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Federal land management agencies in the United States are increasingly relying on contract

crews as opposed to agency fire crews. Despite this increasing reliance on contractors, there

have been no studies to determine what the optimal mix of contract and agency fire crews

should be. A mathematical model is presented to address this question and is applied to
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a case study from the Pacific Northwest. Results show that the optimal number of agency

crews is sensitive to assumptions about fire season severity and the availability of alternative

work for agency crews on nonsuppression days.

Published by Elsevier B.V.

. Introduction

he number of contract fire crews used by federal land man-
gers in the United States has increased significantly in recent
ears. For example, in the Pacific Northwest between 2000 and
003, the number of private fire crews under contract rose from
26 to 300 (ODF, 2004). This increasing reliance on contract fire
rews is partly due to the severity of recent fire seasons. How-
ver, contract fire crews are also replacing agency fire crews.
uppression expenditures have also reached record levels in
he last 5 years (both total and per acre suppression costs),
aising concerns that an increased reliance on contract fire
rews may be contributing to higher suppression costs (USDA,
003). However, determining if this is the case is not a sim-
le matter, because it is difficult to determine the true cost
f an agency fire crew. It is straightforward to calculate the
irect wage costs of an agency crew and relatively straight-
orward to determine the costs of benefits such as retirement

∗ Tel.: +1 503 808 2043; fax: +1 503 808 2033.
E-mail address: gdonovan@fs.fed.us.

and health insurance. However, estimating the cost of workers
compensation claims and the cost of support staff, for exam-
ple, is more problematic. A recent study (Donovan, in press)
compared the cost of Forest Service and contract fire crews
in the Pacific Northwest. Results showed that Forest Service
crews1 working continually, or nearly so, have a lower daily
cost than contract fire crews. However, as the number of idle2

days for a Forest Service crew increases, it quickly loses its cost
advantage over a contract crew. This is because the hiring of
contract crews is more flexible; managers only call upon – and
pay – contract crews when needed. At times of low demand
contract crews are laid off. In contrast, agency fire crews are

1 This study compared the cost of 20-person type II crews. There
are two main categories of fire crews used for wildland firefight-
ing. Type I crews can be used for all aspects of fire suppression,
and typically have more training and experience. Type II crews are
more restricted and are less likely to be used for hotline work and
more likely to be used for holding operations and mop-up. Federal
fire managers do not use type I contract crews.

2 I consider all days that a crew is not actively engaged in fire
suppression to be idle days.
ECOMOD 4225 1–7
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hired – and paid – for an entire season.3 Therefore, one can-46

not say definitively whether contract crews are more or less47

expensive than agency crews, as the relative cost of agency48

crews depends on the availability of work. The more mean-49

ingful question is, for a particular fire season, or set of fire50

seasons, what is the most efficient mix of agency and contract51

crews? This paper presents an optimization model to answer52

this question, and provides an example of its application to a53

case study from the Pacific Northwest.54

Although the question of determining the optimal mix of55

agency and contract crews has not been addressed in the lit-56

erature, optimization techniques have been used to solve a57

number of other wildfire-related problems. The area that has58

seen the most work is optimizing the dispatch of suppression59

resources (fire crews, airtankers, engines, etc.), either for ini-60

tial attack or for large fire suppression. The pioneering work in61

this field was done by Parks (1964), who used a deterministic62

model to identify the optimal level of initial attack resources63

for a given wildfire. He applied the model to a case study on64

the Plumas National Forest in California, concluding that most65

of the time fire managers used inefficiently low levels of fire66

crews. Parlar and Vickson (1982) used control theory to more67

rigorously formulate and extend Park’s original model, allow-68

ing the model to better accommodate the uncertainty inher-69

ent in wildfire containment. Martin-Fernandez et al. (2002)70

developed a real-time optimization model designed to help71

fire managers make tactical dispatch decisions. The authors72
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planning models. They conclude that the uncertainty intro- 98

duced by wildfire is best addressed by establishing a buffer 99

stock of timber, which would both reduce uncertainty and 100

increase long-term timber supply. Hof et al. (2000) developed a 101

model to schedule the timing of fire management effort to pro- 102

tect developed areas. A case study is presented that suggests 103

that concentrating fire management efforts around developed 104

areas may not be the optimal strategy. The possible use of the 105

model to schedule fuels management treatments is also dis- 106

cussed. 107

Ecological Modeling regularly publishes articles dealing with 108

wildfire modeling. These articles have covered a broad range 109

of topics, but the modeling of fire occurrence (Li, 2002; Podur 110

et al., 2003) and fire effects (Boychuk et al., 1997; Franklin et 111

al., 2001) have received particular attention. This journal has 112

not, however, published any papers dealing with strategic fire- 113

fighting issues. This paper, therefore, extends the range of fire- 114

related questions addressed by this journal as well as adding 115

to the broader fire modeling literature. 116

2. Methods

I assume that the goal of federal fire managers is to select 117

the mix of agency and contract fire crews that will minimize 118

the expected cost of wildfire suppression for a particular fire 119

season. I model a fire season as a series of discrete periods, 120
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applied the model to a case study in northwestern Spain,
demonstrating the model’s capacity to accommodate chaotic
fire behavior and real-time weather changes. Donovan and
Rideout (2003) used a mixed-integer programming approach
to optimize the dispatch of initial attack resources. An illus-
trative example is used to model the effect of different budget
constraints. Kourtz (1988) used dynamic programming tech-
niques to optimize the dispatch of airtankers and fire crews.
A case study from Thunder Bay in Ontario demonstrates that
the model can match or exceed the efficiency of experienced
dispatchers. Wiitala (1999) also used dynamic programming to
design an optimization model for the dispatch of initial attack
resources. Unlike other models, Wiitala explicitly considered
the cost of fire mop-up. Greulich (2003) used a spreadsheet-
based approach to model the initial attack performance of
airtankers. The author emphasized the importance of arrival
time to initial attack success and uses the model to, among
other things, optimize the location of airbases. In a series of
articles (Mees and Strauss, 1992; Mees et al., 1993, 1994) Mees
and others incorporated uncertainty into models of wildfire
containment, demonstrating that deterministic models may
misidentify optimal wildfire suppression strategies.

Optimization techniques have been used to address other
wildfire-related problems. Boychuk and Martell (1996) looked
at the effect of considering wildfire on forest management

3 Agency crews are sometimes formed by temporarily taking
employees from other jobs within the agency. However, these ad
hoc crews are more expensive than dedicated crews hired for an
entire season (because the regular agency employees generally
have higher wage costs), and they are sometimes more expen-
sive than contract crews. For this reason, I only consider dedicated
agency fire crews in this paper.
ECOMOD 4225 1–7

with each period having a demand for fire crews determined
by fire occurrence. The fire manager’s choice variable is the
number of agency crews to hire for a fire season.4 The princi-
pal constraint is that during each period the number of agency
crews plus the number of contract crews must meet or exceed
demand. Therefore, if the demand for crews in a given period
exceeds the number of agency crews, the excess demand will
be met by hiring contract crews. If the demand for fire crews
in a given period is less than the number of agency crews then
some of the agency crews will be idle. Although these idle
crews must still be paid, they are paid less than crews actively
engaged in suppression, as they do not receive hazard or over-
time pay. Contract crews are laid off if there is insufficient work
for them, and therefore, do not incur idle-day costs. However,
the cost of contract crews is not constant, for a given period,
the cost of contract crews rises as more crews are hired. The
pricing of contract crews will be discussed in more detail in
the following case study, but briefly, providers of private fire
crews sign a contract at the beginning of a fire season agreeing
to provide a number of crews at a specified price. During the

4 In practice, the hiring of agency crews is sometimes staggered.
Nonetheless, crews are guaranteed a certain length of employ-
ment, and managers cannot dismiss agency crews if a fire season
is less severe than anticipated. Conversely, the hiring and training
process for agency crews is sufficiently long that it is impractical
to hire additional agency crews mid-season, if a fire season is more
severe than anticipated. One exception are emergency administra-
tively determined hires. Employees hired in this manner are not
entitled to the benefits of regular federal employees and may be
hired and fired with more flexibility. For the purpose of this paper,
I consider administratively determined hires to be contract rather
than agency employees.
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fire season, the cheapest crews are dispatched first;5 there-141

fore, as more contract crews are dispatched their unit price142

increases.143

I first formulate the above problem as a deterministic n-144

period balanced transportation problem (I later address the145

problem of uncertain demand for fire crews). Models of this146

type typically identify the optimal transportation strategy147

from a set of m supply points to a set of n demand points.148

There is an upper limit on the amount that can be shipped149

from each supply point and a lower limit on the amount that150

must be received at each demand point: if the problem can be151

formulated so that total supply equals total demand, then the152

problem is considered balanced. There are two related advan-153

tages to such a model formulation. First, the computational154

complexity of the problem is reduced. Second, if model inputs155

are integer, then the model will provide integer solutions with-156

out the need for integer-forcing procedures (Winston, 1994).157

I define two types of agency crews: crews actively engaged158

in suppression and idle crews. In addition, I define low-,159

medium-, and high-priced contract crews. The division of con-160

tract crews into three categories is an arbitrary simplification161

intended to maintain a linear, tractable model. In addition,162

I define surplus variables for low-, medium-, and high-priced163

contract crews. None of these variables enter into the objective164

function: they are solely accounting variables used to balance165

supply and demand for each period.166
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C2i, the number of medium-priced contract crews employed 186

during the ith period 187

C2Si, the number of surplus medium-priced contract crews 188

in the ith period 189

C3i, the number of high-priced contract crews employed dur- 190

ing the ith period 191

C3Si, the number of surplus high-priced contract crews in the 192

ith period 193

2.4. Parameters 194

Di, demand for crews during the ith period 195

PA1, the cost per period of an agency crew actively engaged 196

in suppression 197

PA2, the cost per period of an idle agency crew 198

PC1, the cost per period of a low-priced contract crew 199

PC2, the cost per period of a medium-priced contract crew 200

PC3, the cost per period of a high-priced contract crew 201

a, maximum number of low-priced contract crews 202

b, maximum number of medium-priced contract crews 203

c, maximum number of high-priced contract crews 204

The objective of minimizing the total cost of low-, medium- 205

, and high-priced contract crews in addition to the cost of 206

agency crews on both suppression and idle days is subject to 207

six constraints. The first constrains the total number of agency 208

crews to be constant across all periods. The second con- 209
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.1. Objective function

in : Z1 =
n∑

i=1

(A1iPA1 + A2iPA2 + C1iPC1 + C2iPC2 + C3iPC3)

.2. Constraints

1) A1i + A2i = X ∀i

2) A1i + C1i + C2i + C3i = Di ∀i

3) C1i + C1Si = a ∀i

4) C2i + C2Si = b ∀i

5) C3i + C3Si = c ∀i

6) A2i + C1Si + C2Si + C3Si = (X + a + b + c) − Di ∀i

.3. Decision variables

X, the number of agency crews employed for a season
A1i, the number of agency crews employed and actively
engaged in suppression during the ith period
A2i, the number of idle agency crews employed during the
ith period
C1i, the number of low-priced contract crews employed dur-
ing the ith period
C1Si, the number of surplus low-priced contract crews in the
ith period

5 Dispatching crews in this manner implicitly assumes that all
rews are equally productive. Conversations with fire managers
uggest that there are significant productivity differences between
rews, but that these differences are not systematic. Therefore, I
lso assume that crews are equally productive.
ECOMOD 4225 1–7

straint requires that for each period the total number of crews
(agency and contract) actively engaged in suppression equals
the demand for crews. Constraints three through five define
surplus low-, medium-, and high-priced contract crews to be
the difference between the number of crews dispatched and
the maximum number of crews of each type available. Con-
straint six ensures that the total number of crews demanded
in each period equal the total number supplied.

I chose the Pacific Northwest for the following case study
for the pragmatic reason that it was the only region of the
country for which an estimate of the cost of agency fire crews
was available. Furthermore, I restricted the analysis to the
period 1993–2002, because until the early 1990s total acres
burned and per-acre suppression costs in the Northwest were
relatively stable. However, since that time both total acres
burned and per-acre suppression costs have risen signifi-
cantly. Therefore, data from before the early 1990s would not
be representative of current conditions.

2.5. Agency and contract crew costs

Cost estimates are drawn from Donovan (in press), which esti-
mated the cost of 33 Forest Service6 crews dispatched from
the Pacific Northwest (Oregon and Washington) during the

6 This study focused on the cost of USDA Forest Service crews
only; whereas this paper considers all five federal land manage-
ment agencies with wildfire management responsibilities (The
USDA Forest Service has the largest fire management organiza-
tion). I have no a priori reason to believe that the costs of non-
Forest Service agency crews are systematically different from For-
est service crews. Nonetheless, the cost estimate used likely differs
somewhat from the true mean cost of an agency crew.
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Fig. 1 – The mean and marginal price of private crews
under contract during the 2002 fire season in Oregon and
Washington.

2002 fire season. The author estimated the daily cost (12-232

h day) of an agency type II fire crew to be US$ 4753. I used233

the same method to estimate the cost of an 8-h idle day (no234

hazard or overtime pay) for an agency crew to be US$ 2819.235

These estimates include the cost of wages, retirement, health-236

care, social security, workers compensation claims, human237

resource support, training, vacation, unemployment, equip-238

ment, and transportation.239

In the Pacific Northwest, the dispatch of fire crews, both240

agency and contract, is coordinated by the Oregon Department241

of Forestry (ODF). Before the start of a fire season, providers of242

private fire crews sign a contract with 1 of 13 dispatch centers243

in the Pacific Northwest agreeing on the price and number of244

crews to be provided. When a fire breaks out, ODF assigns dis-245

patch responsibility to the closest dispatch center, which first246

dispatches agency (federal and state) crews to the fire. If there247

are insufficient agency crews available, then the dispatch cen-248

ter calls on contract fire crews, dispatching the cheapest crews249

first. Therefore, the mean cost of contract crews increase as250

more crews are dispatched. Fig. 1 shows the marginal and251

mean cost of 288 crews under contract with ODF during the252

2002 fire season.7 At first glance, the marginal cost curve may253

appear to represent a supply curve for contract crews; how-254

ever, this is not the case. For a regular supply curve, the same255

price applies to all units supplied, and therefore, the total cost256

of supplying these units is the product of price and quantity.257

However, in the case of the marginal cost curve in Fig. 1, a258

259

260

261

262

263

264

265

266

a 12-h day), a mean price of US$ 6482 for the second 100 crews 267

dispatched, and a mean price of US$ 7579 for the final 88 crews 268

dispatched. 269

Note the wide range in contract crew prices. It appears that 270

contractors employ different pricing strategies. A low price 271

will provide more consistent work, whereas a higher price will 272

probably result in more intermittent but more profitable work. 273

The choice of strategy likely depends on the nature of the costs 274

a contractor faces, concerns about employee retention, and a 275

contractor’s expectations about the severity of the upcoming 276

fire season. 277

2.6. Demand for fire crews 278

Before the start of fire season fire managers do not know what 279

the demand for fire crews will be, and they certainly do not 280

know what the demand for fire crews will be in a given period. 281

However, fire managers often have forecasts of the overall 282

severity of an upcoming season. Given such a severity forecast, 283

a manager may be able to estimate fire-crew demand for an 284

upcoming fire season in reference to previous fire seasons. For 285

example, a manager may estimate that an upcoming fire sea- 286

son is going to be more severe than normal, and that the most 287

severe8 4 seasons out of the last 10 approximate the range of 288

variability of that estimate. In this case, running the model 289

using the demand profile of the most severe four fire seasons 290
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U
N

C
Odifferent price applies to each crew provided; therefore, the

total cost of supplying these units is the area underneath the
marginal cost curve. The mean cost curve provides an easier
way of calculating the total cost of providing a particular num-
ber of crews, as in this case total cost is the product of price
and quantity.

Dividing the contract crews into three cost categories yields
a mean price for the first 100 crews dispatched of US$ 6087 (for

7 For simplicity, I consider all 288 crews jointly, irrespective of
which dispatch center a crew is assigned to. For a particular dis-
patch center, the marginal cost of a crew will rise more steeply.
ECOMOD 4225 1–7

would be reasonably representative of the manager’s decision
process. The model would then identify the number of agency
crews that would minimize suppression costs across all four
seasons. This is equivalent to treating crew demand as uncer-
tain in each period. Historical fire seasons provide the different
possible values for crew demand, with each value having an
equal probability of occurring.

For past fire seasons demand for fire crews was estimated
by using the CHEETAH 2 program,9 which contains data on all
fires that have burned on federal land in the United States from
1980 to 2002. The user is required to input data on the number
of fire-fighting resources (fire crews, engines, air tankers, etc.)
sent to fires of different sizes, and the number of days the
resources stay on the fire. Dispatch records from the North-
west Interagency Coordination Center for 2001 through 2003
were used to calculate these values for type II crews (Table 1).
Given these data, the program can then calculate fire-fighting
resource needs for a specified geographic area and period.

Fire crews are typically dispatched for 2 weeks at a time.
Therefore, I calculated the number of fire crews required, in
2-week increments, for the 1993 through 2002 fire seasons. I
assumed a 14-week fire season starting on June 16th (Table 2).

3. Results

Model runs using 1993–2002 fire data show the optimal num-
ber of agency crews to be 28 for the four most severe fire sea-

8 Severity was measured by the total number of crews demanded
in a fire season.

9 National Interagency Fire Center, Boise, ID. The version of this
model, and the data used to run it, were obtained in 2004.
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Table 1 – Mean number of type II fire crews, and their length of stay, sent to forested and grass/brush fires in Oregon and
Washington, 2001–2003

Fire size class Forested Grass/brush

Number of crews Number of days Number of crews Number of days

D 6.2 5.1 2.0 2.0
E 10.7 6.0 2.4 2.9
F 12.6 10.4 3.0 2.8
G 24.7 25.8 2.7 5.9

sons, 29 for the four middle seasons, and 16 for the four least315

severe fire seasons. It is interesting that the optimal number316

of agency crews is lower for the most severe four fire sea-317

sons than for the middle four seasons. This suggests that it is318

not the peaks in demand that determine the optimal number319

of agency crews, as these peaks will largely be met by con-320

tract crews. Rather, it is low demand periods, during which321

some agency crews are idle, that have a greater influence on322

the optimal number of agency crews. To further illustrate this323

point, I repeated the analysis using median crew demand –324

reducing the influence of periods with very high demand –325

to determine the severity of a fire season. In this case the326

optimal number of agency crews was 46 for the four most327

severe fire seasons, 27 for the four middle seasons, and 18 for328

the four least severe fire seasons. The sensitivity of results to329

how fire season severity is determined shows that managers330

should choose the fire seasons to use as model inputs with331

care.332

3.1. Idle-day costs and the availability of alternative333

work334

An implicit assumption of the above analyses is that agency335

fire crews do not do any productive work on their idle days.336

Conversations with fire managers suggest that this is rarely337

the case. If productive alternative work is available (for exam-338

ple, fuels management or trail maintenance) on idle days, then339

a340

s341

m342

b343

e344

a345

t346

d347

c348

a349

a350

the number of idle agency crews increases. For example, find- 351

ing work for 2 idle crews is probably easy, but finding work 352

for 20 idle crews would be more challenging. To model the 353

effect of alternative work on idle days, I reformulate the model 354

to accommodate low-, medium-, and high-cost idle days for 355

agency crews. 356

3.1.1. Objective function 357358

Min : Z2 =
n∑

i=1

(A1iPA1 + A2L
i PA2L + A2M

i PA2M + A2H
i PA2H

359

+ C1iPC1 + C2iPC2 + C3iPC3) 360

361

3.1.2. Constraints 362

(1) A1i + A2L
i

+ A2M
i

+ A2H
i

= X ∀i 363

(2) A1i + C1i + C2i + C3i = Di ∀i 364

(3) C1i + C1Si = a ∀i 365

(4) C2i + C2Si = b ∀i 366

(5) C3i + C3Si = c ∀i 367

(6) A2L
i

+ A2SJ
i
= d ∀i 368

(7) A2M
i

+ A2SM
i

= e ∀i 369

(8) A2H
i

+ A2SH
i

= f ∀i 370

(9) A2L
i

+ A2M
i

+ A2H
i

+ C1Si + C2Si + C3Si = (X + a + b + c) − 371

Di ∀i 372

373

374

375
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377

378

379

380

381
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ll or some of the crew’s idle day wage costs need not be con-
idered in the analysis. Therefore, the results reported for low,
oderate, and severe fire seasons may be interpreted as lower

ounds on the optimal number of agency crews because the
ffect of considering the value of work done on idle days will
lways decrease the cost of an agency crew relative to a con-
ract crew (assuming the agency crew has at least one idle
ay during the fire season). The proportion of idle day wage
osts that must be considered depends on the continuity of
vailable work and its prevailing wage. I assume that the avail-
bility and/or prevailing wage of alternative work declines as

Table 2 – Demand for type II fire crews in Oregon and Wash

Period starting 1993 1994 1995 1996

16 Junuary 13 37 5 18
30 June 24 47 16 58
14 July 4 425 28 92
28 July 36 135 43 146
11 August 6 9 18 284
25 August 15 101 59 83
8 September 18 14 47 20
ECOMOD 4225 1–7

where

A2L
i
, the number of low-priced idle agency crews employed

during the ith period
A2SL

i
, the number of surplus low-priced idle agency crews

during the ith period
A2M

i
, the number of medium-priced idle agency crews

employed during the ith period
A2SM

i
, the number of surplus medium-priced idle agency

crews during the ith period

on, 1993–2002

997 1998 1999 2000 2001 2002

17 32 7 76 28 17
9 57 24 46 125 212

89 59 37 85 27 237
61 156 150 129 112 23
56 73 78 124 263 50
22 72 64 2 25 29
28 9 22 13 26 12
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Table 3 – Optimal number of agency type II fire crews
under different assumptions about the availability of
alternative work and determination of fire season
severity

Fire season
severity

Scenario A Scenario B

Mean Median Mean Median

Low 27 28 37 38
Medium 42 37 52 49
High 43 57 57 60

A2H
i

, the number of high-priced idle agency crews employed382

during the ith period383

A2SH
i

, the number of surplus high-priced idle agency crews384

during the ith period385

PA2L, the cost per period of a low-priced idle agency crew386

PA2M, the cost per period of a medium-priced idle agency387

crew388

PA2H, the cost per period of a high-priced idle agency crew389

d, maximum number of low-priced idle agency crews390

e, maximum number of medium-priced idle agency crews391

f, maximum number of high-priced idle agency crews392

The basic structure of the model remains the same, but393

is expanded to accommodate different categories of costs for394

agency crews on idle days. Idle-day costs are modeled in a395

similar way to contract crew costs, with three cost categories396

and constraints on the number of low-, medium-, and high-397

priced crews.398

To model the effect of alternative work on idle days, I repeat399

the previous analysis under one of two sets of assumptions.400

In scenario A, I assume that for a particular period alterna-401

tive work with an equivalent wage is available for the first 10402

idle agency crews, and therefore, the cost per period of these403

crews (PA2L) is zero. I further assume that, for the same period,404

less alternative work is available for the next 10 idle crews,405

and therefore, the cost per period of these crews (PA2M) is406

US$ 1410 per day (half the full idle-day cost of an agency crew).407
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son and the availability and prevailing wage of alternative 425

work. The model allows the user to address uncertainty about 426

the severity of a fire season by running the model across 427

a series of past fire seasons that the user believes approxi- 428

mate the likely range of variability of the upcoming season. 429

In contrast, determining the availability and prevailing wage 430

of alternative work is more difficult. One approach would be 431

to ask managers of individual units (for example, USDA For- 432

est Service or Bureau of Land Management ranger districts) 433

to compile a list of available work that would be suitable 434

for idle fire crews, and what the cost would be to complete 435

the work by using other employees or contractors. In addi- 436

tion to helping make strategic staffing-level decisions prior 437

to the start of a fire season, such a list could be used to 438

make tactical decisions during a fire season. For example, 439

suppose fire crews from around the Pacific Northwest were 440

sent to fight a large fire. As the fire is gradually contained, 441

the incident commander on the fire must make decisions 442

about which crews to send home first. If the incident com- 443

mander knew which land management units had the most 444

available work, then crews from these units could be released 445

first. 446

The availability of alternative work increases the optimal 447

number of agency crews irrespective of assumptions about 448

the severity of an upcoming fire season. It would seem intu- 449

itively obvious that when deciding how many crews to hire, 450

managers should invest in, and pay attention to, forecasts of 451
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EFinally, I assume that, for the same period, no alternative
work is available for additional idle agency crews, and there-
fore, the cost per period of these crews (PA2H) is US$ 2819 (the
full idle-day cost of an agency crew). In scenario B, I assume
that the cost per period of the first 20 crews is zero, and that
the cost of the next 20 crews is half the full idle-day cost of
an agency crew (the analysis is repeated using median and
mean number of fire crews demanded to determine fire season
severity).

The results in Table 3 show that the availability of alterna-
tive work increases the optimal number of agency crews for
both methods of determining fire season severity.

4. Discussion

A model is presented to determine the optimal number of
agency type II fire crews prior to the start of a fire sea-
son and is applied to a case study from the Pacific North-
west. Results indicate that the optimal solution is sensitive
to assumptions about the severity of the upcoming fire sea-
ECOMOD 4225 1–7

the severity of an upcoming fire season. However, results from
this study support two less intuitive conclusions. First, peri-
ods of low demand, not periods of high demand, determine
the optimal number of agency crews. Second, the availabil-
ity of alternative work appears to be at least as important as
fire season severity in determining of the optimal number of
agency crews. It would, therefore, be useful for managers to
estimate the availability of alternative work, and to take steps
to ensure that alternative work is available when possible for
idle agency crews.

The uncertainty inherent in estimates of fire season sever-
ity and the availability of alternative work, and the sensitiv-
ity of the optimal solution to these estimates, means that
any solution should not be regarded as definitive. Rather the
model provides a framework for considering the tradeoffs
between agency and contract crews and should be used in
conjunction with other tools and expert judgment to decide
how many agency crews to hire for a particular fire sea-
son.

The model presented need not be restricted to determin-
ing the optimal mix of crews, but could also be applied to
other fire-fighting resources such as engines. In addition, the
modeling approach could be used more generally to ana-
lyze contracting arrangements. For example, in the United
States all aerial resources (airtankers and helicopters) used
by federal agencies are operated by private contractors. How-
ever, agencies use a mix of contracting arrangements. Some
resources are under contract for fixed periods and are paid
a base amount irrespective of workload. Other resources are
under “call when needed” contacts and are only called upon,
and paid, when work is available. The model could be used
to help determine the optimal type and mix of contracting
arrangements.
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