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Efficient wildfire risk reduction policies have turned into a main priority for many fire departments in the

globe. The preservation of the current reserves includes the consideration that we must incur in economic

expenses in order to reduce the environmental cost of these disasters. This paper presents a methodology

for developing fuel control policies that attempt to strategically reduce the expected damages caused by

probable fires. We present an metamodel that optimizes the fuel control policy by allocating barriers in the

forest. These allocation is done by using a black box algorithm based in a kriging metamodel for simulation-

based optimization. We tested our algorithm in the allocation of the barriers in a forest reserve in Bogotá,

Colombia having a considerable reduction in the size of expected fires, considering the size of the reserve.
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1. Introduction

Wildfires are time evolving disasters for which accurate mitigation and prevention affects directly

the damage made to the forests, economy and in some cases the population. An adequate risk

management policy can reduce both the economic and environmental losses of a large scale forest

fire and aid rescue units in its control. During 2014 over 2.7 million fires were reported to the

Center of Fire Statistics from 32 different countries (Brushlinsky et al. 2016). Just in the United

States, over 10 million acres were lost in the 68,151 fires that occurred during 2015, with a cost of

over USD$2 billion (US Forest Service 2016).

Bogotá D.C. and its surroundings combine urban area with forests reserves, ecological parks,

ecological sanctuaries and other protected areas as presented in figure 1. This combination increases
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the wildfire risk in the protected areas, due to the interaction with mankind and the introduction

of alien vegetation. This mix of conditions produces over 300 forest fires each year, from which

at least 5% exceeds the 5,000 m2 (UAECOBB 2013). The latest large scale fire before this text

was writen occurred in the Aguas Claras Reserve, burning 18 hectares of forest area (El Tiempo

Bogotá 2016).

Forest Area / 
Forest Reserve

Ecological Park

Ecological Sanctuary

Urban Area

Figure 1 Bogotá D.C. protected areas

One the most efficient strategies for wildfire risk reduction is the preventive fuel treatment,

which reduces the speed of the fire spread. Consequently, the total area burned is reduced and the

firefighting operation can be carried out in a safer and simpler manner.

Our objective is to provide an strategic fuel treatment through simulation-based optimization

using a kriging meta-model. We look for an optimal location of a set of barriers, considering the

historic results of previous simulations by relating every new scenario with previously known ones,

considering their proximity. Our algorithm presents an iterative methodology for the allocation of

the barriers to attack new possible hotspots that may be generated with the obtained policy in

each step.

This paper is presented as follows: Section 2 contains a review of current forest fire risk manage-

ment tools and simulation-based optimization algorithms, Section 3 presents our methodology for
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a strategic fuel treatment in large forests, Section 4 presents our results base in real forest reserve

and Section 5 presents our conclusion on the results of the optimization algorithm and our future

work to improve our algorithm.

2. Literature Review

In this section we present the current wildfire risk management tools and policies applied. These

includes the risk calculation, forest fire simulation tools and policy optimization to reduce the fire

risk.

Society for Risk Analysis (2015) relates risk to the consequences of an event or activity with

respect to something that humans value. Thompson and Calkin (2011) presents the fire risk triangle

based in three factors: burn (or ignition probability), fire intensity (area covered) and fire effects

(costs of fire) resulting in the expected damage of the fires. From this definition we could infer that

the risk does not have an unique function or objective for every disaster and context. The main

risk consideration contemplates the loss of forest area and environmental losses (Brillinger et al.

2009, Keane et al. 2010, Atkinson et al. 2010, Massman et al. 2010, Thompson and Calkin 2011,

Miller and Ager 2013), nevertheless most current models have quantified the economic value of

these losses and included other considerations as structural loss (Massada et al. 2009) or combat

costs (Rideout et al. 2008), more complex models attempt to combine several conditions by joining

market and non-market values (Calkin et al. 2010). Most risk calculations are related to the fire

simulation model (Mell et al. 2010, Miller and Ager 2013, Thompson and Calkin 2011), and as

such the risk function must be adapted both to the specific objective and the adjacent tools that

allow its calculation. In our case, the cellular automata simulation presented in Morales et al.

(2014), considering our objective to minimize the total area burned presents a feasible risk function

considering the expected value of the spread.

A possible wildfire risk management policy consists in the fuel treatment in the forests. These

fuel treatment can be done with both operational and strategic approaches, in order to attack a real

fire or prevent the spread of future fires respectively. Finney (2001) presents an operational policy

for the location and size of the fuel treatment areas for an occurring fire. Stephens and Moghaddas

(2005) tests different modifications to the vegetation and determines their proper use depending

on the objective risk function. A fuel treatment policy has been treated in Finney et al. (2008)

presenting a simulation for fuel treatment locations, considering an annual intervention and fuel

natural recovery over time. Reinhardt et al. (2008) presents several observations on the efficiency

of the fuel treatments in short and long term, focusing in how the fuel treatment must be created

according to the desired time window. Our model presents the allocation of the fuel treatment
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through barriers that stop the propagation due to the space propagation possibilities of the cellular

automata model.

In order to create a fuel treatment policy, an Efficient Global Optimization (EGO) algorithm

is needed. These EGO algorithm is normally based in stochastic blackboxes and are also known

as simulation-based optimization (Banks 1998). The standard Response Surface Methods (RSM)

which fit a regression model have proven to be inefficient when attempting to pretend a complete

region (Huang et al. 2006), but have better results when attempting to simplify to smaller sub-

regions with local behaviors (Kleijnen 2008). The kriging metamodel has presented a good RSM

estimation in different areas, by the correlation of neighbor points considering both deterministic

and stochastic simulation (Cattle et al. 2002, Kaymaz 2005, Joseph et al. 2008). Nevertheless, the

RSM algorithm precises an iterative algorithm that obtains the optimum through and efficient

selection of scenarios. In order to determine these new scenarios a convex methodology could be

considered as the Nelder-Mead simplex (Nelder and Mead 1965).

We consider using a variation of the EGO algorithm presented in Huang et al. (2006), by com-

bining a forest fire risk calculation, a kriging metamodel and a Nelder-Mead simplex calculation

for our sequential optimization. Section 3 explains in a higher detail the steps of our final EGO

algorithm.

3. Methodology

In this section we briefly discuss our proposed simulation-based optimization and the steps needed

to obtain an efficient fuel treatment policy in a given forest. Our proposed methodology attempts to

determine the optimal location to create fuel treatment by the modification or complete eradication

of vegetation in lineal pathways in order to stop the fire spread. Our current methodology assumes

a perfect efficiency of the barrier, forcing the fire to find new pathways when the barrier is met.

We must clear up that our methodology is for a strategic stance and not an operational one. This

means that the barrier will be located permanently in order to prevent the fire spread of any

possible fire, instead of being used in a temporarily to stop a specific fire. This section is divided in

4 parts: subsection 3.1 presents our simulation for the risk calculation, subsection 3.2 presents the

used kriging metamodel to perform optimization through simulation and subsection 3.3 presents

our methodology to obtain new scenarios to simulate and 3.4 presents our complete simulation-

based optimization algorithm by joining the three parts mentioned before. This project was made

in Java Standard Edition 8, considering the generated scenarios as an array of characteristics with

a related Risk Reduction.
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3.1. Risk Calculation

Our objective function is the risk reduction, considering risk as the expected loss for a future

wildfire. The wildfire risk triangle presented in Thompson and Calkin (2011) relates the risk with 3

factors: i) burn probability, ii) fire intensity and iii) fire effects. In our case, we relate risk uniquely

on the total area burned in each fire, according to the related objective of the UAECOBB (Fire

Department of Bogotá D.C.) also calculating the hotspots according to the fire frequency in each

location.

In order to obtain the fire frequency considering a set of new wildfires, we must use a fire spread

simulator that can determine the total area burned in each of the possible scenarios. As our fire

spread simulator, we used the simulator presented in Morales et al. (2014) for each scenario. As

additional inputs for this model, we generated wind direction and speed scenarios with a second

degree discrete time Markov chain as presented in Sarmiento et al. (2015) and a random generated

ignition point, weighted by the ignition risk. The ignition risk was obtained by the model developed

in Abisambra et al. (2015).

Considering the input of the three models (ignition risk, wind simulation and fire spread) a

Montecarlo simulation was made in order to determine the risk of each location of the forest. Each

fire replica considered a new ignition point and weather scenario in order to simulate the spread

until either the fire was blocked due to natural reasons (end of vegetation or water bodies for

example) or 10 hours had passed, considering the time the UAECOBB takes to control the spread.

The Montecarlo simulation considered a total of 100.000 different fires per iteration.

3.2. Kriging Metamodel

Once the fire frequency is calculated, we must obtain the barrier ideal allocation to control a

random new fire. As no previous information about the efficiency of each barrier is known, we

must obtain a set of simulated initial scenarios in order to obtain ideal new locations to test the

simulation. Our kriging algorithm is based in the one presented in Huang et al. (2006). To present

our formulation, we shall first introduce the corresponding notation.

Let α′i = [xi, yi, θi] a vector describing the barrier location i, consisting of the xi and yi coordinates

on the plane and a θi : 0≤ θi <π an angle in radians which corresponds to the angle of the barrier

in reference to the north as presented in figure 2. Consider that all barriers have the same length

and width.

Let χ⊂R3 be the set of all possible barriers location combinations α, where α′ = [α1, α2, · · · , αn].

Our optimization problem is:

min
α∈χ

f(α) (1)
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(𝑥𝑖 , 𝑦𝑖)

𝜃𝑖

Figure 2 Notation of a Barrier

As the Montecarlo simulation for each scenario has an error ε∼N(0, σε) IID for every scenario α,

our simulation obtains not f(α) but:

Yα = f(α) + ε (2)

We consider Yα as presented in Cressie (1993).

Yα = β′h(α) +Z(α) + ε (3)

Where h is the vector of basis functions and β a vector of corresponding coefficients. Z(α) is an

stochastic and unknown function corresponding to the systematic departure and ε is the error as

previously defined. In our particular case, we have:

h(αi) =

xi
yi
θi
c

 (4)

Where c∈R is a constant.

We assume Z as a realization of a stationary Gaussian stochastic process. Hence, the total

variance of Y is equivalent to the sum of the variances of both the systematic departure and the

error.

σ2
Y = σ2

Z +σ2
ε (5)

One of the main assumptions in the kriging model is the continuity of the function f , as such, the

correlation between two scenarios α1, α2 ∈ χ depends directly on the proximity of their coordinates.

Therefore, our correlation function can be determined through a Gausian correlation function RZ .

Given a scale vector Ψ = [ΨX ,ΨY ,Ψθ]. Our correlation can be defined as:

RZ(α1, α2) = exp
(
−ΨX(x1−x2)

2−ΨY (y1− y2)2−Ψθ(θ1− θ2)2
)

(6)
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This example presents the 1 barrier scenario as an example, but can be enhanced for a multiple

barrier set. We can observe that ΨX = ΨY as both define the distance between the two points.

With an adequate definition for RZ we can obtain the covariance between α1 and α2 as:

Cov(Z(v),Z(w)) = σ2
ZRZ(α1, α2) (7)

In order to obtain the estimators Ŷ and β̂ we must also define:

V = [Cov(Yαi
, Yαj

)]1≤i,j≤m =

{
Cov(Z(αi),Z(αj)) i 6= j

σ2
Z +σ2

ε i= j
(8)

v′α = [Cov(Z(α1, α)), · · · ,Cov(Z(αm, α))] (9)

y′ = [Yα1
, · · · , Yαm ] (10)

F = [h(α1), · · · , h(αm)] (11)

Where αi : 1≤ i≤m are the tested and known scenarios. As the errors εi are IID, the covariance

between the errors of different replications depends exclusively of the stochastic process Z as

presented in equation (8).

With this notation, we can obtain the estimators for β and Y as presented in equations (12) and

(13) respectively. β̂ corresponds to the least square estimate of β and Ŷ is the best linear predictor

of Y .

β̂ = (F ′V F )−1F ′V −1y (12)

Ŷ (α) = h′(α)β̂+ v′αV
−1
(
y−Fβ̂

)
(13)

The mean squared error of the prediction can be obtained by:

s2(α) = σ2
Z − [h′(α), v′α]

[
0 F ′

F V

]−1 [
h(α)
vα

]
(14)

Continuing the methodology considered in Huang et al. (2006), we do the Maximum Likelihood

Estimation (MLE), nevertheless we do this estimation only for σ2
Z and σ2

ε . Instead, the weights of

Ψ are assigned as:

Ψ =

Ψx

Ψy

Ψθ

=

 1/4
1/4
1/2

 (15)

Where the angle parameter has the smallest assigned correlation and both coordinates have equal

assigned correlation. It must be observed that the current weights correspond to only one barrier,

if multiple barriers are assigned simultaneously then each of the parameters must be divided by

the amount of barriers that will be located.
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Denote the correlation matrix R. From previously presented notation we have the ijth coordinate

(1≤ i, j ≤m) of R is:

R=

{
1 i= j

gRz i 6= j
(16)

Where g =
σ2
z

σ2
Y

indicates the weight of the stochastic function in the variance. From Sacks et al.

(1989a,b) we have:

p(y|R)∼ 1

(det(R))1/mσ̂2
(17)

where σ̂2 = (y−FB̂)′R−1(y−FB̂)

m
(18)

Equation (17) presents the derivation of the likelihood omiting constants. By maximizing (17) we

can obtain the estimates for g and σ2. With both these estimations, we clearly have the value of

σ̂Z
2 = gσ̂Y

2 and σ̂ε
2 = (1− g)σ̂Y

2.

Once a set of initial scenarios are randomly created, we must create new scenarios in order to

determine the optimal scenario. In order to find the optimum, we generate new scenarios by testing

the scenario with the best expected improvement on f(α). Denote I(α) as the improvement of

scenario α considering a set of m known scenarios and with α∗ the best current scenario. Then:

E[I(α)] =E[max(f(α∗)−Yp(α),0] (19)

Yp(α)∼N
[
Ŷα, s

2(α)
]

(20)

Yp(α) is the estimate of the function, currently unknown until the scenario is simulated. In this

estimation we must consider the error of Y , hence Yp is a normal function as presented in (20).

Function (19) can be then considered as:

E[I(α)] =
(
Ŷα∗ − Ŷα

)
Φ

(
Ŷα∗ − Ŷα
s(α)

)
+ s(α)φ

(
Ŷα∗ − Ŷα
s(α)

)
(21)

With Φ and φ the normal standard density and cumulative function respectively. For our model

we consider

α∗ = arg min
i=1,··· ,m

[f(αm)] (22)

In every step, our scenario αm+1 = arg max
α∈χ\{α1,··· ,αm}

E[I(α)] which was determined as presented in

subsection 3.3.
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3.3. Nelder-Mead

When we must determine our next scenario to test in each iteration we use a modified version of

the Nelder-Mead simplex presented in Nelder and Mead (1965). To obtain a new scenario, we must

have a previously known set of at least 3n+ 1 scenarios, being n the number of barriers that are

about to be located. Nevertheless, our algorithm attempts every previously obtained scenario as

our original array.

Let χ′ ⊂ χ the set of currently known scenarios, where |χ′|=m≥ 3n+ 1. Let Ω = {α1, · · · , αm}

be the ordered set of elements of χ′, where the elements are ordered by their risk reduction in

the simulated scenario I[αi], i = 1, · · · ,m. Denote ᾱ as the average of α1, α2, · · · , αm−1, the best

m− 1 points. As our function is assumed locally convex, we consider that in order to optimize our

expected improvement we must move away from our worst current scenario αm. The algorithm

considers 4 parameters: R is the reflection parameter, E is the expansion parameter, K is the

contraction parameter and S is the shrink parameter. The steps that follow this algorithm are

presented in Algorithm 1:

Require: Set of known scenarios χ′ = {α1, · · · , αm}, expected improvement function E[I(α)],

R,K,E,S values

Ensure: New best expected scenario αm+1 to simulate

Ordered set Ω based on the elements of χ′, where i < j⇔E[I(αi)]>E[I(αj)].

while α1 6= αm do

Calculate the reflection point αR = ᾱ+R(ᾱ−αm).

if E[I(α1)]>E[I(αR)]>E[I(α2)] then

Remove αm of Ω

Add αR to Ω

else if E[I(αR)]>E[I(α1)] then

Calculate αE = ᾱ+E(ᾱ−αm)

Remove αm of Ω

if E[I(αE)]>E[I(αR)] then

Add αE to Ω

else

Add αR to Ω

end if

else if E[I(α2)]>E[I(αR)]>E[I(αm)] then

Calculate the outside contraction point αOC = ᾱ+K(ᾱ−αm)

if E[I(αOC)]>E[I(αR)] then
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Remove αm of Ω

Add αOC to Ω

else

for i∈ {2, · · · ,m} do

Calculate α′i = αi +S(αi−α1)

Remove αi of Ω

Add α′i to Ω

end for

end if

else if E[I(αm)]>E[I(αR)] then

Calculate the inside contraction point αIC = ᾱ−K(ᾱ−αm)

if E[I(αIC)]>E[I(αm)] then

Remove αm of Ω

Add αIC to Ω

else

for i∈ {2, · · · ,m} do

Calculate α′i = αi +S(αi−α1)

Remove αi of Ω

Add α′i to Ω

end for

end if

end if

Sort Ω according to E[I]

end while

Algorithm 1: Nelder-Mead Algorithm

In our case we considered R= 1, E = 2,K = 0.5 and S = 0.5. A graphic example of the algorithm

is presented in figure 3

3.4. Optimization Algorithm

Our barrier location algorithm considers assigning one barrier at a time. When one barrier is

allocated, the process is repeated to find a new ideal position for a second barrier given the first one.

This process is repeated while either an assigned number of barriers is allocated or the marginal

improvement of allocating a new barrier is insufficient. We create this metamodel for our EGO

(Efficient Global Optimization) algorithm.
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Figure 3 Nelder-Mead graphic example

Jones et al. (1998) recommends using at least 10n initial scenarios, when n is the amount of

dimensions of the array of characteristics. In our case we must determine the 3 parameters of α

as presented previously, therefore our initial set χ′ should be composed of at least 30 different

simulations. Nevertheless, the process in Jones et al. (1998) assumes no previous knowledge of the

behavior of f(α). In our case, we can infer that our risk reduction could be considered higher near

the areas of high burn frequency (hotspots) in our Montecarlo simulation. Considering this, our

simulation only requires an starting set of 10 scenarios, based on the red areas and not the whole

hypercube. Also, as our function assumes only local convexity, all generated scenarios must be close

to each other. Algorithm 2 presents the steps of our EGO algorithm:

Require: Ignition risk map, winter simulation tool, fire spread simulator, maximum barriers to

allocate (n)

Ensure: Ideal allocation of the barriers

Do a Montecarlo simulation in order to create an initial burn frequency map as presented in

subsection 3.1

Declare fmax as the average fire size of the simulation.

for i= 1 to n do

Initialize χ′ = ∅

while There is no improvement in the risk function do

for j = 1 to 10 do

Obtain a new barrier location αj weighted by the fire frequency of every location.

Do the Montecarlo simulation with the barrier allocated.

Update χ′← χ′ ∪{αj}

end for

Declare α∗ as the scenario with minimum risk found and m= |χ′|

Estimate σ̂2
Y , σ̂

2
Z and σ̂2

ε .
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Estimate β̂ and Ŷ

while There is no improvement in the risk function do

Obtain a new scenario αm+1 through the Nelder-Mead simplex explained in 3.3.

Do the Montecarlo simulation with the αm+1 barrier allocated.

Update χ′← χ′ ∪{αm+1} and m←m+ 1

Estimate σ̂2
Y , σ̂

2
Z and σ̂2

ε .

Estimate β̂ and Ŷ

Update α∗

end while

Update fmax to the average fire size with the optimum scenario found.

end while

i← i+ 1

end for

Algorithm 2: EGO Algorithm

Our final result would be a map presenting the set of chosen barriers with the expected fire size.

4. Results

To demonstrate the efficiency of our algorithm we tested the allocation of 6 barriers. We used a

fragment of the Eastern Forest Reserve of Bogotá. Each of the locations (pixel) represents an area

of 250m× 250m, for a total area (including urban frontiers) approximately 43 million m2. Our

initial input is presented in figures (4a),(4b) and (4c).

We used these three inputs and considered a total of 100,000 random different fire scenarios per

barrier scenario. Our algorithm created a total of 281 different scenarios that took 03:13:32:21 in

DD:HH:MM:SS for an improvement of 13.77% in the expected total area of a forest fire. Figure

5 presents the cumulative function improvement as the amount of barriers increase. It compares

our EGO algorithm performance to a random assignation (RA) of the barriers. The marked lines

present the improvement percentages and the unmarked present the improvement in total area

burned by a fire.

Figure (6) compares the no intervention (figure (6a)), random assignation (figure (6b)) and EGO

algorithm (figure (6c)) scenarios and presents the location of the barriers in each one.

5. Conclusions and Future Work

We present new methodology to reduce the expected spread of wildfires. The spread reduction is

done through fuel control by the strategic allocation of permanent barriers in the forest. In order

to allocate each of the barriers, we developed a simulation-based optimization algorithm based on



Morales and Valencia: Fuel Treatment using Kriging
Article submitted to Operations Research; manuscript no. 1 13

(a) Ignition Risk

10                 150                    300                   450                 600   

(b) Fire spread examples (c) Burn Frequency

Figure 4 Initial input for EGO
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Figure 5 Risk Function Improvement

the kriging metamodel presented in Huang et al. (2006), considering initial inputs from Morales

et al. (2014), Abisambra et al. (2015), Sarmiento et al. (2015). We test this algorithm with a forest

reserve of approximately 35 million m2 at the eastern side of Bogotá, Colombia. When allocating

6 barriers, we reduced the expected area of the fires in over 10%. This reduction not only reduces

the environmental damage, but also reduces the economic operational costs for rescue units.
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Low High  

No intervention scenario

(a) No intervention scenario

Random assignation scenario

Water Bodies Urban Areas

(b) Random asignation scenario

EGO solution scenario

Fuel treatment

(c) EGO scenario

Figure 6 Solution

Our future work consists mainly in the improvement of the risk function. Our first step should be

to include in our scenario testing the location characteristics of each zone. With this information

we could relate positions that, even when distant, could have the same geographic conditions and

therefore similar fire risk conditions.

Another possible improvement is the modification of the barriers efficiency. We are currently con-

sidering a 100% efficient barrier given our cellular automata spread model (Morales et al. 2014),

by modifying our spread function into a radiation model, we could obtain the real efficiency of the

barrier and therefore also consider including its width as a possible parameter. Finally, the risk

function must include both the costs of the policies and current expenses in which the rescue units

fall and our correlation vector Ψ should be calculated and not assigned.
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El Tiempo Bogotá. 2016. Ascienden a 18 las hectáreas consumidas por el fuego en los cerros URL http:

//www.eltiempo.com/bogota/incendio-forestal-en-los-cerros-orientales/16497842.

Finney, Mark A. 2001. Design of regular landscape fuel treatment patterns for modifying fire growth and

behavior. Forest Science 47(2) 219.

Finney, Mark A, Rob C Seli, Charles W McHugh, Alan A Ager, Bernhard Bahro, James K Agee. 2008.

Simulation of long-term landscape-level fuel treatment effects on large wildfires. International Journal

of Wildland Fire 16(6) 712–727.

Huang, Deng, Theodore T Allen, William I Notz, Ning Zeng. 2006. Global optimization of stochastic black-

box systems via sequential kriging meta-models. Journal of global optimization 34(3) 441–466.

Jones, Donald R., Matthias Schonlau, William J. Welch. 1998. Efficient global optimization of expensive

black-box functions. Journal of Global Optimization 13(4) 455–492. doi:10.1023/A:1008306431147.

URL http://dx.doi.org/10.1023/A:1008306431147.

Joseph, V Roshan, Ying Hung, Agus Sudjianto. 2008. Blind kriging: A new method for developing meta-

models. Journal of mechanical design 130(3) 031102.

Kaymaz, Irfan. 2005. Application of kriging method to structural reliability problems. Structural Safety

27(2) 133–151.

Keane, Robert E, Stacy A Drury, Eva C Karau, Paul F Hessburg, Keith M Reynolds. 2010. A method for

mapping fire hazard and risk across multiple scales and its application in fire management. Ecological

Modelling 221(1) 2–18.

Kleijnen, Jack PC. 2008. Response surface methodology for constrained simulation optimization: An

overview. Simulation Modelling Practice and Theory 16(1) 50–64.

Massada, Avi Bar, Volker C Radeloff, Susan I Stewart, Todd J Hawbaker. 2009. Wildfire risk in the wildland–

urban interface: a simulation study in northwestern wisconsin. Forest Ecology and Management 258(9)

1990–1999.

Massman, William J., John M. Frank, Sacha J. Mooney. 2010. Advancing investigation and physical modeling

of first-order fire effects on soils. Fire Ecology 6(1) 36–54.



Morales and Valencia: Fuel Treatment using Kriging
16 Article submitted to Operations Research; manuscript no. 1

Mell, William E, Samuel L Manzello, Alexander Maranghides, David Butry, Ronald G Rehm. 2010. The

wildland–urban interface fire problem–current approaches and research needs. International Journal

of Wildland Fire 19(2) 238–251.

Miller, Carol, Alan A Ager. 2013. A review of recent advances in risk analysis for wildfire management.

International journal of wildland fire 22(1) 1–14.

Morales, Gilberto A., Ridley S. Morales, Carlos F. Valencia, Raha Akhavan-Tabatabaei. 2014. A forest fire

propagation simulator for bogota. WSC ’14: Proceedings of the 2014 Winter Simulation Conference.

IEEE Press, Piscataway, NJ, USA.

Nelder, John A, Roger Mead. 1965. A simplex method for function minimization. The computer journal

7(4) 308–313.

Reinhardt, Elizabeth D., Robert E. Keane, David E. Calkin, Jack D. Cohen. 2008. Objectives and consider-

ations for wildland fuel treatment in forested ecosystems of the interior western united states. Forest

Ecology and Management 256(12) 1997 – 2006. doi:http://dx.doi.org/10.1016/j.foreco.2008.09.016.

URL http://www.sciencedirect.com/science/article/pii/S0378112708006944.

Rideout, Douglas B, Pamela S Ziesler, Robert Kling, John B Loomis, Stephen J Botti. 2008. Estimating

rates of substitution for protecting values at risk for initial attack planning and budgeting. Forest

Policy and Economics 10(4) 205–219.

Sacks, Jerome, Susannah B Schiller, William J Welch. 1989a. Designs for computer experiments. Techno-

metrics 31(1) 41–47.

Sacks, Jerome, William J Welch, Toby J Mitchell, Henry P Wynn. 1989b. Design and analysis of computer

experiments. Statistical science 409–423.

Sarmiento, Carlos A., Carlos F. Valencia, Raha Akhavan-Tabatabei. 2015. Comparison of synthetic weather

time series generator for the forest fires in bogotá, colombia. Undergraduate thesis, Universidad de Los
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