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1. Introduction

Prioritizing investments in restoration, risk reduction, and conser-
vation programs is an important part of the planning process to develop
strategies for a wide range of resource management issues in the US and
elsewhere (Ball et al., 2009; Noss et al., 2009; Kukkala and Moilanen,
2013; Chazdon and Guariguata, 2018; Pohjanmies et al., 2019; Strass-
burg et al., 2020; Duchardt et al., 2021). Prioritization systems have
been developed for application at a range of scales, and typically involve
multiple objectives and various schemes for optimization and tradeoff
analyses (Noss et al., 2009). Spatial considerations play an increasingly
important role in most if not all of these planning systems to meet
various landscape adjacency and connectivity constraints over space
and time. (De Pellegrin Llorente et al., 2017; Cao et al., 2020). Rigorous
prioritization is warranted given that resources are generally limited and
wide spatial variation in management targets and outcomes exists in
many ecosystems of concern. Incorrect or non-optimal prioritization can
contribute to failed objectives and wasted resources (Brudvig, 2017;
Iftekhar et al., 2017). Integrating priorities into planning can help
communicate restoration investment needs and outcomes to stake-
holders in collaborative planning efforts (Eaton et al., 2019; Riddell
et al., 2019).

In the western US where expansive tracts of public lands are
increasingly impacted by ecologically and socio-economically destruc-
tive wildfire, prioritization is a key component of implementing federal
risk reduction and restoration programs to address a large backlog of
treatment needs under significant budget and capacity constraints (Ager
et al., 2021). A number of prioritization systems have been developed
over the past two decades (e.g., Reynolds, 2001; Hessburg et al., 2006;
Ager et al., 2011) but few have incorporated the optimization technol-
ogies increasingly used in systematic conservation planning (Strassburg
et al., 2020; Zhang and Li, 2022). This gap led to the development of the
ForSys planning system as a tool for mainstreaming spatial optimization
to support federal planning at a range of scales (Day et al., 2023, ForSys
Research Consortium, 2024). ForSys was designed to bridge forest
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landscape planning, spatial optimization, and the science and literature
on scenario analyses that emphasize the importance of examining large
arrays of management scenarios and considering uncertain future
disturbance (Peterson et al., 2003; Polasky et al., 2011). The program
uses a relatively simple greedy heuristic to optimize the selection of
treatment units into optimized project areas while considering con-
straints and treatment thresholds. Numerous case studies have shown
the model can build and prioritize project areas that are generally
consistent with expectations of field managers and resource specialists
in terms of location, stands to treat, and economic outcomes across large
tracts of land (e.g., 10° ha, Day et al., 2023). Most recently the model
was used to identify priority landscapes for the USFS Wildfire Crisis
Strategy (USDA Forest Service, 2022). In this work the model was used
to identify and prioritize 250,000 ha “firesheds” that were prioritized
based on the likelihood of wildfire transmission from National Forests to
the adjacent developed areas. (Ager et al., 2021). The analysis included
a spatially explicit 10-year treatment schedule by national forest and
planning area (25,000 ha) within each fireshed. The USFS broadly
adopted the analysis to guide forest and fuel management investments
as part of implementing the Wildfire Crisis Strategy.

The expanding application of ForSys motivated a group of academic
researchers independent of the original developers to scrutinize the
greedy heuristic and its performance compared to exact mixed integer
linear programming (henceforth MILP) (Murray et al., 2022; Murray and
Church, 2023; Pludow et al., 2023). Parallel investigations of heuristics
versus mixed MILP have also appeared in assessments of the Marxan
platform widely used in systematic conservation (Beyer et al., 2016;
Schuster et al., 2020). The articles that examined ForSys reported sub-
optimal solutions (up to 6.9% less optimal) by the greedy heuristic
compared to a new MILP algorithm created to replicate ForSys func-
tionality for a study area in the Sierra Nevada in California. More sig-
nificant differences between ForSys and the MILP solutions were
reported for a bi-objective solution. This independent assessment of the
ForSys model naturally sparked interest by the ForSys developers since
ForSys is an institutional product of the USDA Forest Service (henceforth
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USFS), Research and Development and an accurate critique of the model
and context for its application is warranted. Moreover, one of the ForSys
optimization heuristics has been incorporated into both commercial
(Land Tender, Vibrant Planet, 2023) and public domain (Planscape,
Planscape, 2024) planning platforms under collaborative agreements
with the Forest Service. The latter systems are cloud hosted and use
geospatial interfaces to create a convenient platform for environmental
analyses as part of risk reduction and restoration. Of the three com-
parison articles, the most recent and critical of the ForSys optimization
heuristic was published in this Journal (Pludow et al., 2023) and was of
particular concern to the ForSys research team (ForSys Research Con-
sortium, 2024) since the article included a comprehensive list of studies
using ForSys, lending the appearance of an in-depth and authoritative
review of the model and its application.

In this paper, I first review the technical description of ForSys pre-
sented in Pludow et al. (2023), Murray et al. (2022), and Murray and
Church (2023) (henceforth “comparison articles™) noting significant
issues and concerns, and then re-examine their findings regarding the
performance of the alternative MILP optimization approach. Particular
attention is given to the description of the ForSys optimization heuristic,
and the problem formulation used for the comparison. I then discuss
parallel literature from the biodiversity conservation field concerning
the relative merits of heuristics versus MILP based approaches. Several
conclusions are presented including recommendations that a broader set
of criteria are used for evaluating spatial optimization models beyond
finding exact optima for real world natural resource planning problems
related to restoration, wildfire risk reduction, and biodiversity
conservation.

2. Methods

The description of the ForSys model in the comparison articles and
the MILP formulation created to replicate it was studied to ensure that
the latter was replicating the functionality of the former. The articles
were further examined for any ForSys input parameters, especially those
that control the search behavior of the heuristics used to generate the
reported solutions. The formulation of the example spatial planning
problem used in the comparison was also examined especially in relation
to published ForSys case studies. Of particular interest was whether the
Murray et al. (2022) algorithm as applied in Pludow et al. (2023)
replicated the functionality of ForSys as demonstrated in case studies.
The data were then acquired for the 48,000 ha SERAL project on the
Stanislaus National Forest used in the comparison articles and attempts
were made to replicate the results using a wide range of parameters and
the same data set. This analysis focused on geographic subarea 214 with
1343 polygons, and the two metrics used in Pludow et al. (2023): (1)
expected net value change which measures loss and benefits from
wildfire, and (2) a measure of departure from resilient conditions in the
stand (USDA Forest Service 2021).

The scope of the paper was then expanded to discuss the relative
merits of MILP versus heuristic approaches for solving conservation
planning problems (Ball and Possingham, 2000). This discussion
included recent literature reporting several newer planning platforms
that use spatial optimization to identify efficient solutions to a range of
conservation problems.

3. Results and discussion
3.1. Comparison of the ForSys heuristic with MILP

A detailed review of the comparison articles found multiple
discrepancies regarding the description of the ForSys optimization
heuristic. The comparison case study on the SERAL project was a
substantially different problem formulation than the 24 published case
studies tabulated in Pludow et al. (2023). Starting with the Introduction
of the most recent paper, Pludow et al. (2023) states that the ForSys
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heuristic has been integrated into the commercial Land Tender planning
platform (Vibrant Planet, 2023) but did not note that Land Tender uses
an entirely different heuristic (Patchmax, Evers et al., 2023a) developed
specifically for the R version of ForSys (ForSysR, Evers et al., 2023b) also
not mentioned, versus the C++ version (ForSysX) used for the com-
parisons. Patchmax uses a network search approach based on Dijkstra’s
algorithm (Dijkstra, 1959; Evers et al., 2023a), not the algorithm in
ForSysX. Thus, none of the results or discussion in the comparison ar-
ticles are relevant to the Land Tender platform, nor to the two studies
that used ForSysR (Belavenutti et al. 2022, 2023) tabulated in Table 1
within Pludow et al. (2023). Note that the newer Planscape planning
platform (Planscape, 2024) being developed by the Spatial Informatics
Group also integrates Patchmax as the optimization algorithm.

The Introduction sections in all three comparative assessments also
state that the mathematical definition of the ForSys greedy heuristic is
inadequately defined, especially the adjacency constraint (Pludow et al.,
2023), and to some extent I agree that the algorithm could have been
better described in prior publications (Supplement Fig. S1). However,
the need to mathematically define adjacency is only required with
mathematical programming models, whereas the ForSys algorithm
simply enforces it when polygons are added to projects (Ager et al.,
2016). The users are required to build an adjacency matrix within ForSys
prior to executing a scenario, and hence it should be apparent that the
matrix is used to aggregate polygons into projects (Supplement Fig. S1).
Note also that the Patchmax algorithm used in ForSysR, Land Tender
and Planscape operate on a connectivity network of polygons based on
either adjacency or proximity, allowing the algorithm to skip over
adjacent polygons to optimize the objective function. Aggregation is
controlled by a priority-based distance penalty applied to a shortest-path
network search algorithm (Evers et al. 2023a, 2023b). Note also that the
formulae offered in the comparative assessment articles (Murray et al.,
2022, Eq 5) specify that the constraint is based on project area, whereas
ForSys can use any sort of activity constraint variable as demonstrated in
case studies (Ager et al., 2021; Day et al., 2023).

A more significant issue is that MILP equations (e.g. Murray equation
2) specify that adjacency requirements apply specifically to treated
stands which contradicts the application of ForSys in all of the published
case studies tabulated by Pludow et al. (2023), and also contradicts
operational practices for designing landscape forest and fuel manage-
ment projects. ForSysX enforces adjacency among all polygons in a
project area, with treatments allocated based on user-input treatment
thresholds. Pludow et al. (2023) stated that enforcing adjacency among
treated stands was an option in ForSys, but in reality this spatial prop-
erty can only be achieved in a solution by treating every stand, which is
not a realistic scenario on a typical prioritization problem. In summary,
the significant re-casting of the core ForSys optimization problem in the
comparison articles undermines their findings.

The comparison articles used data from the SERAL restoration
project on the Stanislaus National Forest in the Sierra Nevada
(USDA Forest Service 2024). The study area was divided into six smaller
geographics units (303 ha-19,555 ha (Pludow et al., 2023) and analyzed
individually for reasons not specified although it can be speculated that
it was due to computational constraints. The optimization process to
compare the MILP formulation with the ForSys heuristic was to identify
100-acre aggregates of adjacent stands that maximized two different
objectives, assuming that every stand in the 100-acre (40.5 ha) patch
required treatment, (Murray et al., 2022, Figs.4-8, Murray and Church,
2023, Figs.3-5, Pludow et al., 2023, Figs.2-4). In one scenario, multiple
treatment patches were optimized in each sub area until 25% of the
study area was included in a patch although the results focus on the
optimality of a single patch. This problem formulation is a significant
departure from the intended ForSys application where the model is used
to partition landscapes on the order of 10° ha (Day et al., 2021) into
contiguous project areas (not a few very small contiguous treatment
patches) that are optimized based on the objective contribution from
stands that are treated. In ForSys, when the optimization option is
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invoked, adjacency is enforced among stands in the project area, not
among treated stands, in order to build planning areas that can subse-
quently be prioritized for implementation as part of outyear planning
(Day et al., 2021) and used to analyze tradeoffs in the case of multiple
objectives. Extensive testing and field application has shown that the
ForSys heuristic generates projects that resemble those in the real world
in terms of size, shape, treatment density, and priority for management
(Ager et al., 2016). By contrast, the application in the comparison arti-
cles used predefined project boundaries ("geographic units" in Pludow
et al. (2023)) and identified contiguous treatment patches by aggre-
gating a small number of stands (<20) to build a 100 acre patch, rather
than optimize project areas (e.g. 20,000-50,000 ha) based on the
objective contribution of hundreds to thousands of polygons. The rela-
tively large stand size relative to the 100-acre patch significantly con-
strained the solution space of the problem (i.e. some stands exceeded the
patch size) (Supplement Fig. S2).

Despite the atypical optimization problem presented to ForSys in the
Murray et al. and Pludow et al. the results in the comparison studies
showed that in general, ForSys results were comparable to their MILP
model in the single objective optimization problem. For instance, ForSys
solved the largest problem (4300 stands) with 50 treatment blocks with
a solution 2.37% less than the MILP model, and a solution times of 8
seconds versus in 1 hour. (Pludow et al. Table 2 bottom row). Murray
et al. (2022) reported that the ForSys heuristic was found to be up to
6.69% less optimal (4.56% average across the 23 planning problems).
The main issue regarding suboptimality was reported by Pludow et al.
(2023) for a bi-objective problem. I acquired the same data w from the
Stanislaus National Forests and was unable to replicate the outputs
(Fig.4E, geographic unit 214 labeled as 1343 LMU in Pludow et al.
(2023). It was also determined that treatment thresholds were not
applied as specified in the SERAL management scenarios (Supplement
Table S1), which would have a substantial effect on the solution since
the Murray et al. model requires adjacency among treated stands to form
a patch.

Further analysis of the problem, including documenting the small
number of stands that could be aggregated to make an optimal treatment
patch, and the relatively small number of stands in the overall problem
reported in the comparison articles, motivated the testing of an alter-
native and simple GIS process where stand scale bi-objective scatter
plots (Supplement Fig. S2) were used to find stands on the production
frontier, and the threshold values for the two objectives were relaxed
until stand aggregates of 100 acres or more appeared. This process
yielded such a cluster from stands that were near optimal for both the
ENVC and resiliency metrics (Supplement Fig. S2).

It is worth noting that six studies listed in the Pludow et al. (2023)
compilation of ForSys studies (Vogler et al., 2015; Ager et al. 2017,
2019, 2021; Alcasena et al., 2018; Belavenutti et al., 2021) did not use
the optimization heuristic, but rather pre-defined planning areas, and
ForSys was used to sort the stands based on the objective value, treating
those that exceeded a treatment threshold, until project scale constraints
were met. This process identifies the exact optimal set of stands for each
planning area.

3.2. Optimization for spatial planning problems in natural resource
management

The larger discussion about the relative merits of mathematical
programming formulations versus heuristics as applied in natural
resource planning problems spans decades (see Schuster et al., 2020).
Many of the early limitations with MILP for creating spatially compact
or connected solutions have mostly been overcome with simpler
methods for representing adjacency (Beyer et al., 2016; Hanson et al.,
2023). With the many new solvers that have exponentially increased
computational capacity (Harter et al., 2017; Gurobi Optimization, 2023,
CPLEX, IBM, 2023), MILP and related MP formulations continue to be
widely used as an experimental platform for spatial optimization
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problems in a wide range of resource planning problems (Garcia--
Gonzalo and Borges, 2019; Duchardt et al., 2021). One common appli-
cation is the optimization of fuel treatment arrangements to block the
spread of wildfire or reduce intensity and hazard (Wei et al., 2008;
Schroder et al., 2016; Borges et al., 2017; Ferreira et al., 2023). MILP is
also widely employed in systematic conservation planning (Margules
and Pressey, 2000; Schuster et al., 2019) and is rapidly replacing heu-
ristics as the method of choice to design protected areas with platforms
like Marxan (Schuster et al., 2020), Prioritzr (Hanson et al., 2023) as
well as to prioritize ecological restoration (WePlan-Forests, 11S, 2024).
In the case of Marxan, MILP produced superior solutions compared to
the original simulated annealing heuristics (Beyer et al., 2016; Schuster
et al., 2020). Superior solutions in this case are those that maximize the
protection of biodiversity within conservation areas while minimizing
cost of the acquired land. Schuster et al. (2020) appropriately qualifies
that the recommendation for using MILP in conservation planning
problems sis appropriate “where technical capacity exists”.

While it is beyond the scope of this paper to discuss all the technical
advances and relative merits of new planning applications (see Schuster
et al., 2020), including the MILP model presented in the comparison
articles, the conclusion from this study is that the reported model for-
mulations were developed to solve a different spatial planning problem
than ForSys. Specifically, ForSys iteratively subdivides landscapes into
discrete projects areas for implementation, building them one at a time
with decreasing priority, based on how management actions can opti-
mize one or more objectives. Projects are contiguous, not treated stands,
and the final project size is determined by the interplay of a treatment
threshold (if specified), the density of parcels that exceed that threshold,
the objective contribution, and project scale activity constraint on total
area treated. Connectivity is enforced by the heuristic since projects are
built by adding adjacent stands, both treated and untreated. By contrast,
the overall connectivity and compactness of solutions from platforms
like Marxan and Prioritzr is achieved using global (the entire study area)
penalties on metrics that describe compactness or boundary length of
the selected parcels. For instance, Prioritizr uses two parameters to
encourage clumped solutions, one being a boundary penalty that scales
the importance of selecting polygons that are spatially clumped versus
maximizing the overall objective (Supplement Fig. S3). The other
parameter is an edge factor proportion that encourages the selection of
stands that have selected neighbors. Using this approach, achieving a
target treatment (or reserve selection) density that matches the opera-
tional environment is a trial and error process, and large planning areas
(e.g., 10° ha) are not neatly partitioned into optimized project areas
needed for US federal planning and operations (e.g., <20,000 ha). Thus
replicating ForSys solutions would probably require pre-defined plan-
ning areas (Supplement Fig. S3), in which case an exact optimal solution
can be found by simply sorting the stands as in Ager et al. (2021).

One key drawback to the application of MILP models that has not
been discussed in prior papers is that their mathematical and opera-
tional complexity makes it difficult to communicate methods and solu-
tions to non-technical stakeholders. Collaboration is increasingly
common in US federal planning efforts and is mandated as part of
legislation and agency policies (Schultz et al., 2012; Monroe and Butler,
2016; Coleman and Stern, 2018). Collaboration is explicitly required as
a means of public engagement in the US Forest Service Planning Rule
(USDA Forest Service, 2012). The planning and execution of land
management projects on federal lands typically requires coordinated
efforts across boundaries (USDA Forest Service, 2018) and among
numerous and diverse stakeholder groups with the premise that on large
multi-owner landscapes, acting collectively to reduce wildfire risk will
have a better outcome than acting individually, or in an uncoordinated
fashion (Charnley et al., 2020). Collaborative planning also can increase
the probability that federal land management projects are not litigated
by non-public entities (Summers, 2014). Although policies call for
collaborative fuels planning to use the best available science (Colavito,
2017), conclusions from Colavito (2021) on barriers to implementation
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identified that communication about decision support systems (DSS)
must be done in a common language and sustained through time to build
relationships, and that DSS should be validated and tested with end
users, and that end users need both education and training in the con-
cepts and tools. Based on our research group’s experience with ForSys
and the numerous case studies (Day et al., 2023), planning platforms
that employ mathematical programming methods cannot be widely
implemented by field offices with current or future projected technical
capacity. The author is unaware of any studies employing mathematical
programming models that contributed to on-the-ground management
decisions in recent history on US national forests. MILP models in
particular were absent from the recent review of decision support tools
used for forest management in fire frequent forests in the western US
(Table4 in Colavito, 2021). By contrast, heuristics used by ForSys and
many other optimization frameworks (Finney, 2004) are relatively easy
to illustrate, explain and communicate to stakeholders (ForSys Research
Consortium, 2024) as evidenced by their use in large landscape collab-
orative efforts in various western US states (New Mexico State Forestry,
2020, USDA Forest Service 2024).

Given the significant barriers to implementing MILP models for
applied planning problems it is reasonable to ask if the operational cost
of marginal improvements in optimality is worth slowing the wider
adoption of spatial optimization tools, or is the continued research in-
vestment in MILP and related models required to find exact Pareto op-
tima to solve real-world spatial planning problems. Empirical evidence
that supports the wider use of heuristic-based optimization for project
prioritization in the USFS was discussed in Ager et al. (2016) where
ForSys was used to examine the optimality of prior projects already
implemented by field units. The results showed that the ForSys heuristic
was capable of identifying optimized treatment designs that substan-
tially exceeded the objective values of implemented projects (Ager et al.,
2016). This suggests that marginal suboptimality of a model that can be
widely applied is not significant when its simplicity can lead to more
widespread application on millions of hectares by public agencies tasked
with allocating large investments for restoration and risk reduction
treatments.

4. Summary and conclusions

The goal of this paper was to clarify the application and functionality
of a decision support tool in use by the USFS, partner agencies, and non-
governmental organizations to prioritize investments in restoration and
risk reduction treatments in the Western US and elsewhere (New Mexico
State Forestry, 2020, USDA Forest Service, 2022, 2024; Day et al.,
2023). A secondary purpose was to provide broader perspective on the
tradeoffs between MILP and heuristic approaches with a focus on
operational needs in a large, decentralized agency like the USFS to
prioritize management investments and understand tradeoffs. Both
analytical solutions have advantages and limitations, and it is generally
accepted that the method of choice is dependent on the complexity of
the problem and the need for obtaining exact optimal solutions. In
general, heuristics have the flexibility that allows adaptation to wide
range of resource management problems and are a convenient choice
when problems are not well defined and uncertainty is a significant
factor. While greedy heuristics are computationally efficient and easy to
implement, they may not always provide a perfectly optimal solution.
From the examination of recent literature, and experience using both
optimization methods as part research and field application, several
conclusions can be made as follows.

1. While studies comparing the performance of heuristics versus MILP
can provide important information to researchers and practitioners,
robust comparisons need to carefully replicate the problem for which
the models were designed, and report input parameters sufficient for
others to replicate the analyses, especially those that affect opti-
mality of solutions (see Schuster et al., 2020).
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2. Based on the existing literature, researchers will continue to expand
the application of mathematical optimization to solve spatial plan-
ning problems in natural resource conservation and management,
both with and without adjacency constraints or objectives (Garcia--
Gonzalo and Borges, 2019). A few recent examples include (Hir-
igoyen et al., 2021; Pascual et al., 2022; Wang et al., 2022; Carrasco
et al., 2023; Rodrigues et al., 2021; Schuster et al., 2019). But the
results will be specific for the study landscapes in terms of ecological
conditions and respective disturbance regimes, and it appear that
many of the models will remain in the research arena rather than
serve end users tasked with regulatory planning problems on large
landscapes.

3. There is a clear advantage to using heuristic-based optimization
approaches when prioritization analyses are informing collaborative
planning groups that require a high degree of transparency in the
models and outputs.

4. I concur with the literature (Chazdon and Guariguata, 2018; Link-
evicius et al., 2019) that complexity is the most significant barrier to
the application of decision support tools in natural resource man-
agement, including those that employ spatial optimization methods.
As summarized in Linkevicius et al. (2019), most decision support
tools for forest management “are primarily designed by and for sci-
entists and, that due to their complexity, they are generally consid-
ered not suitable for use in policy processes.” This finding further
supports the use of heuristics for applied problems related to prior-
itizing restoration and risk reduction investments.

5. Other than Land Tender (Vibrant Planet, 2023) and Planscape
(2024), which are platforms developed specifically to replicate For-
Sys and incorporate the Patchmax heuristic, a planning system that
currently replicates the functionality of ForSys was not apparent
from the literature despite the recent appearance of several new
platforms (Strassburg et al., 2020; Duchardt et al., 2021; IIS, 2024).

A significant issue observed in assessing various modeling platforms
and associated publications related to ecosystem restoration and con-
servation (Zhang and Li, 2022; IIS, 2024) is the difficulty to measure
how these applications are contributing to solving real-world manage-
ment problems. For instance, how exactly are outputs translated to
prioritization and decision support products? As an example,
WePlan-Forests (IIS, 2024) has used MILP methods to prioritize con-
servation investments in tropical forests and has published results online
for over 60 countries, constituting the most significant application of
MILP technology to the biodiversity conservation problem. Similarly,
Marxan has been used in a large number of conservation studies. The
question is, how are these results being used by governance organiza-
tions in the landscapes analyzed in the model, and what barriers exist for
using their results (Colavito, 2021)? It is suggested that a more sys-
tematic approach to evaluating models that include relevance to the
management community is more important than finding exact optimal
solutions.

Over time, incorporating uncertainty from climate change impacts
on wildfire (Dupuy et al., 2020; Turco et al., 2023) and cascading effects
on natural resource management issues will drive the need for novel
planning systems to incorporate planning risk as part of prioritization
(Polasky et al., 2011). The flexibility of heuristics as applied to the
problem of prioritizing forest restoration and risk reduction investment
will make them a framework of choice for these applications, especially
those that are intended for field implementation. The relative ease with
which heuristics can be developed and incorporated into optimization
systems for planning problems and incorporating uncertainty sur-
rounding future wildfire impacts may overwhelm technical arguments
for exact optimality. Studies are lacking that incorporate stochastic
wildfire into MILP models and thus uncertain wildfire impacts cannot be
evaluated. By contrast, agent-based landscape models that employ
simple heuristics to prioritize treatments and trigger wildfire events
have been extensively used to understand future wildfire impacts
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(Spies et al., 2017). In one of these, Barros et al. (2019) estimated that
managers using risk metrics were only successful about 50% of the time
in terms of identifying a project and implementing it before the area
burned in a wildfire, thus representing a rare instance where planning
risk (Polasky et al., 2011) has been examined in the context of future
fire. These findings suggest that time is of the essence in terms of
accelerating prioritization and implementation rather than investing
effort in more complicated models to find exact optima.
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