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The Economics of Ecological Restoration and
Hazardous Fuel Reduction Treatments in the
Ponderosa Pine Forest Ecosystem
Michael H. Taylor, Andrew J. Sanchez Meador, Yeon-Su Kim, Kimberly Rollins, and Hank Will

In this article, we develop a simulation model of the benefits and costs of managing the ponderosa pine forest ecosystem in the southwestern United States. Using the
model, we evaluate and compare the economic benefits and costs of ecological restoration and hazardous fuel reduction treatments. Both treatment approaches increase
the expected number of low-severity wildfires, which can promote postfire rehabilitation. Hazardous fuel reduction treatments are likely to reduce expected wildfire
suppression costs, but not enough to offset the costs of implementing treatments. Conversely, ecological restoration treatments do not necessarily reduce expected wild-
fire suppression costs but fully restore the ecosystem in more than half of the simulation runs, which lowers the need for future fire suppression and reduces the chance
of conversion to nonforest, alternative stable states. We find that the choice between hazardous fuel reduction and ecological treatments will depend on the management
objective being pursued, as well as on site-specific factors such as the wildfire return interval and the economic value of biomass removed.
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One of the primary drivers of increasing wildfire hazard in
the United States and throughout the world is forest over-
crowding that is attributed, in part, to historical suppres-

sion of low-severity wildfires in frequent fire regimes (Covington et
al. 1994, Fulé et al. 2004, Ohlson et al. 2006, Wang et al. 2007).
This overcrowding has increased the frequency of severe, stand-re-
placing crown fires that are often expensive and difficult to suppress,
damage property and infrastructure, endanger human life, and lead
to undesirable, and sometimes irreversible, changes in ecosystem
function (Covington and Moore 1994, Hessburg et al. 1994, Fink-
ral and Evans 2008, Benayas et al. 2009, Evans et al. 2011). Fuels
and fire managers seeking to reduce expected wildfire costs and
damages in this context have two treatment options: hazardous fuel
reduction treatments (HFRTs), which focus on reducing fuel load-
ing and changing fuel characteristics to achieve short-term reduc-
tions in wildfire hazard; or ecological restoration treatments (ERTs),
which are a composite of treatments targeting a more long-term
reduction in wildfire suppression costs and damages by restoring
historical stand composition and density (Hunter et al. 2007, Evans

et al. 2011). Despite the fact that escalating wildfire activity related
to forest overcrowding is a pervasive issue throughout the world,
there is no empirical research that has directly compared the eco-
nomic benefits and costs of ERTs and HFRTs in this setting (Kline
2004, Mercer and Prestemon 2008).

In this article, we use simulation methods to evaluate and com-
pare the economic benefits and costs of ERTs and HFRTs in the
ponderosa pine (Pinus ponderosa P.&C. Lawson) forest ecosystem of
the Colorado Plateau in the western United States (henceforth the
“PIPO ecosystem”). We focus on the PIPO ecosystem because re-
cent escalations in wildfire extent and severity related to forest over-
crowding along with the corresponding increases in wildfire sup-
pression costs and damages are a major public policy concern in the
PIPO ecosystem, as is the role that ERTs and HFRTs should play in
addressing this issue (Hunter et al. 2007, Evans et al. 2011, Ecolog-
ical Restoration Institute 2013). Our approach simulates long-run
wildfire activity and suppression costs with and without ERTs and
HFRTs and allows us to analyze how the two treatment approaches,
both of which reduce fuel accumulations, influence the expected
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total number of wildfires, the instance of beneficial wildfires (which
can facilitate ecosystem recovery postfire) relative to degrading wild-
fires (which can damage ecosystem health), and expected wildfire
suppression costs. These reductions in expected wildfire suppression
costs are compared with treatment costs to determine whether either
treatment approach can be justified on the basis of wildfire suppres-
sion cost savings alone (i.e., whether the net benefits of treatment are
positive). In addition, we consider how our conclusions change
when the economic value of biomass removed during implementa-
tion of ERTs, which are more likely to generate revenue from bio-
mass removal than HFRTs, is included in the analysis.

The analysis in this article illustrates how the expected outcomes
of ERTs and HFRTs are influenced by site-specific ecological and
economic conditions. In particular, the analysis considers how ex-
pected outcomes are influence by factors that vary with ecological
conditions, such as wildfire frequency, expected wildfire suppression
costs, and expected treatment longevity, as well as with economic
factors such as treatments costs and the market price of biomass
removed while performing ERTs. This analysis can help set realistic
expectations for the impacts of ERT or HFRT at a particular site.
Previous authors have noted that stakeholders often form unrealistic
expectations about what can be achieved through treatment (Finney
and Cohen 2003) and that these unrealistic expectations can “lead
to polarization of what should be a nondivisive issue” (Reinhardt et
al. 2008). In addition, the analysis allows us to consider broader
policy questions, such as when, if ever, will both ERTs and HFRTs
simultaneously be used as part of an optimal management strategy at
the landscape scale, where to perform treatment on a heterogeneous
landscape given a limited budget for management, and how antici-
pated changes in wildfire regimes, market conditions (e.g., treat-
ment costs and biofuel prices) and other factors are likely to change
the relative attractiveness of ERTs and HFRTs.

To the best of our knowledge, this article represents the first
attempt in the literature to both analyze the long-run economic
benefits and costs of ERTs in a forested ecosystem and evaluate and
compare the economic benefits and costs of ERTs and HFRTs.
There have been several studies that have analyzed the economic
benefits and costs of fuel treatments in forest ecosystems. The ana-
lytical frameworks developed in these previous studies, however, are
not suited to analyzing and comparing ERTs and HFRTs. For ex-
ample, many previous studies begin their analysis by assuming the
impacts of fuel treatments on wildfire activity rather than modeling
these impacts (Snider et al. 2006, Prestemon et al. 2012, Huang et
al. 2013), so that any comparison of the economic benefits and costs
of alternative treatment strategies in these frameworks would be
tautological. Similarly, several studies that do model the effect of
fuel treatments on wildfire behavior do not incorporate dynamic
ecological models into their analysis (Mercer et al. 2007, Thompson
et al. 2013), and, as such, cannot evaluate how the HFRTs and, in
particular, the ERTs influence the dynamic trajectory of the ecosys-
tem and thus long-run wildfire activity and suppression costs. In a
recent study, Houtman et al. (2013) incorporated ecosystem dy-
namics into their economic framework using a state-and-transition
(STM) model based on wildfire condition classes. Rather than eval-
uating the economic benefits and costs of fuel treatments (either
ERTs or HFRTs), however, their analysis focuses on whether letting
certain wildfires burn rather than being actively suppressed results in
net wildfire suppression cost savings over 100 years.

The simulation model developed and parameterized in this arti-
cle captures the ecological dynamics in the PIPO ecosystem using an

approach based on the STM ecological framework (sensu Westoby
et al. 1989). In the STM framework, an ecosystem is described as
being in one of several ecological states that are separated by ecolog-
ical thresholds. The STM framework has been used to model (both
mathematically and conceptually) the PIPO ecosystem in the
Southern Colorado Plateau (Fischer and Bradley 1987, Moir and
Dieterich 1988, Sesnie and Bailey 2003, Savage and Mast 2005), as
well as many other ecosystems in the United State and throughout
the world (Allen-Diaz and Bartolome 1998). The STM framework
allows us to incorporate ecosystem dynamics in our simulation,
including the role of wildfire as a catalyst for transitions between
ecological states, which is necessary to analyze the long-run impact
of ERTs and HFRTs on ecological condition, wildfire behavior, and
suppression costs. In addition, the STM framework allows us to
readily incorporate stochastic wildfire, suppression costs, and eco-
logical transitions in our simulation model. Incorporating these sto-
chastic elements in the model is particularly important for evalua-
tion of ERTs and HFRTs, for which policymakers may be more
interested in avoiding instances of the least desired outcome, such as
large, high-severity wildfires, than in maximizing the expected net
benefits (benefits minus costs) of the average outcome.

It is important to recognize that this article considers the finan-
cial benefits of ERTs and HFRTs only in terms of wildfire suppres-
sion cost savings and the revenues from biomass removed during
treatment. In considering only this narrow set of financial benefits,
our analysis ignores potential reductions in the other market (e.g.,
damage to housing and other infrastructure) and nonmarket (e.g.,
postfire erosion) costs of wildfire from implementing treatments, as
well as the potential benefits of fuel treatments in terms of enhanced
ecosystem services. Ignoring these additional benefits implies that
our analysis understates the total economic benefits of ERTs and
HFRTs. This shortcoming of the analysis, however, is in keeping
with the approach taken throughout this article, in which parame-
ters and assumptions are chosen deliberately to avoid overstating the
benefits or understating the costs of fuel treatment. As a result of this
conservative approach, our results provide a lower bound for the
economic benefits of fuel treatment and mean that we are able to
reach definite conclusions about the circumstances under which the
expected benefits of fuel treatment are likely to outweigh the costs
but not vice versa.

Additionally, there are several other limitations to the modeling
approach taken in this article. For example, the analysis does not
consider the benefits of fuel treatments in terms of reductions in
wildfire hazard and expected suppression costs on land adjacent to
the treatment site. Similarly, by analyzing the benefits and costs of
fuel treatment on a representative parcel of land, the approach ig-
nores the influence of landscape features that can influence the wild-
fire suppression cost savings from fuel treatment (e.g., the proximity
of the treatment site to wildland-urban interface communities), as
well as treatment costs. These and other limitations to our modeling
approach are discussed in greater detail below.

Materials and Methods
Stylized STM

We capture ecosystem dynamics for the PIPO ecosystem using a
STM model. STMs describe an ecosystem as being in one of several
ecological states that are separated by ecological thresholds. The
PIPO ecosystem analyzed in this article is a broad ecological classi-
fication that refers to several different ecological sites, each of which
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can be represented by its own STM (Graham and Jain 2005). Be-
cause the economic data (wildfire suppression costs, treatment costs,
and others) are organized according to these broad classifications, we
develop a stylized STM that is intended to be broadly representative
of ecological sites found in PIPO ecosystem.

Our stylized STM for the PIPO system consists of five ecological
states (Figure 1). PIPO-A is characterized by a closed-canopy forest
with even-aged trees and a high fuel load. Because of the high fuel
loads, wildfires in PIPO-A are often intense crown fires that cause
the system to transition to the postcrown state, PIPO-E. If the
system remains in PIPO-A for several decades without fire or a fuel
treatment, it will eventually transition to PIPO-B, which is charac-
terized by a closed-canopy forest with a mixture of tree ages and
moderate fuel loads. Wildfires in PIPO-B are less likely to be intense
crown fires than in PIPO-A. Without wildfire or treatment, the
system will eventually transition to PIPO-C, which is characterized
by an open-canopy forest with trees of all ages and a low fuel load.1

If the system remains in PIPO-C for a number of years and experi-
ences low-severity wildfires and/or fuel treatments at regular inter-
vals, it will transition to PIPO-D, the restored state. PIPO-D is
characterized by an open canopy and light fuel load. Regular low-
severity wildfires maintain the system in PIPO-D. The final state,
PIPO-E, is the postcrown fire state, which is characterized by high
fuel loads comprised of grasses and shrubs. After several decades in
PIPO-E without wildfire, the system may return along successional
pathways to PIPO-A, although it has been suggested that PIPO-E
may transition to an alternative stable state of grass and shrub land
(Savage and Mast 2005).

Simulation Methods
Simulation Model Description

The simulation model considers the progression of the PIPO eco-
system with and without fuel treatment. The analysis focuses on differ-
ences between the with- and without-treatment scenarios in terms of
wildfire occurrence, wildfire suppression costs, and other factors. The

initial state of the PIPO ecosystem is varied across simulation runs to
evaluate how the outcomes of ERTs and HFRTs change, depending on
the ecological state of the land being treated. In the discussion of the
results, when we state that the initial state of the model is, for example,
PIPO-A, we are assuming that the initial state of the system is PIPO-A
with the maximum number of years before the system transitions to
PIPO-B via ecological succession (e.g., 100 years under our “baseline”
assumptions; see below for further detail). All results are reported on a
per-acre basis over a 200-year time horizon, with a 3% discount rate
used to calculate present values.2 All monetary results are presented in
constant 2011 dollars.

The strength of the model is that we can treat as stochastic
parameters wildfire occurrences, wildfire severity (given that a wild-
fire has occurred), per-acre wildfire suppression costs in each year
given wildfire occurrence and severity, and postwildfire transitions
between ecological states in each year. Each run of the model con-
siders the progression of the system in the with- and without-treat-
ment scenarios with different randomly generated realizations of
these stochastic parameters in each year.3 The stochastic parameters
lead to substantial variations in key variables, including wildfire
suppression cost savings, between model runs. For this reason, re-
sults in this article are reported for 10,000 model runs unless other-
wise noted, and the discussion focuses on the expected values of key
variables, which are calculated as the mean of each resampled vari-
able over 10,000 model runs.

Figure 2 explains the sequence of events in year t in the mth run
of the simulation model. The state of the system in year t is described
by two state variables: St,m

V is the ecological state in year t (St,m
V can be

either PIPO-A, -B, -C, -D, or –E) and st,m
V is the number of years that

the system has been in St,m
V in year t. The variable st,m

V is necessary
because the system can only remain in a given state for a finite
amount of time in the absence of management treatment or wildfire
before transitioning to a new state. The superscript V indicates the
treatment scenario; V � T for a “treatment” scenario (T � ERT or
HFRT) and V � NT for a “no treatment” scenario.

Figure 1. PIPO: stylized STM.

Forest Science • MONTH 2015 3



In the treatment scenarios, ERTs or HFRTs may take place in
years in which wildfire does not occur. The model assumes that the
year begins before the wildfire season and that wildfire occurs or does
no not occur before treatments take place. Each model run considers
a treatment schedule that determines whether a treatment occurs in
year t given St,m

V and st,m
V . The variable Tt,m

T is equal to 1 if a treatment
occurs in year t and 0 otherwise. In the no treatment scenario,
Tt,m

NT� 0 for all St,m
NT and st,m

NT. If treatment is performed in year t, a
state-specific treatment cost, C(St,m

V ), is incurred. The treatment
schedules for ERTs and HFRTs that are assumed in the model and
the state-specific treatment costs for ERTs and HFRTs used in the
model are described below.

Figure 2 also illustrates how wildfire is included in the model.
The random variable P̃t,m

V is equal to 1 if a wildfire occurs in year t
and 0 otherwise. The probability that a wildfire occurs in year t (i.e.,
the probability that Pt,m

R � 1 in year t) is pt,m
V , which depends on the

ecological state in year t, St,m
V . In years when a wildfire occurs, the

random variable Q̃1,t,m
V (Q̃2,t,m

V , Q̃3,t,m
V ) is equal to 1 if the wildfire is

low (moderate, high) severity and 0 otherwise. The probability that
Q̃1,t,m

V (Q̃2,t,m
V , Q̃3,t,m

V ) is equal to 1 is q1,t,m
V (q2,t,m

V , q3,t,m
V ), which

depends on the ecological state in year t, St,m
V , and, in the case of

HFRTs, on whether an HFRT has been performed in the previous
15 years, {Tu,m

HFRT}u�t�15
t�1 .4 When a wildfire occurs in year t, wildfire

suppression cost is a random variable, WCt,m
V , that is drawn from a

state- and fire severity-specific distribution of per-acre wildfire sup-
pression costs.

In years when a wildfire occurs, the postwildfire transitions be-
tween ecological states are stochastic. In particular, the probability
that the random variable S̃t�1,m

V is equal to PIPO-A (-B, -C, -D, -E)
in year t � 1 is rA,i,t,m

V (rB,i,t,m
V , rC,i,t,m

V , rD,i,t,m
V , rE,i,t,m

V ), which depends

on the ecological state at time t, St,m
V , and whether the wildfire was

low (Q1,t,m
V � 1), moderate (Q2,t,m

V � 1), or high (Q3,t,m
V � 1)

severity.5 In the year after a wildfire occurs, st�1,m
V is always reset to

0. In years when wildfire does not occur, St�1,m
V and st�1,m

V are
deterministic and depend on the state of the system at time t, St,m

V

and st,m
V , as well as on whether or not an ERT or HFRT was per-

formed in year t. The assumptions concerning transitions between
ecological states in the model are described in detail below.

The net benefits of fuel treatment are calculated as the present
value of the reduction in cumulative wildfire suppression costs re-
sulting from treatment less the present value of total treatment costs
over 200 years. The net benefits from fuel treatment for the mth run
of the model are given by

NPVm ��
t�1

200 1

(1 � r)t��
i�1

3

(Pt,m
NT � Qi,t,m

NT � WCt,m
NT)�

��
t�1

200 1

(1 � r)t��
i�1

3

(Pt,m
T � Qi,t,m

T � WCt,m
T ) � Tt,m

T � C(S t,m
T )�

where r is the discount rate (r � 3% for the results presented in this
article), Pt,m

V , Qt,m
V , i � 1, 2, 3, and WCt,m

V , R � T, NT, are the
realizations of the random variables P̃t,m

V , Q̃t,m
V , i � 1, 2, 3, and

WCt,m
V in year t in the treatment and no treatment scenarios. The

expected value of net benefits is calculated as the mean of net ben-
efits for 10,000 model runs.

The simulation model presented in this article shares several
features with the simulation model presented in Taylor et al. (2013).

Figure 2. Simulation model: mth model run, year t, treatment scenario V � T (ERT or HFRT), NT (no treatment). *q1,t,m
V � q2,t,m

V � q3,t,m
V � 1.

**rA,i,t,m
V � rB,i,t,m

V � rC,i,t,m
V � rD,i,t,m

V � rE,i,t,m
V ) � 1.
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Most notably, both models use the STM framework. As is argued in
the Introduction, among other advantages, the STM framework
allows ecosystem dynamics and stochastic elements to be incorpo-
rated into the simulation model and facilitates model parameteriza-
tion because the required ecological and economic data are collected
to be consistent with the STM framework. There are two important
differences, however, between the simulation model developed in
this article and the model in Taylor et al. (2013). First, the salient
features of wildfire activity in the PIPO ecosystem are different from
those of two rangeland ecosystems analyzed in Taylor et al. (2013).
These differences require that the simulation model presented in
this article expand on Taylor et al. (2013) to include new features
such as stochastic postwildfire transitions between ecological states
and variable wildfire severities (low, moderate, and high).

Second, there are differences between the fuel management is-
sues relevant to the PIPO ecosystem addressed in this article and
those addressed in Taylor et al. (2013). In particular, this article
expands on the analysis in Taylor et al. (2013) to consider both
ERTs and HFRTs (Taylor et al. only consider ERTs) and considers
the multistage ERTs that are necessary to rehabilitate a forest eco-
system that has been degraded by forest overcrowding due to histor-
ical suppression of low-severity frequent fires. Analyzing these addi-
tional fuel management issues requires that the simulation model
presented in this article expand on Taylor et al. (2013) to include
new features such as HFRTs that change the conditional probability
that a wildfire is low, moderate, or high severity, decay in the effec-
tiveness of HFRTs over time, and reapplication intervals for both
HFRTs and multistage ERTs.

ERT Scenarios
ERTs influence wildfire behavior and wildfire suppression costs

in the simulation by moving the system from the less desirable states
of PIPO-A and PIPO-B to the more desirable states of PIPO-C and
PIPO-D. As is explained below, wildfire behavior and expected
suppression costs are influenced by transitions between ecological
states because of differences between states in wildfire return inter-
vals, in the likelihood that when a wildfire does occur it is of low,
moderate, or high severity, in the expected wildfire suppression costs
associated with a wildfire of given severity, and in expected postwild-
fire ecological conditions.

Whereas ERTs influence wildfire behavior and expected suppres-
sion costs by causing the ecosystem to transition between ecological
states, it is assumed that ERTs do not do the following: change the
probability a wildfire of a given severity (low, moderate, or high
severity) will occur in a given ecological state; or change the expected
suppression costs associated with a wildfire of a given severity in a
given ecological state. Alternatively, if we assumed that for a period
after treatment, ERTs changed the probability of a wildfire of a
given severity occurring (e.g., increased the probability that when a
wildfire occurs it is low severity) or made wildfires easier and there-
fore less expensive to suppress, this would increase the wildfire sup-
pression cost savings from ERTs.

The typical treatment method used to perform ERTs in each
state in the PIPO ecosystem and the influence of ERTs on transition
between ecological states in the model are as follows. In even-aged
forest, PIPO-A, we assume that ERTs involve mechanical and/or
hand thinning (to open-up the canopy and restore historical spatial
composition) coupled with pile and burn of removed biomass (pre-
scribed fire carries too high a risk/cost in this state) are used to move
the systems to intermediate-aged forest, PIPO-B. We assume that

after an ERT moves the system from PIPO-A to PIPO-B, the system
must recover for 20 years before a thinning treatment (thinning
smaller trees from below) followed by a prescribed burn (to remove
fine fuels) can be used to move the system from PIPO-B to PIPO-C,
all-aged forest. Once the system has moved to PIPO-C, we assume
that regular prescribed burns (every 12 years in the absence of nat-
urally occurring wildfire) are performed for a period of 40 years to
control the regeneration of trees in open spaces and move the system
to the restored state, PIPO-D. This fully restored state can be main-
tained by regular prescribed burning and/or wildfire managed for
resource benefits. Wildfire managed for resource benefits (hence-
forth “wildland fire use”) refers to the management of naturally-oc-
curring wildfires (i.e., not prescribed burns) as an HFRT. The cost
of wildland fire use is limited to the cost of monitoring, which is
included in the calculation of wildfire suppression costs, rather than
as treatment costs. In addition, we do not consider any strategies to
rehabilitate the system from the postcrown fire state, PIPO-E.

HFRT Scenarios
HFRTs influence wildfire behavior and wildfire suppression

costs in the simulation by increasing the conditional probability that
when a wildfire occurs it is of low severity for 15 years after treat-
ment.6 Fifteen years corresponds to the typical length of the period
that HFRTs mitigate wildfire severity reported in Biswell et al.
(1973).7 In this article, we define the “effectiveness” of an HFRT as
the conditional probability that a wildfire is of low severity in the
15-year period after treatment. For example, without an HFRT, the
conditional probability that a wildfire in PIPO-A is low severity,
given that a wildfire occurs, is 5%, whereas the conditional proba-
bility that a wildfire is high severity is 95% (in PIPO A, moderate-
severity fires are deemed unlikely; see Table 2 for details on the
conditional probability that a wildfire is of low, moderate, or high
severity in each state). We refer to an HFRT treatment as being 90%
effective in PIPO-A if it changes the conditional probability of low-
severity wildfire to 90% and the conditional probability of a high-
severity fire to 10% during the duration of the 15-year period after
treatment. Whereas HFRTs change the distribution of wildfire se-
verity for a period after treatment, it is assumed that HFRTs do not
(1) change the overall probability that a wildfire will occur in any
given ecological state, (2) cause the system to move between ecolog-
ical states, (3) change the successional trajectory from PIPO-A to
PIPO-B or from PIPO-B to PIPO-C, or (4) change the expected
suppression costs associated with a wildfire of a given severity (low,
moderate, or high severity) in a given ecological state. It is also
important to note that although both ERTS and HFRTs make
severe wildfire less likely, neither treatment removes the possibility
of a severe wildfire completely.

We assumed that HFRTs are only applied in PIPO-A and
PIPO-B. The typical treatment method used to perform HFRTs in
PIPO-A and PIPO-B includes a single or decreasingly effective pre-
scribed fire and/or mechanical or hand thinning treatment(s). Al-
though HFRTs are generally successful in meeting short-term fuel-
reduction objectives such that a treated stand is probably more
resilient to high-severity wildfire (Stephens et al. 2012), they differ
from ERTs in that the primary objectives usually focus on the re-
duction of surface, ladder, and canopy fuel loads and usually do not
target historical composition, structural and function. For our sim-
ulations, the major difference between HFRTs and ERTs is that
HFRTs do not include the reintroduction of frequent fire or moving
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the age structure of the stand to an all-aged state as a primary objec-
tive and thus require more, decreasingly effective, mechanical treat-
ments to maintain fuel loads in PIPO-A and PIPO-B and cannot
facilitate transitions to PIPO-C. In model runs in which HFRTs are
pursued, the treatment regimes in PIPO-C and PIPO-D are the
same as the treatment regimes in PIPO-C and PIPO-D for the case
of ERTs. In addition, we do not consider the use of HFRTs in
PIPO-E.

Fuel Treatments and Wildfire Suppression Costs
As is explained above, ERTs and HFRTs can reduce cumulative

wildfire suppression costs over the 200-year time horizon by reduc-
ing the instances of severe wildfires in a given ecological state
(HFRTs), promoting ecological restoration to ecological states with
lower expected wildfire suppression costs (ERTs) and by reducing
the likelihood of the system transitioning to a degraded ecological
state with higher expected suppression costs because of a severe
wildfire (both ERTs and HFRTs). The analysis also assumes, how-
ever, that neither ERTs nor HFRTs change the expected costs asso-
ciated with suppressing a wildfire of a given severity in a given
ecological state. This assumption is counter to the evidence that fuel
treatments make wildfire suppression easier and therefore less costly
(Moghaddas and Craggs 2007, Murphy et al. 2007, Rogers et al.
2008, Bostwick et al. 2011).8 We do not, however, have informa-
tion about how ERTs and HFRTs reduce expected suppression
costs in the PIPO ecosystem. We are able to consider in the results,
however, how the expected wildfire suppression cost savings from
ERTs and HFRTs change if we assume that both treatment ap-
proaches change fuel conditions so that certain low- and moderate-
severity wildfires can be managed through wildland fire use rather
than being actively suppressed.

Data and Parameters
The stylized STM for the PIPO ecosystem depicted in Figure 1 is

numerically implemented to simulate wildfire activity, ecological
transitions between states, and wildfire suppression cost with and

without treatment (ERT or HFRT). This section describes the pa-
rameters and data used in our model. Tables 1–4 summarize all
model parameters and the data described in this section, including
treatment costs, suppression costs, wildfire frequencies, and the
transitions between ecological states in the PIPO ecosystem.

Wildfire Suppression Costs
Wildfire suppression costs data for US Department of Agricul-

ture (USDA) Forest Service Regions 2, 3, and 4 from 1995 to 2011
were obtained from the USDA Forest Service Rocky Mountain
Research Station. The data on wildfire suppression costs from the
USDA Forest Service were merged with data from the Monitoring
Trends in Burn Severity (MTBS) data set (Eidenshink et al. 2007)
to distinguish between acres burned in low-, moderate-, and high-
severity wildfires in each ecological state.9 In brief, we first queried
the MTBS data set for all fires that occurred in the Four Corners
states (Arizona, Colorado, New Mexico, and Utah) and then filtered
for fires that fell within the ponderosa pine forest type. This reduced
sample (n � 2,477) was then combined with the wildfire suppres-
sion cost data (n � 1,184) by fire identification, name, acreage, and
spatial location, paying close attention to fires with the same name
or those that spatially overlapped. Last, estimates of proportions of
low, moderate, and high severity were summarized for each fire
to obtain a final sample (n � 324) spanning the range of
costs/acreage/severity proportions of wildfires on USDA Forest Ser-
vice lands in the Four Corners region between 1995 and 2011. The
analysis assumes that all wildfires are suppressed regardless of their
characteristics, with the exception of low-severity wildfires in
PIPO-D, which are managed through wildland fire use.10 Table 1
summarizes suppression costs for each wildfire severity for the five
states in the PIPO ecosystem.

In the simulation, a random draw from a state- and severity-spe-
cific (low-, moderate-, or high-severity) sample of per-acre wildfire
suppression expenditures is taken each time a wildfire occurs. In
order for our per-acre suppression cost distributions to reflect the
fact that a given acre is more likely to burn in a large fire than in a

Table 1. Wildfire suppression costs by ecological state ($000 in 2011 dollars).

Ecological state
NFDRS fuel

modela Fire severity n
Average expenditure
per fire ($000/fire)b

Total expenditure
($000)

Average acres
burned per

fire (acres/fire)

Total acres
burned
(acres)

Average expenditure
per acre ($/acre)

PIPO-A F, G, H, or K Low 13 1,389 18,051 5,532 71,916 393.9
Moderate 23 9,588 220,533 41,593 956,639 441.3

High 17 3,546 60,280 10,926 185,742 919.2
PIPO-B U Low 5 294 1,472 7,530 37,650 80.3

Moderate 5 6,057 30,286 17,403 87,015 886.2
Highc 0 N/A N/A N/A N/A N/A

PIPO-C C or J Low 22 1,149 25,284 7,683 169,026 276.6
Moderate 11 1,374 15,109 4,078 44,858 667.7

High 5 10,700 53,500 31,171 155,855 857.7
PIPO-D A Lowd 2 69 138 2,203 4,406 27.3

Moderate 2 553 1,106 23,230 46,460 38.3
Highc 0 N/A N/A N/A N/A N/A

PIPO-E B, L, or T Low 7 3,990 27,930 24,656 172,592 204.8
Moderate 1 1,700 1,700 5,143 5,143 368.4

High 1 5,700 5,700 9,629 9,629 625.0

NA, not applicable.
a See Endnote 9 for a discussion of NFDRS fuel models.
b Wildfire suppression costs are reported in constant 2011 dollars, using the “Government Consumption Expenditures and Gross Investment—Non-Defense” price index
from the US Department of Commerce’s Bureau of Economic Analysis as part of the National Income and Product Accounts. This price index captures the change in prices
relevant for wildfire suppression costs (e.g., labor, fuel, and mechanical equipment costs).
c In the simulation model, the cost of wildfire suppression for low-severity wildfires in PIPO-D is assumed to be $20 per acre. This corresponds to the cost of “wildland
fire use.”
d The cost of high-severity fires for PIPO-A is also used for PIPO-B and PIPO–D because of the lack of data on the cost of high-severity fires in these two states.
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small fire, we draw from a weighted distribution of per-acre wildfire
suppression costs, with wildfire size used as weights. This approach
of using data on past wildfires to populate the state- and severity-
specific distribution of wildfire suppression costs assumes the fol-
lowing two factors: that the costs of suppressing future wildfires of
given size and severity in a given ecological state will be the same as
the costs of suppressing similar wildfires in the USDA Forest Service
data; and that the size distribution of future wildfires of a given
severity in a given ecological state will be the same as in the USDA
Forest Service data.11

The wildfire suppression cost data used in this article probably
understate actual per-acre wildfire suppression costs and, hence, the
expected wildfire suppression cost savings from implementing
HFRTs and ERTs, for two reasons. First, the data include only
wildfires of more than 100 acres (300 acres after 2003) that “es-
caped” initial suppression efforts by local and state agencies. Because
smaller wildfires tend to have larger per-acre suppression costs than
larger wildfires, their exclusion implies that fires with higher per-acre
costs may be underrepresented in the distributions of per-acre wild-
fire suppression costs that we draw from in our simulation. Second,
because of the difficulty of obtaining wildfire suppression expendi-
ture information from local and state agencies, these suppression
costs are excluded from our analysis. The data used in our analysis
include wildfire suppression expenditures incurred by the USDA
Forest Service for FY 1995–2003 and suppression expenditures in-
curred by both the USDA Forest Service and the US Department of
Interior, which houses the Bureau of Land Management, for FY
2004 onward.

Wildfire Frequency
To simulate stochastic wildfire occurrences, annual wildfire

probabilities and conditional probabilities of a low-, moderate-, or
high-severity wildfire were chosen by the authors using Schmidt et
al. (2002) and in consultation with two experts on wildfire behavior
for the PIPO ecosystem.12,13 The wildfire probabilities were chosen
to represent current conditions in the PIPO ecosystem, with the

exception of the annual wildfire probability in PIPO-D, which was
chosen to capture historical wildfire behavior. We assume a histor-
ical annual wildfire probability in PIPO-D because the goal of ERTs
in this article is to restore the system to PIPO-D, in which it can be
inexpensively maintained through a regime of frequent, low-inten-
sity wildfires. Table 2 reports annual wildfire probabilities in each
ecological state used in the simulation.

It is important to emphasize that the wildfire return interval on a
given acre captures both wildfire ignitions that occur on that acre
and ignitions that occur elsewhere on the landscape and spread to
that acre. As such, wildfire return intervals implicitly account for the
spatial spread of wildfire. Indeed, differences in wildfire return in-
tervals between ecological states in the PIPO ecosystem reported in
Table 2 are attributed to the influence of differences in vegetation
and stand densities between states on the wildfire hazard and the
spatial spread of wildfire rather than to differences in the rates of
wildfire ignitions (wildfire risk) between states.14 In addition, as the
wildfire return intervals were chosen to represent current conditions
in the PIPO ecosystem, they implicitly account for the influence of
wildfire suppression responses on wildfire sizes, given current sup-
pression resources and objectives in the study area. It is the case,
however, that the wildfire return intervals used in this study may not
capture future wildfire return intervals if factors such as climate
change (e.g., longer and more frequent drought) cause wildfires to
become more frequent. To investigate this possibility, we analyze
the sensitivity of our results to increases in wildfire frequency from
our baseline assumptions in the Results and Discussion section
below.

Wildfire return intervals are computed as the average interval
between two successive wildfires for a collection of points on a
landscape. Annual wildfire probabilities are the reciprocal of wildfire
return intervals under the assumption that wildfires occur according
to a geometric distribution (i.e., the probability of a wildfire is con-
stant and independent across years). An important advantage of
fire-return intervals is the equivalence between the average fire-re-
turn interval on a landscape and the fire rotation interval, which is

Table 2. Transitions between ecological states.

PIPO-A: even-aged forest
PIPO-B: intermediate-

aged forest
PIPO-C: uneven-

aged forest PIPO-D: restored PIPO-E: postcrown fire

Description Young trees, closed canopy,
high fuel load

Mixture of ages, closed
canopy, moderate
fuel load

All-aged trees, open canopy,
low fuel load

All-aged (�old) trees, open
canopy, light fuel load

No ages, no canopy, high
fuel load

Time to transition
without wildfire

50–150 years3 PIPO-B 60–100 years3
PIPO-C

20–60 years3 PIPO-D 60–500 years3 PIPO-C 60–100 years3 PIPO-E

Baseline model
assumption

100 years 80 years 40 years 200 years 80 years

Wildfire return interval 100� years 24–100 years 0–50 years 2–20 years 75–125 years
Baseline model

assumption (annual
probability)

100 years (0.01) 70 years (0.014286) 40 years (0.025) 10 years (0.1) 80 years (0.0125)

Conditional probability of
low-severity fire

0.05 0.05 0.20 0.996 NA (0.00)

Transition with low-
severity fire

3 PIPO-A 3 PIPO-B 0.903No change 3 PIPO-D NA
0.103 PIPO-D

Conditional probability of
moderate-severity fire

NA (0.00) 0.45 0.50 0.003 NA (0.00)

Transition with moderate-
severity fire

NA 0.783 PIPO-A 0.603 PIPO-A 3 PIPO-C NA
0.223 PIPO-C 0.403 PIPO-B

Conditional probability of
high-severity fire

0.95 0.50 0.30 0.001 1.00

Transition with high-
severity fire

3 PIPO-E 3 PIPO-E 3 PIPO-E 3 PIPO-E 3 PIPO-E

NA, not applicable.
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the length of time required to burn the equivalent of a specific area
(Baker 2009).15 This equivalence implies that the average number
of acres burned predicted by the simulation model over the 200
years will hold for any size area. For example, if the simulation
model predicts an average of 1.6 wildfires over 200 years in 10,000
model runs, this implies than an area of 1,000 acres in the same
initial ecological state is predicted to experience an average of 1,600
burned acres over 200 years, with some areas burning multiple times
and others not burning at all. This argument also implies that the
per-acre expected net present value (NPV) of wildfire suppression
cost savings from ERTs and HFRTs reported in the results can be
“scaled-up” linearly to apply to larger treatment areas. It is not
reasonable, however, to scale the per-acre results reported in this
study to the landscape scale, as typically only a small fraction of a
landscape is treated at any point in time.

Transitions between Ecological States
We assume that the PIPO ecosystem will transition between

ecological states eventually without either treatment or wildfire.
Times for ecological transition used in the simulation are described
in Table 2 and were chosen by the authors and vetted by an expert
on wildfire in the PIPO ecosystem.16 In brief, we started with the
same subset of wildfires in the MTBS data set that were within the
PIPO ecosystem type located in the Four Corners states (Arizona,
Colorado, New Mexico, and Utah) that we used to obtain our
wildfire suppression cost information. The resulting fire landscapes
(individual fires classified by low, moderate, and high severity from
the MTBS data set) were further classified based on pre- and postfire
vegetation states. Transition probabilities were assigned based on
the observed proportions of land moving between states for the
observation period (2002–2012) within the entire Four Corners
area. Although our sample is limited to fires with sufficient data
reported, we assume that there is no systematic underreporting and
the sampled fires are representative of typical transitions of PIPO
ecosystem.

We evaluate the sensitivity of our results to our assumptions
concerning the number of years to transition between ecological
states without wildfire or treatment in Appendix A. The analysis in
these appendixes demonstrates that the results from the baseline
model are invariant to substantial changes in these parameters from
baseline values.

Wildfire is a catalyst for transition between ecological states in the
PIPO ecosystem. Further, postwildfire transitions between states in
the PIPO ecosystem are influenced by wildfire severity. In Figure 1, the

postwildfire transition paths between states are color-coded for low-se-
verity (blue), moderate-severity (yellow), and high-severity (red) wild-
fires. Postwildfire transition probabilities between states after low-,
moderate-, and high-severity wildfire for each state in the PIPO ecosys-
tem were chosen by the authors and vetted by an expert on wildfire in
the PIPO ecosystem and are reported in Table 3.17

Treatment Costs
As is explained above, we assume that the appropriate suite of

treatment methods for ERTs and HFRTs and, hence, per-acre treat-
ment costs, varies by ecological state in the PIPO ecosystem. Infor-
mation on treatment costs were obtained by contacting program
officers from four national forests to gather the most recent transac-
tion evidence (FY 2008), expert opinion, and planning estimates.
Based on these estimates and previously published articles in this
region (Larson and Mirth 2004, Hjerpe and Kim 2008, Kim 2010),
average costs per acre are calculated for the proposed treatments in
each state. Table 4 reports the per-acre costs for ERTs and HFRTs
for each state in the PIPO ecosystem used in the simulation. Details
on how per-acre treatment costs for the PIPO ecosystem were cal-
culated are given in Appendix B.

Biomass Removal
The analysis also considers how including the revenue from the

sale of the biomass removed while performing ERTs in PIPO-A and
PIPO-B can influence the net economic benefits from ERTs. We
only consider the revenue from ERTs in PIPO-A and PIPO-B be-
cause it is only in these states that fuel treatment involves
mechanical/hand thinning. Revenues from forest biomass vary sig-
nificantly across regions in the United States (Galik et al. 2009),
including across sites in the PIPO ecosystems in the Southern Col-
orado Plateau, because of factors such as quality road access (Becker
et al. 2011), transportation costs (Han et al. 2004), and the absence
of biomass utilization facilities in many regions (Barbour et al. 2008,
Ince et al. 2008, Prestemon et al. 2008). Because of this variability in
revenues, we consider a range of per-acre revenue from biomass
removal in the analysis. We assume that revenue from the sale of
biomass is determined by two factors: the number of “bone-dry”
tons (short tons; 2,000 lb) of biomass removed per acre through
treatment and (ii) the market price per bone dry ton of biomass. We
assume removal of 11.2 bone-dry tons of biomass per acre (Rummer
et al. 2005) and a range of market prices drawn from existing re-
gional market prices for softwood biomass (Department of Energy
2011).

Table 3. Transitions between ecological states after wildfire.

State before wildfire

State after wildfire

Total probabilityPIPO-A PIPO-B PIPO-C PIPO-D PIPO-E

PIPO-A 0.05 (low)
Beneficial

0.95 (severe)
Degrading

1.0

PIPO-B 0.35 (moderate)
Degrading

0.05 (low)
Beneficial

0.10 (moderate)
Beneficial

0.50 (severe)
Degrading

1.0

PIPO-C 0.30 (moderate)
Degrading

0.20 (moderate)
Degrading

0.18 (low)
Beneficial

0.02 (low)
Beneficial

0.30 (severe)
Degrading

1.0

PIPO-D 0.003 (moderate)
Degrading

0.996 (low)
Beneficial

0.001 (severe)
Degrading

1.0

PIPO-E 1.00 (severe)
Degrading

1.0

Fire severity is in parentheses. Wildfires are classified as being either “Beneficial” or “Degrading,” depending on the state the ecosystem transitions into after a wildfire, given
the initial state.
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Results and Discussion
Tables 5–7 report results for the no treatment case, ERT, and

HFRT, respectively, under the default parameter assumptions re-
ported in Tables 1–4 (henceforth the “baseline” results). The results
for ERTs are reported for three different initial states: PIPO-A,
PIPO-B, and PIPO-C; the results for HFRTs are reported for two
initial states: PIPO-A and PIPO-B, as the treatment regime in
PIPO-C is the same for ERTs and HFRTs.

Wildfire Activity
The baseline results for ERTs and HFRTs reported in Tables 6

and 7 indicate that, given our assumptions and default parameters,

both treatment approaches probably increase the expected total
number of wildfires in the PIPO ecosystem over the 200-year time
horizon relative to the no treatment case reported in Table 5. ERTs
increase the total number of wildfires because they accelerate the
transitions from PIPO-A and PIPO-B, which have relatively long
wildfire return intervals (100 and 70 years, respectively), to PIPO-C
and PIPO-D, which have shorter wildfire return interval (40 and 10
years, respectively). In addition, transitions from PIPO-A and
PIPO-B to PIPO-C and PIPO-D reduce the number of high-sever-
ity crown fires that cause the system to transition to PIPO-E, which
also has a relatively long wildfire return interval (80 years). The

Table 4. Treatment costs (total costs of treatments, including operation and administration costs; 2011 dollars).

PIPO-A: even-aged
forest

PIPO-B: intermediate-
aged forest PIPO-C: uneven-aged forest PIPO-D: restored PIPO-E: postcrown fire

Management focus Mechanical or hand
thinning to open
up canopy; pile/
burna

Pole size timber; thin
from below followed
by prescribed burn

Controlling regeneration in opening;
fine fuels removed via prescribed
burn

Prescribed burn or wildland
fire use

Reforestation

Ecological state after
treatment

PIPO-B (after 20
years)

PIPO-C (after 20 years) PIPO-D (after 40 years) PIPO-D PIPO-A

Wildland fire use NA NA $10–$30 $8 NA
Prescribed fire $400–$600 $75–$300 $25–125 $12–$75 NA
Precommercial

thinning
$1,200-$2,000 NA NA NA NA

Thinning NA $471–$766 NA NA NA
Reforestation NA NA NA NA $800–$2,000
ERT total $2,100 $500 $60 $45 $1,400
Treatment schedule 1 year 1 year After 12 years without treatment or

wildfire
After 12 years without

treatment or wildfire
5 years after wildfire

HFRTb $60 $60 NA NA NA

NA, not applicable.
a Any type of burn in PIPO-A will carry high risk/high expected cost.
b A single-entry or decreasingly effective prescribed fire or mechanical/hand thinning treatment(s) is not intended to reintroduce frequent fire or alter the stand’s age structure,
thus only effective and occurring in PIPO-A and PIPO-B.

Table 5. No treatment results ($ per acre; 2011 dollars).

PIPO-A: even-aged forest PIPO-B: intermediate-aged forest PIPO-C: uneven-aged forest

Mean number of low-severity wildfires 0.07 (0, 1)a 0.24 (0, 1) 0.69 (0, 2)
Mean number of moderate-severity wildfires 0.16 (0, 1) 0.61 (0, 2) 0.76 (0, 2)
Mean number of high-severity wildfires 2.1 (0, 5) 1.97 (0, 5) 1.94 (0, 5)
Mean total number of wildfires 2.34 (0, 5) 2.83 (1, 6) 3.39 (1, 6)
Mean total number of beneficial wildfires 0.10 (0, 1) 0.33 (0, 1) 0.71 (0, 2)
Mean total number of degrading wildfires 2.25 (0, 5) 2.5 (1, 5) 2.68 (1, 5)
Mean total suppression costs (NPV)b $165 ($0, $655) $200 ($3, $763) $275 ($10, $807)
Final State (A, B, C, D, E)c 3,286, 401, 861, 16, 5,436 3,064, 828, 550, 103, 5,455 3,071, 845, 552, 279, 5,253

a 5th and 95th percentiles.
b Sum over 200 years using a 3% discount rate (following Loomis 2002).
c “Final state” is the final state of the system (PIPO-A, PIPO-B, PIPO-C, PIPO-D, or PIPO-E) after 200 years.

Table 6. ERTs: baseline results ($ per acre; 2011 dollars).

PIPO-A: even-aged forest PIPO-B: intermediate-aged forest PIPO-C: uneven-aged forest

Mean number of low-severity wildfires 6.14 (0, 18)a 8.48 (0, 21) 8.64 (0, 21)
Mean number of moderate-severity wildfires 0.64 (0, 2) 0.63 (0, 2) 0.61 (0, 2)
Mean number of high-severity wildfires 1.4 (0, 5) 1.17 (0, 5) 1.13 (0, 5)
Mean total number of wildfires 8.2 (2, 18) 10.3 (2, 21) 10.4 (2, 21)
Mean total number of beneficial wildfires 6.2 (0, 18) 8.5 (0, 21) 8.7 (0, 21)
Mean total number of degrading wildfires 1.99 (1, 5) 1.78 (0, 5) 1.73 (0, 5)
Mean total suppression costs (NPV)b $217 ($10, $728) $256 ($16, $800) $259 ($15, $811)
Mean number of treatments 4.9 (1, 9) 4.4 (1, 8) 4.5 (1, 8)
Mean treatment costs (NPV)b $2,460 ($2,100, $3,038) $730 ($500, $1,503) $298 ($60, $1,093)
Final state (A, B, C, D, E)c 623, 567, 727, 5,126, 2,957 511, 500, 630, 5,960, 2,399 506, 503, 571, 6,090, 2,330

a 5th and 95th percentiles.
b Sum over 200 years using a 3% discount rate (following Loomis 2002).
c “Final state” is the final state of the system (PIPO-A, PIPO-B, PIPO-C, PIPO-D, or PIPO-E) after 200 years.
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results in Tables 5 and 6 also demonstrate, however, that by transi-
tioning the system from PIPO-A and PIPO-B to PIPO-C and,
eventually, to PIPO-D, ERTs are successful in reducing the number
of high-severity crown fires (2.1 to 1.4 when the initial state is
PIPO-A) and increasing the number of moderate-severity wildfires
(0.2 to 0.6 when the initial state is PIPO-A) and low-severity wild-
fires (0.1 to 6.1 when the initial state is PIPO-A). In the subsequent
sections, we discuss the implications of this change in the distribu-
tion of low-, moderate-, and high-severity wildfires for the instance
of ecologically beneficial and degrading wildfire.

Because we assume that HFRTS do not change the time it takes
the ecosystem to transition from PIPO-A to PIPO-B (100 years) or
from PIPO-B to PIPO-C (80 years), HFRTs do not significantly
change the total number of wildfires when the initial state is
PIPO-A, as the system remains in PIPO-A and PIPO-B for the
majority of the 200-year time horizon with and without HFRTs.
HFRTs do, however, increase the total number of wildfires from 2.8
to 5.6 when the initial state is PIPO-B because HFRTS facilitate the
transition from PIPO-C to PIPO-D in 40 years in the absence of
wildfire. Table 7 also indicates that although HFRTS do not reduce
the mean total number of wildfires, they do, as one would expect,
increase the number of low-severity wildfires from 0.1 to 1.7 over
200 years and reduce the number of high-severity wildfires from 2.1
to 0.5 over 200 years, while resulting in very little change in the
number of moderate-severity wildfires (0.2 to 0.1 over 200 years).

Beneficial and Degrading Wildfires
One outcome of ERTs and HFRTs of particular interest to fire

managers is how they affect the instances of “beneficial” and “de-
grading” wildfires. Beneficial wildfires are low- or moderate-severity
fires that facilitate postfire ecosystem recovery, and, ultimately, are
beneficial to ecosystem health and function. Conversely, degrading
wildfires provide little ecosystem benefits and can damage ecosystem
health. Table 3 describes how beneficial and degrading wildfires are
classified in our simulation. From Tables 6 and 7, although both fuel
treatment approaches increase the expected total number of wild-
fires, they are both successful in reducing the number of degrading
wildfires and increasing the number of beneficial wildfires. For ex-
ample, when the initial state is PIPO-A, ERTs decrease the number
of degrading wildfires over the 200-year time horizon from 2.3 to
2.0 and increase the number of beneficial wildfires from 0.1 to 6.2.
Similarly, when the initial state is PIPO-A, HFRTs reduce the num-
ber of degrading wildfires from 2.3 to 0.8 and increase the number
of beneficial wildfires from 0.1 to 1.7. The increase in the number of
beneficial wildfires and the decrease in the number of degrading

wildfires reduce the likelihood that the system will transition to
PIPO-E, the postcrown fire state. For example, when the initial state
is PIPO-A, the model predicts that at the end of 200 years, the
systems will be PIPO-E 54.4% of time without ERTs compared
with 29.6% of the time with ERTs.

Wildfire Suppression Costs
Tables 6 and 7 report the expected NPVs of wildfire suppression

costs for ERTs and HFRTs. Table 6 indicates that ERTs are not
effective in reducing wildfire suppression costs relative to the no
treatment case reported in Table 5 because the reduction in the
number of high-severity wildfires is more than offset by the increase
in suppression costs from more frequent low- and moderate-severity
wildfires. Conversely, HFRTs reduce the expected NPVs of wildfire
suppression costs from $170 to $121 per acre when the initial state
is PIPO-A and from $199 to $137 per acre when the initial state is
PIPO-B. The wildfire suppression cost savings associated with
HFRTs, however, are not enough to offset the costs of implement-
ing fuel treatments. For example, for HFRTs when the initial state is
PIPO-A, the expected NPV of treatment costs is $154 per acre and
the expected NPV of wildfire suppression cost savings is $51
($164–$113) per acre. Our finding that neither ERTs nor HFRTs
are economically justified in the PIPO system on the basis of wildfire
suppression cost savings alone is consistent with the results of Prest-
emon et al. (2012), who provide ranges of the long-run expected
economic benefits of mechanical fuel treatments for all nonreserved
timberlands (both public and private) in the contiguous western
United States; this is the only other study we are aware of that
considers the wildfire suppression cost savings resulting from fuel
treatments for forested ecosystems in the western United States.

ERT: Wildfire Return Intervals
As we explain above, ERTs are not effective in reducing wildfire

suppression costs in our simulation model despite the facts that they
reduce the number of high-severity crown fires and are effective at
rehabilitating the system to PIPO-D and avoiding transitions to
PIPO-E. When the system starts in PIPO-A, high-severity wildfires
in PIPO-A can occur early in the planning horizon, where, due to
discounting, they have a large influence on the calculation of the
expected value of net benefits. These facts suggest that avoiding
high-severity wildfire in PIPO-A could be an important benefit of
performing ERTs and that our baseline assumption of a 1% annual
wildfire probability in PIPO-A is likely to have a large influence on
the magnitude of expected net benefits from ERTs. For this reason,
we consider in Table 8 how the expected net benefits from ERTs

Table 7. HFRTs: baseline results ($ per acre; 2011 dollars).

PIPO-A: even-aged forest PIPO-B: intermediate-aged forest

Mean number of low-severity wildfires 1.72 (0, 4)a 4.42 (0, 12)
Mean number of moderate-severity wildfires 0.23 (0, 1) 0.43 (0, 1)
Mean number of high-severity wildfires 0.60 (0, 3) 0.70 (0, 3)
Mean total number of wildfires 2.54 (0, 5) 5.56 (1, 12)
Mean total number of beneficial wildfires 1.73 (0, 4) 4.44 (0, 13)
Mean total number of degrading wildfires 0.81 (0, 3) 1.11 (0, 4)
Mean total suppression costs (NPV)b $113 ($0, $487) $77 ($2, $284)
Mean number of treatments 12 (5, 14) 9 (5, 14)
Mean treatment costs (NPV)b $154 ($103, $203) $148 ($243, $991)
Final State (A, B, C, D, E)c 2,250, 699, 4,783, 103, 2,165 2,219, 1,408, 786, 3,725, 1,862

a 5th and 95th percentiles.
b Sum over 200 years using a 3% discount rate (following Loomis 2002).
c “Final state” is the final state of the system (PIPO-A, PIPO-B, PIPO-C, PIPO-D, or PIPO-E) after 200 years.
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change with the annual probability of wildfire in PIPO-A. In addi-
tion, whereas ERTs are an effective tool to keep the system from
transitioning to PIPO-E, under our baseline assumptions the ex-
pected wildfire suppression costs for PIPO-E are relatively low,
which is another reason why fuel treatments are not effective in
reducing wildfire suppression costs. We also consider how the ex-
pected benefits of fuel treatments change with increases in the an-
nual probability of wildfire in PIPO-E.

The results in Table 8 confirm that the expected net benefits
from treatment are indeed sensitive to our assumptions about the
annual probability of wildfire in PIPO-A and PIPO-E. Holding all
other parameters constant, an increase in the annual probability of a
wildfire in PIPO-A from our baseline of 1% increases the expected
wildfire suppression cost savings from treatment and, hence, the
expected net benefits from fuel treatment, to $409 per acre at 5%
($2,507 � $2,098 � $409) and $656 per acre ($2,507 � $1,851 �
$656) at 10%. Increasing the annual wildfire probability in PIPO-E
also increases the expected net benefits from ERTs, albeit by a
smaller amount than the increases in the wildfire probability for
PIPO-A. The analysis in this section focuses on changes in wildfire
return intervals in PIPO-A and PIPO-E because these two parame-
ters were likely to (and do) have a large impact on the model’s
predictions. It has been suggested that wildfire return intervals in the
PIPO ecosystems are likely to be reduced as a result of climate
change, invasive plants, and other factors (Westerling et al. 2006,
Millar et al. 2007, Abatzoglou and Kolden 2011). The analysis in
this section suggests that to the extent that climate change shortens
wildfire return intervals in PIPO-A and PIPO-E, ERTs will result in
significantly larger wildfire suppression cost savings in the future
than they do at present.

HFRT: Treatment Effectiveness
Figure 3 considers how changes in the effectiveness of HFRTs

influence three fire management outcomes: the expected number
of wildfires, the expected number of beneficial and degrading
wildfires, and the expected wildfire suppression costs. Recall that
we define the “effectiveness” of an HFRT as the probability that
the treatment will ensure that a wildfire that occurs during the
duration of the treatment (15 years) will be low severity. Figure 3
illustrates how increasing treatment effectiveness reduces wildfire
suppression costs by changing the distribution of wildfires, re-
ducing the number of degrading wildfires (which generally have
high suppression costs), and increasing the number of beneficial
wildfires (which generally have lower suppression costs). These
results imply that the benefits of HFRTs depend in large measure
on whether the treatment is executed in a manner that allows for
a high degree of treatment effectiveness. That is, the benefits of
HFRTs depend significantly on the ability and diligence of the
fuels and fire manager performing the treatments.

Posttreatment Wildland Fire Use
So far the analysis has assumed that neither ERTs nor HFRTs

change the expected suppression costs for a given wildfire. In this
section, we relax these assumptions and analyze the possibility that
ERTs and HFRTs change fuel conditions so that certain low- and
moderate-severity wildfires can be managed through “wildland fire
use.” In particular, we consider the sensitivity of our results to dif-
ferent assumptions about the proportions of low- and moderate-se-
verity wildfires in PIPO-C that can be managed through wildland
fire use after application of ERT or HFRT. We focus on PIPO-C

Table 8. Expected net benefits from ERT with changes in annual wildfire probabilities in PIPO-A and PIPO-E; initial state � PIPO-A ($ per
acre; 2011 dollars).

Annual wildfire probability in PIPO-E

Annual wildfire probability in PIPO-A

1% 5% 10% 15% 20%

1.25% �$2,507 �$2,098 �$1,851 �$1,706 �$1,591
5% �$2,444 �$1,711 �$1,456 �$1,209 �$1,088
10% �$2,366 �$1,237 �$795 �$555 �$523
15% �$2,312 �$779 �$259 �$28 $122
20% �$2,199 �$282 $398 $642 $819

Figure 3. HFRTs: treatment effectiveness.
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because both ERTs and HFRTs can reasonably be expected to re-
duce the probability of tree mortality in the event of a low- or
moderate-severity wildfire in PIPO-C; thus, both treatment options
increase the potential to manage certain low- or moderate-severity
wildfires through wildland fire use.

Table 9 summarizes results from six assumptions concerning the
proportion of low- and moderate-severity wildfires in PIPO-C man-
aged via wildland fire use after application of ERT or HFRT: 0%
(the baseline assumption), 20, 40, 60, 80, and 100% for three initial
ecological states: PIPO-A, PIPO-B, and PIPO-C. Table 9 reports
only how posttreatment wildland fire use in PIPO-C influences
wildfire suppression costs, not changes in expected future wildfire
occurrence or severity. These results illustrate that allowing certain
low- and moderate-severity wildfires in PIPO-C to be treated
through wildland fire use posttreatment leads to large reductions in
expected wildfire suppression costs for ERTs and smaller reductions
in expected wildfire suppression costs for HFRTs. For ERTs, the
large reductions are due to the fact that when the initial state is
PIPO-A or PIPO-B, ERTs effectuate a relatively rapid transition to
PIPO-C (21 years when the initial state is PIPO-A; 1 year when the
initial state is PIPO-B). This rapid transition to PIPO-C means that
the wildfire suppression cost savings associated with managing a

portion of low- and moderate-severity wildfires in PIPO-C through
wildland fire occurs early in the planning horizon for ERTs, and, as
a result, has a strong impact on the calculation of the NPV of
wildfire suppression costs. In contrast, HFRTs do not reduce the
time required for the systems to transition from PIPO-A and
PIPO-B to PIPO-C, so that the wildfire suppression cost savings
associated with posttreatment wildland fire use in PIPO-C are only
realized late in the planning horizon. These results indicate that our
assumption that neither ERTs nor HFRTs change the expected
wildfire suppression cost associated with a given wildfire leads our
baseline results to understate the wildfire suppression cost savings
associated with both ERTs and HFRTs and that the magnitude of
this understatement will depend on how early in the planning ho-
rizon the reduced suppression costs are realized.

ERT: Biomass Removal
The results reported in Table 10 demonstrate that including

revenue from the sale of the biomass removed while performing
ERTs in PIPO-A and PIPO-B can have a large effect on the net
economic benefits from ERTs. For example, at a price of $25 per
bone dry ton, inclusion of biomass in the analysis increases the
expected present value of the economic benefits of ERTs when the

Table 9. Wildland fire use for low- and moderate-severity wildfires in PIPO-C: mean total wildfire suppression costs (NPV) (2011 dollars).

Initial state

Low- and moderate-severity wildfires in PIPO-C managed via wildland fire use

No treatment0%a 20% 40% 60% 80% 100%

ERTs
PIPO-A $217 ($10, $728)b $209 ($9, $715) $206 ($8, $700) $195 ($9, $698) $191 ($8, $768) $171 ($7, $754) $165 ($0, $655)
PIPO-B $256 ($16, $800) $227 ($14, $719) $212 ($13, $756) $186 ($14, $648) $171 ($12, $662) $141 ($12, $596) $200 ($3, $763)
PIPO-Cc $259 ($15, $811) $235 ($16, $765) $215 ($15, $741) $192 ($15, 663) $165 ($13, $599) $152 ($14, $648) $275 ($10, $807)

HFRTs
PIPO-A $113 ($0, $487) $104 ($0, $447) $118 ($0, $512) $114 ($0, $507) $123 ($0, $502) $110 ($0, $446) $164 ($0, $687)
PIPO-B $77 ($2, $284) $70 ($2, $322) $68 ($2, $279) $73 ($2, $247) $69 ($2, $288) $60 ($1, $234) $202 ($3, $766)

a Baseline scenario reported on Tables 6 and 7.
b 5th and 95th percentiles.
c As we explain in the text above, we do not report results for HFRTs when the initial state is PIPO-C because the treatment regime in PIPO-C is the same for ERTs and
HFRTs, and, as such, there is little difference between the two approaches when the initial state is PIPO-C.

Table 10. ERTs: biomass removal (2011 dollars).

Market price bone dry ton (11.2 bdt/acre)a

$25 $50 $75 $100 $125 $150 $175 $200

Initial state � PIPO-A
Mean revenue from biomass

removal (NPV)
$533 $1,063 $1,594 $2,121 $2,646 $3,189 $3,743 $4,294

Mean revenue from biomass
removal net of treatment
costs (NPV)

�$2,039 �$1,617 �$1,202 �$785 �$376 $44 $474 $895

Mean wildfire suppression
costs savings and revenue
from biomass removal net
of treatment costs (NPV)

�$2,095 �$1,662 �$1,253 �$835 �$420 �$3 $424 $843

Initial state � PIPO-B
Mean revenue from biomass

removal (NPV)
$578 $1,148 $1,741 $2,297 $2,892 $3,501 $4,056 $4,636

Mean revenue from biomass
removal net of treatment
costs (NPV)

�$421 �$102 $210 $527 $834 $1,159 $1,468 $1,784

Mean wildfire suppression
costs savings and revenue
from biomass removal net
of treatment costs (NPV)

�$479 �$153 $155 $474 $783 $1,101 $1,413 $1,722

a The bone-dry tons refers to short tons (2,000 lb).
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initial state is PIPO-A by $533 per acre. The results in Table 10 also
demonstrate, however, that the net economic benefits of ERTs
(wildfire suppression cost savings plus the economic value of bio-
mass less the costs of treatment) are only positive for prices of bio-
mass that are several times the typical price of biomass per bone dry
ton in the study area (Department of Energy 2011).

Modeling Limitations
In this section, we discuss the limitations to our modeling ap-

proach and the implications of these limitations for our results. The
limitations to our modeling approach can be divided into three
categories. First, there are limitations related to elements that we
omit from our analysis. These include the costs of wildfire other
than wildfire suppression costs and the benefits of fuel treatment in
terms of enhanced ecosystem services. Second, there are limitations
related to the fact that our approach does not consider spatial issues
related to the spread of wildfire and the impact of location-specific
characteristics on the benefits and costs of fuel treatments. Third,
there are limitations on the implications of our results related to the
assumptions about how treatment costs are included in the model.
The discussion in this section explains why the limitations to our
modeling approach will cause our analysis to understate the eco-
nomic benefits of ERTs and HFRTs. As we stated in the Introduc-
tion, an important strength of our analysis is that model parameters
and assumptions are chosen so that our results provide a lower-
bound estimate of the net economic benefits from implementing
either fuel treatment option.

In addition to these three limitations, another important limita-
tion of our analysis is that we do not fully explore the potential
benefits of ERTs and HFRTs in terms of improving the efficacy of
the wildfire suppression response, thereby reducing suppression
costs. As this limitation was discussed above when we discuss the
data and parameters, we do not address it again in this section.

Additional Benefits from Fuel Treatment
As we discuss in the Introduction, by focusing on a narrow set of

financial benefits from fuel treatment, the analysis in this article does
not consider several additional benefits from fuel treatment. First, it
does not consider how fuel treatments can reduce the financial, or
market, costs of wildfire other than wildfire suppression costs. Im-
portant financial costs of wildfire not considered in the analysis
include damage to housing and other infrastructure and the costs of
postfire emergency rehabilitation. Second, the analysis also does not
consider potential reductions in the nonmarket cost to wildfire as a
result of treatment. These nonfinancial costs include postfire soil
loss and flooding and the costs to human health from smoke and
particulate matter released during the wildfire. Third, the analysis
does not consider the potential benefits of fuel treatments from
enhanced ecosystem services. Fuel treatments can enhance ecosys-
tem services by reducing the likelihood of ecologically degrading
wildfires, and, in the case of ERTs, by directly promoting eco-
logical restoration. Ecosystem services that can potentially be
improved by fuel treatment include wildlife habitat, erosion con-
trol, recreational opportunities, and the aesthetic beauty of the
landscape.18 Not considering these additional benefits of fuel
treatments is not, strictly speaking, a limitation of our modeling
approach. Indeed, a strength of our framework is that it can
readily incorporate additional benefits from fuel treatment as this
information becomes available.

In addition to not considering the additional benefits from fuel
treatments listed in the previous paragraph, another limitation of
our analysis is that it cannot offer insight into the benefits and costs
of ERTs of HFRTs under different assumptions about the expected
wildfire suppression response. This is an important limitation be-
cause it implies that it is not possible to use the results reported in
this article to infer the likely benefits and costs of ERTs and HFRTs
in the wildland-urban interface where the wildfire suppression re-
sponse is likely to be more aggressive than in the wildland setting
considered in this article.19 The reason for this limitation is that the
wildfire suppression response influences both per-acre wildfire sup-
pression costs and wildfire size (and, hence, the wildfire return in-
terval), and these two effects have an offsetting influence on ex-
pected total suppression costs. As such, although previous authors
have found that wildfires in the wildland-urban interface are, on aver-
age, smaller and have higher per-acre suppression costs than fires on
wildlands (Cohen 2000, Winter and Fried 2000), the overall impact of
these changes on expected total suppression costs, and, hence, on the
benefits and costs of ERTs and HFRTs, depends on the magnitude of
these two effects. For this reason, we need specific information on both
per-acre suppression costs and wildfire return intervals from wildland-
urban interface communities in the study region to comment on the
benefits and costs of ERTs and HFRTs in this setting.20

Spatial Wildfire Spread and Treatment Location
An important limitation of our approach is that we do not con-

sider the spatial spread of wildfire. This has three important limita-
tions for our results. First, not considering issues related to the
spatial spread of wildfire implies that we are ignoring the impact of
fuel treatments on wildfire behavior and suppression costs outside of
the treatment zone. This is potentially a significant shortcoming
given the experimental evidence that fuel treatments can reduce the
wildfire hazard in large regions surrounding the treatment zone
(Finney 2001, Stratton 2004). It means that our per-acre analysis
will necessarily understate the expected wildfire suppression cost
savings from fuel treatments. Previous studies have suggested, how-
ever, that in the PIPO ecosystem, the majority of wildfire suppres-
sion cost savings from treatment occur on treated acres, with only
small reductions in acres burned and suppression costs occurring
outside the treated acreage due to the effect of the fuel treatments on
the spatial spread of wildfire (Thompson et al. 2013).

Second, the fact that the wildfire risk on one stand is dependent
on the fuel conditions on surrounding stands because of the spatial
spread of wildfire implies that fuel treatments must be performed at
or above a minimum spatial scale for the results in this article to
hold. In particular, fuel treatments must be performed on a suffi-
ciently large scale for the movements in ecological state to influence
wildfire return intervals in the case of ERTs and to change the
instance of low-, moderate-, and high-severity wildfires in the case of
HFRTs. Although the minimum spatial scale for treatments is cer-
tainly larger than an acre, it is not possible for us to state definitively
the minimum scale for ERTs or HFRTs. We do not, however, view
our inability to define a minimum spatial scale for our results as a
significant limitation of our analysis. This is because, in practice,
managers will only perform fuel treatments at a spatial scale that
they believe is sufficient to influence wildfire behavior on the treated
acres, as well as on land adjacent to the treated area.

Third, the fact that the wildfire risk on one stand is dependent on
the fuel conditions on surrounding stands because of the spatial
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spread of wildfire means that the fuel conditions (and, hence, wild-
fire hazard) on land adjacent to the treatment site are likely to
influence the annual wildfire probability, the instance of low-,
moderate-, and high-severity wildfires, and even the per-acre sup-
pression costs on the treatment site. An additional limitation of our
analysis is that we do not consider the potential effects of wildfire
hazard on land adjacent to the treatment site on these model param-
eters. Ignoring these potential effects is equivalent to assuming that
the conditions on land adjacent to the treatment site are such that
the per-acre wildfire suppression costs reported in Table 1 and the
wildfire probabilities reported in Table 2, which were chosen to
represent average conditions of land in each of the five ecological
states in the PIPO ecosystem, hold for the treatment site. This
implicit assumption is consistent with the focus in this article on the
benefits and costs of ERTs and HFRTs on an average acre.

Another limitation of our analysis is that, by focusing on ERTs and
HFRTs on an average acre, the analysis ignores the role of managerial
discretion in choosing locations of fuel treatments and in designing fuel
treatments. Landscape features such as topography (slope, aspect, and
others), distance to housing and other infrastructure, and proximity to
riparian areas imply that the spatial placement and design of fuel treat-
ments will have a large influence on their impact on wildfire hazard and
hence on their expected benefits, as well as on treatment costs (Finney
2001, Agee and Skinner 2005). All else being equal, managers will
target areas for fuel treatments where the wildfire suppression cost sav-
ings and other benefits from treatment are larger than average (e.g.,
areas near the wildland-urban interface) and/or where the costs of treat-
ment are lower than average (e.g., areas that are easily accessible by heavy
equipment). Given these facts, not taking into account managerial dis-
cretion is likely to cause our analysis to further understate the net eco-
nomic benefits of fuel treatments.

Treatment Cost Assumptions
This section discusses three assumptions about how treatment

costs are included in the simulation model. First, our analysis con-
siders only variable costs of implementing a fuel treatment and does
not consider fixed costs.21 Our focus on variable costs implies that
when using the results of our analysis to evaluate a specific fuel
treatment project, the sum of the per-acre net expected benefits
must be larger than the fixed costs of the project for the net benefits
for the project as a whole to be positive.

Second, the treatment cost estimates used in this article do not
consider how treatment costs vary with the size of treated area. For
a specific fuel treatment project, the previous literature has found
that the average per-acre treatment costs decrease with the size of the
treated area (Rummer 2008) and that this decline can be partially
attributable to declining variable costs (and partially attributable to
indivisible fixed costs). In addition, at the regional scale, limits to the
number of trained foresters and the availability of specialized equip-
ment can constrain the number of treatment projects that can be
completed in a season and may also drive up variable treatment costs
in years where many projects take place.

Third, the analysis in this article does not consider third-party
damages from implementation of fuel treatments. Relevant third-
party damages include the smoke created by prescribed fires, dam-
ages that occur if prescribed fires escape the intended boundaries
(and the psychological harm this possibility inflicts on nearby resi-
dents), and soil compaction and increased erosion caused by heavy
equipment used for mechanical fuel thinning and removal. The
analysis in this article does not consider these potential additional

costs of implementing fuel treatments and, therefore, may under-
state the costs of ERTs and HFRTs in circumstances where these
additional costs are likely to be significant.

Conclusions
The model developed here simulates management of a PIPO

ecosystem and evaluates and compares the economic benefits and
costs of ERTs and HFRTs. More often than not, ERTs are success-
ful at restoring the ecosystem to PIPO-D, which is a fire-resistant
state characterized by an open canopy and frequent, low-severity
wildfires. However, because restoration involves the system transi-
tioning to ecological states where wildfire is more frequent, ERTs
also increase the total expected number of wildfires. Further, ERTs
reduce the number of ecologically degrading wildfires that lead the
system to transition to the degraded, postcrown fire state, which
reinforces the benefits of ERTs in terms of ecological restoration.
ERTs increase expected wildfire suppression costs in our baseline
specification, but this result is reversed if we shorten wildfire return
intervals in ecologically degraded states from the baseline values.
Conversely, HFRTs decrease expected wildfire suppression costs,
but these savings depend on the ability of the land manager to
achieve a high level of treatment effectiveness. We expanded our
analysis to consider how additional benefits from ERTs and HFRTs
affect the results. Assuming that certain wildfires in healthy ecolog-
ical states are to be managed through wildland fire use, rather than
being actively suppressed, leads to lower expected wildfire suppres-
sion costs for ERTs, which facilitate transitions to healthy ecological
states, and, similar, although quantitatively smaller, reductions for
HFRTs. Further, including revenues from the sale of biomass re-
moved when ERTs are performed significantly increased the eco-
nomic benefits from ERTs, but the net economic benefits from
ERTs are only positive for biomass prices that are several times those
currently observed in the study area.

Given that we are not able to consider the full slate of economic
benefits associated with the two treatment options, the analysis in
this article is not sufficiently comprehensive to allow us to conclude
categorically whether ERTs are preferable to HFRTs, or vice versa,
or whether it is more economically efficient to direct treatment
effort toward degraded ecological states, such as PIPO-A, PIPO-B,
or PIPO-E, or toward PIPO-C, which is closer to restored condi-
tions. Neither ERTs nor HFRTs can be justified on the basis of
wildfire suppression cost savings alone, which is important for set-
ting up realistic expectations for both treatment options. Fuel treat-
ments are intended to modify fire behavior, making wildfires more
acceptable in a given landscape, not necessarily to limit the extent of
wildland fires (Reinhardt et al. 2008). The primary factors that
explained the majority of variation in wildland fire suppression costs
were fire size, proximity to the wildland-urban interface, and the
position of the private land burned (Gebert et al. 2007, Liang et al.
2008, Yoder and Gebert 2012). Thus, the choice between ERTs and
HFRTs for a particular site should depend on site-specific factors
such as the wildfire return interval and the economic value of bio-
mass removed, as well as the importance managers place on other
economic benefits from fuel treatments not considered in the anal-
ysis (e.g., damage to housing and infrastructure and ecosystem
services).

More broadly, this is the first study to evaluate and compare the
economic benefits and costs of ERTs and HFRTs in a forested
ecosystem in which increasing wildfire hazard is driven by forest
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overcrowding largely attributed to historical suppression of low-se-
verity wildfires in frequent fire regimes. This innovation is impor-
tant because escalating wildfire activity related to forest overcrowd-
ing is a pervasive problem in the United States and throughout the
world, and the choice between ERTs and HFRTs is a prevalent
management concern in this context. We address this issue by de-
veloping a simulation model of the PIPO ecosystem based on the
STM ecological framework. This approach allows us to incorporate
ecological dynamics into the model, including the role of wildfire as
a catalyst for transitions between ecological states, as well as provi-
sions for treatment effectiveness and longevity. Incorporating these
elements is necessary to evaluate the long-run impact of ERTs and
HFRTS on ecological condition, wildfire behavior, and suppression
costs. In addition to analyzing the PIPO ecosystem, the simulation
model developed in this article can readily be adapted to evaluate
and compare the economic benefits and costs of ERTs and HFRTs
in other forested ecosystems whose ecological dynamics can be de-
scribed in the STM framework.

Endnotes
1. Given the slow growth rate of ponderosa pines, a plausible alternative to our

assumption in the baseline model that it takes the ecosystem 80 years to transi-
tion from PIPO-B to PIPO-C through ecological succession is that there is no
successional pathway from PIPO-B to PIPO-C. We reconsidered the baseline
results reported in Tables 6 and 7 under the alternative assumption that there is
no successional pathway between PIPO-B and PIPO-C and found that there is
no appreciable difference between the alternative parameterization and the base-
line model’s predictions.

2. Given the discounting assumption, the 200-year time horizon is appropriate for
considering the long-run economic benefits and costs of fuel treatments because
any benefits and costs that occur more than 200 years in the future will have a
negligible influence on the present value of net benefits. The 3% discount rate
used in this study is the discount rate used in benefit-cost analysis by US federal
agencies such as the National Oceanic and Atmospheric Administration, the US
Department of the Interior, and the US Environmental Protection Agency (Loo-
mis 2002).

3. The realizations of the stochastic parameters in each year are generated using the
random number generator in Matlab.

4. q1,t,m
V � q2,t,m

V � q3,t,m
V � 1 for all t, m, and V.

5. rA,i,t,m
V � rB,i,t,m

V � rC,i,t,m
V � rD,i,t,m

V � rE,i,t,m
V � 1 for all t, m, i, and V.

6. There are three additional assumptions related to how HFRTs are included in
the model. First, it is assumed that in model runs where HFRTs are pursued,
they are performed every 15 years (year 1, year 16, …) in PIPO-A (PIPO-B)
until the system transitions to PIPO-B (PIPO-C). Second, if a wildfire occurs in
PIPO-A (PIPO-B) in the 15 years after the implementation of an HFRT and the
wildfire is low-intensity, then the treatment remains effective (i.e., continues to
increase the probability that a wildfire is low intensity) for the reminder of the
15-year life of the treatment. That is, a low-intensity wildfire does not undo the
effect of an HFRT. Third, we assume that when a low-intensity wildfire occurs
in the 15 years after the implementation of an HFRT, the fire does not reset the
100-year “time to transition without wildfire” between PIPO-A to PIPO-B
(80-year time to transition without wildfire between PIPO-B to PIPO-C). In the
absence of an HFRT, a low-intensity wildfire in PIPO-A (PIPO-B) resets the
time to transition without wildfire so that it takes 100 years (80 years) to tran-
sition to PIPO-B (PIPO-C) after the low-intensity wildfire.

7. Biswell et al. (1973), Fernandes et al. (2004), and Finney (2005) report HFRT
mitigation of wildfire severity out to 15, 13, and 9 years, respectively. We elected
to use the 15 years reported in Biswell et al. (1973) because it is the only one of
the three studies focused on the southwestern United States.

8. It is also possible that by improving the effectiveness of the wildfire suppres-
sion response, fuel treatments can lower the size of the wildfires that do
occur. If this is the case, then fuel treatments would lower the effective
wildfire return interval in and around the treatment area. This additional
benefits of fuel treatments is also not considered in the analysis in this article,
thus causing the results to further understate the wildfire suppression cost
savings associated with treatment.

9. The available data for wildfire suppression expenditures do not include informa-
tion that directly identifies ecological state or states at the site of each fire. The
data do include, however, the National Fire Danger Rating System (NFDRS)
fuel model category at the point of ignition. Correspondence between the eco-
logical states in our stylized STM for the PIPO ecosystem and the NFDRS fuel

models is made based on the vegetation composition descriptions in Anderson
(1982), as summarized in Table 1.

10. The simulation assumes that wildfire fire use is employed for all low-intensity
wildfires in PIPO-D. This assumption is unrealistic in light of previous studies
finding that social pressure from residents in nearby communities and other
stakeholders can limit the use of many fuel management techniques, including
wildland fire use (McCaffrey 2006, 2009, Winter et al. 2006). It is unlikely,
however, that relaxing this assumption so that only a portion of the low-intensity
wildfires in PIPO-D are managed wildland fire use would meaningfully influ-
ence our results. This is the case because the average costs of suppressing low-in-
tensity wildfires in PIPO-D is not much greater than the assumed cost of wild-
land fire use ($60 versus $20 per acre; see Table 1) and because it generally takes
a long time (if ever) for the ecosystem to be rehabilitated to PIPO-D through
ecological succession or as a result of ERTs or HFRTs, so that changes in
suppression costs in PIPO-D will only have a small effect on NPVs because of
discounting.

11. Concerning suppression costs, previous studies such as that of Gebert et al.
(2007) have developed models to analyze the determinants of wildfire suppres-
sion costs and to predict future wildfire suppression costs. The models developed
in these studies could conceivably be used to predict changes in future suppres-
sion costs in response to anticipated changes in factors such as climate change,
frequency of drought conditions, and growth of the housing stock in the wild-
land-urban interface. The distributions of state- and intensity-specific per-acre
wildfire suppression costs used in the simulation model could then be updated to
incorporate these predicted changes. Modeling these predicted changes, how-
ever, is beyond the scope of this article.

12. The wildfire return intervals and the conditional probabilities of low-,
moderate-, and high-severity wildfire were chosen in consultation with Tessa
Nicolet (Regional Fire Ecologist at the USDA Forest Service) and Bruce Greco
(retired USDA Forest Service Fire Management Officer, Coconino National
Forest).

13. Schmidt et al. (2002) report wildfire return intervals, rather than annual wildfire
probabilities. Annual wildfire probabilities are the reciprocal of wildfire return
intervals under the assumption that wildfires occur according to a geometric
distribution (i.e., the probability of a wildfire is constant and independent across
years).

14. There is an apparent inconsistency between the wildfire return intervals
reported in Table 2 and the “Average acres burned per fire” reported in Table
1. The apparent inconsistency is that the differences in “Average acres
burned per fire” between states reported in Table 1 do not support the extent
of the variation in wildfire return intervals (annual burn probabilities) be-
tween states (100 years in PIPO-A, 70 years in PIPO-B, 40 years in PIPO-C,
10 years in PIPO-D, and 80 years in PIPO-E) reported in Table 2. This
apparent inconsistency underlines the shortcomings of using the data re-
ported in Table 1 to calculate wildfire return intervals. Although the data
from Table 1 provide us with the best information available on wildfire
suppression costs in each ecological state in the study region given current
suppression resources and priorities, the data cover a relatively short period
(1995–2011) and only information on wildfires of �100 acres (300 acres
after 2003) that “escaped” initial suppression efforts by local and state agen-
cies is included, thus representing just a small sample of wildfires from the
region. As is pointed out in Baker (2009), wildfire return intervals calculated
over short time spans may be substantially influenced by one or two extreme
fire years and as such may not be reliable indicators of future wildfire behav-
ior. This is the reason why we do not use the data reported in Table 1 to
calculate annual wildfire probabilities and why it is not surprising that “Av-
erage acres burned per fire” reported in Table 1 do not agree with the wildfire
return intervals reported in Table 2.

15. The definition of the fire rotation interval does not imply that the entire area will
burn during a cycle; rather, some sites will burn several time and others not at all.

16. The times for ecological transition were chosen in consultation with Dave Huff-
man of the Ecological Restoration Institute at Northern Arizona University.

17. The postwildfire transition probabilities between states were chosen in consul-
tation with Dave Huffman of the Ecological Restoration Institute at Northern
Arizona University.

18. Several studies have quantified ecosystem services in western forests, including
the benefits from conservation of critical wildlife habitat (Loomis and González-
Cabán 2010), from reductions in wildfire-related losses (Butry et al. 2001, Lynch
2004, Snider et al. 2006, Combrink et al. 2013), and on the impact of fuel
treatments, wildfire, and forest health on real estate values (Kim and Wells 2005,
Mueller et al. 2009, Stetler et al. 2010). Unfortunately, these studies do not
quantified how these ecosystem services vary between ecological states in the
PIPO ecosystem, and, as such, the estimates of the value of ecosystem services
from these studies cannot be readily integrated into the simulation model.

19. The wildfire suppression cost data used to construct our distribution of per-acre
wildfire suppression costs only contain information on wildfire of �100 acres
(300 acres after 2003) that “escaped” initial suppression efforts by local and state
agencies. As a result, the data does not contain any information on wildfires in
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the wildland-urban interface, as these wildfire are generally suppressed before
reaching the minimum size threshold. Similarly, our wildfire return intervals
were chosen to represent current conditions on wildlands in the PIPO ecosystem
and not in the wildland-urban interface.

20. There are two additional reasons why it is not possible to use the results
reported in this article to infer the likely benefits and costs of ERTs and
HFRTs in the wildland-urban interface. First, human-caused wildfire igni-
tions are more common in the wildland-urban interface than in wildlands
(Cardille et al. 2001), which will cause the wildfire return interval in the
wildland-urban interface to differ from those on wildlands independent of
any differences in the wildfire suppression response. Second, fire managers in
the wildland-urban interface may be obliged to aggressively suppress all
wildfires to reduce the possibility of damage to property, infrastructure, and
human life and to minimize the risk to human health related to released
smoke and particulate matter. This concern for “resources at risk” in the
wildland-urban interface may limit wildland fire use in ecologically restored
states such as PIPO-D.

21. The variable costs of fuel treatment include labor and materials required to
perform treatment on an additional acre (or any unit of land) after the fixed costs
of performing fuel treatment at a given site have been committed. The fixed costs
of fuel treatment include the costs of transporting equipment to and from the
treatment site, the costs of equipment (including maintenance and deprecia-
tion), and the administrative costs of project planning and compliance.
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Appendix A: Sensitivity of the Results to the
Number of Years to Transition between
Ecological States without Wildfire

In this appendix, we examine the sensitivity of our results to our
assumption concerning the number of years to transition between
ecological states in the PIPO ecosystem without wildfire. We per-
form sensitivity analysis on these parameters because they have the
least empirical support in the ecology literature. Tables A1 and A2
report results for both ERTs and HFRTs when the initial state is
PIPO-A, and the times to transition between PIPO-A and PIPO-B
without wildfire are 50, 150, and 200% of the baseline value of 100
years. Similarly, Tables A3 and A4 (Table A5) report results for both
ERTs and HFRTs when the initial state is PIPO-B (PIPO-C) and
the times to transition in PIPO-B (PIPO-C) are 50, 150, and 200%
of the baseline value of 80 years (40 years).

We do not perform sensitivity analysis on our baseline as-
sumptions on the time to transition between ecological states
without wildfire in PIPO-D or PIPO-E. We do not perform
sensitivity analysis on these parameters because, in the case of
PIPO-D, the time to transition without wildfire is long (200
years), so that varying it, even substantially, is unlikely to influ-
ence the results. Similarly, as the ecosystem only transitions to
PIPO-E after a crown fire, which is a relatively rare occurrence,
varying our assumption about the number of years to transition
back to PIPO-A from PIPO-E without a wildfire has little effect
on the results reported in this article.

The results reported in Tables A1–A5 indicate that our results
are not sensitive to the number of years to transition without
wildfire and that our conclusions would largely be intact if we
were to change these parameters, even substantially, from the
baseline values. Our results are not sensitive to these assumptions
because the times to transition without treatment and wildfire
between PIPO-A and PIPO-B and PIPO-B and PIPO-C are
relatively long (80 and 100 years, respectively), so the changes in
expected wildfire suppression costs associated with changes in
these parameters occurs far in the planning horizon, and, as a
result, has little influence on the NPV of wildfire suppression
costs. On the other hand, whereas shortening (lengthening) the
time to transition between PIPO-C and PIPO-D leads to faster
(slower) rehabilitation to PIPO-D with ERT or HFRT, the in-
crease in the number of wildfires in PIPO-D is balanced by the
reduced per-fire suppression costs in PIPO-D (the majority of
wildfires in PIPO-D are low-severity wildfires that can be man-
aged via wildland fire use), so that on balanced shortening
(lengthening) the time to transition between PIPO-C and
PIPO-D has only a small influence on the NPV of wildfire sup-
pression costs associated with treatment.

Table A1. Varying the time to transition without wildfire in PIPO-A: initial state PIPO-A, ERTs.

ERTs � PIPO-A

Number of years to transition without wildfire in PIPO-A

50 years 100 yearsa 150 years 200 years

Mean total number of wildfires: no
treatment

2.45 (1, 5)b 2.34 (0, 5) 2.23 (0, 5) 2.18 (0, 5)

Mean total number of wildfires: with
treatment

7.98 (2, 18) 8.2 (2, 18) 8.06 (2, 18) 8.06 (2, 18)

Mean total number of good wildfires:
no treatment

0.15 (0, 1) 0.10 (0, 1) 0.08 (0, 1) 0.06 (0, 1)

Mean total number of good wildfires:
treatment

6.07 (0, 18) 6.2 (0, 18) 6.1 (0, 18) 6.10 (0, 18)

Mean total number of bad wildfires:
no treatment

2.29 (0, 5) 2.25 (0, 5) 2.15 (0, 5) 2.12 (0, 5)

Mean total number of bad wildfires:
treatment

1.91 (0, 5) 1.99 (1, 5) 1.96 (0, 5) 1.96 (0, 5)

Mean total suppression costs (NPV):
no treatmentc

$174 ($0, $696) $165 ($0, $655) $154 ($0, $598) $154 ($0, $598)

Mean total suppression costs (NPV):
with treatmentc

$217 ($10, $717) $217 ($10, $728) $219 ($9, $737) $219 ($9, $737)

Mean number of treatments 4.9 (1, 8) 4.9 (1, 9) 4.9 (1, 9) 4.9 (1, 9)
Mean treatment costs (NPV)c $2,443 ($2,100, $3,034) $2,460 ($2,100, $3,038) $2,464 ($2,100, $3,076) $2,464 ($2,100, $3,076)
Final state: no treatment

(A, B, C, D, E)d
209, 183, 79, 4, 525 3,286, 401, 861, 16, 5,436 325, 112, 8, 0, 555 437, 0, 0, 0, 563

Final state: with treatment
(A, B, C, D, E)

66, 59, 73, 514, 288 623, 567, 727, 5,126, 2,957 68, 52, 74, 509, 297 68, 52, 74, 509, 297

a Baseline scenario reported in Tables 6 and 7.
b 5th and 95th percentiles.
c Sum over 200 years using a 3% discount rate (following Loomis 2002).
d “Final state” is the final state of the system (PIPO-A, PIPO-B, PIPO-C, PIPO-D, or PIPO-E) after 200 years.
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Table A2. Varying the time to transition without wildfire in PIPO-A: initial state PIPO-A; HFRTs.

HFRTs (initial state � PIPO-A)

Number of years to transition without wildfire in PIPO-A

50 years 100 yearsa 150 years 200 years

Mean total number of wildfires: no
treatment

2.52 (1, 5)b 2.35 (0, 5) 2.2 (0, 5) 2.21 (0, 5)

Mean total number of wildfires: with
treatment

3.77 (1, 8) 2.54 (0, 5) 2.14 (0, 5) 2.05 (0, 5)

Mean total number of good
wildfires: no treatment

0.19 (0, 1) 0.10 (0, 1) 0.06 (0, 1) 0.05 (0, 0)

Mean total number of good
wildfires: treatment

2.75 (0, 7) 1.73 (0, 4) 1.60 (0, 4) 1.47 (0, 4)

Mean total number of bad wildfires:
no treatment

2.33 (0, 5) 2.25 (0, 5) 2.14 (0, 5) 2.16 (0, 5)

Mean total number of bad wildfires:
treatment

1.02 (0, 3) 0.81 (0, 3) 0.54 (0, 3) 0.58 (0, 3)

Mean total suppression costs (NPV):
no treatmentc

$158 ($1, $598) $164 ($0, $687) $171 ($0, $696) $171 ($0, $652)

Mean total suppression costs (NPV):
with treatmentc

$99 ($1, $436) $113 ($0, $487) $122 (0, $522) $120 ($0, $512)

Mean number of treatments 11.22 (5, 15) 12.0 (5, 14) 12.4 (5, 14) 11.5 (5, 13)
Mean treatment costs (NPV)c $163 ($102, $171) $154 ($103, $203) $151 ($99, $159) $152 ($104, $159)
Final state: no treatment

(A, B, C, D, E)d
203, 192, 67, 6, 532 3,283, 398, 859, 13, 5,447 324, 119, 6, 0, 551 424, 0, 0, 0, 576

Final state: with treatment
A, B, C, D, E)

119, 247, 11, 367, 256 2,250, 699, 4,783, 103, 2,165 136, 713, 6, 0, 145 823, 0, 0, 0, 177

a Baseline scenario reported in Tables 6 and 7.
b 5th and 95th percentiles.
c Sum over 200 years using a 3% discount rate (following Loomis 2002).
d “Final state” is the final state of the system (PIPO-A, PIPO-B, PIPO-C, PIPO-D, or PIPO-E) after 200 years.

Table A3. Varying the time to transition without wildfire in PIPO-B: initial state PIPO-B; ERTs.

ERTs (initial state � PIPO-B)

Number of years to transition without wildfire in PIPO-B

40 years 80 yearsa 120 years 160 years

Mean total number of wildfires: no treatment 3 (1, 6)b 2.83 (1, 6) 2.69 (1, 5) 2.56 (1, 5)
Mean total number of wildfires: with treatment 10.12 (2, 20) 10.3 (2, 21) 10.41 (2, 21) 10.29 (3, 21)
Mean total number of good wildfires: no treatment 0.52 (0, 2) 0.33 (0, 1) 0.27 (0, 1) 0.18 (0, 1)
Mean total number of good wildfires: treatment 8.40 (0, 20) 8.5 (0, 21) 8.70 (0, 21) 8.51 (0, 21)
Mean total number of bad wildfires: no treatment 2.48 (1, 5) 2.5 (1, 5) 2.43 (1, 5) 2.38 (0, 5)
Mean total number of bad wildfires: treatment 1.72 (0, 5) 1.78 (0, 5) 1.71 (0, 5) 1.78 (0, 5)
Mean total suppression costs (NPV): no treatmentc $201 ($6, $689) $200 ($3, $763) $209 ($3, $763) $192 ($0, $711)
Mean total suppression costs (NPV): with

treatmentc
$253 ($16, $803) $256 ($16, $800) $245 ($16, $753) $253 ($16, $774)

Mean number of treatments 4.4 (1, 8) 4.4 (1, 8) 4.4 (1, 8) 4.5 (2, 8)
Mean treatment costs (NPV)c $744 ($500, $1,545) $730 ($500, $1,503) $720 ($500, $1,549) $727 ($508, $1,438)
Final state: no treatment

(A, B, C, D, E)d
295, 62, 73, 25, 545 3,064, 828, 550, 103, 5,455 326, 89, 38, 7, 540 303, 95, 55, 1, 546

Final state: with treatment
(A, B, C, D, E)

56, 42, 61, 608, 233 511, 500, 630, 5,960, 2,399 61, 44, 51, 608, 236 53, 56, 64, 591, 236

a Baseline scenario reported in Tables 6 and 7.
b 5th and 95th percentiles.
c Sum over 200 years using a 3% discount rate (following Loomis 2002).
d “Final state” is the final state of the system (PIPO-A, PIPO-B, PIPO-C, PIPO-D, or PIPO-E) after 200 years.
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Table A4. Varying the time to transition without wildfire in PIPO-B: initial state PIPO-B; HFRTs.

HFRTs (initial state � PIPO-B)

Number of years to transition without wildfire in PIPO-B

40 years 80 yearsa 120 years 160 years

Mean total number of wildfires: no
treatment

3.06 (1, 6)b 2.80 (1, 5) 2.71 (1, 6) 2.58 (1, 5)

Mean total number of wildfires: with
treatment

7.48 (1, 17) 5.56 (1, 12) 4.23 (1, 8) 3.03 (1, 6)

Mean total number of good wildfires:
no treatment

0.51 (0, 2) 0.32 (0, 1) 0.25 (0, 1) 0.25 (0, 1)

Mean total number of good wildfires:
treatment

6.27 (0, 17) 4.44 (0, 13) 3.21 (0, 8) 2.08 (0, 5)

Mean total number of bad wildfires:
no treatment

2.54 (1, 5) 2.48 (1, 5) 2.45 (1, 5) 2.33 (0, 5)

Mean total number of bad wildfires:
treatment

1.22 (0, 4) 1.11 (0, 4) 1.02 (0, 3) 0.94 (0, 3)

Mean total suppression costs (NPV):
no treatmentc

$204 ($6, $676) $202 ($3, $766) $208 ($2, $721) $193 ($1, $793)

Mean total suppression costs (NPV):
with treatmentc

$107 ($6, $335) $77 ($2, $284) $65 ($1, $239) $65 ($1, $247)

Mean number of treatments 8.0 (3, 14) 9.0 (5, 14) 10.7 (6, 14) 11.5 (6, 14)
Mean treatment costs (NPV)c $145 ($121, $165) $148 ($243, $991) $153 ($122, $160) $153 ($121, $159)
Final state: no treatment

(A, B, C, D, E)d
307, 74, 69, 21, 529 3,073, 844, 567, 98, 5,418 326, 83, 50, 6, 535 301, 98, 59, 3, 539

Final state: with treatment
(A, B, C, D, E)

198, 90, 87, 464, 161 2,219, 1,408, 786, 3,725, 1,862 237, 162, 12, 343, 246 257, 186, 294, 20, 243

a Baseline scenario reported in Tables 6 and 7.
b 5th and 95th percentiles.
c Sum over 200 years using a 3% discount rate (following Loomis 2002).
d “Final state” is the final state of the system (PIPO-A, PIPO-B, PIPO-C, PIPO-D, or PIPO-E) after 200 years.

Table A5. Varying the time to transition without wildfire in PIPO-C: initial state PIPO-C; both ERTs and HFRTs.

Initial state � PIPO-C

Number of years to transition without wildfire in PIPO-C

20 years 40 yearsa 60 years 80 years

Mean total number of wildfires: no
treatment

4.88 (1, 18)b 3.39 (1, 6) 3.43 (1, 6) 3.44 (1, 6)

Mean total number of wildfires: with
treatment

14.67 (3, 24) 10.4 (2, 21) 7.85 (2, 18) 5.87 (2, 15)

Mean total number of good wildfires:
no treatment

2.43 (0, 18) 0.71 (0, 2) 0.83 (0, 2) 0.71 (0, 2)

Mean total number of good wildfires:
treatment

13.62 (0, 24) 8.7 (0, 21) 5.73 (0, 18) 3.33 (0, 15)

Mean total number of bad wildfires:
no treatment

2.45 (0, 6) 2.68 (1, 5) 2.6 (1, 5) 2.73 (1, 6)

Mean total number of bad wildfires:
treatment

1.05 (0, 5) 1.73 (0, 5) 2.12 (0, 5) 2.54 (0, 6)

Mean total suppression costs (NPV):
no treatmentc

$265 ($10, $784) $275 ($10, $807) $263 ($9, $775) $277 ($12, $809)

Mean total suppression costs (NPV):
with treatmentc

$219 ($25, $774) $259 ($15, $811) $263 ($10, $787) $279 ($9, $806)

Mean number of treatments 2.48 (1, 5) 4.5 (1, 8) 5.39 (1, 10) 6.22 (1, 12)
Mean treatment costs (NPV)c $223 ($60, $1,126) $298 ($60, $1,093) $317 ($60, $1,072) $332 ($60, $1,145)
Final State: no treatment

(A, B, C, D, E)d
270, 73, 36, 150, 471 3,071, 845, 552, 279, 5,253 299, 87, 56, 34, 524 296, 99, 48, 24, 533

Final state: with treatment
(A, B, C, D, E)

16, 16, 25, 801, 142 506, 503, 571, 6,090, 2,330 70, 60, 112, 436, 322 79, 92, 143, 284, 402

a Baseline scenario reported in Tables 6 and 7.
b 5th and 95th percentiles.
c Sum over 200 years using a 3% discount rate (following Loomis 2002).
d “Final state” is the final state of the system (PIPO-A, PIPO-B, PIPO-C, PIPO-D, or PIPO-E) after 200 years.
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Appendix B: Treatment Costs in Ponderosa Pine
Forest Ecosystems

The cost of the proposed treatments includes many different
components, which can be classified into two categories: operation
costs directly related to application of the treatment itself (e.g.,
equipment and labor); and administrative costs (e.g., site prepara-
tion, monitoring, and project planning). In addition, the proposed
treatments need to go through the process for National Environ-
mental Policy Act of 1969 (NEPA) compliance, and the costs asso-
ciated with the process (e.g., archeological survey and documenta-
tion) should also be included in the administrative costs. Four
national forests were contacted to gather the most recent transaction
evidence (FY 2008), expert opinions, and planning estimates at
each. Based on these estimates and previously published articles in
this region (Larson and Mirth 2004, Hjerpe and Kim 2008), an
average cost per acre for the proposed treatments in each national
forest was calculated. Although the study is based on the most recent
and reliable estimates, some assumptions were necessary to generate
estimates of average treatment costs per acre. The following sources
of variation were not incorporated into treatment cost calculations
but should be acknowledged.

● Treatment costs for the Forest Service consist of fixed (e.g., ad-
ministrative costs) and variable costs (e.g., operation costs). Fixed
costs per acre decrease significantly as the project size increases. In
most cases, national forests reported average costs by dividing the
total expenditure by the treated acres. This is most evident in cost
variations for prescribed burning, for which cost per acre varies a
great deal depending on project sizes and locations.

● The administrative costs incurred by public agencies are mostly
fixed costs often spread out over many years and involve multiple
branches within the agency, which make it difficult to estimate a
per-acre base. The cost estimates also vary depending on how

much planning, preparation, operations, and monitoring are
done by agency personnel, rather than contracted out.

● Treatments within the wildland-urban interface are likely to be
more expensive because the treatments are smaller in size and
require more personnel and equipment as well as more intensive
monitoring (see Berry and Hesseln 2004, Calkin and Gebert
2006).

● Treatment costs probably vary depending on site conditions and
the severity of treatments. However, engineering cost estimation
models that can account for those variations are often designed to
minimize cost per harvested volume of merchantable timber and
are not directly applicable to ERTs (Rummer 2008), especially in
the Southwest where the majority of removed volume is probably
submerchantable in the conventional sense. ERTs are different
from commercial harvesting in terms of objectives, methods, and
outcomes. To achieve full restoration goals, the treatments
should be designed to emulate the structure of presettlement
forests (e.g., grouped/clumpy stand structure, rather than even-
spaced), treat fuel loads, and restore fire in prescription as well as
reducing stand densities (Fulé et al. 2004). Without these addi-
tional operations, logging itself can actually exacerbate the fire
risk by deteriorating site conditions (Rummer 2008).

There are also inherent limitations to estimating costs based on
expert opinion, transaction evidence, and planning estimates. As
Rummer (2008) points out, these estimates document costs ex post
and may not accurately reflect changing treatment conditions and
technology. In fact, the Office of Management and Budget believes
that the agencies cannot produce credible, long-term funding esti-
mates for wildland fire risk reduction treatments at this point and
allows the agencies to publish the estimates only with sufficiently
reliable data (US Government Accounting Office 2006).
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