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Abstract

Global warming and the subsequent increase in the frequency and severity of wildfires demand for
specialized risk assessment and management methodologies to cope with the ever-increasing risk of
wildfires in wildland-industrial interfaces (WIls). Wildfires can jeopardize the safety and integrity of
industrial plants, and trigger secondary fires and explosions especially in the case of process plants
where large inventory of combustible and flammable substances is present. In the present study,
modeling the WII as a two dimensional lattice, we have developed an innovative methodology for risk
assessment of wildfire in Wlls by combining the dynamic Bayesian network and wildfire behavior
prediction models. The developed methodology models the spatial and temporal spread of fire in WiIs,

based on the most probable path of fire, both in the wildland and in the industrial area.

Keywords: Wildland-industrial interface; Wildfire; NaTech accident; Dynamic Bayesian network;

Fire’s most probable path; Domino effect.
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1. Introduction

Every year, wildfires burn between 300 to 600 million hectares of land globally, with an annual average
of 297 fatalities between 2008 and 2015 [1]. Wildfires are classified as hydro-geological events which
are bound to increase due to the combined effects of climate change and human development.
Regarding the climate change, every degree in global warming may result in a 12% increase in the
lightning [2], as one of the main causes of wildfires, while to compensate for the increase in the risk of
consequent wildfires 15% more precipitation would be required [3]. With the increase in human
development and activities in wildlands, the likelihood of human-caused wildfires has increased; this
is because, unlike most natural disasters, four out of five wildfires (80%) are started by people [4]. In
the Mediterranean countries, human activities account for more than 90% of wildfires [5]. Aside from
the role of human in causing wildfires, the ever-increasing development in urban and industrial areas
has increased the wildland-human interfaces, exposing the assets to a greater risk of damage in the

event of wildfires.

Wildland-human interfaces can be in the form of wildland-urban interfaces (WUIs), wildland- industrial
interfaces (WIIs), and wildland-infrastructure interfaces [6]. WII is an area where, for instance, oil & gas
facilities or other industrial plants meet with or are located within wildland vegetation. Most previous
works and attempts in modeling and risk assessment of wildfires in wildland-human interfaces have

been devoted to wildlands or WUIs [7-10] with a very few studies to WIIs [11,12].

Modeling and risk assessment of fires in WIls are important because, in addition to the potential of
damage to industrial facilities, the loss of revenue due to the facilities’ operations shutdown (for safety
concerns or repair and replacement of damaged units) could be substantial. For instance, in May 2015,
wildfires in the province of Alberta, Canada, spread to the oilsands areas, causing two major petroleum
companies, Canadian Natural and Cenovus Energy, to shut down their 80,000 and 135,000-barrel-a-day
operations, respectively [13]. In May 2016, wildfires burned part of Fort McMurray, Alberta, Canada,
and moved towards oilsands plants north of the city (Figure 1), causing a 40% drop in the oil

production due to the shutdown of oilsands facilities nearby [14].

Wildfires in WIIs can result in catastrophic consequences particularly in the case of oil and gas facilities
(refineries, storage plants, etc.). Exposed to the heat of wildfire, storage tanks of flammable and
explosive petroleum products such as crude oil, gasoline, diesel, kerosene, and propane can get
damaged (through heat convection, radiation, or airborne embers), and help spread the fire to other

units and storage tanks - known as a domino effect.
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Figure 1. Wildfire in Fort McMurray, Alberta, Canada (as of May 17, 2016), threatening major
oilsands operation facilities owned by Suncor and Syncrude. Red and yellow spots denote the fire
spread 6-12 hours and 12-24 hours, respectively, after the onset of fire [15].

In order to protect oil and gas facilities from wildfires (and also protect the wildlands from potential
ignitions at the facilities), there must be buffer zones, usually in the form of vegetation-free ground,
between the facilities and forest vegetation. In the absence of specialized fire spread modeling and risk
assessment methodologies in WIIs, such buffer zones are usually determined based on rule of thumb
and approximate analysis [16]. However, recent research has demonstrated that these buffer zones are

not sufficient in most cases [17].

The present study is aimed at developing a methodology by integrating dynamic Bayesian network
(DBN) and fire behavior prediction models to simulate the spread of wildfires (the most probable path)
in WIIs. In order to predict the fire behavior and characteristics such as the rate of spread and intensity,
the Canadian fire Behavior Prediction (FBP) system - an online public wildfire information system
[18] - is used. A review of wildfire modeling and risk assessment techniques is given in Section 2. DBN
and its application to industrial fire spread modeling [19] are briefly revisited in Section 3. In Section
4, the DBN is adapted and integrated with the FBP system to model the spread and assess the impact of

wildfires in Wils. The conclusions are presented in Section 5.



2. Wildfire risk assessment

Wildfire hazard is usually expressed using the fire behavior [1], the main constituting factors of which
are the rate of spread and the fire head intensity. Fire behavior models take into account the weather
and fuel conditions and landscape topography to calculate the rate of spread, the amount of consumed
fuel, the overall shape of the fire perimeter, the rate of energy release, the mode of propagation (surface
fire, crown fire, or intermittent), and the geometry of the flame [20]. Accordingly, the risk of wildfire-
induced damage to human, assets, and the environment can be defined based on the fire likelihood, fire
behavior (rate of spread and intensity), and the impact of fire on the target [9,21]. In other words, in a

WII with K targets, the risk of wildfire can be expressed as:

Y X X OMmMw (1)

where () is the probability of ignition in the cell i of the wildland; N is the total number of ignitable
cells (green cells) depending on the resolution of the representative lattice; ( | ) isthe probability
of ignition evolving as a wildfire with a given intensity; M is the number of possible fire intensity; ( | )

is the response function (vulnerability) of target k to a wildfire of certain intensity.

2.1. Ignition probability

The probability of ignition P(I), which can reasonably be taken as the probability of small wildfires (<
10 hectare), is usually modeled statistically using fire occurrence data [22]. Weather conditions such as
temperature, relative humidity, and wind speed are the main factors in the estimation of P(I) (or small
fires). The vegetation moisture content also plays a key role in both the initiation of fire (the ignition)

and the continuation and spread of it [23].

Based on the foregoing spatial and temporal factors, several statistical relationships have been
developed for the prediction of P(I) [7,24,25]. For instance, Preisler et al. [7] used a logistic regression
technique to predict the probability of small fires (fire in an area of 0.04 ha), based on parameters such
as burning index, fire potential index, drought index, thousand-hour fuel moisture, wind speed, relative

humidity, dry bulb temperature, day of the year, and elevation.

Considering the lightning as one of the main triggers of wildfires, studies have been devoted to the
estimation of lightning-induced ignitions [26,27]. Regarding the human-induced ignition as the most

common type of ignition, Lawson et al. [28] developed the Wildfire Ignition Probability Predictor



(WIPP) model based on the wind speed and the fuel moisture content to predict the P(I) in the forests

of British Columbia, Canada.

2.2. Spread probability
For large wildfires (> 10 hectare), in addition to the P(I), the spread probability P(WF|I) - also known

as the burn probability — would be needed to estimate the probability and assess the risk of wildfire
[22]. One way to estimate the spread probability is to consider many thousands of ignitions in the
wildland, and simulate their potentiality of growing as a wildfire using fire spread models to find the
relative frequency of fires which would spread and threaten the targets of interest [9,29]. Nevertheless,
most wildfires that cause significant damage to the assets start from the ignitions close to wildland-
human interfaces where the likelihood of human-induced ignitions are high [30]. That being said, when
assessing the impacts of wildfires on wildland-human interfaces, the distant ignitions can reasonably

be screened out from the risk assessment.

Many fundamental models have been developed for predicting the behavior of fire in wildland fuels,
including the surface fires [31, 32], crown fires [33-35], and the spread of fire by means of airborne

ambers and fire brands (known as spotting) [36,37].

Modeling the wildland as a grid or graph, a number of deterministic and probabilistic methodologies
has been developed to model fire spread from cell to cell (in the case of grids) or node to node (in the
case of graphs). Some of deterministic fire spread models include the turbulent forest fire model based
on the distribution and dissipation of energy [38-40], the shortest travel time [41-43], the shortest path
algorithms [44], fuzzy cellular automata [45], and the integration of cellular automata and genetic
algorithm [46]. Some of probabilistic fire spread models include the works based on continuous-time

Markov chain [47], stochastic shortest path [48], and the most probable path [49].

Likewise, a number of wildfire spread and behavior simulation models have been developed such as
BEHAVE [50], the National Bushfire Model [51], and FARSITE [52], mainly based on the fundamental
fire behavior models. A review of wildfire simulators has been given in Papadopoulos and Pavlidou [53],

pointing out FARSITE as the most precise fire propagation simulator.

Similarly, a number of wildfire simulation software and applications have been generated, including the

Canadian Fire Behavior Prediction System! [18], NEXUS2 [54], FlamMap?3 [55], BehavePlus*[56],

! http://cwfis.cfs.nrcan.gc.ca/home

> http://pyrologix.com/downloads/#software

* https://www.fs.fed.us/rmrs/tools/flammap

* https://www.frames.gov/partner-sites/behaveplus/home
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FOFEMS [57], and FSPro¢[58], and FARSITE? [52]. Effective applications of the most of these simulators
require adequate knowledge and skill of Geographic Information System (GIS) and wildland fuel
modeling techniques [1] as well as detailed spatial information on topography, fuels, and weather

conditions, which does not exist for many wildland-human interfaces.

2.3. Fire intensity

2.3.1. Fire head intensity

To assess the response function of targets exposed to the fire, estimating the intensity of the fire both
at the fire head and at the targets, which may not be in direct contact with the fire head, would be
required. Fire head intensity (q) is the rate of energy release per unit length of the fire head (kW/m),
regardless of the fire’s depth. Having the rate of spread ( ) and the amount and the type of the consumed
fuel, the fire head intensity can be calculated [31,59]. Using the relationship developed by Byram [31],

q can be calculated as:
G, (2)

where g (kW/m) is the fire head intensity; p (k]J/kg) is the fuel low heat of combustion, that is, the high
heat of combustion minus the heat losses from radiation, incomplete combustion, and fuel moisture; is
the fuel consumption rate in the fire head (kg/m?2), and (m/min) is the rate of fire spread. Without
having the rate of spread and the fuel’s characteristics, the fire head intensity can still be calculated if

the flame length, L(m) is known [31]:

(3)
The fire’s different zones such as the fire head and flanks as well as the flame’s characteristics such as
its length (L), height (H), depth (D), and angle (a) are depicted in Figure 2. In the case of crown fires,

one-half of the mean canopy height should also be added to L [31]. A review of relationships to calculate

the fire intensity based on the fire length can be found in [60].

> https://www.fs.usda.gov/ccrc/tools/fofem
® https://wfdss.usgs.gov/wfdss_help/WFDSSHelp request acct.html
7 https://www.firelab.org/document/farsite-software
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Figure 2. (a) Fire zones (adapted from Wikipedia). (b) Flame characteristics [61].

Having the flame depth, the head fire intensity can be converted to area-fire or reaction intensity Q

(kW/m?) [62]:
- (4)

2.3.2. Fire intensity received by a target

Wildfire spread in forest vegetation is governed by heat transfer and mass transfer rules in the form of
convection, radiation, and spotting [49]. To protect industrial plants and facilities from the impact of
wildfire (and also to protect the forest vegetation from industrial fires), there should be a buffer zone
or safety distance in the form of vegetation-free ground between facilities and the forest vegetation in
the WIIs [16]. However, numerical simulations of storage tanks exposed to wildfire has demonstrated
that in most cases such safety distances would not be adequate to sufficiently lower the risk of damage

caused by radiant heat [17].

To account for the risk of damage due to the wildfire radiant heat, the fire’s intensity received by target
facilities (or units) at variable distances from the fire head (or flanks) would be required. Having the
fire intensity at the targets along with the type (e.g., atmospheric storage tanks) and characteristics of
the target vessels and equipment (e.g., the type of material, wall thickness), the probability of damage
can be assessed using, for instance, dose-response or fragility relationships [63, 64]. Considering the
flame as a solid body [17, 65, 66], the fire reaction intensity at a distance of r from the flame,, can be

calculated using the solid flame model [67] as:

(5)



where Fyiew is the view factor, i.e., the fraction of the heat radiation received by a target [68], and is the
atmospheric transmissivity (0 < < 1) to account for the fraction of the radiant heat diminished due to

the distance and the atmospheric humidity and carbon dioxide.

3. Industrial fire spread modeling using Bayesian network

3.1. Dynamic Bayesian network

A Bayesian network [69] is a probabilistic model BN= (G, 8) for reasoning under uncertainty, where G
is the model structure in the form of a directed acyclic graph, and 6 is the model parameters in the form
of conditional probabilities. G presents the conditional dependencies among the nodes (random
variables) of the graph by means of directed arcs - drawn from the parent nodes to the child nodes -
while the conditional probabilities assigned to the child nodes determine the type of the dependencies.
The nodes with no parents (known as root nodes) are assigned marginal probabilities. BN takes
advantage of the d-separation rule to simplify the joint probability distribution of its nodes.

Considering the BN in Figure 3, the d-separation rule can be expressed as:

e ina serial connection as X1, X2, and X5, if the state of X2 is known, X1 and X5 become
conditionally independent: P(X5|X1, X2) = P(X5|X2)

e inadivergent connection as X2, X4, and X5, if the state of X2 is known, X4 and X5 become
conditionally independent: P(X5|X2, X4) = P(X5|X2)

e ina convergent connection as X1, X2, and X3, if the state of X2 is unknown, X1 and X3

become independent: P(X1|X3) = P(X1)

Figure 3. A typical Bayesian network. X1 and X3 are root nodes. X1 and X3 are the parents of X2 and
ancestors of X4 and X5. X2 is the child of X1 and X3 while X4 and X5 are the descendants of X1 and
X3. X1, X2, X3, and X4 are non-descendants of X5.



The d-separation rule can be manifested as the Markovian property: Given its parents, a node becomes
conditionally independent of all its non-descendants. For instance, P(X5|X1, X2) = P(X5|X2) and
P(X5|X2, X4) = P(X5|X2). Satisfying the Markovian property, the joint probability distribution of the
variables in a BN can be factorized as the product of the nodes’ conditional probabilities given their
immediate parents. Considering the BN in Figure 3: P(X1, X2, X3, X4, X5) = P(X1) P(X3) P(X2|X1, X3)
P(X4]X2) P(X5|X2).

Having the joint probability distribution of the variables, the marginal probability of any of the nodes
can be calculated using a number of inference algorithms such as bucket elimination (a.k.a variable
elimination) [70], junction tree [71, 72], belief propagation (a.k.a sum-product message passing) [73],

and Monte Carlo Markov Chain analysis [74].

A BN can be extended to a dynamic Bayesian network (DBN) so that the dynamic aspects and temporal
uncertainties arising from the sequence of failures (or events) or temporal changes (aging, growth,
degradation, etc.) can be considered in the modeling. To form a DBN, a BN (as a snapshot of the system)

is usually replicated in time slices over a specific time period.

Figure 4(a) displays a two-slice DBN where the nodes of the more recent time slice are denoted with a
prime symbol and a darker color. In Figure 4(a), the arc from X3 to itself but in another time slice, X3’,
implies the temporal evolution of X3 (e.g., weakening due to fatigue) while the arc from X5 to X2’ may
indicate either a reciprocal cause-effect relationship (X2 — X5 — X2) or uncertainty about the sequence

of failures (X2 — X5 or X5 — X27), neither of which possible to be modeled in BN.

(a) (b)

Figure 4. (a) A two-slice DBN in extended form. (b) The same DBN in abstract form. The numbers
attached to the arcs denote the number of time slices used for temporal dependencies.
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3.2. Fire spread in industrial plants

Khakzad et al. [75] developed a methodology based on BN for modeling the spread of fire (domino
effect) in process plants, presenting the process units as the nodes and the possibility of fire spread
between the adjacent nodes (from burning units to the exposed units) as the directed arcs of the BN. In
their approach, the conditional probabilities assigned to the exposed units were determined using
dose-response relationships (probit functions) developed for estimating the damage probability of

process units exposed to fire [63].

Modeling the fire spread as a BN, given a primary fire, exposed units with the highest marginal
probability were chosen as the secondary units involved in the fire spread. Following the same
approach, the tertiary units can be identified, and so on. Figure 5 displays a tank terminal and the BN

developed for modeling the fire spread in the terminal given a primary fire at T2 (e.g., a gasoline tank).

(b)

Figure 5. (a) A tank terminal. (b) Modeling of fire spread as a BN given fire at T2.

The application of BN to fire spread modeling does not capture the uncertainty arising from different
possible fire spread paths. In the tank terminal of Figure 5, for instance, if there were two simultaneous

primary fires at T2 and T5, two different BNs could be developed for fire spread

11



modeling, as shown in Figures 6(a) and (b). As mentioned in the previous section, DBN can be used to
account for the uncertainty arising from the analyst’s doubt about the sequence of failures (here, the
sequence of fires). For this purpose, the DBN methodology developed by Khakzad [19] can be applied,
as depicted in Figure 6(c).

& -G

(a)
o3¢ Ts
(b)

(c)

Figure 6. BNs for modeling possible fire spread given primary fires at T2 and T5 where (a) T3 may
catch fire before T4, and (b) T4 may catch fire before T3. (c) Fire spread modeling as a DBN to
account for uncertain fire spread paths in panels a and b.

4. Wildfire spread modeling using Bayesian network

4.1 Methodology

The DBN methodology developed for modeling industrial fire spread can be adapted to modeling

wildfire spread in Wlls via the following steps:

(i) the WII of interest is first modeled as a 2D lattice;

(ii) the lattice is modeled using a DBN. Each cell of the lattice is presented a node of the DBN.
The words “cell” and “node” are thus used interchangeably in the development of the
methodology;

(iii)  given ignition in an arbitrary cell (provided that the cell is not a bare land), a fire behavior

model is used to determine the fire spread rate and intensity;

12



(iv) fire spread rate and intensity are used to estimate the fire spread probabilities between
the cells;
W) quantifying the DBN using the spread (conditional) probabilities, the most probable path

of fire spread is determined.

As discussed in Section 2.2, similar approaches have been adopted in the previous studies [41,47,49].
For instance, by modeling the wildland as a 2D rectangular lattice and by overlaying spatial data of
terrain, fuel, and wind, Finney [41] employed fire behavior models such as BEHAVE

[50] and FARSITE [52] to model fire spread based on the minimum travel time.

In order to make the discussion more concrete, consider a WII in Figure 7(a) which has been modeled
as a lattice consisting of 49 cells of 200m x 200m, of which cells 32 and 33 being occupied by an oil
terminal, consisting of five gasoline storage tanks as shown in Figure 7(b). To account for the
heterogeneity of the forest vegetation, 20% of the wildland (about 9 out of 47 remaining cells) has
been considered as fuel-free (bare land), shown as hatched cells in Figure 7. Considering a uniform
distribution for lightning-induced ignition over the landscape [76], fire may start with a certain

probability P(I) at any cell with forest vegetation (e.g., cell 23).

TS
W

(a) (b)

.l Forest vegetation Vegetation-freeland “ Ignition point ﬂ Oil terminal ® Storage tank

Figure 7. (a) Modeling the wildland-industrial interface as a lattice. Green cells are those with forest
vegetation. The hatched cells are vegetation-free land. Cell 23 is where the ignition occurs. Cells 32

13



and 33 are occupied by an oil terminal. (b) Layout of the oil terminal, consisting of five storage tanks
T1-T5. The cells have been numbered from 1 to 49 only for the sake of modeling.

Choosing cell 23 from the green cells, i.e., those with forest vegetation, as the ignition cell via uniform
sampling, the potential paths for fire spread are modeled as the DBN in Figure 8, where every cell of
the lattice, except cells 32 and 33, has been modeled as a corresponding node. Instead of cells 32 and

33, the five storage tanks T1-T5 have been modeled as separate nodes (highlighted with color blue).

[t should be noted that although the fuel-free nodes (highlighted with color grey) do not contribute to
the fire spread, they have been included in the model so that the developed DBN would be applicable
to different scenarios and forest vegetation densities. However, their states have been set to “no-fuel”
to neutralize their role in the fire spread modeling. Cell 23, where the ignition starts, have been
highlighted with color yellow. Two more assumptions have been made in the development of the DBN:
(i) only the spread of fire from the wildland to the industrial plant is considered, ruling out the
possibility of a burning tank igniting forest vegetation in the adjacent cells (that is why there is no arc
from T1-T5 to the wildland nodes); (ii) fire in a burning cell can spread to other green cells in its van

Neumann neighborhood.

GO faCa

:
|
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@ Vegetation-free cell Q Ignition point
Q Storage tank

Figure 8. DBN for modeling the fire spread in WII. The storage tanks T1-T5 are denoted by color
blue, fuel-free nodes by color grey, and the ignition node by color yellow.

Two main types of neighborhood, that is, Moore neighborhood and van Neumann neighborhood,

have been depicted in (Figure 9).

o O
I =
H N RN

(a) (b)

Figure 9. (a) van Neumann neighborhood. (b) Moore neighborhood.

To quantify the DBN and model the fire growth in the WII, the fire spread probabilities between the
nodes are required. Assuming that the forest vegetation would certainly catch fire in contact with the
flames [49], the probability of fire spread among the forest vegetation cells would depend on the

direction of wind and the rate of fire spread.

Assuming that the wind direction would be along the length of the cells, the probability of fire spread
in the fire head (direction of wind) can be calculated as the probability that in a given time interval (1)
the fire burns along the burning cell (d) and reach the adjacent green cell. In other words, the
probability of fire spread would be equal to the probability of the fire’s travel time between two cells
() being less than the given time interval (7). Since the fire travel time can be

calculated as ,the probability of fire spread in the direction of wind during any two sequential

time slices (t) in the DBN can be estimated as (). Having the probability density function of the

rate of spread (), the probability of spread can be calculated as:

O

- O( 9 ( 00 -
(6)

where (.) is the cumulative density function of.

15



In the present study, the Fire Behavior Prediction (FBP) System embedded in the Canadian Wildland
Fire Information System [18], a public online application, is employed to predict the wind direction, the
rate of spread (m/min) and the fire intensity (kW/m) on a daily basis. Given the geographical location

of the WI], the information derived from FBP system, in the form of interactive maps, can be overlaid

on the representative lattice, as illustrated in Figure 10.
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Figure 10. Given the location of the WI]I, the fire’s rate of spread and intensity as well as weather
conditions can be determined using the Canadian Forest Fire Behavior System.

4.2. Results
Assuming that wind direction is from south to north, and the rate of spread is a normal variable

with a mean value and standard deviation of 15 and 3 m/min, respectively, the probability of fire

16



spread in the north direction can be calculated about 0.7 using Equation (6) given a simulation time

interval of T = 15 min in the DBN and a cell length of d = 200 m.

The fire spread rate in wildfires can vary several orders of magnitude around its perimeter [77], with

the highest rate in the direction of wind and at the fire head. Thus, having the probability of fire spread

of 0.7 calculated at the fire head (north direction), the probabilities of spread at the fire’s flanks (east

and west directions) and rear (south direction) were assumed as 0.4 and 0.1,

respectively, for

illustrative purposes. Implementing the DBN in GeNle software [78], the spread of fire through the

wildland vegetation can be modeled based on the most probable path of fire spread. The results of four

representative time slices are shown in Figure 11.

t=90 min

t =180 min

robability of fire spread: . 0.1-0.3

0.3-0.5

0.5-0.7|
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Figure 11. Propagation of wildfire across the wildland within 180 minutes from the start in cell 23

in Figure 7(a). The colors denote the fire spread probabilities varying from the lowest (green: 0.0 ~

0.1) to the highest (orange: 0.7 ~ 1.0). Probability of zero has been assigned to the hatched area due
to the lack of vegetation.

To model the spread of fire from the forest vegetation cells to the storage tanks, the intensity of fire at
the cells adjacent to the storage plant would be required. Considering the fire intensity map

provided by the Canadian FBP System in Figure 10, an identical intensity of I = 4000 (—-is

considered for the burning cells. Assuming a flame depth of D = 5m, the fire reaction intensity

immediately at the wildfire front can be calculated using Equation (4) as Q = 800 (- Considering
awind speed of =5 ) and approximately equal distances of T1 and T4 from the centre of the

fire as r = 20 m, a view factor of = 0.021 was calculated (see Appendix). Using Equation (5), the

magnitude of the heat radiation T1 and T4 receive from the wildfire would be =16.8 (). —

If either T1 or T4 catches fire exposed to the heat of wildfire, they can trigger a domino effect inside the
oil terminal. To model the fire spread in the oil terminal, the amount of heat radiation an exposed tank
may receive from a burning tank is required to calculate the conditional damage probabilities. Having
the weather conditions (wind speed: 5 m/s; wind direction: from south to north; relative humidity:
25%) and the type (atmospheric tanks of gasoline) and the size (diameter: 50m, height: 12m, volume:
23,500 m3) of the storage tanks, the approximate amounts of heat radiation tank Tj receives from a tank

fire at Ti were calculated using ALOHA [79], as presented in Table 1.

Table 1. Approximate heat radiation intensity (kW/m?2) tank Tjreceives from a tank fire at tank T;.

I

T;

1 2 3 4 5
1 211
2 211 21.1 146
3 211 14.6
4 31.8 211
5 31.8 211
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Knowing the amount of radiant heat both from the forest vegetation to the storage tanks ( : from cell
31 to T1 and from cell 25 to T4) and from a burning tank to the adjacent tanks (Table 1), the damage
probability of tanks can be calculated using probit functions. In the present study, we use probit

functions [64] developed for atmospheric process vessels:

() () (7)
(> (8)
C (9)

where ttf (s) is the time to failure of an exposed storage tank; Q. (kW/m?) is the received heat radiation
by the tank from the wildfire or other burning tanks; V (m3) is the tanks volume; Y is the probit value;
Pr is the damage probability of the tank; ¢(.) is the cumulative density function of standard normal

distribution.

[t should be noted that the foregoing relationships are valid only if the amount of heat radiation received
by an atmospheric storage tank is higher than 15 kW /m?2[64]. As a result, tank fires at T2 and T3 would
not be able to cause damage to T4 and T5, respectively, as the amount of radiant heat that T4 and T5
may receive from T2 and T3 is below the threshold heat (14.6 kW/m?2). Accordingly, in the DBN in
Figure 8, there are no arcs from T2 and T3 to T4 and T5. Using the damage probabilities in the DBN,

the temporal probabilities of fire spread among the storage tanks have been displayed in Figure 12.
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Figure 12. Fire spread probabilities in the storage plant due to wildfire-induced domino effect. The
colors denote the fire spread probabilities varying from the lowest (gray: 0.0 ~ 0.1) to the highest
(orange: 0.7 ~ 1.0).

4.3. Further remarks

Figure 12 shows that 120 min and 150 min after the onset of fire in cell 23, the probability of fire spread
to T1 and T4, respectively, would be credible (more than 50% chance of catching fire). The results
shown in Figures 11 and 12, however, should not be taken as the final fire spread probabilities in the
WII. As pointed out in Finney [41] and later adopted in Miller et al. [29], Scott et al. [9], and Khakzad et
al. [11], the burn probability of a cell - be it a forest vegetation cell or a storage tank - should be
estimated as the mean (expected) value of the burn probabilities of the cell by simulating many
thousands of random ignitions in the wildland and under different weather and fuel conditions. For
instance, considering a constant fuel condition and three prevailing wind conditions in the WII, and

knowing that the fire intensity and spread rate are dominant by weather- fuel conditions, the

probability of fire spread to T1 can be calculated as:

OX X OMmM (10)
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where i=1, .., 38 is the number of forest vegetation cells in the WII in Figure 7(a), and j=1, ..., 3 is the

number of wildfires with different intensity.

In short-term modeling and assessment the risk of wildfires in WIIs, where the fuel and weather
circumstances can be considered as constant [41], the possible changes in the fire intensity can be
ignored, and thus only the possibility of random ignition points can be taken into account in Equation
(10). In other words, to obtain more accurate probabilities in Figures 11 and 12, the modeling should

be replicated at least given different ignition points in the lattice of Figure 7(a).

The developed methodology, similarly to other fire spread models which suffer more or less from
epistemic and aleatory uncertainties, is subject to two different sources of uncertainty (or
simplification): (i) the simplifications made in the fire behavior prediction model, i.e., the Canadian Fire

Behavior Prediction System [18], and (ii) the simplifications made in the development of the DBN.

Regarding the former type of simplifications, as argued by Alexander and Cruz [10], the results of most
fire simulation models are not accurate because, for instance, they usually assume a continuous,
uniform, and homogeneous fuel complex consisting of a single fuel layer (i.e., no distinction between
surface and crown fuels). Furthermore, they often overlook the role of spotting or fire whirlwinds in
creating multiple fire fronts [49], thus not necessarily resulting in the likeliest path of fire spread. While
the short-range spotting may be over burned by the fire head, in long- range spotting the fire brands
and ambers can travel in excess of 5 km from the fire line [77] while the fire whirlwinds can travel in
excess of 2.5 km from the fire front [80]. Due to the foregoing simplifications, an estimation error

threshold of 35% would be acceptable for the predicted rate of spread [10].

Regarding the latter type of simplifications, we made a number of simplifications either for illustrative

purposes or for lack of data, which are worth mentioning for the sake of future improvements:

o Fora given fuel type, the major fire spread direction is governed by both the wind direction and
the terrain slope [41]. Fire, more often than not, moves faster upslope than on a plain terrain as
the fire’s heat moves upward and preheats the forest vegetation uphill. In the present study,
considering the wildland as a 2D lattice, we did not consider the role of slope and assumed that
the direction of fire would merely be controlled by the wind direction.

e Foreach cell of the WII in Figure 7(a), if not a bare land, we considered only two states: burning

and not burning, indicating an infinite residence time () for a burning cell. is the

21



length of time which takes the flame front to pass a given point [62]. It has alternatively been
defined as the length of time for which the burning fuel continues to emit heat flux without
smoldering or burning out [49]. Using the simplifying assumption of an infinite , as can be seen
from Figure 11, a burning cell at t = 30 min would still be burning at t = 180 min with a certain
probability, resulting in an overestimation of burn probabilities in the adjacent cells and thus
overestimated fire spread probabilities in general. The assumption may be reasonable for
short-term ( a few hours) modeling and risk assessment of fire

spread, but in long-term modeling should be calculated, for instance as —[62], and

taken into account in the modeling by considering an additional state for the cells, namely,
“burned-out” state.

e Aspointed outin FireSmart [16], in risk assessment and management of WIIs (with an emphasis
on oil and gas industry), both the threat of wildfire to industrial plants (risk) and the threat of
industrial plants to the wildland (liability) should be considered. Regarding the liability, the
capability of industry-caused fires in igniting forest vegetation and causing wildfires should be
assessed and reduced. In the present study, however, we considered only the impact of
wildfire on the oil facility (risk), overlooking the capability of burning tanks in igniting their

adjacent cells (liability).

5. Conclusions

Extensive development of wildland-industrial interfaces (WIIs) from one side and global warming and
an anticipated increase in the frequency of consequent wildfires from the other hand demand for
modeling and risk assessment of wildfires in WIls. In particular, if a WII is characterized by large
inventory of hazardous chemicals, the consequences of wildfires could worsen due to the possibility of

triggering secondary fires and explosions.

In the present study, we developed a fire spread model to predict the growth and spread of fire in WIIs,
both in the wildland and in the industrial area. To this end, the WII was first modeled as a lattice and
then mapped into a dynamic Bayesian network (DBN). Considering wind as one of the most influential
parameters in controlling the direction of fire spread, the Canadian Fire Behavior Prediction (FBP)
system was employed to derive the fire’s rate of spread and intensity, which in turn were used to
calculate the conditional fire spread probabilities among the nodes of the DBN. Having the spread
probabilities, the most probable path of fire and respective burn probabilities were identified by the

DBN.
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In developing the model, we made simplifying assumptions such as constant weather and fuel
conditions, which in conjunction with the uncertainties embedded in the FBP system with regard to the
prediction of fire’s rate of spread and intensity, may reduce the accuracy of the burn probabilities. Such
simplifications can be relaxed in future works by, for instance, increasing the resolution of the
representative lattice (increasing the possibility of fuel heterogeneity within a cell), considering the

wind direction and speed as random variables, and including the fire residence time in the analysis.

Knowing that perfect near-time predictions would never be achieved [10], the model predictions should
only serve as a guide to help land use developers, firefighters, and plant owners get a better handle of
the fire’s most probable path and burn probabilities, and accordingly optimize their risk management
strategies. In the absence of fire spread models in WIIs, the developed model, despite its limitations, is
the first of its kind, and can provide a new direction in modeling and risk assessment of wildfires in

WIIs.
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Appendix

Identification of view factor in Solid Flame Model.

Fuiew can be calculated as a function of vertical F; and horizontal F, view factors as [68]:

where:

v

Target

Figure A1l. Considering the flame as a tilted cylinder in the Solid Flame Model.
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0 can be calculated as a function of wind speed uyas:
- (A13)

where Fr is the Froud number, and Re-is the Reynolds number.

and are, respectively, the density (~ 1.21 kg/m3) and viscosity (~ 16.7 p.Pa.s) of air; g is

gravitational acceleration (~ 9.81 m/s2).
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