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ABSTRACT

Tanskanen, Antti

On optimization in reserve selection

Jyviaskyla: University of Jyvaskyld, 2006, 74 p. (+ included articles)
(Jyvaskyld Licenciate Theses in Computing,

ISSN 1795-9713; 5)

ISBN 951-39-2529-3

Finnish summary

Reserves are needed to protect species and habitats from human activities like
agriculture, forestry and building. This thesis gives a short introduction to the
history of reserve selection from ad hoc decisions to modern spatial optimization
methods. Basic problem settings and formulations of associated optimization
problems are discussed and the data used in reserve selection is briefly
introduced. Two widely used optimization methods in reserve selection are
shortly described, namely heuristic optimization and linear and mixed integer
programming. This thesis consists of three journal articles where two new
heuristic methods for reserve selection are introduced, the greedy drop method
(article I) and the greedy spatial optimizer (articles II and III). The greedy drop
method removes potential reserves from the candidate reserve set according to
their quality against to the remaining set. The greedy spatial optimizer adds
reserves to the network according the quality of the candidate reserve and how
it supports the spatial targets set to the reserve network. The usability of the new

methods is demonstrated with real cases.

Keywords: spatial optimization, reserve selection, heuristics
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1 INTRODUCTION

Reserves are needed to protect species and habitats from human activities like
agriculture, forestry and building. The rate of habitat loss and species extinction
isincreasing and is estimated to be 100 times higher than a natural rate (Pimm and
Lawton 1998).

The aim of reserves is to ensure the long-term persistence of biological
diversity (biodiversity, see Haila and Kouki 1994), i.e. species, habitats and genetic
diversity (Frankel and Soulé 1981). These reserve selection goals to protect species
and habitats are connected to each other and in reserve selection different levels
of biological hierarchy should be taken into account. In this context reserve
network is a set of reserves, which are established to protect given biotic and
abiotic features. The scale of reserve network design can vary from local (see
Bedward et al. 1991, Rebelo and Siegried 1992, Ryti 1992, Saetersdal et al. 1993,
Church et al. 1996, Lombard et al. 1997, Nantel et al.1998, Moilanen and Cabeza
2002, Erasmus et al. 1999 studies effect of the scale ) to global (see Ackery and
Vane-Wright 1984, Balmford and Long1995, Pimm and Lawton 1998, Andelman
and Willig 2003) and features from single species (see Moilanen and Cabeza 2002)
to large biotas like old-growth forest in boreal forests (II, IIT). Margules and Usher
(1981) list several criteria for selecting reserves: (bio)diversity, rarity, naturalness,

area and the threat of human interference.

1.1 Development of reserve selection

Protection of habitats in reserves is a recent phenomenon. First reserves were

founded 140 years ago. Until recently, the selection of reserves was in many cases



12

based on scenic beauty, land availability and low land prices. Decisions were made
Ad Hoc without systematic planning of reserve networks. Most reserves were
located on remote areas (see Pressey 1994, Margules et al. 2002) and thus species
and habitats suffering from human exploitation were not properly protected.
However, Kerr (1995) showed that the number of threatened bird and mammal
species is strongly related to human population density. Major threats to
biodiversity are human-made habitat alteration and introduced species (see Noss
2000).

Itis not possible to protect all biologically important areas with given limited
resources and various political preferences. Therefore, it is important to choose
efficiently new areas for reserve networks (see Rodrigues et al. 1999).
Development of reserve selection is described in Jongman 1995, Vuorisalo and
Laihonen 2000, and Kingsland 2002.

In the following we will briefly discuss the history of the methods reserve

selection has used.

1.1.1 Scoring methods

Systematic reserve selection used first scoring methods, where decisions whether
to include reserve candidates into the reserve network, were made according the
conservation value of candidate areas. Scoring methods use indices (see Gotmark
et al. 1986, Rebelo and Siegfried 1992, Turpie 1995, Andreasen et al. 2001). Indices
are usually based on number of species or population sizes. Rare and threatened
species are often classified as more important for conservation than common
species and thus they have higher weights in index calculations (Gaston 1994,
Coates and Atkins 2001). Areas having best ranks are chosen to complete areserve
network (Bedward et al. 1991). Many indices are implicitly based on the idea of
nested species assemblages, where species-rich areas contain also species of
species-poor areas and rare species occur mainly in species-rich areas (Wright and
Reeves 1992, Atmar and Patterson 1993, Cutler 1991, 1994, Worthen 1996).
Nestedness can be found in some special environments like islands (Ryti and
Gilpin 1987, I), but it should be used with caution in reserve selection because
frequency distributions of species and their positions in nested hierarchy varies

from area to area (Saetersdal et al. 2005). Nestedness of species assemblages means
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that rare species are often found only in larger habitat patches. Thus single

reserves must be large enough to hold these species (Berglund and Jonsson 2003,

D).
1.1.2 First heuristic methods

Scoring methods consider each potential reserve candidate separately. Two areas
considered valuable may contain same species or common other values, and thus
they are redundant. Building reserve networks may become very inefficient when
the same attributes are represented several times while others are missing. Thus
usefulness of scoring methods alone is questionable (Jarvinen 1985, Gotmark et al.
1986). To overcome this problem biologists working with conservation problems
developed greedy heuristic optimization methods in the 1980's (Kirkpatrick 1983,
Ackery and Vane-Wright 1984, Margules et al. 1988, Pressey and Nicholls1989a,
1989b). These methods are based on complementarity, which means that the
reserve network should represent all targeted attributes at given levels although
single reserves may be less valuable (Pressey et al. 1993). Efficiency (sensu Pressey
and Nicholls 1989a) of heuristic optimization methods is better than that of scoring
methods (Bedward et al. 1992, Pressey and Nicholls 1989a, Turpie 1995, Williams
etal. 1996). Jackson et al. (2004) showed that networks selected on complementary
basis preserve better biological values than networks selected by scoring methods.

Greedy heuristic methods add areas to a reserve network one by one until
they find a solution that satisfies goals and restrictions set by conservation
planners. The selection is based on simple rules like select area having most
unrepresented attributes (species, habitats etc.) or select the area having rarest
unrepresented attributes. In a case of a tie ( two or more of the candidate areas are
equally valuable) additional rules are used to select among reserves. Such a rule
could be: select reserve having the highest number of species. Only one rule at a
time is used like in lexicographic ordering (Miettinen 1999). Greedy heuristic
methods have been popular among conservationists. Heuristic methods are
defined in Silver (2004): “ The term heuristic means a method which, on the basis
of experience or judgement, seems likely to yield a reasonable solution to a
problem, but which cannot be guaranteed to produce the mathematically optimal

solution.” Thus, heuristic methods cannot guarantee optimality. In several studies
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heuristics have been found to produce results 2-10% poorer than optimal solutions
found using linear programming (LP) methods (Pressey et al. 1996, 1997, 1999,
Csuti et al. 1997), but single comparisons may not be generalized (see Rardin and
Uzsoy 2001).

1.1.3 Linear programming and mixed integer programming

Linear programming (LP) and mixed integer programming (MIP) methods have
been used for reserve selection much less than heuristic methods. Biologist do not
know how LP/MIP methods work and they have to use these methods as a black
box. The objective in a reserve selection problem is to minimize area or cost of the
reserve network subject to some predefined requirements, that are the constraints
of the reserve selection problem. In reserve selection each candidate area is either
selected or left completely out, no partial selection is accepted. Thus decision
variables have 0-1 binary values. Constraints are species occurrences or minimum
population sizes, minimum areas of habitats or other biological values. Typically
constraints have lower bounds and there are no upper bounds for a feasible
solution. Two examples of typical constraints are: the reserve network has to
contain at least 50 pairs of species i or at least 50% of the springs in the specified
area have to be protected. Binary decision variables lead to integer programming
(IP) problems. Many solvers use branch and bound methods (Mitchell 2001a) to
solve IP problems but large problems with hundreds of constraints were not yet
solvable in 1990's (Pressey et al. 1997). Larger problems are solvable nowadays
with increasing computer capacity and better algorithms (Moore et al. 2003), but
size limits still exists and the size limits also restrict the selection of solution

methods.
1.2 Aims of the study

This study describes shortly the history and evolution of the reserve selection. The
review of literature is limited to articles published in international biological
literature. Some articles of the issue have also been published in operations
research journals and they are considered here as well. Most optimization articles

in forest research journals consider wood production and harvest scheduling
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optimization, an interesting optimization task, thatis out of the scope of this thesis.
Anyhow, some optimization examples in forest research journals have had
ecological constraints or objective functions. We have included some examples
here.

Secondly we introduce a new variant of heuristic optimization method
described in (I), a method that removes candidate areas from reserve network until
restrictions are violated. This heuristic optimization method was tested with the
Helsinki archipelago reserve selection problem. In (II) and (III) we introduce a
new spatial heuristic algorithm that integrates spatial calculations into a greedy
heuristic algorithm. This integration makes it possible to handle spatial objectives
equally to non-spatial objectives. The reserve selection problem is a spatial
optimization problem and, hence, this integration removes the unnecessary
restrictions of using spatial objectives in the problem design. This thesis describes
the background and operation of new heuristics. The examples of using new

methods are found in I, IT and III and are not repeated here.



2 RESERVE SELECTION

This chapter introduces the basics of defining the goals for reserve selection of
species and ecosystem protection. Issues such as data types and selection units are

also briefly described.
2.1 Species protection

Many reserve selection practices have worked on a single species. These species
are often threatened large vertebrates such as birds which are better known to
large audience and, consequently, the protection gets easily publicity (Diamond
1986). The goal of (single) species protection is to ensure long-term persistence of
viable populations (see Gilpin and Soulé 1986, Virolainen et al. 1999, Rodrigues et
al. 2000b, Cabeza and Moilanen 2003). This task may include selection of areas
covering productive present populations (source populations) (Winston and
Angermeier 1995) and potential habitat patches (Cabeza and Moilanen 2001, Cox
and Engstrom 2001, Moilanen and Cabeza 2002). For a few species requirements
of habitat quality, size and location or spatial variation of vital rates in different
environments are known fairly well, but for most species these are only qualified
guesses (Coulson et al. 2001, With and King 2001, Aradjo et al. 2002).

Species have been classified in several categories based on how threatened
they are, globally IUCN 1994, 1996) or locally (Rassi et al. 2001 for Finland). These
threatened species should be targets of protection (Burgman et al. 1999, Colyvan
et al. 1999, Rodrigues et al. 2000a). Different conservation scenarios can be tested
from population survival perspective with tools like ALEX (Possingham and
Davies 1995), RAMAS or VORTEX (Lindenmayer et al. 1995). These tools simulate

populations over time and calculate extinction probabilities.
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2.2 Ecosystem protection

Species distribution and abundances are seldom available for larger areas. In
practice distribution is possibly known only for some taxa such as birds. Thus,
many times a practical conservation decision has to rely on the distribution of
ecosystems or land classes (McKenzie et al. 1989, Nicholls 1989, Faith and Walker
1996, Pressey et al. 1997, Pressey and Logan 1998) or combining species protection
with environmental protection (Fairbanks et al. 2001, Lindenmayer et al. 2002).
Detailed information being unavailable, reserve selection based on land classes is
better than arbitrary placement of reserves, especially when combined with
distribution data of species (Pressey and Logan 1995). For example in Finland
mires are divided into several classes, each class having typical plant species
(Eurola and Kaakinen 1978) and even a characteristic insect and bird fauna. By
protecting these land classes or habitats we can at the same time protect all biota

living there.
2.3 Spatial data

In reserve selection data of species, environmental variables or human activities
have three major dimensions: place, time and subject.

Place can be a point, a line or an area. Place can be defined by biological
attributes: place and area of a habitat, territory of an endangered bird or a point
of observation. Place can be the area of a land holding or defined according to
administrative boundaries. These administrative spatial definitions seldom
overlap with biological boundaries.

Time is often omitted in spatial data. Data can be a snapshot sampled at one
time, for example a field mapping made in one year. Reserve selection based on
such asnapshot may lead to local extinctions due to temporal and spatial variation
of populations (Margules et al. 1994, Virolainen et al. 1999). Many times data have
been collected for other purposes during along period of time and are drawn from
registers created for those purposes. These kinds of data do not present the
distribution of organisms at any given time, but merely a sample of distributions

over a certain period. Species do have natural fluctuations of population sizes and
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distributions and the stage of the population at the time of inventories should be
known (see Haila et al. 1994). Especially with endangered species it is important
toinclude time of observations in reserve selection because distributions of species
may have radically reduced during data collection.

Subject can be amounts of pairs of a species, type of land class, age of forest
or type of habitat or any feature of interest. For reserve selection many
background variables, such as the ownership or conservation status of an area,
can be collected from administrative databases. Often species distribution data is
found from museum collections, mappings or field inventories done for other
purposes. In these cases data quality and completeness for reserve selection
purposes must be considered (see Lombard et al. 1995 for an example). Polasky et
al. (2000) use a probabilistic model for species occurrence with incomplete
presence - absence data.

The restrictions of the reserve selection problems are defined by spatial data.
Therefore, the spatial data available or possibility to gather data often guides the
definition of the reserve selection problem and also the definition of selection

units.

2.3.1 Selection units

A selection unit is a piece of land or sea which is considered to be included into the
reserve network. As mentioned earlier, no partial selection is allowed. Selection
units can be grid cells (for examplel km x 1 km squares), land parcels determined
by ownership or areas defined according to habitat boundaries or other biological
variables. Grid cells have been popular in many reserve selection exercises. They
are easy to use and distances between cells, neighbourhood and boundary lengths
are easy to calculate. Some biological data, e.g. bird atlases, are collected in grid
cells (see Williams et al. 1996 for an example). This makes grid cells useful as
selection units. One should note that borders of grid cells seldom coincide with
biological boundaries and the same is true for land ownership. However, land
ownership often influences on land availability for protection. Thus, it should be

considered in reserve selection.
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Forest patches, called stands, used by forestry are examples of land division based
on biological differences. Patches are defined by soil type, dominant tree species
and the age of trees. In practice, biological boundaries are better suited for reserve
selection than other land divisions because conservation goals are biological. Grid
cells small enough do not extend over several different habitats or other biological
classification. Thus, small regular units like grid cells have advantages of simpler
topology with sufficient biological accuracy.

Pressey and Logan (1998) showed advantages of smaller selection units.
Optimization with smaller units resulted in less over-representation of goals and
cheaper reserve networks with equal goals compared with larger selection units.
On the other hand, smaller selection units make reserve selection more
complicated. For example, moving from 10 km x 10 km to 100 m x 100 m grids
makes the number of selection units 10* times larger and the problem may become

too large to handle and difficult to solve.
2.3.2 Species data

Species data is based on sampling from populations. Large areas and large
amounts of rare species may lead to inaccurate estimates of number of species
unless very extensive expensive sampling is used (Williams 1998). Martikainen
and Kouki (2003) showed that to rank not more than 10 boreal forests by
threatened beetles, it is necessary to sample 10° beetle individuals. Such sampling
effort is not possible in larger areas and, for example, in developing countries.

The advantage of using species distribution data is that (threatened) species
are most often the targets of protection. In practice reserve selection is often based
on occurrence data of larger animals, vegetation types or tree species (see Gaston
and Rodrigues 2002). In many cases only presence observations are recorded, and
recorded absences are missing. This causes difficulties in constructing species’
distributions and estimating false negatives (Margules et al. 2002).

The use of surrogate (focal) species or taxonomic groups instead of complete
sampling of all species of interest have given mixed results (Ryti 1992, Prendergast
et al. 1993, Faith and Walker 1996, Williams et al. 1996, Noss 1999, Howard et al.
1998, Saetersdal et al. 2003, Hess et al. 2006). Saetersdal et al. (2003) showed in

Norway that species richness of vascular plants of pine and deciduous forests
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explained species richness of seven taxa out of eight statistically significantly. This
reflects similar response to certain abiotic differences including fertility,
topographic position or vegetation cover. Single species seldom indicate species
richness even if species composition is nested and compositions of surrogate
species vary from area to area (Saetersdal et al. 2005, Chen et al. 2005). Thus the
use of surrogate species should be examined a priori for every new case for

example with smaller test areas.
2.3.3 Environmental data

Environmental characteristics like soil type or annual rainfall partly determine
vegetation types and species composition of different taxonomic groups. Thus,
environmental data can be used in reserve selection to protect species. Faith and
Walker (1996) showed with a simulation example how environmental
characteristics used in reserve selection can find reserve networks covering rare
species not detected in field studies. Environmental data such as soil type, height
or direction of slopes, rainfall, temperature or vegetation cover is usually available
without field inventories. Also data of human exploitation like agriculture, roads
and buildings are important for reserve selection. Especially recreation potential
often depends on roads and other human-made services. However, Pearce and
Ferrier (2001) showed that only a fraction of species abundances where predicted
with coarse environmental variables.

Reserve selection based only on environmental data did not produce
satisfactory reserve networks for mammals, birds, reptiles nor plants in a
European wide study (Aratjo et al. 2001). However, combining environmental
data and species data often gave better results than either alone (Nantel et al. 1998,
Tole 2006).

2.4 Summary

The reserve selection problem is often defined according to the limits of data
available. Even if biological knowledge could allow the formulation of more
complicated and advanced optimization problems, the data quality can make these

optimization problems useless. The amount of uncertainty in different variables
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is often inter-dependent and it could be a mistake to omit this information (Kangas
et al. 2005). Thus we need to fit the knowledge of biological processes and data

available to build a reserve selection optimization problem.



3 OPTIMIZATION OF RESERVE SELECTION

This chapter introduces notations and definitions for reserve selection problems.
Two commonly used basic problem types, as well as a general problem setting and
spatial optimization problems are shortly described. Greedy heuristic methods
used in reserve selection are introduced and linear programming is briefly

discussed.
3.1 Why optimization?

Survival of species is strongly depending on the amount and spatial distribution
of suitable habitats. Small changes of these factors may radically change
probabilities of species extinction and, consequently, protection goals (amounts of
habitats, sizes of populations etc.) in reserve selection should be above critical
levels (Fahrig 2001). Human activities outside a reserve network can also have
strong effects on species survival (Cabeza 2003) and should be taken into account
while planning future conservation activities (Drechsler 2005). Pressey (1994) lists
dangers of Ad Hoc reserve selection (discussed in Introduction). It is expensive,
biased and inefficient (sensu Pressey and Nicholls 1989a). Thus, optimization has
potential to improve species survival as compared to Ad Hoc reservation with the
given limited resources available for reserve selection.

Bedward et al. (1992) give an example of a conservation design tool named
CODA, where optimization is one part of the planning system. The CODA system
hasbeen used in Australia for real world conservation practices. It divides reserve
selection in to several steps: Data collection and preprocessing, goal setting,
preselection of areas, optimization for reserve selection, post processing of the

results and adjustment of reserve network boundaries. This kind of a systematic
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reserve selection procedure ensures that all the steps of reserve selection are done
in a sensible order. The optimization without proper data, meaningful goals and

adaptation of results can yield poor results.
3.2 Problem setting

The reserve selection problem is to choose from the set of candidate selection units
(areas) a subset to build a reserve network. While minimising the cost of acquiring
areas the reserve network has to fulfill several quality and location criteria defined
by the decision makers. The qualities of candidate selection units are described
with features like habitat type or occurrence of species. Selection units cannot be
partially selected. Thus, the problem is a zero-one optimization task. Each
selection unit has anon-negative cost. Hence, removing any selection unit from the
reserve network always keeps equal or lowers the cost and thus enhances objective
function value (a minimizing problem). An alternative approach to formulate the
reserve selection problem as an optimization problem is to set budget constraints
and to maximize the quality of the reserve network. These are the two ways the

reserve selection problem has been formulated in the literature before mid 1990's.
3.2.1 Notation

Let us assume that we have I candidate selection units, indexed by i=1, 2, ..., I, and
] teatures, indexed by j=1, 2, ..., ]. The corresponding sets are I and ], respectively.
The I x ] matrix A has elements a; which equals the amount of feature j in unit i. If
we are only interested of the presence of feature j in unit i, we denote the presence
with 1 and otherwise a; equals 0. The cost of acquiring a candidate selection unit
i for the reserve network is c,. Matrix A and costs c;..c; are known a priori. The
decision variable vector is Y =(y,, y,, .-, 1), where y, equals 1, if the candidate
selection unit i is selected and equals 0 otherwise. In addition we can form an
additional vector X = (x;, X, ..., x])T, where X equals 1 if feature j is present in the

reserve network that is to be constructed, otherwise 0.
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3.2.2 Spatial definitions

We also know the following data of candidate selection units in I. The area of the
candidate selection unit k is A(k). The distance between selection units k and m,
denoted by d, , is calculated as border to border minimum distance. The distance
from candidate selection unit k to the closest already selected selection unit is d,.
=min(d,,), i€ {I | y;=1,i#k}. The length of the perimeter of a selection unit k is L(k).
The length of the common border of selection units k and m is denoted by L(k, m)
if d, ., =0, otherwise the length is 0.

A continuous area Ca is a set of selection units that share common border(s). A
continuous area can have holes; the only assumption is that any two points in Ca can
be connected with a set of selection units in Ca having in pairs zero distances. In other
words, k, m €Ca, if there is a set of selection units {k, c1, c2, ..., cn, m}, where d, =0,
dy »=0, ..., d

Ca,, is defined as a distance between closest selected selection units in those spatial

o m=0- The distance between two continuous areas denoted by Ca, and
structures and we denote it by dc, cam- Let us denote the number and set of
continuous areas in the reserve network with Ncand NC, respectively. Weset Z =1,
if selection unit k belongs to continuous area Ca,, otherwise Z_,=0. The area of

continuous area m is

|
A(Can)= Y A(K)znk. The length of the perimeter of Ca, is
k=1

| 1 1-1
L(Cam) = Z L(K)zm,k - 22 Z L(K,1)zm kzm,1 . The latter part of equation removes those
k=1

k=1 1=1

parts of common borders of the selection units in the continuous area m, that are
within the continuous area m.

A cluster is a set of continuous areas so that there is a path of continuous areas
between any two continuous areas in a cluster. In the path the shortest distance
between any two continuous areas one after another do not exceed a predefined
maximum inter-cluster distance md. Let us denote the I'th cluster with Cl,. In other
words, for any pair Ca; Ca,, € C], there is a set Ca; Ca,,,,Ca,,,, ..., Ca,,, Ca,, € Cl, so, that
deaiccaisia < Md, k=0, ...n. The area of cluster Cl, is the sum of all continuous areas
belonging to Cl,. Let us denote the number and set of clusters in the reserve network

with NI and NL respectively.
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FIGURE 1 An example of selection units, continuous areas and clusters

Figure 1 shows hierarchy of spatial structures. It shows a situation, where
selection units iy, ..., i, are selected. Units which are not selected are not show in the
tigure. There are two clusters Cl, and Cl,. Cl, consists of three continuous areas Ca;,
,and d

unit i, Minimum distance from i, to closest selected selection unit d. equals to d; .

Ca, and Ca,, because d ; are less than md. Cl, consist of one selection

cal,ca cal,ca.

The distance between i, and i, and is longer than md, which makes i, a separate
cluster. Unit i, has no common borders with any of the other selected units because
d¢- >0. Thus, i, is also a separate continuous area Ca,. There is a hole in the continuos

area Ca,, an area that is not selected but is surrounded by selection units in Ca;.
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In the following we present two commonly used problems types, the minimum
set problem (MSP) and the maximal coverage problem (MCP). Finally, we outline a

general problem setting for the reserve network selection.
3.2.3 Minimum set problem

The minimum set problem (MSP) (Church et al. 1996) minimizes the cost of a reserve
network while representing each feature j (species) at least r; times in selected areas
(Underhill 1994, Pressey et al. 1997, Hamaide et al. 2006). Minimum levelsr,, ..., 1; for
features 1, ..., ] are given a priori according to biological needs for a reserve network.
The MSP formulation is:

|

Minimize Y ay 1)
i=1
|

subject to Y ajyi > r, foreachjdJ 2)
i=1

whereyi= Oor 1 (3)

Objective function (1) minimizes the cost of a reserve network, constraints (2)
limit the feasible region in such manner, that feature (species) j is found at least r;
times in the network and constraint (3) ensures that selection units cannot be partially

selected.
3.2.4 Maximal coverage problem
The formulation of a maximal coverage problem (MCP) is as follows:

J
Maximize)  x; (4)

=1

|
subject to D ajyi > xj, foreach jOJ (5)

i=1

2ViEP, (6)
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wherexj - Oor 1,yi=0or 1 (7)

In (MCP) the number of selected units y; is restricted with an upper limit p (6)
given a priori. The number of features x; is maximised (4) (Church et al. 1996, Csuti et
al. 1997). Constraint (5) ensures that x=1 only if feature j is present in network and
constraint (7) sets upper limit of x; tol. Constraint (6) limits the total number of units
in a reserve network to p. This is often a more realistic formulation for practical
conservation work than MSP (Camm et al. 1996).

|
In amore general model of MCP constraint (5) is replaced by Z ajyi2rxj where
i=1

feature j must occur at least a priori given r; times in the network. MCP does not
count any partial representation of features j under level r; because x; is zero if
representations of feature j is less than r; in the reserve network. On the other hand,
also over-representation of feature j is ignored.

To change constraint (6) so that it limits the cost of selected areas to b instead of
the number of areas to p, we need costs ¢, ..., ¢; of selection units 1, ..., ] and
constraint (6) must be replaced with

Y ayi<hb.

i=1

An example of comparison of MSP and MCP is found in Ando et al. (1998).
3.2.5 General problem setting

The two problems, MSP and MCP represent special cases of more general goals to
preserve nature. The major weaknesses of MSP and MCP are, that they do not
consider interactions e.g. dispersal between chosen areas in the reserve network, they
do not consider interactions between reserve networks and surroundings or the
shape and spatial arrangement of the reserves. Local population sizes in reserves
fluctuate and some local populations go extinct while others are established by
colonization. Extinction is related to population size (or suitable area), time since
fragmentation occurred and severity of fragmentation (Patterson 1990, Hanski 2000,
Solé et al. 2004), whereas colonization is related to the distance from other

populations ( MacArthur and Wilson 1963, Diamond 1975). Population sizes in
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reserves may also be simply too small for long term persistence (Gilpin and Soulé
1986). The survival of species in reserves depends on what is happening outside
reserves (Fahrig 2001, Cabeza and Moilanen 2003). Nantel et al. (1998) classify
habitats according to their fragility to human activities and land-use potential.
Costello and Polasky (2004) analyse long-term area selection, where land availability
and human development risk changes over the planning horizon (often several years)
and budget restrictions prevent immediate protection of all needed areas. The use of
habitat destruction rates and irreplaceatibility of selection units improve the results
of long term reserve selection (Pressey et al. 2004).

Optimization models differ from case to case. Goals of protection may vary as
well as means of protection. Often planning is done with incomplete and sparse data.
Aratjo and Williams (2000) show a successful example of using sparse occurrence
data of European trees together with environmental data to select areas giving
increased probability of persistence for the tree species in comparison of using either
data alone. This shows how data collected to other purposes can be used to target
resources to right areas and how the data available affect the problem setting.

In reserve selection the objective could be to maximise biological diversity and
the restrictions can be budget constraints. Objectives and constraints can be
interchanged and then costs are minimised while minimum protection levels are
constraints. Actually, here we have two objectives, maximization of biological
diversity and minimization of the cost, and when they are considered
simultaneously, we have a multiobjective optimization problem (MOP) (Rothley
1999). The two first mentioned ways can be seen as using the e-constraint method for
solving this problem (see Miettinen 1999). Rothley et al. (2004) present a MOP
reserve selection problem, where they had five objectives and generated ranking
order for ten best areas by each objective. The optimization problem was to include
as many of these best ranked areas of each objective in a ten area reserve network.
This technique uses scoring and optimization together but lacks the power of direct

multiobjective optimization of objectives.

3.2.6 Spatial optimization

Reserves should be of adequate size and compact enough to minimize edge effect,

which means how surroundings of reserves change microclimate, radiation and
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species composition at the edges of reserves (Saunders et al. 1991, Harrison and
Bruna 1999, Debinski and Holt 2000, Laurance 2000). The part of reserve interior,
where there is no edge effect is called core area. Metrics commonly used to describe
compactness of the area, are different area - perimeter ratios and amount of core area
(Siegfried et al. 1998, Clemens et al. 1999, Bogaert et al. 2000, Fitzsimmons 2003). A

Nc Nc
widely used area- perimeter ratio is @1 = Z A(Ca)/ Z L(C&) over the set of all
k=1 k=1

continuous areas NC. This ratio ¢, is not scale invariant. A scale invariant ratio is

Nc Nc
@2= Z A(Ca)/ (Z L(Ca))? (Bogaert et al. 2000). Both ¢, and ¢, obtain their maximum
k=1 k=1

values for circle shaped areas (Bogaert et al. 2000). If the intensity of edge effect inside
the reserve depends only on the distance from the reserve border, circle shaped area
also maximizes the proportion of core area in a reserve. Core area can be defined in
various ways. An example is a grid cell, for which all neighbours belong to the
reserve network (Williams and ReVelle 1998). We can also define core area so that
from any point in core are the distance to the edge is more than m meters. Edge effect
is strong in fragmented human dominated landscapes and should be considered in
reserve selection (van Langevelde et al. 2002). In contrary to many studies Bertomeu
and Romero (2001) maximize the area of edge in reserve selection to support
populations of species utilising edges or several habitats such as old forest and clear
cuts outside reserves for example for breeding and foraging. The scale of reserve
network design often depends on administrative decisions, but spatial goals in
optimization should be adjusted according to biological needs (Drechsler and Wissel
1998, Norton et al. 2000, Cox and Engstrom 2001, Jansson 2002, Larson and Sengupta
2004).

Nicholls and Margules (1993) were the first to integrate spatial characteristics
to optimization of reserve selection. They used a greedy heuristic method which
chose the closest area to the already selected areas from otherwise equally good
candidates in case of a tie. To add new spatial rules to heuristics, such as adjacency,
has been the most common way to integrate spatial targets to optimization (Nicholls
and Margules 1993, Lombard et al. 1995, 1997, Freitag et al. 1997). Williams and

ReVelle (1998) used a core and buffer model, where a buffer is an edge area of a
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reserve (inside reserve) or areas next to a reserve (outside reserve). Only species
protected in core areas where counted and the cost of a reserve network was
minimized. This model was further developed to a bi-objective model to maximize
the number of species protected in core areas while minimizing cost of a reserve
network (Clemens et al. 1999). Bevers and Hof (1999) demonstrated an opposite
situation of wildlife habitat optimization, where species use edges or two or more
habitat types for foraging or nesting.

However, adding spatial targets to optimization has been difficult. One way to
increase compactness of a reserve network is to minimize the length of the total
perimeter of a reserve network (Possingham et al. 2000, McDonnel et al. 2002).
Cabeza et al. (2004) used forward and backward heuristics to minimize the total
perimeter in reserve selection. All these methods are based on one or a couple of
spatial functions like area-perimeter ratios that are minimized or maximized. Kurttila
et al. (2001) use a combination of stand boundary lengths and boundary qualitites.
Boundary quality means here the difference of neighbouring stands at opposite sides
of boundary. Bunn et al. (2000) used a graph theory-based heuristic to select reserve
networks for two differently dispersing animals in North Carolina, USA. Minimum
spanning trees between candidate areas were calculated for both species based on
their dispersal ranges. The first objective was to minimize the negative change of flux
(connectivity, the potential of animals to move between areas) by removing candidate
areas one by one. The second objective was to minimize the decrease of traversability,
defined as change of a diameter of the largest component of the graph before and
after area was removed. Thus, the method gives the relative importance of areas to
species dispersal as corridors and stepping stones(see also Fuller and Sarkar 2006).
Hof and Bevers (2000) optimize directly size of endangered animal populations and
use four different spatial dispersal models to place reserves and management actions.
Several examples of modelling connectivity in reserve network selection are given in
Hof and Flather 1996 and methods of spatial optimization for forestry and
conservation are given in Hof and Bevers 1998. Cova and Church (2000) present a
spatial method, where global spatial problems are decomposed into smaller local
problems. Snyder et al. (2004) present bi-objective weighted models to maximize
representation of features and minimize area of the reserve network.

Steward et al. (2004) formulate an optimization problem for multiple land use,

where reserves are competing with agriculture, forestry and other land uses. Their
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method aggregates different land uses into clusters to avoid fragmentation. Rothley
(1999) presents a multiobjective optimization method, where all Pareto optimal
solutions (see Miettinen 1999) are found at first. In his example there were three
functions (max connectedness, max area and max rare plant species) to be optimized
and size of an exercise was to select 5 areas out of 20. Connectedness was defined as

asum of inverse distances between selected pairs of areas (k,m)ecIxI, k#m, y, =1, y, =1,

| |
in other words maxZi= Z Z (1/ i, m) (ykym) dym >0, where d,, is the distance
m=1k=1
between areas in selected pair (k,m), I is the total number of possible pairs. Problem
was solved with LP solver LINDO 5.3 (LINDO Systems 1995) software and it

generated 36 Pareto optimal solutions out of (i?) = 15 504 possible combinations.

These 36 solutions where compared with a simple multi attribute rating technique
(SMART) (Rothley 1999). Trade-off tables were calculated and they showed how the
best solution depended on the weights put on each criterion. Comparing Pareto
optimal solutions a posteriori in reserve selection is a well-working method because
the decision maker can see solutions on maps as well as pros and cons of solutions
from trade-off tables. Williams et al. (2005) give a comprehensive review of spatial

optimization in reserve selection.

3.3 Optimization methods in reserve selection

In reserve selection, optimization methods used have mainly been greedy heuristics
of lexicographic type (see Kirkpatrick 1983, Margules et al. 1988, Pressey and Nicholls
1989b, Bedward et al. 1992, Nicholls and Margules 1993, Pressey et al. 1993, Saetersdal
et al. 1993, Willis et al. 1996, Freitag et al. 1997, Nantel et al. 1998, Fairbanks et al.
2001, Polasky et al. 2001, Reyers et al. 2002, William and Aratjo 2002, Cabeza 2003,
Cabeza et al. 2003, a few to mention). Linear programming has been used several
times (see Willis et al. 1996, Williams and ReVelle 1998, Woodhouse et al. 2000,
Bertomeu and Romero 2001, Rodriques and Gaston 2002, Rothley 2002, Bettinger et
al. 2003, Memtsas 2003, Moore et al. 2003, Ruliffson et al. 2003, Diaz-Balteiro and

Romero 2004, Crossman and Bryan 2006), but metaheuristics like simulated annealing
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(Csuti et al. 1997, Possingham et al. 2000) and genetic algorithms (Moilanen and
Cabeza 2002, Seppelt and Voinov 2003, Steward et al. 2004, Moilanen 2005) have been
seldom used. The reserve selection problems have been variants of MCP and MSP

with linear restrictions and mostly with a single objective function.

3.3.1 Heuristic methods

Heuristic methods seek fast solutions for optimization problems. They do not
guarantee to find the optimum but they can solve problems that are very hard to
solve with mathematical optimization methods. Heuristics can simulate human
decision making like greedy heuristics often do or their ideas have been adopted
from other fields of science like genetic algorithms (Davis 1991) or simulated
annealing (Kirkpatrick et al. 1983). Bettinger et al. (2002) compared the performance
of eight heuristic methods including simulated annealing, tabu search, and genetic
algorithms to three increasingly difficult spatial wildlife planning problems. They
found no major differences between best solutions found with different heuristics
excluding random search, which gave the worst results. A recent comprehensive
review of the heuristic methods is given in Silver 2004. In the following, greedy
heuristic methods are presented with an example.

Greedy iterative methods add new units to the network until the reserve
network fulfills all the constraints or there is no reserve network satisfying all the
constraints. The role of objective functions and constraints is not always clear in
descriptions of greedy methods in reserve selection. Iterative methods commonly
used in reserve selection do not directly minimize cost of a reserve network. Selection
rules (that is, objective functions) maximize amounts or occurrences of those

|
biological features 1, ..., ], which still are under given levels T, Z ajyi < I and thus
i=1

these rules resemble the objective function used in MCP. Methods terminate, when
all features ] are represented in a reserve network at given levelsry, ...., 1, (2) and thus
no new selection units are needed. Methods have been described as written rules in
the majority of biological literature (Kirkpatrick 1983, Ackery and Vane Wright 1984,
Thomas and Mallorie 1985, Margules et al.1988, Rebelo and Siegfried 1990, 1992,
Nicholls and Margules 1993, Saetersdal et al. 1993, Lombard et al. 1995, Pressey and
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Logan 1995, 1998, Williams et al. 1996, Freitag et al. 1997, Csuti et al. 1997, Pressey et
al. 1997,1999, Freitag and Van Jaarsveld 1998, Nantel et al. 1998, Aratjo and Williams
2000, Cabeza 2003, Cabeza and Moilanen 2003). Mathematical formulation (Ryti
1992), flow charts (I, II) or pseudo code (Cabeza et al. 2004) of heuristics are seldom
used. Written descriptions often omit constraints and a solution is found when all
candidate selection units have zero values for all objective functions (rules) in a
lexicographic maximization problem.

As an example we present here a method that Margules et al. (1988) published.
It was one of the first greedy iterative lexicographic methods for reserve selection to
solve MSP. This iterative method uses one objective function (rule) at a time to add
new selection units to the reserve network. In case of a tie, when two or more
candidate units have the same best objective function value, this method uses
additional objective functions. This method has four lexicographically ordered
objective functions. This means that the most important object function is the first
one, the second most important is the second one etc. First all units having unique
teatures are selected. To be more specific, the first rule is to include all selection units

i having unique occurrences of target features, like species or land classes having

|
Z aj = 1. These selection units containing unique features must be in the reserve
i=1

network to satisfy constraints (2) in MSP, because every r; has to be positive to be a
real restriction. Thus these units are selected at first.

The iterative part of the method starts by applying the second rule to select units
with rarest (non selected) features and among them the area contributing largest
amount of new features. This rule has two parts. The first part selects units i from
unselected units having the rarest non-presented features j, in other words those

having minimum number of occurrences. Let us denote this minimum

|
with gmin = mllgz aj(1- yi). Let us denote the set of rarest features with
!

|
Jrares = { ] [ J|minz aj(1- yi) = a@min} . The set of selection units having any of these
jFLd =
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rarest featuresisnow | raes ={i 0 I|&j(1- yi) = 1, j O Jrarest} . If more than one selection

unit belongs to [,

rarest/

the method uses a second part of the rule to select units having

J
largest number of new features amadi = hrElcl':lX Z an(1- Xj), let us denote this set by
rarest le

J
Inew = {h[ |rarest|z aj(1l- yn) = @maxi} . If there is more than one candidate
=1

selection unit in set I

new’

then the method uses a third rule to select the area having
[

anon-presented feature, in other wordsjhaving Z ajyi < riand having the smallest
i=1

J
sum of occurrences in unselected selection units @smales = Min E aij( E aj(1- yi)) . Thus
iOlnew % -
=1 i=1

J |
the set of these selection units is | ieest = {i 0 | newlz aj(z ai(1- yi)) = amales} . If
=1 =
there is still a choice, the area from I, is selected randomly. The method iterates
until no candidate selection units have a feature, that is present under r; times, j= 1,

..., J, i.e., until there exist no such i and j, that Z ajyi < r If there is some feature j
i=1

|
present under r; times in the reserve network, but Z aj(1- yi) = O, there is no

i=1
reserve network fulfilling all restrictions and the method terminates. Many greedy
heuristic methods have been developed from this Margules et al. (1988) method by
changing rules or their order. For example different rarity scores have been used as
well as species richness scores as selection rules (see Pressey et al. 1997).

The advantages of greedy heuristics are easy implementation, speed and
understandable logic. Heuristics can not guarantee optimality and the degree of

inefficiency (sensu Pressey and Nicholls 1989a) depends on the data and decision
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rules used in heuristic method and it is often 0-10 percent (Church et al. 1996, Csuti
et al. 1997, Pressey et al. 1997). Greedy heuristics select units according to their
objective function value, and the unit having the best value is always chosen. Land

acquisition can be based on this selection order.

3.3.2 Linear and mixed integer programming

Linear programming (LP) was for the first time used in reserve selection by Cocks
and Baird (1989). Reserve selection problems are mixed integer programming (MIP)
problems and most MIP solvers use branch and bound (B & B) methods to find
optimal solutions (Achterberg et al. 2005). Other techniques are branch and cut
(Mitchell 2001a, Padberg 2001), and cutting plane (Mitchell 2001b, Marchand et al.
2002), for example. To illustrate the functioning of the B & B method we use the MSP
problem. Selection variables y,, ..., y; are binary variables. Solving linear problems
without integer restrictions but with restrictions y; € [0,1] usually produces non
integer y; values between zero and one. The B & B method is based on a best - first
tree search. The root node is the relaxation of original MIP problem into a LP problem
without binary restrictions. In generic B&B implementations two child nodes are
generated and inserted to the search tree; one with restriction y,=0 and the other with
y=1. The B & B method passes the search tree and keeps track of the so far best MIP

solution. Solving an LP problem in a node has three possible outcomes:

1. The node is infeasible for the LP problem. This means that no search down from
this node is needed. If the node is root, then there is no solution for the original MIP
problem.

2. The node is optimal for the LP problem, but infeasible for MIP problem. Some
restrictions y,; € {0,1} are violated. If the solution is better than the best found so far,
it is necessary to continue search and make a branch y,=0 and y,=1 with some k € I.
Then both substrees are searched.

3. The node is optimal for the LP problem and feasible for the MIP problem. If the
solution is better than best so far found, this replaces the best solution. The tree is also

pruned, i.e., nodes having worse or equal solution are removed.
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When the tree has fully been explored, the best found MIP solutions is also the
solution of original problem (Makkonen and Lahdelma 2006).

In the worst case the whole feasible area has to be examined, and the number of
branching is not know a priori. The method is sensible to the passing order of the
feasible region and several methods for partitioning strategies, branching variable
selection and subtree passing order selection have been developed (Lee and Mitchell
2001).

Although biologists knew, that heuristics do not always find an optimal solution
(Underhill 1994), most reserve selection optimization was done in 1980's and 1990's
with greedy heuristics. There were three major reasons for the predominant use of
heuristics (Pressey et al. 1996, 1997). First, heuristics have often proven to give almost
optimal solutions (sensu Pressey and Nicholls 1989a) (see also Willis et al. 1996, Csuti
et al. 1997). Secondly LP methods are not capable to solve realistic problems of large
size and complexity. The third reason is that LP methods solve problems too slowly
and it takes hours or days to get a solution to the problem.

Rodrigues et al. (2000a) showed that in some cases heuristics have given
solutions having objective function values up to 40% larger than the optimum,
although in these cases heuristics have been used incorrectly (see Saeterdal et al.
1993). Rodrigues and Gaston (2002) also showed that a problem of a typical size with
hundreds of decision variables is solvable within seconds using LP solver CPLEX
(ILOG 1999), although CPLEX did take with some problems up to 29 hours with
Pentium II PC to find a global optimum.

Often there are several alternative optimal solutions to MSP and MCP problems.
LP methods typically find only one of these and other equally good solutions are not
discovered. Arthur et al. (1997) present a method to find all optimal solutions. They
defined new parametersy;, y,;, ..., where the first index is the number of subsequent
solution and the second index is the number of the unit. They restrict all earlier found
solutions with a set of new constraints, where y;=1, i=1..I, if unit i is selected in the

|
tirst solution, otherwise y,;=0. Then a new constraintz yii< p-1 isused for MCP
i=1

formulation together with (5). The constraint limits new solutions to contain at most
p-1 units from the first (previous) solution. New parameters y,;, v, ... are added as
long as new equally good solutions are found. Often these equally good solutions

consist of almost equal sets of units. There may be a set of units, that are in every
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solution. They are called irreplaceable. Irreplaceability, how some units in a reserve
network can not be replaced by others, depends on the number of different solutions
and the sets containing particular units. This problem is studied in detail by Ferrier

et al. (2000), see alsoTsuji and Tsubaki (2004) for new approaches.



4 NEW HEURISTIC METHODS

This section describes two new heuristic methods, a greedy drop method (see Silver
2004) most common (MC) (I) and greedy spatial optimizer (GSO) (II, III) and
illustrates how they work in reserve selection. First, greedy drop method is
introduced. This method works opposite to common greedy methods. It starts with
all selection units selected and removes units from a network until some restriction

is violated.
4.1 Greedy drop method

Establishment of a reserve network often takes tens of years, for example plans for
the Finnish national park network have been made in the 1920's, 1930's, 1950's, 1970's
(anon 1976) and still some new national parks are being plannned. Even smaller scale
reserve networks may take years to be completed. It is possible that during the
establishment of reserve networks some areas may become unavailable or their
quality as a reserve decreases (see Drecsler 2005). Thus we need to know which units
outside the planned reserve network could compensate these unavailable units. The
motivation to develop most common (MC) was to give an order to those selection
units that are not in the reserve network selected by MSP (see Alidaee et al. 2001). MC
gives an ordered list of areas, that can be used while seeking candidates to replace
these unavailable areas (see Moilanen et al. 2005). MC can give different solutions to
areserve network selection problem from what commonly used greedy heuristics do
(Tanskanen 1996a, 1996b) and also different types of selection rules can be applied.

Let us assume, that we have presence - absence data of features in a matrix A,
a;=1 if feature j is present in unit i, otherwise a;=0. We have two objective functions,

tirst to keep the rarest feature in each unit in the reserve network as widely
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distributed (common) as possible. Secondly, we maximize biodiversity score. We

define biodiversity score as a sum of rarity scores of each selection unit. Rarity score

|
for featurejis 1/ri, where I = z aj, r>0 and rarity score is 0 when r;=0. Biodiversity
i=1

J

score b, is the sum of all rarity scores of features on it, bi = Z (1/ r)aj. The number
=1

|
of occurrences of feature jin selected unitsis z = Y. aiyi . Restrictions of the problem

i=1
are z zkj, j=1, ..., ], in other words feature j should be present in the reserve network
at least k; times, that is, feature j should be present in at least k; units. For simplicity

we suppose, that k;, ..., k; have equal value k.
Operation

Drop methods start with all candidate units as selected and in each iteration remove
the one having worst objective function value. MC uses a lexicographic order of
objective functions and thus it uses one objective function at a time and in case of a
tie it uses the next objective function to resolve a tie.

MC starts with all selection units marked as potentially selected, y,=1,i=1, ..., L.
These selection units are called candidate selection units until they are removed or
MC has stopped .

|
Step 1: MC calculates zj = Z ajyi j=1, ..., ], thatis, the number of occurrences of all
i=1

features among the non removed selection units.
Step 2: MC calculates for each selection unit i for which is y;=1 the number of

occurrences of the rarest feature present (a; > 0) in the selection unit i: s;=min(a; z,,

ApZy, -y Z; ayz), =1, ..., J.
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Step 3: Find the unit having highest value of s,. If there are several units with same
highest s, value, then apply second objective function: select among these units the

unit having highest biodiversity score b;.

Step 4: If min(s,, s,, ..., 5;) < k, MC terminates, because removing any selection unit
would make the rarest feature of the reserve network represented less than k times
and thus would violate the restrictions of the problem. If min(s,, s, ..., s;) > k, MC
removes the selection unit having the highest s, value by setting y,=0, where i is the
index of the removed selection unit. Then MC starts a new removal cycle from step
1.

Speed

MC can be very slow compared to greedy heuristics in a case where the final solution
contains very few selection units and is a small subset of the original selection unit
set I. In those cases greedy heuristics outperform MC in speed (Tanskanen 1996a,
1996b), but with today’s computing power this is not anymore so important and
solutions times are for practical size problems rather minutes than hours. MC can
remove all selection units having the same highest value s; > k in each cycle to
improve the speed of optimization. Multiple deletions can lead to a solution out of
the feasible region if the number of occurrences of the rarest feature falls under k,
min(s,, s, ..., 5;) < k. In this case MC cancels the last multiple deletion and continues
with single deletions. If the number of multiple deletions d is restricted by d < min(s,,

S, .-, Sp) - Kk, the solution stays in the feasible region.

Uses of the method

Sometimes decision makers can more easily define rules to exclude selection units
like MC does than to include them. Variants of MC can also be used to enhance the
resulting set of greedy heuristics. In this case the result set of greedy heuristics is the
starting set for MC and MC tries to remove selection units and thus improve objective
function value, that is the number of selection units. MC serves as a basic method for

MSP problems. In (I) a drop method was for the first time used in reserve selection.
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4.2 Greedy spatial optimizer

Integrating spatial features into reserve selection optimization started in the literature
with simple rules in ties like “select the site that is nearest in space to a site already
selected” (Nicholls and Margules 1993). They used a greedy lexicographic heuristic
optimization method and the spatial rule was the third rule in order to resolve ties.
Thus, this spatial rule may not have been used in optimization if ties were solved
with the second rule. This is the problem of greedy lexicographic heuristics, and the
spatial targets may be totally ignored depending on non spatial data (see Lombard
et al. 1995, 1997, Freitag et al. 1997).

Integrating spatial modelling and spatial optimization is challenging. While
spatial calculations are done with geographical information system (GIS) software

like Arcinfo (http://www.esri.com, 20.4.2005), optimization is done separately with

optimization software. Spatial values can be calculated before optimization and then
used in optimization. Possingham et al. (2000) minimized the length of the total
boundary of the reserve network. Boundary lengths between selection units were
calculated a priori with GIS. In Coda system (Bedward et al. 1992) the reserve
network is adjusted after optimization, for example to follow roads or ownership
boundaries. The reserve selection may need repeated optimization - spatial
examination cycles. This separation of spatial targets from optimization affects the
results and the decision maker’s abilities to control the problem setting. There are two
ways to avoid this, either to integrate optimization into GIS software (Hill et al. 2005)
or to integrate spatial properties to optimization software. GSO uses the latter
strategy by handling topologic structures during optimization.

Continuous areas or clusters of continuous areas in a reserve network are
important to plants or animals dwelling in reserves, because these areas form
reproduction or foraging ranges for them. Areas outside reserves may be hostile to
animals and plants dwelling in reserves. This is especially true in human dominated
fragmented landscapes (see Saunders et al. 1991). The importance of each continuous
area or cluster has been ignored in reserve selection so far, because spatial objectives
have been based on the features of a whole reserve network. This shortcoming led to
anew modelling of spatial targets. In our new model each continuous area or cluster
has its own spatial targets and thus objective functions. The number of continuous

areas or clusters is not know a priori and, thus, the number of objective functions is
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unknown before optimization. GSO was developed to integrate optimization - spatial

examination in reserve selection problems.

4.2.1 The spatial problem

We developed GSO to select a reserve network of old-growth forests in Northern
Finland owned by Forest and Park Service (II). These reserves were selected from
commercial and recreational forests. Results of reserve selection optimization were
used in definition of the reserve network. The reserve selection problem was defined
in conjunction with foresters and biologists from Forest and Park service. The problem
definition was based on data available in the GIS of Forest and Park Service. Later,
GSO was implemented to select a reserve network from forests owned by Stora-Enso
(III) and UPM.

Forest GIS contains following data groups. Location data contains borders of
selection units (stands). The information of wood production contains timber volumes
(diameter, height) by age and tree species, the amount of dead wood, operation
history and plans for timber production. Other features of stands stored in GIS are soil
properties, vegetation types, names and amounts of endangered species and real
estate properties. We define the reserve selection problem according to the data
available and the knowledge of the environmental needs of old forest dwelling
species.

The reserve selection problem is formulated as a mixture of generalized goal
programming problem and multiobjective optimization problem. The term goal is
used here in the sense of generalized goal programming, where constraints are part
of the goals (Ignizio 1983, Miettinen 1999). We call hard (rigid) goals those that are
also constraints and others (object functions) we call soft (flexible) goals. Goals are
divided into two groups, spatial goals and non spatial goals. All spatial goals are
defined as soft goals. Non spatial goals consists of hard goals, that are constraints of
the problem and possible soft goals that reflect the preferences of decision makers but
need not to be reached. Spatial goals are hidden in spatial function definitions and
thus they resemble normal objective functions of minimizing problem. Non spatial

objectives are part of a minimizing problem.
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4.2.2 Problem definition

The problem definition consists of non spatial and spatial parts. First we define non
spatial objectives and constraints. The non spatial objective is to minimize the cost of

a reserve network,

|
Minimize)_ cyi

i=1
as in MSP. Unlike in MSP, constraints of features | are divided into two separate
groups, soft and hard. We denote these sets by S and H, respectively. Constraints are

amounts of features heH in the reserve network

|
Zahin rm, foreachhOH, whereyi=0or1.
i=1

Soft constraints are like soft goals in generalized goal programming and we call them
soft goals. Goals seS form a set of objectives, where goals should be reached and no

penalty is paid for exceeding goals, we have

Minimize max(rs- ZI: asyi,0) , for sUS, whereyi=0or 1.
i=1
The set S can be empty and then the problem definition is like the one in MSP. Further
spatial goals are sizes of continuous areas, sizes of clusters and evenness of spatial
distribution of continuous areas. Here we have only one spatial function of each type,
but there could be separate functions for example for different forest types, swamps
or meadows.

Decision makers define preferred sizes of continuous areas with the function f:
R-R. It is a function of the size of continuous area k in the reserve network, A(Ca,).
In (II), we set the goal for the size of continuous areas to be between 100 and 200 ha
as mentioned before, further details and biological justification can be found in (II).
Function f, was increasing from 0 to100 ha, constant between 100 and 200 ha and

decreased with areas over 200 ha. We maximize f, with each candidate continuous

area by defining a set of objectives: Maximize fa(A(Ca)), K ONA,
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where NA is the set of continuous areas in the reserve. The number of continuous
areas Na is not known a priori. The number of objectives is Na.

Function f,;:R~R describes decision makers’ preference of the size of clusters. On
biological grounds we can assume, that this function is a non-decreasing function of
the size of a cluster. The larger cluster and connectivity, the better reserve network is

for many plants and animals. For all cluster we have objectives

Maximize fo(A(Cli), | ONL.

The number of objectives Nl is not known a priori. The preferred size of a cluster is
larger than that of a continuous area, hence, clusters should consist of several
continuous areas.

We define evenness of reserve network by d;., the minimum distance from one
continuous area to its closest neighbour. Smaller sum of d;. indicates more clustered
distribution of continuous area and the sum will be 0 with only one continuous area.
Decision makers define function f;: R-R, as a function of d,. to describe their
preferences to this distance. The goal can be to distribute selected areas over all parts
of the planning area. Then f{; is an increasing function of d;. The objectives are to
maximize f; with each continuous area,

Maximize fa(dk), k ONA,

the number of objectives Na is not know a priori.

The problem is as converted to a minimizing problem

|
Minimize)_ ayi, (10)
i=1
|
Minimize max(rs- Y, asy;,0), for eachsOS, (11)
i=1
Minimize- f«(A(Ca)), foreach k O NA, (12)

Minimize- fg(A(Clh)), foreach | O NL, (13)
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Minimize- fa(dk+), for each k O NA, (14)

|
subject to ), anyi > r, foreachhOH ,whereyi= 0or 1. (15)

i=1

4.2.3 An overview

GSOis a greedy iterative heuristic optimizer which adds selection units to the reserve
network according to their value for the reserve network that has been so far created
during the selection process. The value of a candidate selection unit is calculated as
aweighted sum of spatial and non spatial objective function values of each candidate
selection unit that is divided by the cost of the selection unit. In this way we can
compare values per cost and handle on equal terms units of different sizes or prices.
GSO wuses three types of spatial objective functions in reserve selection. The first
spatial objective function is continuous area function based on the size of a continuous
area. The second is connectivity function measuring the increase of a cluster and third
is isolation function measuring the increase of evenness of distribution locations of
continuous areas. Spatial objective functions are calculated for each candidate
selection unit using the continuous area and the cluster, that it would belong to. In the
selection process typically hundreds or thousands of spatial objective functions are
calculated and results are compared in each iteration. The selection unit that has
greatest value in each iteration is added to the reserve network and thus GSO makes

locally best selection during selection process.
4.2.4 Operation

GSO operates by adding one candidate selection unit to the reserve network in each
iteration.

Decision makers give a priori the non spatial goalsr,, ...,1; of features 1, ...,J. These
goals are assumed to be minimum levels of features in the reserve network and, thus,

there is no penalty of exceeding goals. After n iterations n selection units have been
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| |

selected: Z yi = n,and the present achievement of goal jis [ = Z ajyi . Iffeaturejhas
i=1 i=1

p; < r;, we define the gap of feature j to be r-p;. To make gaps of different features

comparable to each other we normalize them by dividing with r, and we get a

normalized gap (ri- p)/ 1i . Each candidate selection unit i has the amount a; of the

teature j. In the selection of a candidate unit GSO considers only the part of a;, that

ij/
would not exceed T, that is min(ai, ri— p;) / ri. Then we consider only those features

that are not yet fulfilled ( p; < r,) with already selected selection units by taking only
positive normalized gaps max[(mi n(aj, ri- pi)/ rj),O] )

Some features may be reached faster than others. Features may be correlated in
candidate selection units. This correlation means that features k, 1 €] exist in same
selection units more often than would be assumed by random distribution of features
among selection units 1, ..., . We assume a situation where the normalized gap of
teature k (r,-p,) /1, is small and positive. The normalized gap of feature l is relatively
large compared to the normalized gap of k. The correlation of features 1 and k may
lead to large excess of feature k. Selection units containing feature I are selected after
the goal of feature k is reached, and selection units having feature 1 have often also
feature k. To avoid this we introduce a dynamic weight (1-p;/r)) for each featurej, that
goes from one to zero while the amount of feature j in the reserve network p; reaches
its goal r;. This dynamic weight balances the speed by which different goals are
reached during iterative adding process.

Decision makers have to define non-negative weights w,, ..., w; a priori for all
goals 1, ..., J, zero weight omits the goal from optimization, positive values support
goals. Zero values can be used for evaluation purposes, and to test changes in decision
maker’s preferences without changing goals (Miettinen 1994, Romero 2001). Weights
may reflect importance of objective to decision makers but also marginal rates of
substitution between objective functions as in many optimization methods (Miettinen
1999). In the latter case a low weight may reflect decision makers willingness to
exchange a larger amount of decrease in this objective to smaller amount of increase

in a higher weighted objective.
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The weighted amount of non spatial features of a candidate selection unit i is

g = ZJ: wi(1- pi/ )max((minagri- p)/r),0)  (16).

=1

We call q; the non spatial value of selection unit i.
There are three spatial objective functions: Continuous area function f,,
connectivity function f. and isolation function f;. Decision makers define these

objective functions a priori.
Continuous areas

Function f;:R-R is the objective function measuring the intended size of continuous
area Ca. Decision makers define their preferences of sizes of any continuos area in the
reserve network with function f,. Let us assume, that the candidate selection uniti is
selected. The candidate selection unit i belongs to certain continuous area Ca of
already selected areas. If no neighbours of i are already selected, the continuous area
Ca contains only selection unit i. The value of f, for selection uniti is calculated with
thisarea A(Ca). The area A(Ca) where i belongs can change while new candidate areas
are selected in the iterative process. A candidate selection unit i would belong to the
continuous area Ca,, if it where added. After adding unitiwe denote this new larger
continuous area by Ca,,;. We calculate the size of the continuous area it would belong
before A(Ca,) and after adding this particular selection unit i, A(Ca,,;). The

continuous area objective function is for each candidate selection unit

fa(A(Cac+1)) - fa(A(Caq)), i U1,k O NA  Na often changes when new selection units

are added to the reserve network. Na decreases when the selection unit i joins two or
more continuous areas together. Na increases when the selection unit i creates a new
continuous area.

We use the difference of f, values before and after possible selection of candidate

selection unit to guide the selection to produce continuous areas of preferred size.
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FIGURE 2 The selection unit 4 creates a cluster containing continuous areas1-4 with inter area distance

md
Connectivity

Let us assume that a candidate selection unit i is selected and the cluster it belongs is
Cl,. We denote the area difference of cluster Cl, the selection unit i belongs to and
largest cluster that originate from Clif unitiis removed from the reserve network by
AA(Cly,).

Connectivity of selection unit i is measured as absolute value of area difference
AA(Cly,;). The connectivity depends on which candidate units are selected to the
reserve network and may change during iterative adding of candidate units. The
smallest change is A(i), the area of a candidate unit i.

In Figure 2 candidate selection unit 4 would make one large cluster containing
continuous areas 1-4. Before adding selection unit 4 the largest cluster were
continuous area 2, because all distances between continuous areas 1-3 were longer
than md. Thus the area difference of cluster 2 to which 4 would belong is
AA(CL,)={A1)+A(2)+ A(3)+A(4)-A(2)}=A(1)+A(3)+A(4). Decision makers define their
preferences for this connectivity potential with object function f_: R-R. Increasing
function f_ of AA(CI) supports large clusters. This is some different from objective
function f,, that describes the preferred sizes of clusters. We assume that decision
makers prefer forming large clusters. Thus we optimize the increase of the cluster size

instead of the size of a cluster. In every iteration we calculate for each candidate

selection unit the connectivity value fa(AA(Clk+i)), 101,k ONL.

Isolation
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Isolation of a candidate selection unit i is defined as the distance to closest already
selected selection unit d,. Isolation objective function f; : R-R, a function of d,
increases evenness of spatial distribution of continuous areas when £, is an increasing
function of d.. Then, f, gives higher objective function values to those selection units
that are far away from any already selected selection unit. This also serves as a
generator for new continuous areas and favours stepping stone creation in the middle
of two continuous areas. This is especially important in creating stepping stones when

distances between continuous areas are over two times md, the maximum inter cluster

distance. The isolation objective function valueis fa(d+i), i U I and itis calculated for

each i in each iteration.
Spatial weights

Decision makers give also a weight for each spatial objective function. These weights
reflect the importance of each spatial goal. These weights are called wa for continuous
area function f,, wc for connectivity function f. and wd for isolation function f,.
Decision makers define the relative importance of different spatial goals with wa, wc,
wd. Changes of spatial weights can have a remarkable effect on results, see Siitonen

et al. (2003). The spatial value of candidate selection unit i is
s = wafa(A(Cay) + wcf(AA(Cli)) + wdfa(din)  (17) .

GSO calculates s, for each candidate selection unit. Functions f,, f. and f; need
to be defined for all parameter values of A(Ca), A A(Cl) and d,,, respectively, but no
assumptions of continuity of functions f£,, f. and £, is needed. Examples of function
definitions are given in II and IIL

Decision makers define how spatial objectives are compared with non spatial
objectives a priori with a total spatial weight ws. It is the weight of spatial goals
relative to one, the weight of non spatial objectives. Unlike other spatial weights, ws
is recalculated after each iteration. The actual value of ws after n iterations is, for all

candidate selection units

Ws» = ws(max(qk) / max(sm)) -
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Maximum is used here, because greedy methods select the area having the best
objective function value. This dynamic scaling is done because on the average the non
spatial objective function values q, ..., q; decrease during selection process and
spatial objective values s, ..., s; usually increase at the beginning of optimization. The
decrease of q; comes from the dynamic weighting of non spatial objectives and
decreasing gain ratios of GS50O. GSO chooses always the selection unit having best
objective function value. Increase of s, ..., s; comes from spatial functions. First units
selected cannot have high connectivity or continuous area values because almost no
selection units are selected. If spatial goals are almost reached, on the averages, ..., s|
starts to decrease depending on definitions of £, f_and f;. Thus, fixed ws would not
reflect the decision maker’s opinion, but merely a stronger spatial weighting iteration
after iteration. With dynamic ws_ decision makers can decide spatial and non spatial
weights separately.

The costs of selection units ¢, , ..., ¢; are given a priori. GSO selects in each
iteration the candidate selection unit having larges value of weighted sum where

spatial (17) and nonspatial (16) objective functions are divided by cost, in other words

WSS+ g : L . ,
0i = — . The value o, changes in each iteration for a candidate selection
G
unit i, because the achievement of goals changes and spatial arrangement of already
selected selection units changes.

The iterative adding of candidate selection units stops, when the reserve network

H
fulfills restrictions: Z max((rn— pn),0)= O or no candidate unit supports hard goals
h=1

| H
Z ((1- yi)z an) = 0. The drawback of greedy heuristics is that they may continue
i=1 h=1
to iterate with only one or few restrictions violated and include new selection units.
This may lead to a situation where the amount of many features h in the reserve
network are larger than r, It is possible, that some selection units could be removed
from the reserve network without violating restrictions and resulting with an

improved objective function value. This was shown with a bidirectional variant of
GSO (Tanskanen 2000).
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In practice one or more meetings have been arranged before applying
optimization methods to the reserve selection problem. In these meetings foresters
and biologists have described their targets and restrictions for the problem. These
partly verbal descriptions of the problem have been translated to a numerical form in
cooperation with them. We have used the data available in forestry GIS and specified
the optimization problem based on that data. The forestry GIS data was collected for
other purposes such as wood production and forest planning. Certain data, including
distribution of endangered species was not systematically collected over planning
area. Therefore, false negatives must be considered while applying optimization and
when interpreting results of optimization. No data collection or field surveys were
done specially for these optimization exercises.

GSO was used in real life planning situations and we did produce several
scenarios for decision makers. These scenarios differed in constraints and weights, and
they were named as ‘ecological” with aims to get more reserves, or ‘commercial’
preferring more wood production. Spatial preference varied from some large
continuous areas to several small (see SLOSS debate in Haila and Kouki 1994,

Berglund and Jonsson 2003) . Examples of applying GSO are found in II and III



5 CONCLUSIONS

Optimization in reserve selection has evolved during last twenty years. The first ten
years were mainly testing of greedy heuristic methods in new situations. During the
last ten years, the complexity of reserve selection problems has increased and new
optimization methods have been employed. There are currently two major ways to
optimize reserve selection, LP/MIP and greedy heuristics. The development of
LP/MIP methods is carried out outside the conservation community for all purpose
use, but new variants of heuristics have been developed in connection with reserve
selection problems. Thus, conservationists are more familiar with heuristics which
affects the selection of optimization methods in reserve selection.

The problem of reserve selection varies with biological targets, location and size
of the area concerned, data available, land-use conflicts and other factors. The
diversity of cases supports several different methods for reserve selection
optimization. LP/MIP is preferred when problems are easily solvable, but there is still
use for heuristics and other methods especially with spatial goals. In forestry,
heuristics have partly replaced LP/MIP since 1990's due to new spatial and
environmental constraints and objectives (Bettinger and Chung 2004), an example of
spatial heuristics is in Kangas et al. (2000). For example, the drop method, a variation
of greedy heuristics, was further developed to a spatial optimizer (Cabeza et al. 2003).

When we developed a new heuristic method for the spatial reserve selection the
following arguments were expressed by the research team. First, it should consider
different spatial aspects simultaneously. Second, it should be able to solve the real size
problems with modest PC computer in a reasonable time. Third, it should be able to
produce different scenarios depending on decision makers needs fairly easily. Fourth,
it should be able to use GIS data of features and location information as easily as

possible. Location information was too large to be used directly during optimization
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and distance calculation was found to be too slow. Thus our solution was to calculate
distance and size matrixes a priori and use these matrixes in optimization. Other
above listed arguments were fulfilled, although no user interface for GSO was
implemented.

Especially novel idea of GSO is the implementation of spatial objectives. The
continuous area function f, controls the size of selected areas and has an effect on the
proportional amount of the core. The connectivity function f_ creates corridors and
stepping stones to increase colonization and movement between reserves (MacArthur
and Wilson 1963, Diamond 1975, Helliwell 1976, Cook 1995, Hanski 1999, Briers
2002). The isolation function f; constrains the reserve network to a more even
distribution of reserves. These spatial goals are favoured with functions defined in II
and III, but changing the function definitions alters spatial objectives. The ecological
background of the chosen spatial functions is presented in detail in II and III.

Future challenges include deeper integration of spatial properties to GSO to
handle more complex spatial goals. The development of dynamic weights (Tanskanen
2000) and stochastic selection as in simulated annealing would improve the
performance of GSO. The method’s sensitivities to different weight settings need more
detailed research. The results of (III) show clearly that altering weights produces
remarkably different solutions and also reflects the preferences of decision makers.
Furthermore, method’s capability of finding different good solutions by adjusting
weights must be considered.

The gap between theory and practice is noticeable even after all the development
in reserve selection optimization. New methods have not been used enough in
practice and more cooperation between scientists and conservation practitioners is
needed (Prendergast et al. 1999). This is the major challenge in the nearest future,
because the speed of nature destruction is so high and we do not have much time left.
In future climate change may change optimal location of reserves in a way we can not
precise estimate(Pyke et al. 2006). This is due rising temperatures, changing
precipitation and rising sea-level that affect biotas. An example of thisis a seal reserve,

that in future lies under sea-level.



LITERATURE CITED

Achterberg, T., Koch, T., Martin, A. 2005. Branching rules revisited, Operations
Research Letters, 33, 42-54.

Ackery, P.R., Vane-Wright, R. I. 1984. Milkweed butterflies, British Museum (Natural
History), London.

Alidaee, B., Kochenberger, G. A., Amini, M. M. 2001. Greedy solutions of selection and
ordering problems, European Journal of Operational Research, 134, 203-215.

Andelman, S. J.,, Willig, M. R. 2003. Present patterns and future prospects for
biodiversity in the Western Hemisphere, Ecology Letters, 6, 818-824.

Andreasen, J. K., Neill, R. O. V., Noss, R., Slosser, N. C. 2001. Considerations for the

development of a terrestial index of ecological integrity, Ecological Indicators, 1, 21-35.

Ando, A., Camm, ]., Polasky, S., Solow, A. 1998. Species Distributions, Land Values,
and Efficient Conservation, Science, 279, 2126-2128.

Anon. 1976. Kansallispuistokomitean mietintd. Komiteamietintd 1976: 88. Valtion

painatuskeskus, Helsinki. (in Finnish)

Aratjo, M. B., Williams, P. H. 2000. Selecting areas for species persistence using

occurrence data, Biological Conservation, 96, 331-345.

Aratjo, M. B., Denshamn, P. J., Lampinen, R., Hagemeier, W. ]J. M., Mitchell-Jones, J.
P., Casc, J. P.,, Humpries, C. J. 2001. Would envinronmental diversity be a good
surrogate for species diversity?, Ecography, 24, 103-110.

Aratjo, M. B., Williams, P. H., Fuller, R. ]J. 2002. Dynamics of extinction and the

selection of nature reserves, Proc. R. soc. London B, 269, 1971-1980.



55

Arthur, ].L., Hachey, M., Sahr, K., Huso, M., Kiester, A. R. 1997. Finding all optimal
solutions to the reserve site selection problem: formulation and computational

analysis. Environmental and Ecological Statistics, 4, 153-165.

Atmar, W., Patterson, B. D. 1993, The measurement of order and disorder in the

distribution of species in fragmented habitat, Oecologia, 96, 373-382.

Balmford, A., Long, A. 1995. Across-Country Analyses of Biodiversity Congruence
and Current Conservation Effort in the Tropics, Conservation Biology, 9, 1539-1547.

Bedward, M.., Pressey, R. L., Nicholls, A. O. 1991. Scores and Score Classes for
Evaluation Criteria: A Comparison Based on the Cost of Reserving all Natural

Features. Biological Conservation, 56, 281-294.

Bedward, M., Pressey, R. L., Keith, D. A. 1992. A new approach for selecting fully
representive reserve networks: addressing efficiency, reserve design and land

suitability with an iterative analysis, Biological Conservation, 62, 115-125.

Berglund, H., Jonsson, B. G. 2003. Nested plant and fungal communities; the
importance of area and habitat quality in maximizing species capture in boreal old-

grwth forests, Biological Conservation, 319-328.

Bertomeu, M., Romero, C. 2001. Managing forest biodiversity: a zero-one goal

programming approach, Agricultural Systems, 68, 197-213.

Bettinger, P., Graetz, D., Boston, K., Sessions, J., Chung, W. 2002. Eight Heuristic
Planning Techniques Applied to Three Increasingly Difficult Wildlife Planning
Problems, Silva Fennica, 36, 561- 584.

Bettinger, P., Johnson, D. L., Johnson, K. N. 2003. Spatial forest plan development with
ecological and economic goals, Ecological Modelling, 169, 215-236.



56

Bettinger, P., Chung. W. 2004. The key litterature of, and trends in, forest-level
managment planning in North America, 1950-2001. International Forestry Review, 6,
40-50.

Bevers, M., Hof, J. 1999. Spatially Optimizing Wildlife Habitat Edge Effects in Forest

Management Linear and Mixed-Integer Programs, Forest Science, 45, 249-258.

Bogaert, J., Rousseau, R., Van Hecke, P., Impens, I. 2000. Alternative area-perimeter
ratios for measurement of 2D shape compactness of habitats, Applied Mathematics
and Computations, 111, 71-85.

Briers R. A. 2002. Incorporating connectivity into reserve selection procedures,

Biological Conservation, 103, 77-83.

Bunn, A. G., Urban, D. L., Keitt, T. H. 2000. Landscape connectivity: A Conservation

application of graph teory, Journal of environmental Management, 59, 265-278.

Burgman, M. A., Keith, D. A, Rohlf, F.]., Todd, C. R. 1999. Probabilistic classification

rules for setting conservation priorities, Biological Conservation, 89, 227-231.

Cabeza, M. 2003. Habitat loss and connectivity of reserve networks in probability

approaches to reserve design, Ecology Letters, 6, 665-672.

Cabeza, M., Moilanen, A. 2001, Design of reserve networks and the persistence of

biodiversity, Trends in Ecology and Evolution, 16, 242-248.

Cabeza, M., Moilanen, A. 2003. Site-Selection Algorithms and Habitat Loss,
Conservation Biology, 17, 1402-1413.

Cabeza, M, Aratjo, Wilson, Thomas, Cowley and Moilanen, 2004, Combining
probabilities of occurrences with spatial reserve design, Journal of Applied Ecology,
41, 252-262.



57

Cabeza, M., Moilanen, A., Possingham, H. P. 2004. Metapopulation dynamics and
reseve network design, In Ecology, Genetics and Evolution of Metapopulations,

Hanski, I., Gaggiotti, O., (eds), Academic Press.

Camm, J. D., Polasky, S., Solow, A., Csuti, B. 1996. A note on optimal algorithms for

reserve site selection. Biological Conservation, 78, 353-355.

Chen, X, Li, B-L., Scott, T. A., Tennant, T., Rotenberry, J. T., Allen, M. F. 2005, Spatial
structure of multispecies distributions in Southern California, USA, Biological
Conservation, 124, 169-175.

Church, R. L., Stoms, D. M., Davis, F. W. 1996, Reserve selection as a maximal

covering location problem, Biological Conservation, 76, 105-112.

Clemens, M. A., ReVelle, C. S., Williams, ]J. C. 1999. Reserve design for species

preservation, European Journal of Operational Research, 112, 273-283.

Coates, D. J., Atkins, K. A. 2001. Priority setting and the conservation of Western

Australia's diverse and highly endemic flora, Biological Conservation, 97, 251-263.

Cocks, K. D., Baird I. A. 1989. Using mathematical Programming to Address the
Multiple Reserve Selection Problem: An Example from the Eyre Peninsula, South

Australia, Biological Conservation, 49, 113-130.

Colyvan, M., Burgman, M. A, Todd, C. R., Akcakaya, H. R., Boek, C. 1999. The
treatment of uncertainty and the structure of the IUCN threatened species categories,
Biological Conservation, 89, 245-294.

Cook, R. R. 1995. The relationship between nested substes, habitat subdivision, and
species diversity, Oecologia, 101, 204-210.

Costello, C., Polasky, S. 2004. Dynamic reserve site selection, Resource and Energy
Economics, 26, 157-174.



58

Coulson, T., Mace, G. M., Hudson, E., Possingham, H. 2001. The use and abuse of
population viability analysis, Trends in Ecology and Evolution, 16, 219-221.

Cova, T. J., Church, R. L. 2000. Exploratory spatial optimization in site search: a
neighborhood operator approach, Computers, Envinronment and Urban Systems, 24,
401-419.

Cox, J., Engstrom, R. T. 2001. Influence of the spatial pattern of conserved lands on the
persistence of a large population of red-cockaded woodpeckers, Biological
Conservation, 100, 137-150.

Crossman, N.D., Bryan, B.A. 2006. Systematic landscape restoration using integer

programming. Biological Conservation, 128(3), 369 - 383.

Csuti, B., Polasky, S., Williams, P. H., Pressey, R. L., Camm, J. D., Kershaw, M.,
Kiester, A. R. Downs, B., Hamilton, R., Huso, M., Kevin, S. 1997. A comparison of
reserve selection algorithms using data on terrestial vertebrates in Oregon, Biological
Conservation, 80, 83-97.

Cutler, A. 1991. Nested Faunas and Extinction in Fragmented Habitats, Conservation
Biology, 5, 496-505.

Cutler, A. 1994. Nested biotas and biological conservation: metrics, mechanism, and

meaning of nestedness, Landscape and Urban Planning, 28, 73-82.

Davis. L. (ed.) 1991. Handbook of genetic algorithms, Van Hostrand, Reinhold.

Debinski, D. M.., Holt, R. D. 2000. A survey and overview of habitat fragmentation
experiments. Conservation Biology 14(2): 342-355.

Diamond, J. M. 1975. The island dilemma: lessons of modern biogeographic studies

for the design of natural reserves, Biological Conservation, 7, 129-146.

Diamond, J. M. 1986. The design of a nature reserve system for Indonesian New



59

Guinea, in Conservation Biology, The science of Scarcity and Diversity, Soule, M. E.

(ed). pp 19-34, Sinauer Associates, Sunderland.

Diaz-Balteiro L., Romero, C. 2004. Sustainability of forest managment plans: a discrete

goal programming approach, Journal of Environmental managment, 71, 351-359.

Drechsler, M. 2005, Probabilistic approaches to scheduling reserve selection ,
Biological Conservation, 122, 253-262.

Drechsler, M., Wissel, C. 1998. Trade-offs between local and regional scale

management of metapopulations, Biological Conservation, 83, 31-41.

Erasmus, F. N., Freitag, S., Gaston, K. J., Erasmus, B. H., van Jaarsveld, A. S. 1999,
Scale and conservation planning in the real world, Proc. R. soc. London B, 266, 315-
319.

Eurola S., Kaakinen, E. 1978. Suotyyppiopas, WSOY, Porvoo.

Fahrig, L. 2001. How much is enough?, Biological Conservation, 100, 65-74.

Fairbanks, D. H. K., Reyers, B., van Jaarsveld, A. S. 2001. Species and environment
representation: Selecting reserves for the retention of avian diversity in KwaZulu-
Natal, South Africa, Biological Conservation, 98, 365-379.

Faith, D. P., Walker, P. A. 1996, How indicator groups provide information about the
relative biodiversity of different sets of areas?: on hotspots, complementarity and

pattern-based approaches, Biodiversity Letters, 3, 18-25.

Ferrier, S., Pressey, R. L., Barrett, T. W. 2000. A new predictor of the irreplaceability
of areas for achieving a conservation goal, its application to real-world planning, and

a research agenda for further refinement, Biological Conservation, 93, 303-325.

Fitzsimmons, M. 2003. Effects of deforestation and reforestation on landscape spatial

structure in boreal Saskatchewan, Canada. Forest Ecology and Managment, 174, 577-



60

592.

Frankel, O. H., Soulé, M. E. 1981. Conservation and evolution, Cambridge University
Press, Cambridge, UK.

Freitag, S., van Jaarsveld, A. S. 1998, Sensitivity of selection procedures for priority
conservation areas to survey extent, survey intensity and taxonomic knowledge, Proc.
R. soc. London. B, 265, 1475-1482.

Freitag, S., van Jaarsveld, A.S., Biggs, H. C. 1997, Ranking priority biodiversity areas:

aniterative conservation value-based approach, Biological Conservation, 82, 263-272.

Fuller, T., Sarkar, S. 2006. LQGraph: A software package for optimizing connectivity

in conservation planning, Environmental Modelling & Software, in press.
Gaston K. J. 1994. Rarity, Chapman and Hall, London.

Gaston, K. J.,, Rodrigues, A. S. L. 2002. Reserve selection in regions with poor

biological data, Conservation Biology, 17, 188-195.

Gilpin, E. M., Soulé. M. E. 1986. Minimum viable populations: processes of species
extinction, in Conservation Biology, The science of Scarcity and Diversity, Soule, M.

E. (ed). pp 19-34, Sinauer Associates, Sunderland.

Gotmark, F., Ahlund, M., Eriksson, M. O. 1986. Are Indices Reliable for Assessing
Conservation Value of Natural Areas? An Avian Case Study, Biological Conservation,
38, 55-73.

Haila, Y., Kouki, J. 1994. The phenomenon of biodiversity in conservation biology,

Annales Zoologici Fennici, 31, 5-18.

Haila, Y., Hanski, I. K., Niemeld, J., Punttila, P., Raivio, S., Tukia, H. 1994. Forestry and
the boreal fauna: matching management with natural forest dynamics, Annales
Zoologici Fennici, 31, 187-202.



61

Hamaide, B., ReVelle, C. S., Malcolm, S. A. 2006. Biological reserves, rare species and
the trade-off between species abundance and species diversity, Ecological Economics,
56, 570-583.

Hanski, I. 1999. Metapopulation ecology, Oxford Univeristy Press, Oxford.

Hanski, I. 2000. Extinction debt and species credit in boreal forests: modelling the
consequences of different approaches to biodiversity conservation, Annales zoologici
Fennici, 37, 271-280.

Harrison, S. & Bruna, E. 1999. Habitat fragmentation and large-scale conservation:
what do we know for sure?, Ecography 22(5): 225-232.

Hess, G. R., Koch, F. H., Rubino, M. J., Eschelbach, K. J., Drew, C. A., Favreau, J. M.
2006. Comparing the potential effectiveness of conservation planning approaches in
Central North Carolina, USA, Biological Conservation 128, 358-368.

Helliwell, D. R. 1976. The extent and location of nature conservation areas,

Environmental Conservation, 3, 255-258.

Hill, M. ]., Braaten, R., Veitcs,S. M., Lees, B. G., Sharma, S. 2005. Multi-criteria decision
analysis in spatial decision support: the ASSESS analytic hierarchy process and the
role of quantitative methods and spatially explicit analysis, Environmental modelling
& software, 20, 955-976.

Hof, J., Flather, C. H. 1996. Accounting for connectivity and spatial correlation in the
optimal placement of wildlife habitat, Ecological Modelling, 88, 143-155.

Hof, ]J., Bevers, M. 1998. Spatial optimization for managed ecosystems, Columbia

University Press, New York.

Hof, J., Bevers, M. 2000. Direct spatial optimization in natural resource managment:

Four linear programming examples, Annals of Operations Research, 95, 67-81.



62

Howard, P. C., Viskanic, P., Davenport, T. R. B., Kigenyi, F. W., Balzer, M., Dickson,
C.J.,Lwanga,]. S., Matthews, R. A., Balmford, A. 1998. Complementarity and the use

of indicator groups for reserve selection in Uganda, Nature, 394, 472-475.

Ignizio, J. P. 1983. Generalized Goal Programming: An Overview, Computers &
Operations research, 10, 277-289.

ILOG, 1999. CPLEX 6.5, ILOG, Gentilly, France.

IUCN, 1994. IUCN Red List Categories, IUCN, Gland.

IUCN, 1996. IUCN Red List of Threstened Animals, IUCN, Gland.

Jackson, S. F., Kershaw, M., Gaston, K. J. 2004. The performance of procedures for
selecting conservation areas: waterbirds in the UK, Biological Conservation, 118, 261-
270.

Jansson, G. 2002. Scaling and habitat proportions in relation to bird diversity in

managed boreal forests, Forest Ecology and Management, 157, 77-86.

Jarvinen, O. 1985. Conservation indices in land use planning: dim prospects for a

panacea. Ornis Fennica, 62, 101-106.

Jongman, R. H. G. 1995. Nature conservation planning in Europe: developing

ecological networks, Lanscape and Urban Planning, 32, 169-183.

Kangas, A. S., Kangas, J., Lahdelma, R., Salminen, P. 2005. Using SMAA-2 method
with dependent uncertainties for strategic forest planning, Forest policy and

Economics, in press.

Kangas J., Sore, R., Leskinen, P., Mehtdtalo, L. 2000. Improving the quality of
landscape ecological forest planning by utilising advanced decision-support tools,

Forest ecology and Managment, 132, 157-171.



63

Kerr, J., Currie, D. 1995. Effects of Human Activity on Global Extinction Risk,
Conservation Biology, 9, 1528-1538.

Kingsland, A. E. 2002. Creating science of nature reserve design: Perspective from

history, Environmental Modelling and Assessment, 7, 61-69.

Kirkpatrick, J. B. 1983. AnIterative Method for Establishing Priorities for the Selection

of Nature Reserves: An Example From Tasmania, Biological Conservation, 25,127-134.

Kirkpatrick, S., Gelatt, C. D., Vecchi, M. P. 1983. Optimization by Simulated
Annealing, Science, 220, 671-680.

Kurttila, M., Pukkala, T., Loikkanen, J. 2001. The performance of alternative spatial
objective types in forest planning calculations: a case for flying squirrel and moose,

Forest Ecology and Managment, 166, 1-16.

Larson, B. D., Sengupta, R. R. 2004. A spatial decision support system to identify
species-spacific critical habitats based on size and accessibility using US GAP data,
Environmental Modelling & Software, 19, 7-18.

Laurance, W. F. 2000. Do edge effects occur over large spatial scales?, Trends in
Ecology and Evolution 15(4): 134-135.

Lee, E. K., Mitchell, J. E. 2001. Branch-and_bound Methods for Integer Programming,
in Encyclopedia of Optimization, Floudas, C. A., Pardalos, P. M. (Eds.), Kluwer

Academic Publishers, Boston.

Lindenmayer, D. B., Burgman, M. A., Akgakaya, H. R, Lacy, R. C., Possingham, H. P.
1995. A review of the generic computer programs ALEX, RAMAS/space and
VORTEX for modelling the viability of wildlife metapopulations, Ecological
Modelling, 82, 161-174.

Lindenmayer, D. B., Cunningham, R. B., Donnelly, C. F., Lesslie, R. 2002. On the use

of landscape surrogates as ecological indicators in fragmented forests, Forest Ecology



64

and Management, 159, 203-216.

Lindo Systems, 1995. LINDO User's Manual 5.0, Chicago, USA

Lombard, A. T., Nicholls, A. O., August, P. V. 1995. Where Should Nature Reserves
Be Located in South Africa? A Snake's Perspective, Conservation Biology, 9, 363-372.

Lombard, A. T., Cowling, R. M., Pressey, R. L., Mustard, P. J. 1997. Reserve Selection
in a Species-Rich and Fragmented Landscape on the Agulhas Plain, South Africa,
Conservation Biology, 11, 1101-1116.

MacArthur, R. H., Wilson, E. O. 1963. An Equilibrium model of insular zoogeography.
Evolution, 17, 373-387.

Makkonen, S., Lahdelma, R. 2006. Non-convex power plant modelling in energy
optimization, European Journal of Operational Research, 1717(3), 1113-1126.

Marchand, H., Martin, A., Weismantel, R., Wolsey, L. 2002. Cutting planes in integer
and mixed integer programming, Discrete Applied Mathematics, 123, 397-446.

Margules, C., Usher. M. B. 1981. Criteria used in assessing wildlife conservation

potential: a review, Biological Conservation, 21, 79-109.

Margules, C. R., Nicholls, A. O., Pressey, R. L. 1988. Selecting Networks of Reserves

to Maximise Biological Diversity, Biological Conservation, 43, 63-76.

Margules, C. R., Nicholls, A. O., Usher, M. B. 1994. Apparent Species Turnover,
Probability of Extinction and the Selection of Nature Reserves: A Case Study of the

Ingleborough Limestone Pavements, Conservation Biology, 8, 398-409.

Margules, C. R., Pressey, R. L., Williams, P. H. 2002. Representing biodiversity: data
and procedures for identifying priority areas for conservation, J. Biosci. (suppl 2), 27,
309-326.



65

Martikainen, P., Kouki, J. 2003, Sampling the rarest: threatened beetles in boreal forest

biodiversity inventories, Biodiversity and Conservation, 12, 1815-1831.

McDonnell, M. D., Possingham, H. P., Ball, I. R., Cousins, E. A. 2002. Mathematical
methods for spatially cohesive reserve design, Environmental Modelling and
Assesment, 7, 107-114.

McKenzie, N. L., Belbin, L., Margules, C. R., Keighery, G. J. 1989. Selecting
Representative Reserve Systems in Remote Areas: A Case Study in the Nullarbor

Region, Australia, Biological Conservation, 50, 239-261.

Memtsas, D. P. 2003. Multiobjective programming methods in the reserve selection

problem, European Journal of Operations Research, 150, 640-652.

Mitchell, J. E. 2001a. Branch and cut algorithms for integer programming, in
Encyclopedia of Optimization,Floudas, C. A., Pardalos, P.M. (Eds.), Kluwer Academic

Publishers, Boston.

Mitchell, J. E. 2001b. Cutting plane algorithms for integer programming, in
Encyclopedia of Optimization, Floudas, C. A., Pardalos, P.M. (Eds.), Kluwer Academic

Publishers, Boston.

Miettinen, K. M. 1994. On the methodology of multiobjective optimization with
applications, Doctoral thesis, Report 60, University of Jyvdskyld, Department of
Mathematics, Jyvaskyla.

Miettinen, K. M. 1999. Nonlinear multiobjective optimization, Kluwer Academic

Publishers, Boston.

Moilanen, A. 2005. Methods for reserve selection: Interior point search, Biological
Conservation, 124, 485-492.

Moilanen, A., Cabeza, M. 2002. Single-species dynamic site selection, Ecological
applications, 12, 913-926.



66

Moilanen, A., Franco, A. M. A,, Early, R. I, Fox, R., Wintle, B., Thomas, C. D. 2005.
Prioritizing Multiple-use landscapes for conservation: methods for large multi-species

planning problems, Proceedings of The Royal Society B, 272, 1885-1891.

Moore, J. L., Folkmann, M., Balmford, A., Brooks, T., Burgess, N., Rahbek, C.,
Williams, P. H., Krarup, J. 2003. Heuristic and optimal solutions for set-covering

problems in conservation biology, Ecography, 26, 595-601.

Nantel, P., Bouchard, A., Brouillet, L., Hay, S. 1998. Selection of areas for protecting
rare plants with integration of land use conflicts: a case study for the wet coast of
Newfoundland, Canada, Biological Conservation, 84, 223-234.

Nicholls, A. O. 1989. How to Make Biological Surveys Go Further with Generalised
Linear Models, Biological Conservation, 50, 51-75.

Nicholls, A. O., Margules, C. R. 1993. An upgraded reserve selection algorithm,
Biological Conservation, 64, 165-169.

Norton, M. R., Hannon, S. J., Shmiegelow, F. K. A. 2000. Fragments are not islands:
patch vs landscape perspectives on songbird presence and abundance in a harvested
boreal forest, Ecography, 23, 209-223.

Noss, R. F. 1999. Assessing and monitoring forest biodiversity: A suggested
framework and indicators, Forest Ecology and Management,115,135-146.

Noss, R. F. 2000. High-risk ecosystems as foci for considering biodiversity and
ecological integrity in ecological risk assessments, Environmental Science & Policy,

3, 321-332.

Padberg, M. 2001. Classical cuts for mixed-interger programming and branch-and-cut,
Mathematical Methhods of Operations Research, 53: 173-203.

Patterson, B. D. 1990. On the temporal development of nested subset patterns of



67

species composition, OIKOS, 59, 330-342.

Pearce, J., Ferrier, S. 2001. The practical value of modelling relative abundance of
species for regional conservation planning: a case study, Biological Conservation, 98,
33-43.

Pimm, S. L., Lawton, J. H. 1998. Planning for Biodiversity, Science, 279, 2068-2069.

Polasky, S., Camm, J. D., Solow, A. R., Csuti, B., White, D., Ding, R. 2000. Choosing
reserve networks with incomplete species information, Biological Conservation, 94,
1-10.

Polasky, S., Csuti, B., Vossler, C: A., Meyers, S. M. 2001. A comparison of taxonomic
distinctness versus richness as criteria for setting conservation priorities for Nort

American birds, Biological Conservation, 97, 99-105.

Possingham, H.P., Davies, I. 1995, Alex: A model for the viability analysis of spatially

structured populations, Biological Conservation, 73, 143-150.

Possingham, H., Ball, I., Andelman, S. 2000. Mathematical methods for identifying
representative reserve networks, in Quantitative methods for conservation biology,

Ferson, S., Burgman, M. (eds). pp. 291-305, Springer-Verlag, New York.
Prendergast, J. R., Quinn, R. M., Lawton, J. H., Eversham, B. C., Gibbons, D. W. 1993,
Rare species, the coincidence of diversity hotspots and conservation strategies,

Nature, 365, 335-337.

Prendergast, J. R., Quinn, R. M., Lawton, J. H. 1999. The Gaps between Theory and

Practice in Selecting Nature Reserves, Conservation Biology, 13, 484-492.

Pressey, R. L. 1994. Ad Hoc Reservations: Forward or Backward Steps in Developing

Representative Reserve Systems?, Conservation Biology, 8, 662-668.

Pressey, R. L., Logan, V. S. 1995. Reserve Coverage and Requirements in Relation to



68

Partitioning and Generalization of Land Classes. Analyses for Western New South
Wales, Conservation Biology, 9, 1506-1517.

Pressey, R. L., Logan, V. S. 1998. Size of selection units for future reserves and its
influence on actual vs targeted representation of features: a case study in western New
South Wales, Biological Conservation, 85, 305-319.

Pressey, R. L., Nicholls, A. O. 1989a. Efficiency in Conservation Evaluation: Scoring

versus Iterative Approaches, Biological Conservation, 50, 199-218.

Pressey, R. L., Nicholls, A. O. 1989b. Application of a Numerical Algorithm to the
Selection of Reserves in Semi-arid New South Wales, Biological Conservation, 50, 263-
278.

Pressey, R.L., Humphries, C. J., Margules, C. R., Vane-Wright. R. 1., Williams, P. H.
1993. Beyond Opportunism: Key Principles for Systematic Reserve Selection, Trens in
Ecology and Evolution, 8, 124-128.

Pressey, R. L., Possingham, H. P., Margules, C. R. 1996. Optimality in reserve selection

algorithms: When it does matter and how much?, Biological Conservation, 76,259-267.

Pressey, R. L., Possingham, H. P., Day, J. R. 1997. Effectiveness of alterative heuristic
algorithms for identifying indicative minimum requirements for conservation

reserves, Biological Conservation, 80, 207-219

Pressey, R. L., Possingham, H. P.,.Logan, V. S., Day, J. R. Williams, P. H. 1999. Effects
of data characteristics on the results of reserve selection algorithms, Journal of
Biogeography, 26, 179-191.

Pressey, R. L., Watts, M. E., Barrett, T. W. 2004. Is maximizing protection the same as
minimizing loss? Efficiency and retention as alternative measures of the effectiveness

of proposed reserves. ecology Letters, 7, 1035-1046.

Rardin, R. L., Uzsoy, R. 2001. Experimental Evaluation of Heuristic Optimization
Algorithms: A Tutorial, Journal of Heuristics, 7, 261-304.



69

Rassi, P., Alanen, A., Kanerva, T., Mannerkoski, I. (eds.) 2001. Suomen lajien
uhanalaisuus 2000, Ympaéristoministerio ja Suomen Ymparistokeskus, Helsinki. (in
Finnish)

Rebelo, A. G,, Siegfried, W. R. 1990. Protection of Fynbos Vegetation: Ideal and Real-
World Options, Biological Conservation, 54, 15-31.

Rebelo, A. G,, Siegfried, W. R. 1992. Where should nature reserves be located in the
Cape floristic region, South Africa? Models for the spatial configuration of a reserve

network aimed at maximizing the protection of floral diversity, Conservation Biology,
6, 243-252.

Reyers, B., Fairbanks, D. H. K., Wessels, K. ]., van Jaarsveld, A. S. 2002. A multicriteria
approach to reserve selection: addressing long-term biodiversity maintenance,

Biodiversity and Conservation, 11, 769-793.

Rodrigues, A. S. L., Gaston, K. J. 2002. Maximising phylogenetic diversity in the

selection of networks of conservation areas, Biological Conservation, 105, 103-111.

Rodrigues, A. S. L., Tratt, R., Wheeler, B. D., Gaston, K. J. 1999. The performance of
existing networks of conservation areas in representing biodiversity, Proc. R. Soc.
London B, 266, 1453-1460.

Rodrigues, A. S. L., Cerdeira, J. O., Gaston, K. J. 2000a. Flexibility, efficiency, and
accountability: adapting reserve selection algorithms to more complex conservation
problems, Ecography, 23, 565-574.

Rodrigues, A. S. L., Gregory, R. D., Gaston, K. J. 2000b. Robustness of reserve
selection procedures under temporal species turnover, Proc. R. Soc. London B, 267, 49-
55.

Romero, C. 2001. Extended lexicographic goal programming: a unifying approach,
Omega, 29, 63-71.



70

Rothley, K. D. 1999. Designing bioreserve networks to satisfy multiple, conflicting
demands, Ecological Applications, 9, 741-750.

Rothley, K. D. 2002. Dynamically-based criteria for the identification of optimal

bioreserve networks, Environmental Modelling and Assessment, 7, 123-128.

Rothley, K. D., Berger, C. N., Conzalez, C., Webster, E. M., Rubenstein, D. 1. 2004.
Combining Strategies to Select Reserves in Fragmented Landscapes, Conservation
Biology, 18, 1121-1131.

Ruliffson, J. A., Haight, R. G., Gobster, P. H., Homans, F. R. 2003. Metropolitan natural
area protection to maximize public access and species representation, Environmental
Science & Policy, 6, 291-299.

Ryti, R. 1992. Effect of the focal taxon on the selection of nature reserves. Ecological
Applications, 2, 404-410.

Ryti, R. T., Gilpin, M. E. 1987. The comparative analysis of species occurence patterns

on archipelagos, Oecologia, 73, 282-287.

Saetersdal, M., Line, J. M., Birks, H. J. B. 1993, How to maximize biological diversity
in nature reserve selection: Vascular plants and breeding birds in deciduous

woodlands, Western Norway, Biological Conservation, 66, 131-138.

Saetersdal, M., Gjerde, L., Blom, H. H,, Ihlen, P. G., Myrseth, E. W., Pommeresche, R.,
Skartveit, J., Solhoy, T., Aas, O. 2003. Vascular plants as a surrogate species group in
complementary site selection for bryophytes, macrolichens, spiders, carabids,
staphylinids, snails, and wood living polypore fungi in a northern forest, Biological
Conservation, 115, 21-31.

Saetersdal, M., Gjerde, I., Blom, H. 2005. Indicator species and the problem of spatial

inconsistency in nestedness patterns, Biological Conservation, 122, 305-316.



71

Saunders, D. A., Hobbs, R. J., Margules, C. R. 1991. Biological Consequences of

Ecosystem Fragmentation: A Review, Conservation Biology, 5,18-32.

Seppelt, R., Voinov, A. 2003. Optimization methodology for land use patterns using
spatially explicit landscape models, Ecological modelling, 168, 217-231.

Siegfried, W. R., Benn, G. A., Gelderblom, C. M. 1998. Regional assessment and
conservation implications of landscape charasterics of African national parks,
Biological Conservation, 84, 131-140.

Silver, E. A. 2004. An overview of heuristic solution methods, Journal of the

operational research society, 55, 936-956.

Snyder, S., ReVelle, C., Haight, R. 2004. One- and two-objective approaches to an area-
constrained habitat reserve site selection problem, Biological Conservation, 119, 565-
574.

Sol¢, R. V., Alonso, D., Saldana, J. 2004. Habitat fragmentation and biodiversity

collapse in neutral communities, Ecological Complexity, 1, 65-75.

Steward, T. J., Janssen, R., van Herwijen, M. 2004. a genetic algorithm approach to

multiobjective land use planning, Computers & operations research, 31, 2293-2313.

Tanskanen, A. 1996a. Ndkokulmia lintuatlakseen 1. Mistd bongaan Suomen

pesimdlinnut? Linnut, 31, 12-15.

Tanskanen, A. 1996b. Ndakokulmia lintuatlakseen 2. Sdastikdd edes nama! Linnut, 31,
31-33.

Tanskanen, A. 2000. Heurististen optimointimenetelmien kaytto
luonnonsuojelualueiden valinnassa, Master thesis, University of Helsinki, Department

of Mathematics, Helsinki.

Thomas, C. D., Mallorie, H. C. 1985. Rarity, Species Richness and Conservation:

Butterflies of the Atlas Mountains in Morocco, Biological Conservation, 33, 95-117.



72

Tole, L. 2006. Choosing reserve sites probabilistically: A Colombian Amazon case
study, Ecological Modelling, 194, 344-356.

Tsuji, N., Tsubaki, Y. 2004. Three new algorithms to calculate the irreplaceability index

for presence/absence data, Biological Conservation, 119, 487-494.

Turpie, J. K. 1995. Prioritizing South African estuaries for conservation: A practical

example using waterbirds, Biological Conservation, 74, 175-185.

Underhill, L. G. 1994. Optimal and suboptimal reserve selection algorithms, Biological
Conservation, 70, 85-87.

van Langevelde, F., Claassen, F., Schotman, A. 2002. Two strategies for conservation

planning in human dominated landscapes, Landscape and Urban Planning, 874, 1-15

Virolainen, K. M., Virola, T., Suhonen, J., Kuitunen, M., Lammi, A., Sitkamaki, P. 1999.
Selecting networks of nature reserves: methods do affect the long-term outcome, Proc.
R. soc. London B, 266, 1141-1146.

Vuorisalo, T., Laihonen, P. 2000. Biodiversity conservation in the north: history of

habitat and species protection in Finland, Annales Zoologici Fennici, 37, 281-297.

Williams, J. C., ReVelle, C. S. 1998. Reserve assemblage of critical areas: A zero-one

programming approach, European Journal of Operational Research, 104, 497-509.

Williams, J. C., ReVelle, C. S., Levin, S. A. 2005. Spatial attributes and reserve design

models: A review, Environmental modeling and Assessment, 10, 163-181.

Williams, P., Gibbons, D., Margules, C., Rebelo, A., Humphries, C., Pressey, R. 1996.
A Comparision of Richness Hotspots, Rarity Hotspots, and Complementary Areas for

Conserving Diversity of British Birds, Conservation Biology, 10, 155-174.

Williams, P. H. 1998. Key sites for conservation: area-selection methods for



73

biodiversity, in Conservation in a changing world, Mace, G. M., Balmford, A,

Ginsberg J. R. (eds), pp. 211-249,Cambridge University Press, Cambridge.

Williams, P. H., Aratjo, M. B. 2002. Apples, oranges and probabilities: Integrating
multiple factors into biodiversity conservation with consistency, Environmental
Modelling and Assessment, 7, 139-151.

Willis, C. K., Lombard, A. T., Cowling, R. M., Heydenrych, B. J., Burgers, C. J. 1996.
Reserve selection for limestone endemic flora of the Cape lowland fynbos: Iterative

versus linear programming, Biological Conservation, 77, 53-62.

Winston, M. R., Angermeier, P. L. 1995. Assessing Conservation Value Using Centers

of Population density, Conservation Biology, 9, 1518-1527.

With, K. A,, King, A. W. 2001. Analysis of landscape sources and sinks: the effect of

spatial pattern on avian demography, Biological Conservation, 100, 75-88.

Wright, D. H., Reeves, J. H. 1992, On the meaning and measurement of nestedness of

species assemblages, Oecologia, 92, 416-428.

Woodhouse, A., Lovett, A., Dolman, P., Fuller, R. 2000. Using a GIS to select areas for

conservation, Computers, Environment and Urban systems, 24, 79-93.

Worthen, W. B. 1996. Community composition and nested-subset analyses: basic

descriptors for community ecology, Oikos, 76, 417-426.



YHTEENVETO (FINNISH SUMMARY)

Suojelualueita tarvitaan luonnon monimuotoisuuden turvaamiseksi ihmistoiminnan
levittdytyessd yhd laajemmalle. Lajeja ja elinymparistoja katoaa jatkuvasti ja yha
useampi laji on sukupuuton partaalla.

Suojelualueita valittiin pitkddn niiden kauneuden, maan edullisuuden tai
omistusolojen perusteella. Ndin suojelualueverkosto Suomessakin painottui etdisiin,
tuottamattomiin ja valtion omistamiin Lapin erdmaihin.

Jarjestelmaéllinen suojelualueiden valinta alkoi luokittelemalla ja jarjestamalla
potentiaalisia suojelukohteita niiden lajiston runsauden tai uhanalaisuusluokitusten
perusteella. Taméd johti useasti samojen lajien tai elinympéristdjen suojeluun,
usenmiten runsaslajisten alueiden suosimiseen. Luokittelumenetelmit eivéat
huomioineet syntyvaa suojelualueverkkoa vaan tarkastelivat kutakin potentiaalista
aluetta omana yksikkona ilman laadullista tai sijainnillista suhdetta muodostettavaan
suojelukokonaisuuteen .

1980-luvulla herattiin tdhdn ongelmaan ja ensi kerran kdytettiin optimointia
kokonaisten suojelualueverkkojen suunnittelussa. Taméa johti tdydentdvyyden
kasitteen kayttoon, kuinka  suojelualueverkoston osat tdydentdvat toisiaan
lajistollisesti, elinympadristoittdin ja luomalla ekologisia yhteyksid eri suojelualueiden
valille.

Aluksi optimoinnissa kédytettiin tarkoitukseen kehitettyjd heuristisia ahneita
menetelmid, mutta 1990 luvulla myos sekalukuoptimointia. Heuristiset menetelmat
ovat edelleen kédytossa erityisesti sijaintioptimointia sisédltdvissa tehtavissa.

Tassa tyossa esitetddn kaksi heuristista menetelmdd, poistava heuristinen
optimointi (I) ja ahne heuristinen sijaintioptimointi (I ja IIT). Menetelmaét on kehitetty
erityisesti nditd sovellutuksia varten, mutta ovat helposti muokattavissa moniin eri
suojeluvalinnan tilanteisiin. Poistavan menetelmén etuna on sen tuoma jdrjestys
menetelmdn poistamille alueille. T&ata jarjestystd voidaan kayttdd eri
suunnitteluvaihtoehtojen evaluointiin. Sijaintioptimoinnissa ldhtokohtana olivat
suomalaiset metsatietokannatjaniiden tietosisaltd. Menetelmén tavoitteena on valita
kustannustehokkaasti sijainniltaan ja laadultaan hyvd metsdkuvioiden joukko
talouskdyton ulkopuolelle.

Molemmissa menetelmissd minimoidaan kustannuksia, joten rajoitteet tulee
valita siten, ettd ekologiset ym. tavoitteet saavutetaan. Menetelmia on kehitetty
yhdessa suojelupdatoksistd vastaavien tahojen kanssa.
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