since any optimization strategy is a time-demanding task,
we have proposed a global-sensitivity analysis to acceler-
ate optimization convergence by detecting which are the
parameters that are better to spend effort on tuning them.
This technique reduces the search space screened by fix-
ing the less sensitive parameters to an estimated value and
by focusing optimization on the most sensitive parameters.
This techniques was carried out on a Linux cluster com-
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posed of 16 PC’s. We used a master/worker programming
paradigm, where the master and worker processes commu-
nicate with each other using MPI. The results show that,
combining both sensitivity analysis and cluster computing,
the optimization convergence improvement obtained is quite
significant.
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