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Abstract We consider a stochastic fire growth model, with the aim of predicting the
behaviour of large forest fires. Such a model can describe not only average growth, but
also the variability of the growth. Implementing such a model in a computing envi-
ronment allows one to obtain probability contour plots, burn size distributions, and
distributions of time to specified events. Such a model also allows the incorporation
of a stochastic spotting mechanism.

Keywords Stochastic fire spread · Markov model · Lattice · Spatial model · Rate of
spread

1 Introduction

Prediction of forest fire behaviour is an important element in the management of
forests, as well as in assessing ecological effects. Conceptually, fire prediction mod-
els fall into two categories: deterministic and stochastic. Most fire prediction mod-
els are deterministic, incorporating physical mechanisms for fire spread. An early
influential model of this type is the “Rothermel model” (Rothermel 1972). FARSITE
(Finney 1999) is the most popular of the deterministic and mechanistic models of
forest fire growth and spread. Another important deterministic model is Prometheus
(2006). See also Berjak and Hearne (2002) for an example of a deterministic lattice
model and for references to earlier deterministic models.
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None of these models allow for stochastic variability of the output, other than by
varying the initial conditions or varying the weather or fuel type. Once those conditions
are set, the output is deterministic, so that running the model twice yields the same
output both times. While this may produce quite realistic average patterns, it does not
produce stochastic output such as probability contours of regions burned. There are
variables which are not accounted for, and perhaps other random effects, which can
have a subtle or large impact on the spread in any particular fire. One important such
random phenomenon is fire spotting, in which an airborne burning firebrand is carried
ahead of the fire line, leading to a fresh fire start. A stochastic model has the possibility
of taking this into account.

The stochastic approach, which we pursue here, models a fire as a random phenom-
enon on a grid of spatial locations. Our model is an example of an interacting particle
system; it is a continuous-time Markov chain on a lattice. Each lattice location repre-
sents a small region, for example a 156.25 m2 as used in Sect. 3.

Each lattice site changes state according to local transition rates. These rate func-
tions model the competing physical processes of fire spread, spotting, and burnout.
The rate functions are based on covariate information which can be obtained for each
lattice site, such as topography, fuel moisture and local weather. The form of these
functions is tentative; providing a satisfactory model for them is beyond the scope of
the present paper.

While the rate functions proposed in this paper may not be in a physically reason-
able form at this time, we will see that they can be calibrated to replicate phenomena
such as the wildfire spread seen in the Dogrib case. For some information on the Dog-
rib fire see the Prometheus web site (Prometheus 2006). In particular, the proposed
spotting mechanism allows the simulated fire to jump the small river, and continue
spreading on the other side, providing a first hint of model validity. Questions of more
general model validation are also beyond the scope of this paper.

Since stochastic patterns are generated by our model, probability contours of areas
burned may be produced, either analytically, or more reasonably by simulation. In
addition, the simulation models can easily yield empirical distributions of other phe-
nomena such as total area burned by a fixed point in time, or empirical distributions
of the time to reach or cross a barrier such as a river.

Our view is that the model presented here can complement rather than compete
with the more popular deterministic models. As it develops, we hope it will become
another tool in the arsenal of tools used by foresters.

Although we believe our proposed stochastic model will be a useful conceptual tool,
it is not the first stochastic fire spread model to be proposed. Other stochastic models
in the forest fire literature are in the class of percolation models (for example, Stauffer
and Aharony 1992). These models have a fractal-like shape with unburnt holes due
to the random initial placement of trees. Although the model we are proposing can
be analyzed using percolation methods (see, for example, Durrett 1988), its dynam-
ics are quite different from the percolation models that have been proposed for fire
spread. Furthermore, it is well known that the boundary of the proposed model does
not exhibit fractal behaviour. A very different stochastic model is the one studied by
Malamud et al. (1998) which gives correct fire area power law behaviour, but cannot
be used to predict actual fire dynamics.
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Anderson et al. (2005) used ensemble modeling to generate probability contour
maps of the perimeter from a deterministic fire growth model. This was done by per-
turbing input weather by random or systematic amounts over simulated time. This
differs from our approach in that in ensemble modeling, the perturbations apply deter-
ministically to the entire fire at each time step, while in our approach, the stochastic
behaviour varies over space at each instant. Spatially-varying randomness is a suitable
representation of local wind gusts and local fuel heterogeneity. Further, the determin-
istic fire growth model cannot generate stochastic fire spotting.

The only other stochastic fire spread model we are aware of is Ntaimo et al. (2004),
but as that is not a Markov process, it is less amenable to extensions of time varying
external covariates such as changing weather.

The remainder of the paper is organized as follows. Section 2 discusses the lattice
model structure. Subsections of this discuss extensions to time varying rates, incorpo-
rating wind, both speed and direction, and a spotting mechanism. Section 3 discusses
the Dogrib fire event, and one version of the model to describe that type of phenome-
non. Section 4 gives some concluding remarks.

2 Overview of the lattice model

In this section, we overview the spread model in an attempt to demonstrate the basic
mechanisms. We first describe the model without a spotting mechanism. For notational
convenience, we suppose the external covariates are constant with respect to time. In
the next subsection we will relax this assumption.

On the landscape where the simulated forest fire will grow, we overlay an m by n
regular grid or lattice of locations.

A lattice point may be in one of several states, corresponding to a local state of
a forest fire. These states are combustible fuel (F), burning fuel (B) and burnt out
fuel (O), as well as a non-fuel state from which no transitions may take place (NF).
The times to transit from F to B and from B to O are independent, and exponentially
distributed, given the current configuration. The NF states represent non-combustible
things such as water or rock.

Once a cell has reached state O, that cell can no longer leave that state. State O acts
like an absorbing state. Thus we need not distinguish between the burnt out state O
or any other cell with no fuel NF, so for the remainder of this section we confine our
attention to this simpler set of possible states (F, B, O).

At a given time t, x(i, j)(t) is defined as the state of the lattice location at (i, j). It
can take any one of the values F, B, O.

The transition rate from one state to another at a lattice point depends on what is
happening in the neighbourhood of the lattice point. We consider a neighbourhood
which consists of the given lattice point plus its four nearest neighbours, those points
which are immediately to the north, south, east and west. The (i, j)th lattice location
will then have a neighbourhood given by

N (i, j) = {(i, j), (i, j + 1), (i, j − 1), (i + 1, j), (i − 1, j)}.
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The set of states in the neighbourhood of (i, j) at time t is given by

XN (i, j)(t) = {x(i, j)(t) : (i, j) ∈ N (i, j)}. (1)

If x(i, j)(t) = F, we may expect that x(i, j)(s) = B for some time s > t . The rate
at which this transition will occur depends on the states of the lattice points in its
neighbourhood (i.e., the points in N (i, j)). The rate function for this transition from
state F to state B is given by

r(i, j) (F, B;w, g) = f ((i, j), XN (i, j), w, g) (2)

where w contains the weather and other external covariate information at (i, j), and g
contains the information about the terrain at (i, j) and possibly at neighbouring lattice
sites. The model assumptions that we make allow us to write

f ((i, j), XN (i, j);w, g) =
∑

(k,l)∈N (i, j)

λ((i, j), (k, l), x(k,l), w, g) (3)

where λ((i, j), (k, l), x(k,l), w, g) is a function of individual neighbourhood state val-
ues, weather and geography. Typically λ((i, j), (i, j), w, g) is constant, depending
only on w and g, to reflect spontaneous fires due to lightning or human causes. Since
the physical rules governing the system are the same wherever one is located, there
is a spatial stationarity which allows us to express the rate functions in terms of the
coordinate-wise difference between a site (i, j) and its neighbours (k, l). That is (4),
where f0 is a specified function

λ((i, j), (k, l), x(k,l), w, g) = f0((k, l) − (i, j), x(k,l), w(k, l), g). (4)

This means that the rate function is determined by a simple translation of the func-
tion f0 to each location centred at (i, j). Thus we need only to specify the function
f0((k, l)) at location arguments (k, l) for each point in the neighbourhood N (0, 0).

Specifying the rate functions r allows one to incorporate various pieces of physi-
cal information, topography and other fire behaviour dynamics. The most important
aspects of weather are wind speed and direction, temperature, and fuel moisture con-
tent. These may in turn be captured through moisture codes and fire receptivity indices,
such as those used by the Forestry Canada Fire Danger Group (1992). (Two important
indices are the fine-fuel moisture code (FFMC) for the top stratum of surface material,
and duff moisture code for the next stratum. We employ the FFMC in our model.)

Similarly we have transitions from the burning state B to the burnt out state O
governed by rate

r(i, j) (B, O;w, g) = λ((i, j), x(i, j), w, g). (5)

This rate depends only on its own site (not on the more general neighbourhood), and
on the configuration at it own site, namely B, and so is of the same functional structure
as above. In our model we take this to be a constant with respect to time and space,
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depending only on the weather. It could be modified to include information about
neighbouring sites.

All other transitions have rate functions that are null.
Writing the simulation code can and should be done to take advantage of some

numerical and programming efficiencies, as there are different ways of implementing
a Markov chain in code. This is discussed later.

We conclude this subsection with several observations. One could consider larger
neighbourhood structures, such as incorporating eight nearest neighbours, at a cost of
additional computational effort. In a limited numerical study of the most basic specific
form of these models, a larger neighbourhood did not lead to qualitatively different
output, so we retained the simpler neighbourhood form given by N (i, j). One could
also consider a larger set of states, allowing for different fuel types or moisture lev-
els for instance. Finally, there is the question of grid size. A finer grid requires more
computing power to implement, and there is also the consideration of the degree of
fine structure information available. One could also use a larger scale, but that might
aggregate too large a local area, thus not taking into sufficient account local fire growth
factors.

2.1 Time varying rates

The model can be extended to include time varying components. The main difference
is that the Markov chain is no longer time homogeneous. This affects the computations
substantially.

Notationally the changes require that (2) becomes

r(i, j) (F, B;w, g, t) = f ((i, j), XN (i, j)(t), w(t), g(t)) (6)

and (5) becomes

r(i, j) (B, O;w, g, t) = λ((i, j), x(i, j), w(t), g(t)). (7)

The rate functions r now depend on w(t), the weather at time t , and diurnal variation,
of the temperature.

The simplest implementation to this time inhomogenous Markov chain is to approx-
imate it as a sequence of time homogeneous Markov chains. In other words one can
replace the rates as a function of time t with piecewise constant rates. Over the course
of a day, time is divided into smaller segments, where on each segment weather will be
treated as constant for that segment. From the beginning to the end of that segment, the
Markov chain is time homogeneous. The end state of the system at one time segment
will be the input state of the system for the next segment.

2.2 Incorporating wind

Fuel type and slope play an important role in the spread of fire (Canadian Forestry
Service 1992). We assume a homogeneous fuel-type. Wind plays a crucial role in
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forest fire spread. It is dynamic, changing on a much faster time scale. In moderate to
high wind, an assumption of time inhomogenous Markov parameters is probably not
reasonable, except on a very short time scale. Specifically the rates for the competing
exponential times in (3) need to be replaced by functions of time.

There are two basic rate of spread (ROS) functions. They are λb(t), the base rate
of spread, a function of fuel type but with no wind and flat ground, and λm(t), the
maximum ROS, again a function of fuel type and maximum wind speed.

We now define the basic translation rate parameter function, the analogue of (4)
where angles are in terms of compass coordinates. Let

θ(k, l) =

⎧
⎪⎪⎨

⎪⎪⎩

π if (k, l) = (0,−1) (South)
0.5π if (k, l) = (1, 0) (East)
1.5π if (k, l) = (−1, 0) (West)
0 if (k, l) = (0, 1) (North).

(8)

Adapting a formula of Xu and Lathrop (1994) we use as in Boychuck et al. (2007)

f0((k, l), B, w, g)(t) = c(t)λb(t)

1 − cos(θ(k,l) − θm(t))[1 − λb(t)/λm(t)] (9)

as the rate of the exponentially distributed time until fire spreads from a burning site to
its nearest-neighbour in direction θm(t). Since fire cannot spread from a non-burning
cell

f0((k, l), O, w, g)(t) = 0

f0((k, l), NF, w, g)(t) = 0 .

The function c(t) can be further used to incorporate a diurnal cycle.
The rate functions constructed via (9) and (4) no longer are parameters of expo-

nential distributions.
The time-evolving rates into the model introduced in Sect. 2.1 are nontrivial to

implement. It is possible to adapt a thinning algorithm used for simulating non-homo-
geneous Poisson processes (Lewis and Shedler 1976), but we believe this will be more
complicated to implement than the piecewise constant approach taken here.

2.3 Spotting mechanism

One area where stochastic simulators have a distinct advantage over deterministic
ones pertains to the incorporation of important random events, such as the spotting
of fresh fires. The fire spread model presented here includes a mechanism to simu-
late the spotting of new fires. Spot fires are difficult to model because the underlying
physical process is difficult to observe and measure. The process is highly stochastic
and involves the generation of embers from within intense fires, their loft in a smoky,
turbulent convection column, their gradual consumption by fire often to the point of
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extinction, their drift due to wind and gravity, and their possible landing on receptive
fuels. Chase (1984) describes a commonly used model of spot fire distances. Our
algorithm to incorporate fire spotting has the same general structure, but is simplified
as described below.

1. The occurrence of a firebrand being sent aloft is treated as a competing Poisson
event to the rates of spread to adjacent cells and of fire burnout in the existing
cell. The various instantaneous rate functionals for each of these events can be
quite general in nature, but we cannot go beyond the family of competing Poisson
processes without sacrificing the memoryless property which enables us to process
the next event without regard for other possible future events.

2. When a firebrand becomes airborne, its time aloft is determined. We presently
assume an exponentially-distributed time aloft for simplicity.

3. The likelihood it is still burning or smoldering upon landing is determined. Cur-
rently, we assume that the time to burnout is exponentially distributed. Only if it
has not burned out do we need to proceed to the next step.

4. The landing location of a burning or smoldering firebrand is found as a function of
its time aloft and the predominant wind direction, subject to a random jitter that is
bivariate-normally distributed.

5. In the final step, it is determined if the burning or smoldering firebrand has landed
upon fuel, and if so, a final Bernoulli random, varriable is generated to determine
if ignition occurs.

There are several generalizations that our algorithm can accommodate. As the time
scale that a firebrand is aloft is so much smaller than the time scale for individual lattice
points to change state, we can view the time aloft as essentially instantaneous. As such,
there would be no impact on the “next event” characteristic if we were to allow for
quite arbitrary distributions of time aloft, or for that matter, time alight. However, we
observe that several general distributions for time aloft or alight could still be accom-
modated theoretically within our framework if the time scales were comparable, such
as integer-shape-parameter Gamma distributions and phase-type distributions.

In a similar fashion, our algorithm can be readily generalized to allow the proba-
bility of successful ignition to decrease with time aloft, as well as local parameters
such as fuel type. This would be most easily achieved via another exponential term,
but again, an arbitrary monotonically-decreasing density would do.

We note that the vast majority of firebrands are never observed, due to failing one
of the successive steps leading to a fresh ignition: (a) not transcending the boundaries
of the existing fire in a perceptible fashion, (b) burning out prior to landing, (c) not
landing on a fuel type, and (d) not spotting a new fire despite the capability of doing
so. The end result is a highly censored process, which poses a number of statisti-
cal challenges when tuning the parameter values. The flexibility of our algorithm in
accommodating a wide range of distribution types for these spotting phenomena will
be very beneficial as more is learned about them, so that more accurate choices can
be made where warranted.

The incorporation of the firebrand in terms of rate functions is incorporated by
adding an additional rate

123



Environ Ecol Stat

∑

(k,l)

λS((i, j), (k, j), x(k,l), w, g) (10)

where the sum is over all lattice points. This notation is to be consistent with (3).
It is the rate at which a burning cell at site (k, l), and hence the value x(k,l) = B,
transmits a firebrand to a cell at a location (i, j), which may be far away, not just in
the neighbourhood N (i, j).

The rate (3) is now replaced by

r(i, j)(F, B) =
∑

(k,l)∈N (i, j)

λ((i, j), (k, l), x(k,l), w, g) +
∑

(k,l)

λS((i, j), x(k,l), w, g).

(11)

The rate (10) could be implemented in a numerical code by a product of the terms
given in the itemized list above describing the spotting mechanism. Specifically it
would involve summing over only burning cells that can produce firebrands and po-
tential spottings. The Eq. (11) sums the net spotting impact on destination cell (i, j)
by summing over all source cells (k, l) that are capable of dispatching a firebrand to
(i, j). Computationally, this is inefficient. So long as the frequency of spotting events
is properly accounted for, we are free to record these either from the perspective of the
issuing cell outwards, or the destination cell inwards, as both approaches will account
for all instances of spotting once. The former view is computationally much faster
as we need only consider the rate at which the source cell issues firebrands, and we
need not concern ourselves with where they are actually landing. That facet has been
subsumed in steps 1–5 of our spotting algorithm.

Our goal here has been to point out the capability of a stochastic simulator as a
vehicle to readily incorporate the spotting of new fires. An example in the next section
incorporates the fire spotting mechanism described above.

3 Simulation of the Dogrib large fire event

The example in this section is the result of an attempt to produce similar spread behav-
iour to that seen in the Dogrib fire which occurred near Nordegg, Alberta, starting on
September 25th, 2001 and ending on October 21st (see Fig. 1). A detailed description
and analysis of the fire is given in Trevis (2005).

On October 16, a “wind event” occurred: high winds blew in a northeasterly direc-
tion, and in the space of about 13 h the fire consumed almost 10 times as much area as it
had over the course of the previous 21 days. Its size at 11:30 p.m. on October 16, 2001
comprised 9,898 ha. We attempt to reproduce, using simulations from our proposed
model, the type of behaviour as seen in the Dogrib system during this October 16
episode.

Our replications of the October 16th event were achieved by conceptually “ignit-
ing” a fire in the southwest corner of the map, just north of the river at the bend. This
was done to provide the closest basis for comparison with Prometheus runs “ignited”
at a similar location (see, for example, Fig. 2). The region covered by the simulation
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Fig. 1 Dogrib fire started on September 25, 2001 near Nordegg, in central Alberta

was a 5×5 km square (although the figures we present display a rectangular area not
covering the full vertical range). This region was segmented into ten squares in each
direction, each square comprising 40×40 =1,600 lattice locations, for a grand total of
40 × 40 × 10 × 10 =160,000 lattice cells. Consequently, the edge of a single cell was
12.5 m. For the purposes of these plots, the common parameter values were as follows:
a constant wind speed of 43 km/h, and a wind direction of 45 degrees (meaning in a
northeasterly direction). The fine fuel moisture code (FFMC), reflecting the moisture
in the top strata of ground-level fuel was 90.9, a very high rating; ground fire would
tend to spread quickly under this condition.

Wherever possible, we took our parameter values from the documentation on the
Prometheus site (Prometheus 2006). The rates of spread were taken to be constant with
respect to terrain and fuel type. Greater variability would be observed from replication
to replication if the rates would be allowed to vary with these quantities. We leave
such a consideration for future work.

3.1 Calculating the infinitesimal rates

This subsection details the steps in determining the exponential rates for the model.
In the Canadian Forest Fire Behavior Prediction (CFFBP) System, the rate of spread
(ROS) is calculated as a function of Initial Spread Index (ISI) and fuel type. The ISI,
in turn, is a function of windspeed and FFMC.

The first step in calculating ROS involves determining two ISI values: an ISI at 0
wind speed and an ISI at the measured wind speed for the period of interest, that is
the ISI evaluated at the pair (wind speed=0, FFMC), and the ISI evaluated at the pair
(period wind speed, FFMC) as determined by a table lookup (Hirsch 1996, Table 6,
page 29).
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Fig. 2 Prometheus simulation of the Dogrib fire from a point source ignition with Red Deer River set as a
fuel break: elapsed time 160 min, Fire size 307.86 ha

For a measured daily wind speed = 43 km/h and FFMC = 91 (Hirsch 1996, Table
6, page 29) gives ISI = 43.0, and for wind speed 0, and FFMC = 91, the same table
gives ISI = 5.0. ISI increases quickly with both wind speed and FFMC; therefore, if
the wind speed had changed significantly within the time period of interest, repeated
ISI measurements would have been needed to handle each period.

The base and maximum ROS use the wind speed = 0 and wind speed = period wind
speed ISI values, via either a tabular lookup or reading from a graph (Hirsch 1996).
The base ROS and maximum ROS correspond to λb and λm respectively in Sect. 2.2.
These were constant for the period of interest, not depending on time. These values
were used in the rate function (9). We also took c(t) = 1 in (9); diurnal effects were
neglected in the runs presented here.

The ROS value functions are fuel-type-dependent, and are given separately for dif-
ferent fuel types in Hirsch (1996). For Boreal Spruce fuel type (Hirsch 1996, Fig. 12,
page 43), with base ISI = 5.0, the base ROS λb = 3.0 m/min, and the maximum ROS
λm = 66.5 m/min when ISI = 43. If the fuel type is matted grass, then from (Hirsch
1996, Fig. 23, page 60) one obtains base ROS λb = 1.5 m/min and maximum ROS
λm = 8.5 m/min.

The fuel type for this example is mixed, so we used the Boreal spruce ROS val-
ues scaled by a multiplicative factor of 0.372. This gave reasonable pictures, but the
determination of a rate of spread for mixed fuel types is a subject for further research.

In order to assess a rate of burnout, one needs to consider the depth of the fire front,
the rate of spread, together with the duration of typical intense flaming in a particular

123



Environ Ecol Stat

Fig. 3 Legend for the Terrain colour scheme of the Dogrib maps

piece of fuel, which tends to range between 20 and 40 s (see Taylor et al. 2004). For
the purposes of the simulation examples presented here, we have assumed that the
burnout rate was 0.167 times the maximum ROS at that cell.

The last step is to transform the various rates of spread (distance per unit time)
into our various exponential rates as per (9). This was achieved via a linear transla-
tion based on the size of the cell (in the Dogrib case, 12.5 m). The exponential rates
were then summed as described in (11) to obtain the rates of a lattice cell making the
transition from state F to state B.

3.2 Parameter values for the spotting mechanism

Parameter values were chosen on rough physical grounds, but were not based on hard
data. Nonetheless, seemingly credible realizations were obtained. The firebrand rate
of emissions was 0.016 per minute per cell, roughly 1 per hour per cell. The time a
firebrand was aloft was exponentially distributed with a mean of 10 s, and the mean
amount of time a firebrand was alight was 100 min, meaning that virtually all fireb-
rands were still burning upon landing. Combining our wind speed and mean time
aloft, the mean spotting distance (distance traveled by a firebrand) was 119.4 m. The
probability that a live firebrand led to ignition upon landing was 0.7. The variation in
the landing location was normally distributed with a standard deviation of 1 cell width
(i.e. σ = 12.5 m) in both axis directions.

3.3 Discussion of the results

The sequence of images presented in Figs. 4, 5 and 6 show the evolution of a single
realization after 1, 2, and 3 h of simulated elapsed time. The legend for the colour
scheme used is given in Fig. 3 in the Appendix.

Figures 7, 8, and 9 show three sample paths, based on identical parameter values,
corresponding to an elapsed time of 160 min. They illustrate the degree of variability
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Fig. 4 Simulation of the Dogrib fire: elapsed time 1 h, Fire size 47.52 ha

Fig. 5 Continuation of simulation in Fig. 4 of the Dogrib fire: elapsed time 2 h, Fire size 231.12 ha

Fig. 6 Continuation of simulation in Fig. 5 of the Dogrib fire: elapsed time 3 h, Fire size 481.66 ha

123



Environ Ecol Stat

Fig. 7 Replication number 1 of the Dogrib fire: elapsed time 160 min, FJR = 146.39, Fire size 233.64 ha

Fig. 8 Replication number 2 of the Dogrib fire: elapsed time 160 min, FJR = 104.7 min, Fire size 377.77 ha

for this stochastic model. The shapes of these fires are similar, being roughly elliptical.
The model is sufficiently complex that we are unable to prove that this kind shape will
always result (under constant wind direction). One related result has been obtained
by Richardson (1973), where a simpler evolving isotropic nearest neighbour lattice
model produces a circular shape in the long run, with probability 1.

Because of our fire spotting mechanism, all 600 of our simulated fires succeeded
in jumping the Red Deer River, replicating the behaviour of the fire event of October
16. (These 600 runs were conducted in an initial set of 300 runs and a later second set
to collect additional information.)

Generally the earlier the spotting fire jumps the river (FJR), the larger the fire across
the river. We observe that while the fire depicted in Fig. 7 has crossed the river by time
160 min, there is no meaningful growth yet on its far side. In contrast, from Fig. 8 we
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Fig. 9 Replication number 3 of the Dogrib fire: elapsed time 160 min, FJR = 98.1 min, Fire size 420.2 ha

Fig. 10 An enlarged realization revealing unburnt areas

see that this replication has crossed the river, and there is a moderate degree of lateral
fire spread on the far side. Figure 9 shows a realization with substantial fire growth
that is the direct result of an early river crossing time.

Figure 10 provides an enlargement of a sample run, which reveals small islands
of unburnt terrain. Some of these will become burnt as time evolves, and some will
remain unburnt when all their nearest neighbours or adjacent cells eventually burn
out. If the burn-out rate were to increase relative to the rate of spread, these islands of
unconsumed fuel would be larger and more numerous.

We carried out further empirical analyses of the 600 simulation realizations in order
to relate the FJR time to the size of the fire after 160 min. This time has a significant
impact on the subsequent fire shape and extent of spread. The smallest FJR time was
73.9 while the largest FJR time was 146.39 min. The mean and standard deviation of
the FJR times for all 600 realizations were 108.3 and 12.7 min respectively.
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Fig. 11 Dogrib fire: 5% probability contour at elapsed 160 min

Fig. 12 Dogrib fire: 10% probability contour at elapsed 160 min

There is a negative correlation between FJR time and fire area. We consider the
total area burned by 160 min of elapsed time: the smallest fire area was 233.64 ha,
while the largest was 473.6 ha, and the mean and standard deviation of the fire area
were 382.4 and 29.8 ha respectively. The fire having smallest area had an FJR time of
146.39 min, and the largest fire had an FJR time of 88.7 min. The lowest FJR time of
73.9 min corresponded to a fire having an area of 438.1 ha.

Figures 11, 12, 13 and 14 give simulation estimates of the point wise probability
contours of size 5, 10, 50 and 90% respectively, at elapsed time 160 min and based on
our initial run of 300 replicates.

The p% contour plot is the region of points for which p% of the simulation repli-
cates were burning or had burned at an elapsed time of 160 min. For instance, the 10%
contour plot shows those cells that have been reached by fire in at least 10% of the
realizations (i.e. at least 30 of the 300 realizations). It is interesting to note that with
the 5 point neighbourhood N given in (1), the shapes of these regions are roughly
elliptical. From the 50% figure, however, we can discern that a frequent phenomenon
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Fig. 13 Dogrib fire: 50% probability contour at elapsed 160 min

Fig. 14 Dogrib fire: 90% probability contour at elapsed 160 min

is for the fire to spot some distance away from the river, and then to grow upwind as
well as downwind. Several deterministic models impose this elliptical shape property
(Finney 1999, Richards 1990), whereas it comes naturally from the stochastic structure
in this model. Care should be taken in interpreting these plots. For example in Fig. 14,
the 90% plot does not cross the river, but this does not mean that 90% of sample paths
or realizations do not cross the river. It means that points across the river burn with a
point-wise probability of less than 0.9. All the sample realizations crossed the river,
but the locations of these spot fires were highly variable.

A referee pointed out that Figs. 11 through 14 all exhibit a similar shape indicating
a similarity in burn patterns among all realizations.

The stochastic model, through its simulation output, can also provide other model
information, such as the typical fire size by a specified time. Figure 15 shows one
such growth curve. Based on our initial set of 300 simulation paths through time, this
plot gives the median (50th percentile) fire size at various times. This is similar to
the type of information that deterministic models can give, but stochastic models can
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Fig. 15 Cumulative median fire size (ha) for the Dogrib model elapsed time 160 min

also yield plots for other percentiles. For example, plotting the 99th percentile through
time provides information about extreme growth.

One might argue that we should start our simulation runs at the same location as the
real Dogrib fire, with time t = 0 corresponding to the start of the fire on September
25th. However, as has been pointed out by Podur (2006), in attempts to track the impact
of large fires, it is much more important to track the major “fire event” successfully,
than to track them through stages of minor growth. The Dogrib fire consumed roughly
10 times more in 13 h on October 16th than it had in the previous 21 days. For us to
have tracked the Dogrib examples over the entire period of time would have necessi-
tated run times an order of magnitude larger, which would have severely limited our
ability to consider as many alternatives as we have.

4 Concluding remarks

In this paper, we have introduced a stochastic fire spread model. At this time, there
are several deterministic spread models in use (e.g. Prometheus, Farsite, etc.). We do
not intend for the model proposed here to be thought of as a replacement for these
existing models. Rather, we intend to provoke discussion and thought about how to
enhance or extend such models using a stochastic spread mechanism.

One question that needs to be addressed is whether the exponential distribution
assumption is realistic. If the grid cells have small areas, this assumption is likely
as reasonable as any, since the aggregate effect over a large number of cells will be
essentially independent of the actual distribution for a single cell.

It is essential that a comparison be made of the distribution of simulated fire spread
rates with experimental fire spread rates in order to properly validate this model. More
comparisons with Prometheus output will also help to test the validity of our proposal.
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