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This paper reports the porting of raster type ﬁre propagation models to graphical processing unit (GPU)
architectures. Two known ﬁre growth model algorithms were ported and a new one developed. All
models are based in cellular automata, programmed in the CUDA framework developed by NVIDIA and
their results compared against serial execution. The novel algorithm targeted for GPU architectures
achieved a speedup (SP) of over 200 against serial CPU execution. These results allow ultra faster-thanreal-time capabilities that may prove useful toward ﬁre ﬁghting methodologies.
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1. Introduction
Forest ﬁres create complex scenarios because of the interaction
between the ﬁre front, airﬂow and terrain. To better allocate
resources, which in many occasions are scarce, and decide what
actions to take, the decision actors need to predict the evolution of
the ﬁre front. Unfortunately, due to the mentioned complexity of
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the forest ﬁre, computational tools that help predict the ﬁre
behaviour are still far from perfect. Such reality introduces the need
to be able to run different scenarios, gauging these tools sensibility
to different stochastic input parameters and still be fast enough to
be of use during the ﬁre ﬁght, i.e., within a stochastic approach
framework. Current codes are able to deliver faster-than-real time
results for deterministic, single case scenarios. Stochastic
approaches demand, however, the ability to run hundreds or
thousands of cases and, consequently, a two order increase in
speed-up on these codes may be required. This is achieved by
exploiting the ﬁne-grain parallelism in forest ﬁre algorithms so
they are able to proﬁt from the emerging technology of the
graphical processing unit (GPU) for general computation.
GPU hardware has shown to be able to sustain very high
speedups, accelerating time-to-result, in an increasing number of
applications. They are also almost ubiquitous in the computing
platforms sold in the consumer market, becoming a very interesting choice for a cheap, high computing power machine for use
with computing aid decision tools for forest ﬁre ﬁght.
Members of the scientiﬁc community have used GPUs as soon as
their capability to explore ﬁne-grained parallelism was perceived.
The introduction of better and easier GPU programming frameworks by NVIDIA and other vendors has fostered the exploitation of
this type of parallelism, resulting in reports of impressive speedups
in many areas. Matrix vector operations, critical in many applications, already have versions with two orders of magnitude
speedups (see e.g. Bell and Garland, 2008; Wiggers et al., 2007; Bolz
et al., 2003). Computational Fluid Dynamics (CFD) engineering
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tools have been implemented in GPU architectures. The double
precision compressible NaviereStokes solver with the Boussinesq
approximation is reported by Cohen and Molemaker (2009) to be 8
times faster than the calculations obtained in the 8 core Intel Xeon
at 2.5 GHz. Incompressible NaviereStokes solutions of ﬂows in
complex geometries also displayed one order magnitude speedup
(see Elsen et al., 2008) and higher speedups have been obtained
with Lattice Boltzmann and particle methods (see e.g. Tolke and
Krafczyk, 2008; Habich, 2008). Extensions to GPU clusters are
also under way (see e.g. Phillips et al., 2009; Thibault and Senocak,
2009). Of the several programming frameworks alternatives for this
type of hardware, CUDA, from NVIDIA (see Kirk and Hwu, 2009), is
the most mature, consisting in a series of C language extensions.
To exploit the capabilities promised by the GPU, the ﬁre spread
algorithms must be designed with ﬁne grain parallelism in mind.
Two main approaches have been developed for prediction of forest
ﬁre spread: vector and cellular automata. The last becomes
a natural choice for ﬁne grain parallelism exploration as the former
implies several branching options during the algorithms execution,
making them less suitable for the GPU architecture.
Forest ﬁre modelling has been developed under different
approaches (see, e.g. the review by Pastor et al., 2003) and,
according to Sullivan (2009a,b), three kinds of modelling strategies
can be deﬁned: empirical, in which no modelling is required; semiempirical (or semi-physical), based on Rothermel (1972), where no
distinction is made between different heat transfer modes; physical
models, which differentiate between the various kinds of heat
transfer mechanisms: e.g., multiphase models, embodying
NaviereStokes equations with turbulence models, combustion in
porous media, etc. (see e.g. Larini et al., 1998; Mell et al., 2007;
Morvan and Dupuy, 2004; Costa et al., 1995; Zhou and Pereira,
2000).
Of the different approaches mentioned, semi-empirical models
are present in most of the forest ﬁre computer-aided decision tools
currently in use and can be traced back to the pioneer work of
Rothermel in the 1970s. He introduced a semi-empirical mathematical model to characterize quasi-steady unidimensional surface
ﬁre propagation, setting the rate of spread as a function of forest
substract (the fuel), wind velocity, direction and slope (Rothermel,
1972). Later, the Rothermel model was extended by such models as
BEHAVE, which added, for instance, ﬁre spotting (hot embers projected ahead of ﬁre front) and the implementation of the thirteen
NFFL (Northern Forest Fire Laboratory) fuel models (see the
BEHAVE model for details: Andrews, 1986; Andrews and Chase,
1989; Burgan and Rothermel, 1984). Detailed reviews of these
models can be found in, for instance, Viegas (1998), Pastor et al.
(2003) and Papadopoulos and Pavlidou (2011).
BEHAVE has been incorporated into several commercial ﬁre
modelling tools as Flamap (Finney, 2006), Firestation (Lopes et al.,
2002) and Farsite (Finney, 1998). BEHAVE is also made available
through the highly optimised library ﬁreLib. Because ﬁreLib is made
available in source code it is an excellent tool for the development
of ﬁre spread algorithms or testing their deployment in new
computational architectures.
This work is mainly concerned with the GPU implementation of
semi-physical models for forest ﬁre growth to speedup the calculations. Former approaches to exploit parallelism in forest ﬁre
computational tools have explored data or functional parallelism
(see e.g. McDonough and Garzón, 1999; Jorba et al., 2001; Innocenti
et al., 2005). Functional parallelism, where several tasks can be
simultaneously executed, with or without data exchange, is convenient for deployment in GRID computing environments (see e.g.
Rodriguez et al., 2010). Innocenti et al. (2009) exploited ﬁne-grain
parallelism for ﬁre prediction using OpenMP in multi-core architectures but reporting limits on their approach regarding achieved

speedup. To the authors knowledge, their work is the ﬁrst that
explores ﬁne-grained parallelism for forest ﬁre prediction in the GPU.
The objective of this work is to investigate the computational
performance of ﬁre spread models using GPUs and comparing their
speedup against sequential CPU processing. Several ﬁre propagation
models were ported to the GPU using CUDA and veriﬁed against
published results. These models have shown a very signiﬁcant
performance increase after being expressed by algorithms specially
developed for the GPU. The algorithms developed are suitable for
implementation in other GPU exploiting frameworks (i.e. OpenCL).
The next section discusses the algorithm options to port ﬁreLib
and three ﬁre growth models into the CUDA framework. After,
several results are presented, ranging from ﬁres in simple ﬂat
terrain uniform vegetation to ﬁres in a realistic complex terrain.
Finally, summary conclusions are withdrawn regarding the speed
gains due to the parallelisation strategy employed.
2. Fire growth models
2.1. Fire modelling approach
Roughly speaking, two functional parts are coupled together to
achieve a ﬁre prediction algorithm. The ﬁrst part computes, using
data about the terrain topography, fuel, wind, etc, the ﬁre rate of
spread (ROS) from the already ignited/burning points in the terrain.
This is achieved, for instance, by the algorithms of the BEHAVE
model available through the ﬁreLib software library. The second
part uses the calculated ROS to propagate the ﬁre in the terrain (i.e.
it is the ﬁre growth model (FGM)). In this respect two main strategies are generally used: vector and raster.
Vector based ﬁre growth models, like the one in Farsite (Finney,
1998; Anderson et al., 1982), discretize the ﬁre front in several
points which are then iteratively propagated. At each time step, and
for each point, the ROS is computed and with this information the
new point position obtained.
Raster models, on the other hand, discretize the terrain itself
into cells and use the calculated ROS to propagate the ﬁre in
a contagion fashion. The end result is a terrain map were for each
cell an ignition time is presented (i.e., the time when the cell has
started to burn).
For the purpose of the work here presented (deployment in GPU
architectures) a raster approach was chosen as it was considered
more amenable to the parallel paradigm imposed by the GPU.
The ROS computation is usually done inside the FGM cycle using
the following algorithm:
i Obtain the rate of spread disregarding the wind and terrain
inﬂuence (ROS0);
ii Obtain the propagation ellipse from the ROS0, correcting it to
account for wind speed and direction and terrain slope and
aspect. The ellipse is characterized by its maximum direction
of propagation (a), maximum rate of spread (ROSmax) and
eccentricity (E).
iii Obtain the ROS for each neighbour. The ROS is obtained
according to:

ROS ¼ ROSmax

1E
1  EcosðqÞ

(1)

where q is the angle between a and the neighbour direction.
As mentioned, the input parameters feed to the models are
organised in maps where each element has a direct correspondence
with each cell of the discretized terrain used by the FGM algorithm.
Each input variable carries its own map (for instance, wind

F.A. Sousa et al. / Environmental Modelling & Software 38 (2012) 167e177

169

direction, wind speed, slope, aspect, fuel type and fuel model). The
output data is an ignition map.
Three raster ﬁre growth models were implemented in detriment
of others, like the vector propagation techniques used in FARSITE
(see Anderson et al., 1982). Raster ﬁre modelling has a much more
straightforward approach compared with vector propagation.
2.2. Minimal Time (MT)
The Minimal Time FGM can be found, for instance, in BFOLDS
(Perera et al., 2008) and FireStation (Lopes et al., 2002). It is
a contagious algorithm which propagates the ﬁre from each cell to
its neighbours according to the stencil in Fig. 1. In this stencil
a different number of neighbours can be considered and a 16 cell
scheme was used in the work here presented.
The time of ignition of each neighbour is calculated from its
centroid distance to the cell centroid (L) and the ROS in that
direction (tig ¼ L/ROS).
The algorithm progression time step (Dt) is determined from the
minimum time needed to ignite an unburnt cell in the map at the
next iteration step. Due to this Dt is likely to change during the
iteration process. The evolution set of rules leading the system can
be summed up as:
 For a given iteration step n, with simulation time tn, the cell is
burning if tig ¼ tn. If so the neighbours ignition times tigV are
n þ L=ROS, where V are the vicinity
computed using tigV ¼ tig
cells forming the neighbourhood stencil (see Fig. 1). For each
the computed value is compared with the previous stored
ignition time and replaces it if it is lower. This is done to atone
to the ﬁre arrival times in multiple ﬁre ignition situations or
concave ﬁre fronts.
 if tig < tn, the cell is considered burned and is ignored;
 if tig > tn, the cell is unburnt and ignored.
tnþ1 corresponds to min(tig > tn) of all cells in the end of iteration
step n.
2.3. Fixed time step (FT) FGM
This model departs from the previous by using a ﬁxed time step
(Dt) and an algebraic rule to assess the cell state change (see
Karafyllidis and Thanailakis, 1997; Encinas et al., 2007). Because the
algebraic rule is dependent on the number of neighbours and no
reference to higher order stencils were found, only an eight cell
stencil was considered (see Fig. 2).
Each cell has a state S expressing the ratio of burned area to total
cell area: S ¼ Ab/At, with S ˛ [0,1]. Propagation of the ﬁre is then
dependent on S through:

Fig. 2. Neighbourhood and propagation paths for the Fixed Time Step FGM.

 S ¼ 0, cell is unburned;
 S ¼ 1, cell had burn completely. This cell will only stop to be
taken into account when all its neighbours are also with S ¼ 1.
 The cell state S is a function of the neighbours state SnV on the
last iteration step n, plus its own state at Sn, as given in the
transition rule:

Snþ1 ¼ Sn þ

adj:
X
ROSV
V

LV =Dt

S0n
V þ

V

pROS2V 0n
SV
4ðLV =DtÞ2

(2)

where “adj.” and “diag.” refer to the adjacent and diagonal neighn
0n
bours (Fig. 2), and S0n
V ¼ 0 if SV < 1 and SV ¼ 1 otherwise. The
different treatment given to diagonal and adjacent cells is due to
the way the ﬁre propagates: with a straight front between adjacent
cells and with a circular front between diagonal cells, centred in the
vertex of the burned cell.
2.4. Iterative Minimal Time (IMT)
Due to the different programming computing paradigm
imposed by the GPU architecture, the algorithm implementation
strategy of the previous models was found lacking in performance.
Using the knowledge acquired in porting these algorithms to the
GPU a new approach was deemed necessary.
A new model was developed departing from the Minimal Time
ﬁre growth model and keeping its physical prediction characteristics. This new model, called Iterative Minimal Time (IMT), is
a numerical iterative procedure characterized by data locality, i.e.
the execution of the propagation rules is fully independent for each
cell. The major difference from the MT model is that the propagation is now being made from neighbour to local cell and, through
a discrete numerical iterative scheme, decoupled from the discrete
time progression. In other words, each iteration of the initial MT
model corresponds to a real physical solution, while each iteration
of the new IMT model is just a numerical solution, without any
physical meaning attached. The physical solution of interest is
obtained when the method converges.
The ignition time map converges iteratively, starting from an
approximate solution or initial guess. Each new iteration k þ 1 uses
the k ignition times to compute the new ignition time for each cell
kþ1
kþ1
ðtig
Þ in the domain. Using Fig. 3 stencil, tig
is computed as the
minimal propagation periods from the neighbourhood cells,
according to



L
kþ1
tig
¼ min tVk þ V
ROSV

Fig. 1. Neighbourhood and propagation paths for the Minimal Time FGM.

diag:
X

(3)

where tVk are the old ignition times of the neighbour cells V, LV is the
centre point distance between centre and neighbour cells and ROSV
is the rate of spread in the neighbour-local direction. A solution is
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Fig. 3. Neighbourhood and propagation paths for the Iterative Minimal Time FGM.

found when the difference between the two ﬁelds, k and k þ 1 is
zero.
3. The GPU architecture
The GPU was developed as a hardware device dedicated to
process large graphic data sets, freeing the CPU from this task.
Because of this, the GPU and CPU architectures developed along
different lines. The CPU, in one hand, must handle the quasisimultaneously processing of different software programs and
also manage a large range of hardware devices, connected
through an ensemble of different bandwidth buses. An important
share of the CPU electronics is thus dedicated to control and
management logic. To cope with all the different instruction and
data streams simultaneously present, other substantial amount of
chip space is dedicated to an hierarchy of caches, to hide latency
from the user.
The GPU, on the other hand, is setup for the specialized graphic
processing task, being geared towards throughput instead off
calculating speed i.e., the target metric is data processed per time
unit instead of faster instruction execution. The result is that the
majority of its electronics is dedicated to arithmetic operations in
the form of a large number of low frequency (relatively to the CPU)
Streaming Multiprocessors (SM). This characteristic also sidesteps
the problems found by CPU designers in taking advantage of
Moore’s Law (Moore, 1965): instead of attempting ever higher
frequencies and facing heat problems, GPUs increase the number of
arithmetic processors in each device and implement faster and
wider memory buses, an area still expected to grow with Moore’s
Law. This last aspect is also fundamental to the GPU design, the
presence of large, dedicated global memories, able to feed the
streaming multiprocessors through a highspeed, high bandwidth
bus (for instance, the NVIDIA GT200 chip supports about 150 GB/s
while single core CPUs are not expected to overcome 50 GB/s (Kirk
and Hwu, 2009)).
The exploitation of this hardware is made possible through the
execution of a very large number of threads simultaneously (in the
order of thousands). Each thread processes a chunk of data
concurrently to other threads, in a parallel fashion. The GPU is able
to run hundreds of these threads at almost no cost because the
thread management logic is implemented at the hardware level. In
the CPU, on the other hand, threads are managed by the operating
system, being expensive to create and destroy.
It is clear from the exposed that not all problems are amenable
to GPU exploitation. Because of that, the best suited problems for
the GPU are those displaying a high degree of operation parallelism,
allowing simultaneous, independent processing of large amounts
of data, i.e., Single Instruction Multiple Data (SIMD) type of
algorithms.

At the hardware level the several Streaming Multiprocessors
present on the GPU device access and operate different memory
levels, like the CPU, but with higher bandwidth buses. These
memories are accessed and used with different roles: a Global
memory RAM space with direct communication with the host (CPU)
RAM. This memory is accessible by all threads and has the highest
latency access times present in the device. The SMs also have access
to Register memory. This is the fastest available memory but only
accessible to each thread. It has a small size, demanding careful
management.
Because of its specialized nature, GPU programming introduces
or renders more acute several problems to the programmer,
namely, memory management issues, load balance of the executing
threads, data races, data transfer costs, among others. For a review
and comment on these see Kirk and Hwu (2009).
A GPU/CPU program workﬂow follows the general idea of offloading operations and data to the GPU (device) from the CPU.
Operations are executed through kernel functions, that can operate
in the CPU, CPU and GPU or just GPU. A generic example of
instruction ﬂow in the GPU is given in Fig. 4.
CUDA, or Compute Uniﬁed Device Architecture, was developed
by NVIDIA as an ANSI C extension to facilitate the programming of
this manufacturer’s GPUs (NVIDIA, 2009). It was the programming
framework used to develop the work present albeit conclusions
and results are extensible to other GPU programming approaches.
4. Mapping the algorithm to the GPU
All implemented ﬁre growth models mentioned in this work
start by building a fuel model catalogue from pre-deﬁned (see, for
e.g. Andrews, 1986; Scott and Burgan, 2005) or user deﬁned input.
An iterative loop follows where, at each iteration, the propagation
rules of one of the algorithms in Section 2 are applied to all cells.
The main loop stop condition is dependent on the ﬁre growth
model chosen: it can be a limiting the number of iterations, a time
limit, convergence criteria or burning of all cells in the map.
Fig. 5, represents the algorithm ﬂowchart and roles of the host
and the device (GPU). The CPU controls the catalogue setup, all data

Fig. 4. GPU data ﬂow example (Tomaka, under

).
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Fig. 5. FGM ﬂowchart highlighting the interaction between the host and the GPU. The GPU block (to the right) depicts a thread conducting the ﬁre propagation to unburned
neighbour cells.

input/output and main execution loop. In the GPU implementation,
the spatial cell propagation part, inside the main loop, is ofﬂoaded
to the device and run inside a kernel.
A thread is assigned to each cell. Threads can be processed
independently (i.e., in any order), having a unique identiﬁcation
assigned by the CUDA framework. Here lies one of the main
differences from serial programming: the sequential loop over all
cells is replaced by an implicit loop, where all elements can be
calculated at the same time, restricted only by the device memory
and processing availability.
The different models implementations are described bellow.
4.1. Minimal Time kernel
The minimal time model described in Section 2.2 highlights the
problems found of porting on algorithm between two different
computational architecture paradigms.
The stop criteria for this model is the full burn of the map area
or a user deﬁned time limit. This is controlled by the main outer
loop, running on the CPU. During the ﬁre propagation phase, offloaded to the GPU, a global search loop identiﬁes all burning cells
and applies the rules described in Subsection 2.1. The ignition time
in the stencil cells is then computed from the calculated ROS. In
the end, the minimum ignition time of all cells is returned to the
CPU obtaining the next time step, i.e., tnþ1 ¼ tn þ min(Dti). If the
stop condition is reached the full ignition map is transferred to the
CPU for output.
Several limitations where found with the deployment of this
model into the GPU. The ﬁrst such limitation arose from the

number of instructions needed to encode the ROS propagation
rules for this model. As the memory available in each of the device
stream processors must be shared between instructions and local
data, the kernel size is limited. Part of the algorithm was thus displaced to the outside of the ﬁre growth model in the following
manner: steps i and ii in Subsection 2.1 are run in the GPU in
a dedicated kernel before the main loop, obtaining the a, ROS0,
ROSmax, and E and storing these values in dedicated arrays in the
device main memory. These arrays are used by a second kernel to
compute step iii.
A second limitation is incurred when updating the cells as each
thread can potentially alter the ignition time values of any of its
stencil cells. To avoid data corruption due to data races, i.e., write to
the same memory location by a thread while other thread is
reading it, atomic operations must be enforced (done here using
the CUDA function atomicExch). This safe-guard measure represents a performance penalty because memory access becomes
serialized (i.e., cannot be performed in parallel).
For comparison, pseudo-code implementations of this algorithm for CPU and CPU/GPU are given, respectively, in Figs. 6 and 7.
4.2. Fixed Time Step kernel
The ﬁxed time step algorithm eliminates the need for atomic
operations: each threads writes in its own dedicated memory space
due to the inward “ﬁre spread” direction of the propagation stencil
(see Fig. 2).
Like in the previous algorithm, the main outer loop operates
over time but using a user deﬁned, ﬁxed time step, i.e.,
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Fig. 6. MT sequential pseudo-code fragment.

Fig. 7. MT kernel pseudo-code fragment.
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tnþ1 ¼ tn þ Dt. The propagation part is once gain ofﬂoaded to the
GPU.
The state parameter S of the algorithm (see Section 2.3) must be
limited to the range [0, 1] during the calculation. This is achieved
through an operation that guarantees the correct numerical value:

Snþ1 ¼






Snþ1  1  Snþ1 þ Snþ1 >1  1

For execution in the GPU, threads are bundled together into
warps, each warp executing in a single processor of the device. If
different threads in the same warp ﬁnd different execution paths,
i.e., execution of an if type condition heralds a different result
among some of the warp threads, execution becomes serialized.
The mentioned procedure is thus necessary to circumvent this
serialization, transforming the problematic “if” clause into an
arithmetic operation and thus raising the parallel efﬁciency.
The ignition time of the cell is updated when Snþ1 ¼ 1, to a new
time tig ¼ tn þ Dt. Finally the state matrix is updated to Sn ¼ Snþ1 and
another time iteration is performed until the stop criteria is
satisﬁed.
4.3. Iterative Minimal Time, sequential implementation
The Iterative Minimal Time (IMT) is a novel algorithm, aimed at
exploiting massive parallel architectures like those of the GPU, and
obtaining the same results from the previously mentioned Minimal
Time ﬁre growth model.
As stated in Section 2, the main difference between IMT and the
two previous ﬁre growth models is the replacement of the time
progression loop by a numerical iterative procedure, associated to
the computation of a residue. A kernel is launched at each iteration
to compute a new ignition map, until the difference between
consecutive iterations is less than a pre-deﬁned threshold. The IMT
kernel pseudo-code is listed in Fig. 8.
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A thread is assigned to each cell to perform the neighbour
operations (Equation (3)) and obtain the minimum ignition time
need for each iteration.
To avoid divergence within the warp threads and possible
serialization, the conditional statement present in the sequential
version is replaced by function akin to that described in the
previous model, trading divergence for more arithmetic operations.
This novel algorithm yields superior speedups because there is
no divergence at the warp level and because a higher ratio between
operations and memory access is achieved. Also, similarly to the
ﬁnite time algorithm, ﬁre propagates to the centre of each cell,
guaranteeing absence of data races, an ideal property for massive
parallel processing.
5. Results
Each model was implemented in a sequential and a parallel GPU
version. Tests were run in an AMD Opteron(tm) processor at
2.4 Ghz and an Intel Xeon at 2.5 Ghz with a Nvidia Tesla C1060.
Operating System was Linux (Debian), with kernel version 2.6.20.
All CPU versions were compiled using gcc (Gnu Compiler
Collection).
5.1. Veriﬁcation
As already stated, this paper focus is on ﬁre front prediction
algorithms that form the base of current, in use, tools of
computer-aided decision for ﬁre ﬁghting scenarios. The paper
goal is to provide meaningful speedups to such tools using
a novel, albeit almost ubiquitous, hardware platform for general
computing, i.e., the GPU. In this sense the models implemented
have already been target of extensive validation in the literature
and the authors refer to, for a validation of pure cellular automata

Fig. 8. IMT kernel pseudo-code fragment.
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models (Trunﬁo, 2004; Berjak and Hearne, 2002). For Raster ﬁre
modelling to FireStation (Lopes et al., 2002) and BFOLDS (Perera
et al., 2008).
Synthetic test cases, with know exact solutions, where run,
enabling error analysis, comparison and veriﬁcation against those
reported in the literature (see, for instance, e.g. Cui and Perera,
2008).
Two of the veriﬁcation cases used are shown for purpose of
illustration. Case A represents a no wind, ﬂat terrain situation
(Fig. 9a) and case B constant wind and slope (Fig. 9b). As expected,
both minimal time models exhibit better results than the ﬁxed time
step model. For the elliptical situation shown in Fig. 9b the error
increases in the direction of maximum propagation. It was found
that the shape predicted by the models, for either the presented
cases and other conﬁgurations tested but not shown, was in
accordance to those found reported in literature (see, for instance,
e.g. Cui and Perera, 2008).
Simulation errors in the ﬁre growth models arise from three
major sources:
i availability and quality of input data;
ii theoretical basis of the ﬁre behaviour model;
iii ﬁre growth algorithm.
The comparison between the exact solution, Minimal Time and
Fixed Time, models eliminates the ﬁrst two error sources.
Comparisons of predicted shapes and sizes for simulated ﬁre
perimeters against their exact solution under 10 spatial resolutions,
two wind directions and keeping constant the fuel type, weather,
slope and aspect, where made. It was found that using ﬁner spatial
resolutions does not necessarily translate into more accurate
predictions. This result agrees with those of Trunﬁo (2004), Finney
(1998) and Cui and Perera (2008), that have shown that, for
instance, the number of stencil neighbours, the number of directions for ﬁre spreading and the raster shape play a larger role in
achieving more accurate predictions.
Simulation errors occur mainly in the direction of the ﬁre head,
as seen in Fig. 9b. In this direction the ROS is larger, and so are the
errors in the spread distance. The shape distortion errors seen in
the Minimal Time model (Fig. 9a and b) arise from the ﬁxed number

of regular pathways for ﬁre travel, as can be seen by the stencil in
Fig. 1. The pathways are deﬁned by the line connecting the ignited
cell centroid to those of its neighbours.
In the Minimal Time model the ﬁre will propagate from an
ignited cell to its 16 neighbour cells according to Fig. 1. Ignition time
for an unburned neighbour cell is given by the distance connecting
both cells divided by the ROS in that direction. Evaluating the
ignition time of all neighbours, the ﬁre will propagate towards the
neighbour with the lowest time to ignite. On the Fixed Time algorithm ﬁre occurrence results from an heuristic average relating the
eight stencil neighbours. The different rules used in the Minimal
Time and Fixed Time models result in different predictions for the
ﬁre perimeter, as seen in Fig. 9a and b. Likewise to the Minimal
Time model, larger errors in the main ﬁre propagation direction are
also found in the Fixed Time model.
5.2. Performance
The performance of the GPU implementation of each model was
assessed using complex terrain conditions, to increase the realism
of the results. Fig. 10 shows the height map and ﬁre front
predictions.
One of the main performance indicators of the GPU is its occupancy, deﬁned as the ratio of threads running in the GPU streaming
multiprocessor and the maximum number of threads it can
accommodate. A higher occupancy value is generally desirable for
good performance. One of the parameters inﬂuencing the occupancy is the block size, i.e., in CUDA threads are bundled into warps
which are bundled into blocks (see Kirk and Hwu, 2009).
A study of performance variation with block size was done for
the different implementations. Fig. 11a, b and c shows the speedup
for several block dimensions in different models. While the MT
displays better performance with smaller blocks, both the Fixed
Time and IMT behave differently, having better results for 256
threads per block (16  16).
For each case, the occupancy can be obtained using the calculator made available at the Nvidia CUDA website. Input parameters
are the register use per thread, the shared memory per block, and
the block dimensions. The ﬁrst two are know at compile time, as
part of the compilation log and the last, the block size, is user

Fig. 9. Veriﬁcation results for two constant condition scenarios. 10242 cells. (a) 5% Moisture, fuel model NFFL 1 (Andrews, 1986), no wind, no slope. Fire line at 2000 min. (b) 5%
Moisture, fuel model: NFFL 1 (Andrews, 1986), Wind speed/direction: 8 km h1 NE, slope/aspect: 0.5/23 clockwise from south. Fire line at 120 min.
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Fig. 10. Map and example results of a more realistic case for performance assessment. (a) Height map in metres for realistic test case. (b) 10% Moisture, fuel model NFFL 1, no wind,
10242 cells (Dt ¼ 1 s for FT model). Contour plots in minutes.

Fig. 11. Block size inﬂuence on the performance for the three FGM in the realistic case.
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Table 1
Occupancy ratios for the main kernels of the CUDA implementations, in function of
several block sizes.

Registers
sh. mem (bytes)
Occ. %
BS 42
BS 82
BS 162

MT16 model

FT Model

IMT16

21
872
25
50
50

20
76
25
50
75

16
3156
25
50
100

deﬁned. Because the majority of the computing time is spent on the
ﬁre propagation kernel, the efﬁciency and speedups of the CUDA
programs should be coherent with the occupancy rates of the
kernels. This data is listed in Table 1.
Fig. 11b and c follow exactly this mechanism, with each block
size curve corresponding to each occupancy value, i.e., BS 162 has
occupancy ¼ 75% and 100%, thus, the higher performances, BS 42
has occupancy ¼ 25% and the worst performance and BS 82, with
occupancy ¼ 50%, ﬁts exactly in the middle.
However, the MT model shows different results, with higher
performance for smaller blocks. In this case, while larger blocks
result in higher occupancy, smaller ones help reduce serialization
when one thread stalls. The memory locks used in the MT model to
deal with race conditions will make several threads stall and, as
a consequence, the thread block will also stall in the SM. Smaller
blocks will have less threads stalling and so present a higher
performance for this situation.
Fig. 11d shows the speed-up curves for the cases with the most
efﬁcient block sizes. Relatively to other models, MT is the most
memory demanding algorithm and has the worst speed-up results.
The motive is, once again, the serialization introduced by memory
locks. Maximum speed-up is achieved at 20482 cells with 6.3  and
the minimum value is 0.02  at 1282 cells, i.e. the GPU implementation is actually slower than the CPU version. Actually, 10242
cells are required for the GPU to outperform the CPU implementation of the MT model.
The Fixed Time model is not as memory demanding as MT, thus
presenting superior gains. However, it still suffers from warp
divergence. Maximum and minimum speed-up values are 44.9 and
14.9, for 12482 and 1282 cells respectively. The speed-up results
for the novel IMT algorithm proves that all aspects that were
hindering performance on the GPU were dealt with. Eliminating
warp level divergence and presenting a higher ratio between
processor operations and memory bandwidth achieved a speed-up
range between a maximum value of 243.5 for 16962 cells and
a minimum value of 112.5 for 1282 cells.
This performance opens the door to ﬁne grain resolution and/or
stochastic calculations, prohibitive under the current and predictable generations of serial CPUs.
Stochastic methods allow to gauge the inﬂuence of the uncertainty present in the initial data input of ﬁre simulations, e.g.,
velocity ﬁelds, ﬁre positions, fuel, etc. This added information will
beneﬁt ﬁre management teams during the ﬁre ﬁght, enhancing
existing models with probabilistic results. A publication will be put
forward about faster-than-real stochastic ﬁre prediction (see Sousa
et al., under review).
6. Conclusion
Two existing and known ﬁre growth models of the raster type
were successfully ported to the GPU architecture using CUDA.
The Fixed Time algorithm was used to raise the ratio of operations per memory accesses. Although an increase in speed-up was
achieved, this algorithm has shown a degradation in the ﬁre
prediction capabilities of the code when compared with the

Minimal Time ﬁre growth model contagious algorithm. Coupling
both algorithms, a novel approach was developed, joining the
computational load of the Fixed Time algorithm with the ﬁre
prediction capability of the Minimal Time algorithm. The resulting
algorithm, Iterative Minimal Time, is simple and straightforward,
delivering two orders of magnitude speedups.
The developed work highlights that the best results were attained
with a purposed tailored algorithm approach, instead of ﬁne-tuning
the kernel parameters. The speedups attained allow faster-than-real
time predictions of ﬁre behaviour and will allow stochastic modelling approaches, either Monte Carlo or other techniques, that require
hundreds or thousands of runs, during a characteristic time interval
of ﬁre spread, e.g. 1 h of real time ﬁre evolution.
All the source code is available under request to the authors,
being licensed under GPL V3.
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