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Abstract. This work represents the ﬁrst step toward a DDDAS for
Wildland Fire Prediction where our main eﬀorts are oriented to take
advantage of the computing power provided by High Performance Computing systems to, on the one hand, propose computational data driven
steering strategies to overcome input data uncertainty and, on the other
hand, to reduce the execution time of the whole prediction process in
order to be reliable during real-time crisis. In particular, this work is
focused on the description of a Dynamic Data Driven Genetic Algorithm
used as steering strategy to automatic adjust certain input data values
of forest ﬁre simulators taking into account the underlying propagation
model and the real ﬁre behavior.

1

Introduction

Forest ﬁres are one of the most important threats to forest areas in the whole
world. In the lasts years, thousands of hectares were lost by wildﬁres action. Forest areas losses damage the nature, attempting on ecological balance. Death of
diﬀerent species of animals and plants, proﬁtable areas loss, air pollution, ﬂoods,
water contamination, are some of the consequences of forest ﬁres. At the same
time these problems cause diﬀerent diseases, famine, animals and vegetables extinction, etc. These facts attempt our standard of living.
Some forest ﬁres occur by nature itself: long dry seasons, elevated temperatures, electric storms, could generate wildland ﬁres. These type of ﬁres can
help in the ecological balance: young plants take place where there were old
and perhaps unproductive trees. Nature keeps number of ﬁres limited, but in
the last years this number was increased by human factors. More than 90% of
forest ﬁres are provoked by human hand (accidents, carelessness and negligence)
[6]: 16000 hectares were burned in Gran Canaria last summer (2007) during 6
days of strong ﬁres [11]. In Tenerife 15000 hectares were burned at the same
time [11]. More than 60 deaths were occurred during forest ﬁre in Greek last
July [12].
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Whereas the number of wildﬁres had increased in the last years, human work
in this area had increased too: studies, strategies and tools to prevent forest ﬁres
as well as to reduce the ﬁre during a disaster were developed these last years.
Nowadays, several forest ﬁres simulators exist for helping and improving this
work. Most of these simulators are based on Rothermel mathematical model [6].
This model describes ﬁre behavior through mathematical equations.
Simulators are used to predict ﬁre behavior, improving the accuracy of actions and reducing ﬁre eﬀects. Several of these simulators use a large number
of inputs for describing the environment where ﬁre occurs. It is very diﬃcult
to dispose of exact real-time values of these parameters. Several of them change
with time: air and fuel humidity change along the day (day-night cycle), weather
changes due to elevated temperatures provoked by ﬁre, ﬁres generate very strong
gust of winds, etc. Furthermore lots of these parameters have their own behavior
pattern and it can change very strongly within a wildland ﬁre. This input data
uncertainty causes predictions that are far from the real ﬁre propagation.
During a real hazard such as wildland ﬁre both, the accuracy of the prediction propagation and the prediction response time are crucial key points. For
this reason, we propose a ﬁre propagation prediction system, which explores
multiple ﬁre propagation scenarios obtained from combining diﬀerent values of
the input parameters by dynamically adapting those scenarios according to observed real ﬁre evolution. These characteristics directly match to the Dynamic
Data Driven Application Systems (DDDAS) deﬁnition: DDDAS is a paradigm
whereby application/simulations and measurements become a symbiotic feedback
control system. DDDAS entails the ability to dynamically incorporate additional
data into an executing application, and in reverse, the ability of an application
to dynamically steer the measurement process [7].
An optimal framework for a reliable DDDAS for Wildland Fire Prediction must
consider, among others, the following issues: the ability to dynamically couple
models from diﬀerent disciplines; real-time data assimilation strategies for being
further injected into the running system; steering strategies for automatic adjusting either models or input data parameters and to have access to enough computational resources to be able to obtain the prediction results under strict real-time
deadlines. Some current work on this area could be found in [10,2].
Our currently work consists on the ﬁrst step toward a DDDAS for Wildland
Fire Prediction where our main eﬀorts are oriented to take advantage of the
computing power provided by High Performance Computing systems, on the
one hand, to propose computational data driven steering strategies to overcome
input data uncertainty and, on the other hand, to reduce the execution time of
the whole prediction process in order to be reliable during real-time crisis.
In particular, this work is focused on the ﬁrst working line. A Dynamic Data
Driven Genetic Algorithm (GA) is used as steering strategy to automatic adjust
certain input data values taking into account the underlying propagation model
and the real ﬁre behavior.
This work is organized as follow. Next section describes the proposed dynamic data driven forest ﬁre prediction methodology compared to the classical
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prediction scheme. Section 3 is focused to describe the Calibration stage of the
proposed prediction methodology. The experimental results are shown in section
4 and, ﬁnally, the main conclusions are reported in section 5.

2

Forest Fire Spread Prediction

Traditionally, forest ﬁre spread prediction has been performed using a particular
forest ﬁre simulator as a prediction tool. Forest ﬁre simulators need to be fed
with several input data such as the initial ﬁre line (what we call RF t0 : Real Fire
at time t0 ), meteorological data, vegetation data, etc. The simulator uses this
input data to obtain the simulated ﬁre line for a subsequent instant t1 (we will
refer to as SF t1 : Simulated Fire at time t1 ). This classical forest ﬁre prediction
method is showed in Fig. 1 (a).

Fig. 1. (a) Classical Forest Fire Propagation Prediction method. (b) Two Stage Propagation Prediction method.

As we can see in this ﬁgure, the only information required for the classical
prediction method consists of a unique set of values for the input parameters
needed by the simulator. Once this input data has been set up, the simulator
is executed providing, as part of its output data, the predicted ﬁre line after a
certain period of time. Despite of its simplicity, this method has an important
drawback: simulation accuracy depends on the unique set of input values, and,
as we had mentioned, to dispose their real values is very diﬃcult.
In order to overcome this drawback, we propose a wildﬁre propagation prediction methodology based on a two stages prediction scheme: Calibration stage
and Prediction stage. The DDDAS bases are included in the Calibration stage
where taking advantage of the computer power provided by High Performance
Computing systems, a GA is used to explore a huge number of input parameters
combinations (called scenarios). For this stage being operative, it is necessary
to be able to assimilate data about the forest ﬁre front at two consecutive time
instants (t0 and t1 in Fig. 1(b)).
Each one of the generated scenarios will be fed into the underlying wildland
ﬁre simulator, as well as the forest ﬁre front at time t0 . The obtained propagation
results will be compared to the real ﬁre propagation at time t1 and the results
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obtained from this comparison plus the observed real ﬁre propagation at time
t1 will be used as feedback information at the Calibration stage.
By summarizing, we propose to use a Dynamic Data Driven GA as steering
strategy within the calibration stage whose internal operations will be dynamically changed according to the data periodically assimilated from the real ﬁre
behavior. As a result of this Dynamic Data Driven Calibration stage, we will
obtain a set of input data that minimizes the propagation prediction error from
t0 to t1 . Assuming that the environmental characteristics will keep nearly constant during a certain time (from t1 to t2 ), this set of input data will be used in
a classical prediction scheme to predict ﬁre spread at t2 (see Fig. 1(b)). In the
following section Calibration stage will be described.

3

Calibration Stage

GAs are inspired in the evolutionary theory: a population of individuals (scenarios) is evolved by allowing good individual features to survive through out generations. Therefore, the Calibration stage consists of an iterative process where,
at each iteration a new generation is obtained taking into account the goodness
of the involved scenarios (similarity degree between simulation and real maps).
Consequently, to be able to properly set up the whole Calibration stage we
need, on the one hand, to determine the data that must be assimilated from
the observed ﬁre propagation for being posteriorly injected in the calibration
process. And, on the other hand, the particular implementation of the dynamic
data driven GA. The following sections will focus on these topics.
3.1

Fire Spread Model

Several studies have demonstrated that the parameters that most aﬀect forest
ﬁre propagation are wind speed, wind direction and slope characteristics. There
exist other factors that also inﬂuence forest ﬁre spread such as fuel moisture,
fuel type and so on, however, it has been shown that the ﬁre rate of spread is
less sensitive to these parameters [1]. Therefore, the proposed ﬁre propagation
prediction methodology shown in Fig. 1(b) uses this principle to determine what
data to assimilate from the observed real ﬁre behavior. According to this fact, we
applied reverse engineering to the underlying wildland ﬁre simulator to analytically determine how wind speed, wind direction and slope interact to generate
ﬁre propagation. In this work, we use the ﬁre simulator ﬁreLib [5].
Fig. 2 shows in a simpliﬁed way, how wind and slope are composed to obtain
the direction of the maximum propagation spread, being Φw the wind eﬀect, Φs
the slope eﬀect and α the diﬀerence between wind and slope directions (Fig. 2
(a)). Both vectors are composed to obtain a third vector, which represents the
maximum propagation ratio and its direction (max and β in Fig. 2 (b)). This
new vector has a component perpendicular to the slope equal to sin(α) ∗ φw , and
a component parallel to the slope equal to cos(α) ∗ φw + φs , and the angle β is
the angle between these two vectors.
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Fig. 2. (a) Wind and slope eﬀect vectors. (b) Composition of spread vector.

Although the scheme shown in Fig. 2 models in a simplify way how ﬁrelib
proceeds to determine ﬁre spread rate, we can conclude that identifying two of
the three vectors involved in the process, we have the key to obtain the third
one. Therefore, in the next section, we will discuss how from the analysis of the
observed ﬁre behavior we assimilate the needed data to identify each one of these
three vectors. Finally, in a later section, we will discuss how this information is
injected in the steering strategy.
3.2

Data Assimilation

Taking into account slope and wind interactions and their role in ﬁre behavior,
we need slope features and real ﬁre progress to obtain the main wind characteristics for performing steering method through Calibration stage. The information
related to the slope could easily being obtained from the topography terrain description. Real ﬁre progress is obtained by the analysis of real ﬁre front progress
(RF t1 in Fig. 1 (b)), where point (x, y) in Fig. 3 is calculated and it represents
the maximum rate of spread point in the map.
Applying ”reverse engineering” to the ﬁre spread model commented in the
previous section, and using trigonometry, we can obtain the following equations:
x = Φs ∗ cos(δ) + Φw cos(α)

y = Φs ∗ sin(δ) + Φw sin(α)

(1)

Then, as x and y values are observed values, it is possible to isolate the wind
values from equation 1 as follows:
Φw =

x − Φw cos(δ)
cos(α)

α = arctan(

y − Φs sin(δ)
)
x − Φs cos(δ)

(2)

Once wind factor (Φw ) is obtained, the ”ideal” values for the wind speed and
wind direction for the observed x, y point could be deduced. This data will be
injected as feedback information inside the dynamic data driven GA to guide
the operations applied to a given generation.
It should be recalled that all ﬁgures and diagrams are simpliﬁed. We are
dealing with physics phenomena (ﬁre, wind, slope), where each of them has its
own behavior and, in addition, there are physics interactions between them.
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Fig. 3. Available data: slope and point of maximum rate of spread (a) and, the obtained
wind vector (b)

3.3

Dynamic Data Driven Genetic Algorithm

The ﬁreLib simulator has basically the following input parameters: terrain slope
(direction and inclination), wind speed and wind direction, moisture content of
the live fuel, moisture content of the dead fuel (at three diﬀerent times), kind of
vegetation (one of the 13 deﬁned through [3]).
Slope and vegetation type change very few in space and time so we assume
them as static parameters. Moreover, their values are easy to determine, so we
assume them as known and available for our use. Therefore, GA is going to work
with the remainder parameters: wind direction and wind speed, moisture content of live fuel and the three moisture content of dead fuel.
Basically, a GA uses three operations to obtain the consecutive generations:
selection, crossover and mutation. Selection operation selects good quality parents (ﬁtness function) to create children that will inherit parents good characteristics (by crossover operation). In order to guarantee nature diversity of individual
characteristics, mutation phenomenon can occur for each children characteristic
(under a very slight probability). Selection can include elitism where the best j
individuals (j > 0) are included in the new generation directly. Last two operations intent to guarantee nature diversity of individual characteristics.
In the previous section we had exposed how wind values are obtained in order
to steer GA: we modify elitism and mutation operations forcing the assignment of
these wind values instead of random values. The main goal of this data changes
is to give a correct direction to the GA process, achieving the exploration of
promising zones of the whole search space. We try to minimize simulation errors, avoiding the use of individuals with inaccuracy wind values.
In our application, after each simulation (using a particular individual), ideal
wind values are calculated and stored together with this individual. After obtaining all the simulations using a certain population, and genetic operations
take place (elitism or mutation), the obtained values are assigned to the wind
velocity and direction of each individual.
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Experimental Results

The experimentation main goal is to evaluate the beneﬁt of applying a dynamic
data driven GA for ﬁre spread prediction purposes. In particular, the assimilated
data will be injected into the mutation and elitism operations independently and
compared to applying the prediction methodology without considering any external data. For this purpose, two kind of burns have been used: two synthetic
ﬁres (simulation results) and one real prescribe ﬁre. Fig. 4 shows the ﬁre front
evolution through time for the three experiments. In all cases, we use the best individual (with minimum error) of calibration stage to obtain the ﬁnal prediction
(at prediction stage).

Fig. 4. (a) Experiment 1: synthetic ﬁre case. (b) Experiment 2: synthetic ﬁre case. (c)
Experiment 3: real ﬁre case.

All cases had used as initial population a set of 50 individuals with random
values. Through GA, 5 iterations are performed (error reductions are insignificant from 3rd or 4th iteration [8]). Experiment results are the average of 5
diﬀerent initial populations (in order to achieve more descriptive results).
4.1

Experiment 1: Synthetic Case

Experiment 1 concerns with the map depicted in Fig. 4(a) (109 x 89 m2 and
cells of 1 m2 ). The terrain had 18o slope and vegetation was fuel model 7 [3].
Figs. 5 (a) and (b) show Calibration and Prediction stages results respectively.
In x axis diﬀerent time intervals are shown and each vertical bar represents one
of the three diﬀerent methods tested: classical GA (non guided), dynamic data
driven elitism operation and dynamic data driven mutation.
For both stages (Calibration and Prediction), we can observe that the error
has been signiﬁcantly reduced when any of the two data driven methods have
been used. Furthermore, both strategies provide very similar results. Prediction
stage results shows errors slightly higher than in Calibration stage, however
this is an expected result because we are using the best individual obtained at
the Calibration stage to obtain the prediction for a later time interval at the
Prediction stage.
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Fig. 5. Experiment 1: (a) Calibration stage results, (b) Prediction stage results

4.2

Experiment 2: Synthetic Case

Another synthetic map was used to carry out the second test (concerning with
map illustrated in Fig. 4 (b): 33,22 x 27,12m2 size map and cells of 1 f 2 ). In this
case, we consider 27o slope and vegetation is the same than the ﬁrst burning
case.
The error values obtained for this experiment are shown in Fig. 6. This experiment denotes a similar behavior as the ﬁrst one. As it happens in the previous
experiment, applying any dynamic data driven strategy reduces the calibration
error as well as the prediction error.
4.3

Experiment 3: Real Case

The last experiment concerns with Fig. 4(c) (89 x 109m2 map size and cells
size were 1 m2 ). This burn has been extracted from a set of prescribe burns
performed in the frame of an European project called SPREAD. In particular,
these burns were done in Gestosa (Portugal) during 2004 [6].
Fig. 7(a) and 7(b) show the calibration and prediction stages results respectively. The 2 ﬁrst time terms in Calibration stage we can see that results were
similar through all methods, there weren’t signiﬁcant diﬀerences between different conﬁgurations. But in the 3 last steps, diﬀerent methods had varied in
a signiﬁcant way. Each method had been adapted to ﬁre features in a diﬀerent
way. For Prediction stage, we can see that in general, all the errors are bigger
than observed errors in synthetic ﬁres. Again, the behavior of diﬀerent methods
were diﬀerent for each slice of time.
We can see that errors from experiment 3 were larger if we compare them
with previous experiment errors. This characteristic may be explained considering real ﬁre map features: instead of each step lasts the same amount of time
(2 minutes), ﬁre propagation was diﬀerent in each step. This changing ﬁre behavior may be due to wind or slope or other nature characteristics inﬂuences,
because of their dynamic behavior. It is important to take into account that the
microsystem generated by ﬁres may enlarge the changing characteristics of wind,
weather, etc.

44

M. Denham et al.

Fig. 6. Experiment 2: (a) Calibration stage results, (b) Prediction stage results

Fig. 7. Experiment 3: (a) Calibration stage results, (b) Prediction stage results

Instead of actual dynamic characteristics of nature, ﬁreLib considers slope,
wind, fuel type invariant in time [5]. This is an important simulator limit, because it can’t adjust its ﬁre advance in favor of actual dynamic behavior of its
inputs.

5

Conclusions

This work is focused to improve forest ﬁre spread prediction by using a dynamic
data driven GA. For that purpose, certain internal operations of the GA are dynamically adapted according to the observed ﬁre evolution and the underlying
ﬁre spread model.
In this work we present three cases of study, two synthetic ﬁres and one real
prescribe ﬁre. The obtained results show that the inclusion of the principle of
the dynamic data driven systems in the calibration stage improves the quality
of the propagation predictions. In particular, we propose two alternative data
driven GAs and the results obtained in both cases reduce the prediction error
compared to not using any dynamic data driven strategy.
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However, we know that this method is strongly coupled to the underlying
simulator, therefore, we are currently working in generalize the main idea of
the proposed methodology to be completely independent on the underlying ﬁre
forest simulator.
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