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Summary. Rapid species extinctions and the loss of other biodiversity features worldwide have
prompted the development of a systematic planning framework for the conservation of biodiver-
sity. Limited resources (~ 40 million USD annually) are available for conservation, particularly
in the developing countries that contain many of the world’s hotspots of species diversity. Thus,
conservation planning problems are often represented as mathematical programs in which the
objective is to select sites to serve as conservation areas so that the cost of the plan is as small as
possible and adequate habitat is protected for each species. Here, we generalize this approach to
allow for uncertainty in the planning process. In particular, we assume that the species to be pro-
tected disperse after the conservation areas are established and that planners cannot anticipate
with certainty the species’ future locations when selecting the conservation areas. This uncer-
tainty is modeled by including random variables in the mathematical program. We illustrate the
approach by designing a network of conservation areas for birds in southern Quebec.

Key words: Conservation areas, reserve selection, stochastic programming, conservation biol-
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9.1 Introduction

Conservation areas are broadly defined as sites administered for the protection of
threatened species and other features of biodiversity. However, many conservation ar-
eas throughout the world were created not because of their biodiversity content but
because they had little economic value when established [9]. As a consequence, there
is growing evidence at the global scale that existing conservation areas do not represent
threatened species adequately [11]. Thus, tools are needed for selecting and refining
conservation areas worldwide. Globally, approximately 40 million USD is spent annu-
ally to protect biodiversity hotspots [10]. To make the best use of this limited funding,
conservation areas must be selected in such a way that the cost of acquiring and man-
aging the land and the foregone opportunity cost to local human communities are as
small as possible.
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An effective way to formulate this planning problem is to represent it as a linear
integer mathematical program. In general, a mathematical program is an optimization
model that takes as input data parameters. Solving the mathematical program amounts
to selecting values for decision variables that optimize an objective function while
obeying one or more constraints. In our setting, the objective is to minimize the cost
of the selected sites. Alternatively, the objective may be to maximize the number of
species (or other biodiversity surrogates) protected subject to a budgetary constraint.
Typically, the program includes constraints to ensure that the selected sites contain
sufficient habitat for each species. Though this approach has proven useful in many
planning contexts [15], it makes two unrealistic assumptions: that there is no uncer-
tainty in the data parameters of the mathematical program and that the conservation
areas are selected all at once.

Here, we relax these assumptions by modeling conservation planning problems us-
ing stochastic programming, which is a branch of operations research concerned with
optimization under uncertainty [1]. The uncertainty is represented by having some of
the data parameters in the mathematical program be random variables whose values
are determined by a random experiment. Formally, each random variable is a mapping
from the sample space €2 to R and the outcomes of the random experiment constitute
a o-algebra F on 2 in the probability space (2,F,P), where P is a probability mea-
sure on F [7]. In a two-stage stochastic program, the first-stage decision must be taken
before the specific values of the random variables are known. Then a random experi-
ment is conducted and the values of the random variables are disclosed. In the second
stage, a recourse decision is taken to respond to, or compensate for, the results of the
random experiment. The objective of the stochastic program is to minimize the cost of
the first-stage decision plus the expected value of some function of the first-stage deci-
sion and the random variables. This two-stage framework has been used profitably in
many areas of environmental planning, including acid rain control [14], water supply
reliability modeling [8], and biodiversity conservation [6, 13].

In our two-stage stochastic integer program, sites are selected, based on their
species composition, to be included in a network of conservation areas in stage one
(Appendix, Fig. 9.1). There is no uncertainty about the locations of the species in
stage one. However, the stochastic program includes random variables that represent
the locations of the species after the first stage. After the stage-one decision, a random
experiment is conducted and the species’ new locations are disclosed. This models the
relocation of species due, e.g., to anthropogenic habitat disturbance. The sample space
2 of the stochastic program consists of all possible scenarios of species dispersal. F
is a collection of subsets of €2 and the function P : ' — [0, 1] assigns probabilities to
the dispersal scenarios. In the second stage, we determine whether the sites selected in
the first stage still cover each species adequately. If the species are no longer covered,
the stage-one decision incurs a penalty based on the “site shortage” for each species.
The site shortage is the targeted number of sites for the species less the number of se-
lected sites that contain the species. The objective is to minimize the expected value of
this penalty. The stochastic program requires a particular decision-making sequence —
stage-one decision, random experiment, recourse decision—but places no restrictions
on the duration of the stage-one activities or the elapsed time between the first and
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Fig. 9.1. Flowchart of conservation planning with species relocation.

second stages. This is particularly useful in conservation planning because it may take
several years to establish the conservation areas (the stage-one decision) and to assess
their performance (the stage-two decision).

This chapter makes two contributions. First, our stochastic program allows general
targets of representation. The target of representation for a species is the number of
populations of the species that should be included in the conservation areas. Previous
models for conservation planning under uncertainty assume that a target of one rep-
resentation is adequate [3,6,13]. However, if only one population of a species is pro-
tected and some conservation areas are destroyed or subject to poaching, the species
may go extinct. For this reason, targets of 20 to 50 representations may be suitable for
at-risk species [12]. Our stochastic program permits planners to select a suitable target
for each species from one population up to all populations of the species. Second, we
find the optimal solution for a substantially larger conservation planning problem that
involves uncertainty than has been reported in the literature. In the context of deter-
ministic conservation planning, decision problems with up to 1,906 sites have been
solved optimally [5]. In the context of conservation planning under uncertainty, opti-
mal solutions have been found only for much smaller problems (up to 146 sites, 116
species, and 100 scenarios of species relocation [13]). We report results for a stochastic
programs that is substantially larger with respect to the number of sites, species, and
species relocation scenarios.
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Fig. 9.2. Conservation areas for birds in southern Quebec selected using linear integer program-
ming (white squares) and stochastic programming (black squares).

9.2 Case Study: Bird Conservation in Quebec

As part of an effort to expand the network of conservation areas of the Canadian
province of Quebec, breeding bird nesting data was collected in southern Quebec be-
tween 1984 and 1994 [12]. At the 0.02° x 0.02° scale of longitude and latitude, the
data set contains 2,049 sites and 242 bird species. First, we solved the integer linear
program with deterministic input parameters to find the minimum set of sites required
to represent 10% of the habitat of each bird species. The optimal set of conservation
areas contained 156 sites (Fig. 9.2, white squares). Next, we simulated 500 scenarios
of bird dispersal after stage one and solved the resulting stochastic program with a
stage-one budget of 156 sites (Appendix). The solution to the stochastic program con-
tains more sites in southwestern Quebec (Fig. 9.2, black squares) than the solution to
the deterministic planning problem. However, both solutions contain many sites adja-
cent to roads in western Quebec. This may be due to a bias toward roads in the bird
data set because sites adjacent to roads are easier to survey. We solved the stochastic
program both (i) by converting it into a mixed-integer program and solving it using
a branch-and-bound algorithm and (ii) using the L-shaped method [1]. The L-shaped
method decomposes the two-stage program into a master program and several sub-
programs, each of which corresponds to a different scenario of relocation for the bird
species. At each iteration of the algorithm, the solution of the subproblems is used to
construct a piecewise linear approximation of the stage-one objective function. The
mixed-integer program had 121,242 constraints and 123,049 decision variables but the
L-shaped method required solving a master program with 2,049 binary decision vari-
ables and 242 initial constraints. One new constraint was added to the master program
at each iteration and the algorithm converged after 7 iterations. Both methods obtained
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the same optimal solution but the L-shaped method was 1.77 times faster (running
time: 4,325 seconds on a 1.7GHz Dell Xeon computer with 1 GB of RAM). The math-
ematical program was coded in the GAMS modeling language and solved with the
CPLEX 9.0 solver.

9.3 Conclusion

Unlike our two-stage program, previous models for conservation planning under un-
certainty [3,6, 13] contain integer decision variables in the second (and subsequent)
stages and therefore cannot be solved with the L-shaped method. In some previous
optimization models [3,13], the objective was to maximize the number of species cov-
ered, whereas our objective is to minimize the shortage of each species from its target.
Whether the min or max formulation is more suitable depends on the planning context.

Here, we represent conservation area selection problems that include uncertainty
as stochastic programs. Alternatively, such conservation planning problems can be for-
mulated as stochastic dynamic programs [3]. However, the decision-making structure
encountered in conservation planning may be more amenable to solution by stochas-
tic programming than by stochastic dynamic programming. In conservation planning,
decisions are made infrequently because the establishment of a new conservation area
requires years of effort, and stochastic dynamic programming is often better suited for
problems with many time stages in which decisions are made in each stage. We re-
fer the reader to [2,4] for further discussion comparing stochastic programming and
approaches in stochastic dynamic programming and optimal control.

Appendix

Sets

iel species

jelJ sites

w € Q species dispersal scenarios

Data Parameters

Cj cost of site j in stage 1. ¢ € RI_{I

t; target for speciesi. t; € [0, 1,2, ... ,|J]|]

by stage 1 budget.

Random Data

p® probability of scenario w. p® €[0,1], >, cqp” =1
bl?"j 1 if species i is in site j in scenario w. O otherwise

b? e {0’ 1}|1|><|J\
Decision Variables
Xj 1 if site j is selected in stage one. 0 otherwise. x € {0, 1}!7!
vy tally the site shortage for species i in scenario w. y;” € [0, ;]
Formulation
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s w
min Y p”Q(x, b?) ©.1)
weR
S.I.Zijj‘ < b 9.2)
jeJ
x; €0, 1}, jel, 9.3)
where
Q(x,b”) =min Y "y’ (9.4)
Y iel
sty =h—> bixy i€l (9.5)
jeJ
y'=0, iel (9.6)

The stochastic program (9.1)—(9.3) is expressed in terms of the stage-one decision
variables, which select sites to be protected. Constraint (9.2) ensures that the cost of the
sites selected in stage one does not exceed the budget. Constraint (9.3) states that each
site must be selected or not selected in stage one. The objective function in (9.4) sums
the tallies of site shortages for each species, i.e., the (positive) amount by which the
species’ target exceeds the number of sites selected in stage one that contain the species
under scenario w. The overall objective function in (9.1) then takes the expected value
of the number of species-site shortages over all b* scenarios. Together, constraints
(9.5) and (9.6) capture max{t; — > _ jes bl?"jx j» 0}. This is the total number of sites short
species i is relative to its target. For the Quebec data set, we generated scenarios of
species dispersal by having each bird species randomly select one of the sites adjacent
to its location in stage one and relocate to the selected site in stage two.
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