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Abstract
Systematic conservation planning provides design recommendations for 

biodiversity conservation reserve networks. Reserve selection algorithms are 

components of systematic planning, and two types of algorithm, heuristic and 

optimal, are compared here. In order to further previous research, comparisons 

were made of their efficiency (i.e., the ability to use fewer sites to accomplish a 

given conservation goal) and related distribution patterns, their ability to provide 

alternative solutions, and their speed using regional datasets from Australia and 

two Canadian provinces.

The efficiency of heuristic algorithms was generally close or equal to that of 

an optimal algorithm, but a small number of results were extremely inefficient. 

Heuristic criteria affected efficiency but in unpredictable ways, and distribution 

patterns of networks from heuristic algorithms tended to converge with networks 

from an optimal algorithm as efficiency converged. Alternative solutions were 

provided more easily by the optimal algorithm, and both algorithms found 

solutions quickly for datasets of varying size.
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1.0 Introduction
The great increase in the world’s human population in the last few centuries

has resulted in equally large impacts on the landscape. These impacts include, at 

various scales, the loss and fragmentation of undeveloped land cover types and 

processes, the addition of toxic new substances and of common substances in 

toxic amounts, and the unsustainable consumption of wild biological resources 

(Vitousek etal., 1997; Sala et al., 2000). One result of these changes is a 

reduction in the variety of species and ecological processes (i.e., biodiversity) 

that make up our environment, and a consequent loss of basic ecological 

services such as clean water and healthy soil (Dasgupta etal., 2000; Loreau et 

al., 2001).

Many attempts are being made to assess and mitigate this reduction in 

biodiversity including regulation of the development and consumption of 

resources, encouragement of appropriate behavioural change in individuals and 

corporate entities, and improved social justice. One specific approach is the 

delineation of areas, such as parks, wildlife refuges, and conservation reserves, 

that limit human impacts in order to preserve biodiversity (Arcese and Sinclair, 

1997; Scott etal., 2001; Margules etal., 2002). Delineation of these areas 

(referred to as reserves here) is an exercise in prioritisation. Since not all areas 

can be set aside from development, and different areas have varying 

conservation and real estate values, choices must be made as to which areas 

are the most appropriate to set aside. They can be evaluated, for example, by

- 1 -
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determining which locations contribute the most to regional or local goals for the 

least cost (Kingsland, 2002).

Reserves have been identified in various ways in the past and research is 

currently ongoing to develop approaches that are systematic as opposed to ad 

hoc or opportunistic. Systematic approaches have a number of advantages over 

other methods of prioritising areas for conservation. They allow the development 

of networks of reserves that make use of efficiencies of scale to increase the 

number of biodiversity features, such as species and other landscape elements, 

that can benefit from conservation efforts (Vane-Wright et al., 1991; Possingham 

etal., 2000; Margules and Pressey, 2000; Andelman and Willig, 2003; Sarkar, 

2004). They also result in more justifiable arguments for creating and siting 

conservation reserves, an important consideration due to competition for space 

and management resources from short-term political and economic interests 

(Cortner, 2000; Kingsland, 2002).

The various stages of a systematic reserve selection process for a region 

include compiling the available data, defining goals, evaluating the contribution of 

existing reserves to that goal, selecting additional reserves, and implementing 

and managing the resulting plan (Margules and Pressey, 2000; Noss, 2003). 

Standards and criteria for each stage in a systematic process are explicitly 

defined in order to allow evaluation and input from experts and non-experts alike, 

and each of these stages requires development and testing of the assumptions 

and mechanisms involved. This study is concerned specifically with the methods
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used to select potential reserves. Biodiversity distribution data and conservation 

goals are used to create a mathematical problem or model that can be solved 

using reserve selection algorithms. The solutions found by the algorithms are 

linked to the site locations on the ground and represent potential reserves.

Algorithms, which are explicit quantitative instruction sets, have been in use 

in mathematics for 70 years (Beasley, unpublished) and have been adopted by 

the conservation community in the last 20 years (Sarkar, 2004). They are, 

however, a complex and somewhat arcane part of the planning process, and 

may appear as a “black box” to non-specialists, with numerous characteristics 

that remain unclear (Pressey, 1999a). In particular, there are two types of 

algorithm in common use, the heuristic and the optimal algorithm, that employ 

different approaches to solving mathematical models. Heuristic algorithms are a 

class of algorithm that prioritise potential reserve locations by using iterative 

procedures to select one at a time to build a set that satisfies the model goals 

(such as providing at least one reserve location within the range of every 

species). They come in a number of forms (Reeves, 1996) but a common 

variation known as the “greedy heuristic” has played a key role in conservation 

reserve selection to date and is examined here. This form is called “greedy” 

because once a location is selected, that location remains part of the solution 

while additional iterations select more sites even if it should later prove redundant 

or superfluous to the overall set. Optimal algorithms are another type of algorithm 

differ from heuristic algorithms by not containing any redundant or superfluous
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sites in the solutions. They use complex mathematical methods to output only the 

entire set of sites that satisfy the model exactly rather than compiling the set one 

site at a time. They are also available in a variety of software packages. They are 

commonly used as business and resource management optimisation tools but 

some forms have been found to be suitable for resolving reserve selection 

problems.

Each algorithm has different capabilities in terms of providing flexible 

solutions and providing them quickly enough for interactive use. As well, each 

algorithm can output sets of locations that differ in number and distribution across 

the landscape. These differences have been the topic of research and discussion 

for the past decade and this thesis furthered that research using a number of 

new datasets of varying size and structure. The goal was not to evaluate or make 

recommendations about the effectiveness or appropriateness of resulting 

networks of conservation reserves for a given situation. It was, rather, to 

evaluate the differences in the use of the algorithms and the networks that each 

identified.

1.1 Research Objective
The objective of this research was to compare the use and outputs of

heuristic and optimal algorithms by 1) evaluating the differences in the number of 

sites that each selected, 2) evaluating the differences in the distribution of sites 

that each selected, 3) assessing their ability to provide multiple solutions, and 4) 

measuring the differences in time needed by each to provide solutions.
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Differences in the number of sites is a measure of efficiency, since only the 

unpredictable inclusion of redundant sites increases the solution set size. It was 

expected, due to past assessments, that there would only be minor differences in 

efficiency. Differences in the distribution of the sites were examined with respect 

to the level of inefficiency found in the first test. It was expected that when 

heuristic results were closer in efficiency to optimal results, the distributions 

would also be more similar. With regard to flexibility, optimal algorithms have the 

capacity to find the many different configurations of solution sets that solve the 

model exactly, and, as will be shown, this has implications in finding alternative 

sets as well as determining the relative importance of individual sites (i.e., 

irreplaceability) for satisfying the conservation goals. Finally, it was expected that 

a heuristic algorithm would find solutions more quickly, as previously reported in 

the literature.

1.2 Thesis Structure
Chapter 2 provides background historical, social, and scientific context for

the issue of reserve selection. It covers the development of the main goals and 

methods of modern reserve network design and reviews published arguments 

and technical details about the issues examined in this thesis. Chapter 3 

describes data preparation, software implementation, and the tests conducted to 

compare the two algorithm types. The results and analysis of those tests are 

presented in Chapter 4. Chapter 5 places the results in context with other studies 

that have been done. It also discusses the shortcomings of the results and the
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opportunities that were generated for further research. Chapter 6 is a short 

conclusion that summarises what was found.
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2.0 Background
This chapter provides background and scope for this research. Section 2.1

is a broad overview of the field of biodiversity conservation, its use of reserves, 

and specific changes in reserve selection methods that have occurred in the last 

few decades. Section 2.2 describes a systematic approach to reserve network 

design, focussing finally on how and why efficiency is becoming an important 

focus. Section 2.3 depicts the representation of the conservation situation as 

integer program (IP) models. Finally, Section 2.4 introduces reserve selection 

algorithms for solving the IP models, including the two algorithms that were 

compared in this thesis. It describes the differences in methods and results and 

what differences were tested in this thesis.

2.1 Biodiversity Conservation
The term “biodiversity” refers to the variety of the forms of living things, of

their taxonomic groupings, and of the spatial processes they create at every 

scale from molecules to ecosystems (Sarkar and Margules, 2002; Margules and 

Pressey, 2000). The Convention on Biological Diversity (United Nations 

Environment Programme, 1992) defines biodiversity as:

“...the variability among living organisms from all sources 

including, inter alia, terrestrial, marine and other aquatic 

ecosystems and the ecological complexes of which they are 

part; this includes diversity within species, between species 

and of ecosystems.” (Article 2)

- 7 -
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The term ‘biodiversity’ came into being in the mid-1980’s with the 

development of the field of conservation biology, for which it became a focal idea 

(Sarkar, 2004). The roots of this field are found in the 1960’s in the efforts to 

describe and apply biological and ecological principles to slow or stop the large 

scale losses of habitats and species in the developing world (as summarised in 

Sarkar, 2004; Kingsland, 2002; Janzen, 1986). Today the term is in widespread 

use and conservation of biodiversity conservation is a popular idea.

Human impacts on ecological patterns and processes have been increasing 

with population growth (Vitousek etal., 1997). Their effects are acknowledged by 

efforts to identify and mitigate the loss of unimpacted landscapes and their 

associated biodiversity. By the 1970’s, guiding principles for the identification and 

protection of areas of biological importance were being developed. A concept 

called “island biogeography” likened the processes of extinction and repopulation 

in blocks of land to the situation with islands of various sizes and configurations 

(MacArthur and Wilson, 1967; Diamond, 1975; Kingsland, 2002; Sarkar, 2004). 

Population dynamics (Kupfer, 1995) modelled the extinctions and recolonisations 

of metapopulations, or multiple populations, of various species over large areas.

It eventually became apparent, however, that broad, conceptual theories were 

not easy to apply to conservation goals, such as selecting or designing reserves, 

because the complexity of the concept was difficult to translate into general 

goals. Planning projects often had to consider many locally specific variables, 

such as forest canopy cover, geology and soil types, drainage, ground cover,
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species migrations, season, and others that could not always be guided by broad 

theories such as “single large or several small” (SLOSS) reserves (Diamond, 

1975; Kingsland, 2002; Sarkar, 2004; Margules and Pressey, 2000). These 

planning challenges led, in 1985, to the founding of a new approach and a new 

community, the Society for Conservation Biology. A primary goal of the Society, 

partly due to a new realization that reserve design recommendations needed to 

be applied in a political world, included the prioritising of sites of higher 

importance for biodiversity and protecting those areas by collaborating with local 

stakeholders. As well, design was to consider, when possible, local economic 

consequences, the type of species or features in question, the need for 

movement of ecosystem components across the landscape, and other factors 

besides just setting aside as much land as possible (Kingsland (2002) provides a 

historical perspective on this topic).

The use of biodiversity as an indicator for conservation value developed 

from previous work that had attempted to evaluate more specific attributes, such 

as species richness or rarity. Richness is the number of species or features of 

interest that are present in an area. Rarity is the richness of specifically defined 

rare species. Justus and Sarkar (2002) review examples from the 1970’s, when 

the idea of using conservation value to prioritise sites was becoming established. 

At the same time, changes were being made in reserve selection methodology 

from ad hoc, expert based identification of sites, to systematic methods (Noss et 

al., 2002; Margules and Pressey, 2000; Pressey, 1999a; Davis etal., 1999;
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Sarkar 2004). Today, there are a number of specific approaches to biodiversity 

conservation, involving the maintenance, management, and recovery of 

biodiversity elements. Biodiversity conservation, then, is an applied activity, 

requiring political action in specific times and places (Sarkar, 2004) to conserve 

the diverse biological elements that make up our world (Pressey et al., 1996).

2.1.1 Conservation Reserves
The main approach to conserving biodiversity to date has been to control

land use in order to minimise land cover and habitat change (Andelman and 

Willig, 2003; Chown etal., 2003). This is often accomplished with regulations that 

control activities in a region, often in conjunction with the setting aside of lands 

through purchase, lease, or other legal means. The cornerstone of most 

conservation strategies today is the use of reserves where activities are 

controlled or limited (Arcese and Sinclair, 1997; Possingham etal., 2000; 

Margules and Pressey, 2000; Scott etal., 2001; Groombridge and Jenkins,

2002), and most countries are committed to creating them by a number of 

international agreements (Rodrigues etal., 1999; Secretariat of the Convention 

on Biological Diversity, 2004). However, reserves are not necessarily appropriate 

in all situations or cultures, nor are they always located and delineated using the 

same methods, procedures, or goals. Conflicts can occur because local people 

may have no alternative to living off these and nearby lands, or because some 

legislative mechanisms are not stable or effective due to lack of long term
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management resources (World Resources Institute, The World Conservation 

Union, United Nations Environment Programme, 1992).

Reserves come in many shapes and sizes as well as with many different 

types of land use control mechanisms, such as legislation or policy. The United 

Nations Environment Programme (UNEP) and the World Conservation Union 

(IUCN (formerly the International Union for the Conservation of Nature)) have 

developed a classification system to facilitate analysis and reporting of reserved 

sites worldwide by the level of priority that biodiversity conservation and 

protection is given on the site by legislation (World Conservation Union, 1994). 

Reserves whose primary justification is the conservation of biodiversity, and that 

allow no human use except conservation-related research, are at one end of the 

scale. At the other end are those that are used primarily for the sustainable 

harvest of ecosystem products. Governments and researchers (e.g., Andelman 

and Willig, 2003; Rodrigues etal., 2004) have analysed and reported on the 

protection of biodiversity worldwide using these classifications.

2.2 Systematic Conservation Planning

2.2.1 Past Approaches to Selecting Reserves
Past approaches for selecting areas for protection from development have

been varied just as our cultural world view has changed over time. The following 

summary considers the situation from a North American perspective. Aside from 

small, common areas for use as gathering spaces and urban recreation, parks 

began their history as mechanisms for saving rare and spectacular natural areas
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from development. These are the natural monuments associated with the work of 

John Muir (Noss and Soule, 1998). As the 20th century progressed, proponents 

of a wilderness movement emerged that called for delineation of more common 

undeveloped areas to be conserved in its undeveloped state rather than, for 

example, being converted to agriculture or urban uses (Ibid.). These were the 

first lands to be identified for their value as being representative of common but 

threatened types.

At the same time a third approach identified areas of special value by their 

species richness (Ibid.). Accumulated data about the biological and ecological 

richness of areas such as wetlands allowed evaluation of their relative value for 

conservation. Databases in various government organisations and agencies 

grew to allow the recognition and identification of hotspots of biodiversity, centres 

of endemism, and habitats containing rare and endangered species. This 

information in turn supported the development of population and ecosystem 

models in the 1970’s and 1980’s (as summarised in Williams et al., 2004; Sarkar, 

2004). Expert analysis of these models and data provided recommendations on 

where reserves were needed and how big they should be. Additionally, 

recognition of the dynamic nature of habitats and landscapes fuelled an 

appreciation for the structures and ecosystem processes that are integral to the 

biology of places (Noss and Soule, 1998). In the past two decades, as described 

above, the development of conservation biology saw advances in methods that 

were systematic and therefore transparent and defensible (Pressey, 1999a;
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Rodrigues etal., 2000). That is, as much as possible, the methodologies were 

explicitly described and developed in a collaborative environment in order to be 

repeatable and to enlist support from decision makers. Details on these and 

other characteristics of systematic planning follow in 2.2.2.

2.2.2 A Systematic Framework for Conservation Planning
The main characteristic of the systematic approach is the use of an explicit

and open methodology to assess a situation and make recommendations 

(Williams, 1998; Noss, 2003). A review by Justus and Sarkar (2002) marks a 

1971 paper by Ratcliffe as possibly the first attempt to change the reserve 

selection process from an intuitive problem to a technical one, and, therefore, the 

beginning of the systematic approach. Ratcliffe (1971) suggested ordering sites 

based on “the application of agreed standards” (p.294) and, in theory, use of a 

scoring system in order to make the selection of sites more objective. Margules 

and Pressey (2000) summarised new methodologies that evolved over the next 

three decades. These included (see Figure 2.1) choosing surrogates for 

biodiversity, defining data needs, setting explicit representation targets while 

taking existing reserves into consideration, reserve creation, planning for long 

term assessments and maintenance, and periodically reviewing the entire 

process to incorporate changes to such variables as land costs, land use, or 

species diversity (extinctions or invasions) (Kingsland, 2002). Figure 2.1 shows 

that gap analyses and site selection can be done in different order depending on 

needs (divergent paths after stage 2). This is discussed in detail in Section 3.4.2.
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The figure also shows which stages contribute to the development of the IP 

model (blue circle) from those that actually solve it, using algorithms to find sets 

of locations that may become reserves (red circle). The details of these steps, 

and the benefits arising from this framework, are discussed in the following 

paragraphs.

Regional, Multi-feature Perspectives
The use of computers and GIS to display the distribution of multiple features

across a landscape has allowed visualisation of spatially relative and

complementary landscape elements, a capability that can enhance expert

knowledge (Cowling etal., 2003; Hoctor etal., 1999; Aspinall, 1999). Systematic

planning methods take that capability further by processing the attributes of the

visual display using geospatial processes and computer models. The extended

abilities that result from using computers with explicit data, models, and methods

include being able to identify interrelated sites spread across a region (Vane-

Wright et al., 1991). Regions can be landscapes, watersheds, ecosystems, or

large political entities such as states or provinces and the result is a network of

reserves instead of a collection of individual reserves. The network consists of

multiple reserves designed to achieve goals jointly. This is more complex than

selecting numerous individual sites based on reasons unrelated to the whole

(Root etal., 2003). Planning conservation strategies for more than one purpose

in a single area can result in conflicting recommendations (Simberloff, 1998).
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Figure 2.1: Stages in systematic conservation planning. See text for details 
on stage groupings.
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As well, different sites identified for each goal may contribute the same amount 

or type of conservation benefit for the region. This can make some sites 

redundant with respect to the particular conservation goals that need to be 

achieved, and the resources used to make the additional sites could have been 

used to address additional conservation goals (Rodrigues etal., 1999).

As well, a regional network design approach proactively addresses the 

ongoing loss of habitat due to human economic development activities (Jennings, 

2000; Williams, 1998). Rather than reacting to emergency situations where a 

species or habitat is nearly extirpated or extinct, a regional approach looks at all
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species or features of interest as a whole and this can result in protection action 

being taken for species that are still common. The United States Geological 

Survey Gap Analysis Program (GAP), for example, has the motto “Keeping 

Common Species Common”. The GAP is a decision support program based on a 

systematic methodology for identifying species that do not have protection from 

existing reserves, regardless of whether or not they are endangered (Scott et al., 

1993; Jennings, 2000; Scott etal., 2001). Although to some this may detract from 

the importance of reserve recommendations, it can add weight to arguments for 

reserves if the common species are swept along at no extra cost (i.e., they don’t 

need extra reserves).

Regional planning also allows systematic methods to incorporate spatial 

ideas, including those from earlier approaches to reserve design. During the 

1970s and 1980s, when there was a debate on the benefits and drawbacks of 

using single large or several small (SLOSS) reserves, there was an underlying 

assumption that spatial relationships mattered (Diamond, 1975). A network of 

small, disconnected sites could have different impacts on conservation than a 

contiguous site. Current research is also looking into other spatial questions, 

such as how to distribute reserves along migratory pathways (Malcolm and 

ReVelle, 2002).

Flexibility
A key capability in the selection of sites in a reserve network is the ability to 

consider alternatives. Any hypothetical network that cannot be adjusted to meet
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on-the-ground realities, such as sites that are priced too high, sites that are 

already too highly impacted by development, or even a public that is hostile to a 

recommended plan, will be unlikely to come to fruition (Chown et a!., 2003; Arthur 

etal., 1997).

As well as being able to find alternative sites or combinations of sites in the 

provisional network, the software used to find the network sites must work quickly 

enough to allow interaction in workshops or similar venues. Alternative scenarios, 

using variations of the IP model parameters, should be solved in a reasonable 

time or the flexibility of the program is reduced (Sarkar, 2004). Changes in the 

model can require running the program numerous times.

Efficiency
Systematic methods allow scientists to improve on the efficiency of reserve 

design outcomes (Scott etal., 2001; Saetersdal etal., 1992; Kupfer, 1995). That 

is, conservation and protection of areas from disturbance and development is 

often in direct competition with the activities that form the economic foundation of 

human culture (Dasgupta etal., 2000; Chown etal., 2003; Scott etal., 1993).

This competition requires the reserve design process to be not only transparent 

and therefore more defensible (see below) but also to produce reserve networks 

that are efficient with respect to configuration (e.g., number and total area of 

reserves should be minimised) and effective (number of features of interest that 

are conserved, e.g., species, should be maximised) (Sarkar, 2004; Possingham 

etal., 2000). Identifying potential sites for a reserve network with minimal
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redundancy is key. Redundancy in this case refers to the duplication of the 

characteristics that are being conserved, such as species or vegetation types. 

Redundancy of ecosystem elements can improve the resilience of an ecosystem 

by providing alternative pathways for providing energy and material flows, but 

competition for locations requires that conservation goals are accomplished with 

minimal duplication, at least as a first step. Finding the most efficient network of 

locations provides a backbone upon which further reserves can be added but 

which has the advantage of being explicitly and efficiently defined. Systematic 

methods accomplish this by modelling the problem in a computer system using 

logical and mathematical methods (described in detail in Section 2.3).

Transparency and Accountability
Improving the transparency of the decision making process in the

systematic framework is meant to enlist public and professional support (Justus

and Sarkar, 2002). Past decisions for purchase of reserve lands have often been

made for reasons other than biodiversity conservation, such as political gain,

control of resources, scenic, recreational, political, and theoretical reasons, or

even to enhance access to remote areas for the purposes of resource

development and harvesting (Possingham etal., 2000; Sala etal., 2002;

Kingsland, 2002). In those cases where they actually have been selected for

conservation purposes, consideration might only have been given to single

species, local politics, or land costs, thus resulting in relatively low conservation

effectiveness (Ibid.; Scott et at, 2001). Even when all of these issues were dealt
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with professionally and to the best of scientist’s abilities, they might still not be

accepted by the public due to the lack of defensibility of the expert-based

process (Kingsland, 2002). On the other hand, of course, some may view

decisions made by experts as more objective and less influenced by special

interest groups. In any case, the systematic approach explicitly describes the

goals and results that are being sought in order to make the procedure open for

collaboration and comment by interested parties (Kingsland, 2002; Simberloff,

1998; Possingham etal., 2000; Margules and Pressey, 2000; Cowling etal.,

2003). Klosterman (1999) outlines the benefits of this approach as described for

his decision support software product named What if?:

“By involving the public directly in the planning process, it 

constrains the discretion of professionals and political insiders, 

reduces the knowledge differential between professionals and 

laymen, and gives the public a sense of ownership in the plans 

and proposals which are developed.

Acknowledging the limitations of planners’ knowledge, 

information, and resources, the model abandons the unrealistic 

goal of producing a single “exact” prediction of the future for 

the preparation of a range of alternative scenario-based 

forecasts which reveal a range of potential futures.

Recognizing that models are only useful in a policy context if 

they are understood by policy makers, What if?'s [sic] 

underlying structure, relationships, and assumptions are made 

as explicit and clear as possible.” (p.3)
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Noss (2003) made a similar point: “Methodological rigor and scientific 

defensibility are enhanced by conceptual frameworks, standards, and criteria for 

guiding and evaluating individual plans” (p. 1270). Of course, it is true that public 

participants may be more interested in non-science agendas, or may be 

untrained and incapable of evaluating scientific reasoning, but the costs of not 

doing things openly are that the entire process may fail due to complaints to 

decision makers about a lack of opportunity to be heard.

Another reason for the popularity of transparent methods over expert 

decisions is the increasing competition for land. As land becomes scarcer, and 

prices go up, public scrutiny of decisions regarding sequestration of land units 

and use of public funds has increased. Explicit planning methodologies, applied 

in a collaborative environment, provide a level of confidence that reserve 

selection decisions have taken all pertinent factors into consideration (Kingsland, 

2002; Pressey, 1999a; Noss, 2003).

2.2.3 Selecting Potential Reserves
The systematic process for selecting reserves is based on a number of

actions as described in Figure 2.1. Selecting reserves is done by applying a 

reserve selection algorithm (RSA) software to mathematical models that 

represent the conservation problem. The output is a provisional, or potential, set 

of reserves which may be useful as a core or nucleus for conservation activities 

(Gaston etal., 2001; Rodrigues and Gaston, 2002; Noss, 2003). The contribution 

of existing reserves, using gap analysis methodologies (described in Section
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2.2.3.1), should be taken into account as much as possible, as a foundation on 

which to build additional reserves (Pressey, 1999a). After knowing where new 

reserves could be located to accomplish the stated conservation goals, 

appropriate management objectives for those sites must be designed. This can 

mean making plans that are affordable and practical as well as effective for the 

conservation needs of each site. Finally, the management plans must be carried 

out as specified for the particular sites. If at this stage, or any other, a site is 

deemed to be unsuitable for accomplishing the goal, adjustments to the plans 

may be made to compensate, the site can be given up and alternatives from the 

results of the RSA can be examined, or the parameters of the RSA, such as 

goals or available sites, can be adjusted.

Details on these stages and general information about the pre-selection 

stages follow in Section 2.2.3.1. This study focusses on the reserve selection 

stages of a larger systematic process of conservation planning that is itself one 

tool of many used to inform politicians and other decision makers. Reserve 

selection algorithms and gap analysis are dealt with together here because they 

are closely linked (Jennings, 2000). Pressey and Cowling (2001), for example, 

refute comments by Prendergast et al. (1999) that the two are alternative tools 

for doing the same thing. They are, instead, two different tools that complement 

each other, as will be shown.
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2.2.3.1 Reserve Selection Modelling
The application of the reserve selection process requires a number of

preparatory decisions regarding data, goals, and their spatial resolution. The 

following subsections describe the process of creating an IP model from a 

regional conservation situation. The term “model” in this paper refers to an IP 

model unless otherwise specified.

Choosing Biodiversity Surrogates
First, as biodiversity cannot be completely measured, surrogates must be

selected. These are features, e.g., animal or plant species or other elements of a

landscape, that can be measured and are indicative of various aspects of

biodiversity. A number of types of surrogates have been used in the past

including umbrella, flagship, or keystone species (Kerr, 1997; Simberloff, 1998;

Roberge and Angelstam, 2002; Andelman and Fagan, 2000), environmental

classes (Faith, 2003b; Williams et al., 2002; Bryan, 2003), richness or rarity

(Kerr, 1997), habitat types, or complementarity, which is the amount of similarity

that exists in the features of various sites (Faith and Walker, 1996; Reyers et al.,

2000). Umbrella species are species that require habitat or reserves that might

coincidentally provide protection to other species. Umbrella species that require

larger areas are often used (Simberloff, 1998) because large areas generally

afford protection to more species (but see Kerr, 1997, who found carnivores were

a poor umbrella species for invertebrate taxa). However, larger areas can be

problematic, with increased costs and management difficulties. Flagship species

are those that have a high public profile and therefore may provide coincidental
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protection to other species. Keystone species are those that are considered to be 

crucial elements of an ecosystem, so that protecting them protects other species 

by coincidence as well.

More complex approaches to choosing indicators of biodiversity include 

using a GIS to find those areas that have certain physical characteristics or high 

spatial complexity. This is the premise behind environmental classes, where any 

number of habitat, climate, geology, soils, or other data can be combined and 

analysed to find the most important sites to protect. Finally, areas where more 

species are found (richness) or where rare, endemic species are found can also 

be used as surrogates for biodiversity. These approaches allow biodiversity to be 

represented by multiple species, often as a representative sampling of all taxa 

(Carignan and Villard, 2002; Faith and Walker, 1996). They can be taxonomic 

groups (e.g., all birds, reptiles, etc.) or lists of species of choice (e.g., 

endangered species (e.g., IUCN Red List species (see http://www.redlist.org/)) or 

COSEWIC species (Committee on the Status of Endangered Wildlife in Canada 

(see www.cosewic.qc.ca)) or other species of concern).

Collecting Data
Data that represent the distributions of the surrogate features across the 

region must then be collected and compiled. Issues of concern in data collection 

for use in models are quality and quantity of data (Poiani et al., 2001; Gaston and 

Rodrigues, 2003), the use of distribution models that infer presence from 

association with other landscape elements (Iverson and Prasad, 1998; Loiselle et
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al., 2003; Rosenzweig etal., 2003), sampling bias (Williams etal., 2002), 

integration of different data types (Bowker, 2000), and the effects of scale on 

distribution data collection (Stoms, 1994).

Identifying the Conservation Goal
Next, an explicit conservation goal must be defined. Intuition may suggest

that goals should be set before surrogates are identified and data collected, but

goals are often constrained by the available data (Margules and Pressey, 2000;

Sarkar, 2004). The goal for many reserve IP models is usually a network of

locations or grid cells that will provide a certain level of representation of the

surrogate features in the region, such as having all species represented at least

one time or having a certain percentage of each species’ range included. For

example, Rodrigues and Gaston (2002) have listed 32 systematic reserve

studies known to them and included the goal for each one. They include finding

the most features that can be contained in a given number of locations, finding

the smallest number of locations that can contain some portion of every feature’s

range, finding a set that contains at least 5% of each land system in question,

and a number of others.

Particular goals must be the starting point for a conservation plan, but they

may not be the ending point (Williams, 1998). The goal of feature representation

in a network of sites ensures only the inclusion of each feature, and there is no

guarantee that these reserves will sustain viable populations of those features

(Gaston et al., 2001). Therefore, these sets are often seen as a minimum or core
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set that should be built on (Rodrigues and Gaston, 2002; Chown et al., 2003), 

often under the direction of experts (Pressey and Cowling, 2001; Cowling et al.,

2003). As well, this stage serves the purpose of a coarse filter, where general 

localities are identified but which will require fine filter approaches in order to 

ensure that the conservation activities that are eventually carried out will be 

effective (Csuti etal., 1997; White etal., 1999).

The point of the explicit method of setting goals is to work with transparent 

parameters that can be adjusted if required. The goals might not, for example, 

provide an assurance of long term persistence of the surrogates in the region. 

Population viability analyses are more suited to predicting persistence and work 

is being done to investigate ways to consider viability in reserve selection IP 

models (Gaston etal., 2001; Cabeza and Moilanen, 2003; Williams and Araujo, 

2000; Williams and Araujo, 2002; Rodrigues and Gaston, 2002).

Gap Analysis
It is often the case that a region will have existing conservation reserves. 

However, as discussed, the development of systematic conservation planning as 

an approach has occurred partly because pre-existing reserves virtually never 

achieve regional biodiversity conservation goals (Cowling, 1999; Jennings, 2000; 

Sarakinos etal., 2001) although this is not always the case (Rodrigues et al.,

1999). The difference between the protection offered by existing reserves and 

the protection levels set in comprehensive, regional plans is quantified by the gap 

analysis process (Scott etal., 1993; Margules and Pressey, 2000; Noss, 2003).
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This is often done by identifying the features targetted for protection in the 

regional plan that are not protected to a defined degree by the extant reserves 

(Kiester etal., 1996; Nantel etal., 1998; Andelman and Willig, 2003). These are 

“gap” features, so-called because they are the result of gaps in the coverage of 

the existing collection of reserves. By identifying gaps in the current coverage of 

protected areas, resources can be directed to those needs instead of potentially 

adding protection that is not as important as in other areas. In the interests of 

efficient regional use of resources, it is also possible to identify those existing 

reserves that are providing duplicate or no coverage to targetted features and are 

therefore not needed to achieve the planned goals (although they may still be 

important for reasons that are not in the model). This is done by using all features 

of interest instead of just gap features, then the new provisional network can be 

examined for coincidence or overlap with existing reserves. Any existing sites 

that do not coincide with the provisional sites may be examined for potential 

redundancy (Kiester et al., 1996; Nantel etal., 1998; Andelman and Willig, 2003).

Mapping the Data as Discrete Locations
The surrogate distribution data must be represented in the region in a way

that allows precisely delineated locations to contain a value for the surrogate

feature, either as a variable amount or a presence or absence indicator. The

region or landscape is divided into a collection of spatial units, such as

watersheds or political units, or as a cartographic grid, such as latitude/longitude

lines or constructed equal area cells (White, 2000; White et al., 1999). Individual
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cells can be excluded from the model if they are known to be inappropriate for 

conservation activity for biological or socio-political reasons.

The appropriate size (area) of grid units is decided in conjunction with the 

scale or resolution of the surrogate data and the conservation goals (Pressey 

and Logan, 1998; Warman etal., 2004). For example, using a grid of small cells 

may not be appropriate for low resolution feature distribution (e.g., species range 

maps) data. It also may not be desirable to select cells that are too coarse to 

represent the reality of high resolution feature data such as provided by remotely 

sensed images (Aspinall, 1999). It has also been shown that the resolution of the 

cells affects the percent of the area required to meet the conservation goals, with 

smaller cells requiring less total area (Rodrigues and Gaston, 2001; Warman et 

al,. 2004, Pressey etal., 1997; Pressey and Logan, 1998).

Typically, the feature distribution data are overlaid on the grid cell map layer 

in order to create a binary table of presence/absence data that is used by the 

reserve selection software. That is, the records represent the individual locations 

(or cells or sites in this paper) and contain fields for each feature (often species in 

this paper). The records would be connected to the map by way of a lookup table 

that used the map cell ID#. This is a common approach (Rodrigues et al., 2000; 

McDonnell et al., 2002), and many case studies consider a feature to be present 

if any portion of the known range overlaps with any portion of the grid cell, but 

certain percentages of overlap of range maps with cells can also be required 

before being considered present (Kiester etal., 1996). This binary, feature-by-
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locations table (Table 2.1) is therefore a model of the conservation situation 

under consideration (but not an IP model, as will be shown). It contains 

information on the biodiversity surrogates presence or absence in the individual 

locations and can be used as input, along with the conservation goals, into 

reserve selection software. The creation of models that represent a mathematical 

(integer programming) problem by adding defined conservation goals is 

presented in Section 2.3, followed in Section 2.4 by the algorithms that resolve 

those IP models. First, however, the key concept of efficiency in network design 

is presented.

Table 2.1: A presence-absence array of data for 8 features (e.g., species) 
(columns) and 5 locations (e.g., map cells) (rows). Each location has a 
certain number of features present (1) and absent (0).

Spp A Spp B Spp c Spp D Spp E Spp F Spp G Spp H

Location A 0 0 1 1 1 1 1 0
Location B 1 1 1 1 0 0 0 0
Location C 0 0 0 0 1 1 1 1
Location D 1 1 1 0 0 0 0 0
Location E 0 0 0 0 0 1 1 1

2.2.3.2 Solving IP (Conservation) Models Efficiently
If the goal is to find a set of reserves where all indicator species occur at

least once, then once a certain species is included, it would not be efficient to 

select another site that contained that species (Pressey et al., 1996) unless it 

was included incidentally. When a collection of sites is ordered, or prioritised, by 

various attribute values such as species richness, the top sites will often include 

many of the same features because they are often located in the same general
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area and populated by the same species. Figure 2.2 shows in bright blue outline 

the 7 sites with greatest species richness for British Columbia (Lindsay, pers. 

comm., 2004). There is little doubt that many of these sites will contain many of 

the same species because of their contiguity. The six clumped sites all contain 

67 species and the one lone site contains 68, including one that only occurs in 

that one site in British Columbia. This method of prioritising potential reserve 

locations is known as scoring (Ratcliffe, 1971; Williams, 1998; Saetersdal etal., 

1992; e.g., Scudder, 2003).

Figure 2.2: Cells with greatest species richness in British Columbia.

Although it may be ecologically beneficial to represent features more than 

once in a set of reserves, it may be more efficient to find a similar number of sites
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that covers more features by reducing the number of redundant features (Vane- 

Wright etal., 1991; Church etal., 1996). This is easily done by selecting the top 

site, then removing the species that are included in that site from the model and 

therefore from further consideration in any other site. The next best site will be 

the one that has the most species that are so far unprotected (Kirkpatrick, 1983). 

The process can continue in this fashion, removing features that are covered by 

each selection of an interim reserve before selecting the next richest site.

Figure 2.3 illustrates this procedure. In this example, two provisional 

reserves (cells) are selected as steps in identifying a reserve system where the 

goal is to include the maximum number of species. Those two cells can be 

selected by scoring so that the two cells with the greatest overall species 

richness are used (60 spp. in total in Figure 2.3). Alternatively, using the 

procedure described above where complementary features are removed at each 

iteration (methodology details are provided in the next section), there may be two 

sites that jointly include more spp. in total (70 spp. in total in Figure 2.3) even 

though neither site is among the richest overall. Normally, more features are 

covered in the same number of sites this way, and, conversely, it takes fewer 

sites to cover all the features in the model (Vane-Wright et al., 1991; Williams, 

1998; Justus and Sarkar, 2002).

This idea, known as the principle of complementarity in the reserve 

selection literature (see Pressey (2002) or Justus and Sarkar (2002) for an in- 

depth historical review), has become central to reserve selection methodologies
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used today. It should not be taken to mean that the fewer times a species is 

provided refuge the better because of the reduced cost. Instead, it can be seen 

as an opportunity to have the greatest conservation impact for a given, and often 

limited, resource budget (Rodrigues et al., 2000). As well, it may be that a 

surrogate feature that requires a smaller set of sites for protection will have 

greater chance of being protected (Ferrier et al., 2000).

Figure 2.3: Cells classified by species richness illustrate the principle of 
complementarity, selecting cells’ highest joint richness (2) instead of the 
highest individual richness (1).

+57 sp rted)
58 sp

60 spp total /U spp total

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



32

Spatial Characteristics of Solution Sets Using Complementarity
Using the principle of complementarity, the network of provisional sites

tends to be spatially distributed around the region instead of clumped in smaller, 

species-rich areas as in Figure 2.2. This reflects the contributions of 

complementary ecosystem structures and functions (White et al., 1999; Csuti et 

al., 1997; Moritz etal., 2001; Bryan, 2003; Williams etal., 2004). In practice, 

there are advantages and disadvantages, in parallel to the SLOSS debate, to 

both the clumped and distributed configurations and there is no single 

configuration that provides advantages in all respects. Costs may be higher for a 

more highly distributed network of sites, but this assumes that management 

costs are related to distance from an arbitrary centre and that land costs are not 

higher in the region of clumped sites. A highly distributed set of sites may provide 

conditions for better viability of biodiversity (or its surrogates) as the impacts of 

local extinctions and extreme conditions may be buffered by the inherent 

redundancy (McDonnell etal., 2002; Bryan, 2003; Williams etal., 2004). On the 

other hand, less fragmented, more connected sites may provide better viability 

for more species. A set of solutions that can provide a diversity of configurations 

in response to changing priorities is often advantageous.

Figure 2.4 illustrates how provisional networks of cells selected using the 

principle of complementarity can be distributed around the region. The figure also 

illustrates that more than one set of cells can represent a given number of 

species, as discussed in Section 2.4.3. Mathematical models that incorporate the
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data tables and goals described above, and feature this efficiency principle, are 

described next.

2.3 Integer Programs
This thesis is concerned with conservation data represented as 0-1

(absence-presence) feature-by-location tables, 0-1 (no-yes) representation goals, 

and the incorporation of efficiency principles described previously. Mathematical 

models that incorporate those elements are well developed in Operations

Figure 2.4: Distributions of groups of cells around a region when selected 
using complementarity. This map of BC shows multiple groups of 7 cells 
(each group is composed of one cell of each different colour) (after Lindsay 
etal., unpublished - scale as in Fig.2.1).
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Research (OR), a field of mathematics that emerged in the late 1930’s (ReVelle 

et al., 2002). OR initially came about because of the needs of the British military 

to make use of new technologies efficiently and effectively in national defence. 

The practical goals of OR were, and still are, to make optimal use (i.e., maximally 

efficient in terms of cost, time, energy and other criteria) of human and material 

resources using methods that allowed objective, and therefore defensible, 

decisions to be made (Beasley, unpublished; Kingsland 2002; Cabeza and 

Moilanen, 2001; Rodrigues and Gaston, 2002).

One class of mathematical problems being dealt with in OR are linear 

programs (LP). Over the past decades, numerous solution methods have been 

developed for them (Arthur etal., 1997). In a linear program, generally speaking, 

certain variables can be represented as one or more linear functions that are 

optimised (maximised or minimised depending on the situation) subject to certain 

constraints such as limits on materials, time, or other variables. Species richness 

models can be represented as a type of linear program, where the LP takes on 

the additional constraint that the variables, which are locations or features, are 

either fully included in, or excluded from, the solution. This type of LP is called an 

integer program (IP), because the variables must maintain an integer form. As 

well, the variables have only two possible states -  included or not included in the 

solution. Integer programs often require variables to be part of a discrete set, 

such as this type of binary set, where 1 represents a yes or go situation and 0 

represents a no or no-go situation. The goals of this IP are slightly different than
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an LP in that the number of locations or features are optimised instead of a linear 

function. For example, an IP may require all feature variables to be represented a 

certain number of times or to sum to a certain total. The former case is one in 

which the model objective may be to find the least number of sites that can 

include one occurrence of every feature. The latter case could be where a 

number of sites is allowed and locations must be selected that include the 

maximum sum of features.

Numerous forms of IP models (also called, simply, integer programs or IP) 

have been developed to deal with a wide variety of efficiency problems in 

business and industry such as facility/site location, network design, transportation 

logistics, scheduling, sequencing, and resource-allocation. Two common forms of 

IP that have been adopted unchanged for use in reserve selection are the set 

covering problem and its variant, the maximal covering problem (Church et al., 

1996; Arthur etal., 1997; ReVelle etal., 2002; Kingsland, 2002). Their formula 

variations and application are described in the following sections.

2.3.1 The Locational Set Covering Model
The goal of the set covering IP as a reserve selection problem, called the

Locational Set Covering Problem (LSCP) in this study (sensu Church etal.,

1996, but also called the Species Set Covering Problem by ReVelle et al., 2002), 

is to minimise the number of locations/sites subject to the constraint that all 

model features (e.g., species) are included in at least one location. The 

mathematical notation, from Rodrigues etal. (2000) but available in numerous
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other papers (e.g., Cabeza and Moilanen, 2001; Bryan, 2003; Arthur et al., 1997; 

ReVelle et al,. 2002), is as follows (terms have been adjusted, as identified with 

square brackets, to match the vocabulary used above):

“where n is the number of [locations], m is the number of 

[features], ay is 1 if feature i is present in [location] j and 0 if 

otherwise, and variable Xj is 1 if and only if [location] j is 

selected. “The objective function (I) is to minimise the number 

of [locations] selected. Inequalities (II) ensure that each of the 

m [features] must be present at least once.

The integrality restrictions (III) state that each variable Xj is 

either 0 or 1, forcing each [location] to be treated as in 

indivisible unit (thereby avoiding solutions that would select 

fractions of each [location])” (Rodrigues etal., 2000, p.566).

A common example of a Location Set Covering Problem would be to find 

the smallest set of locations that collectively contain at least one occurrence of 

every species of interest in a region, or that collectively contain at least 5% of the 

total regional extent of a soil type (see Rodrigues et al., 2000 for a number of 

examples from the literature).

n
Minimise ^  x (/)

m
Subject to ^ ai j x j  -  ^  i = 1,2,.. ..  m 

7=1
(II)

( I I I )
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Choosing “at least one occurrence” of each species or feature in the LSCP 

is counterintuitive to the idea that features of concern should be protected to the 

maximum extent possible. However, the goal of an efficient, regional approach is 

to identify a network of sites that taken together provides the most conservation 

impact given likely competition with other land uses. As mentioned before, this 

can then serve as a backbone set of reserves which can be expanded if desired, 

with the advantage that they are being added to a core network that is an explicit 

solution to a defined IP model.

Despite the use of the term “location” in the name of the IP by some 

authors, information pertaining to the physical locations of the cells, and therefore 

the spatial relationship of each site with respect to other sites (topology), is not 

stored in the IP model (Church etal., 1996). The locations are the binary 

variables that are to be optimised, either including or excluding each one. The 

physical locations of the cells are identified using lookup tables that join to each 

record, and the results can be mapped in a GIS. Then, since each cell has a 

unique list of species, different percentages of the range of each feature may be 

covered, or contained, in different sets of locations. It is also possible to modify 

the IP in many ways, including changing the objective to optimise a spatial 

attribute, such as the boundary-area ratio or between site distances so that 

fragmentation of sites is influenced (e.g., Possingham etal., 2000; McDonnell et 

al., 2002; Malcolm and ReVelle, 2002; Williams etal., 2004).
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2.3.2 The Maximal Covering Location Model
An alternative to the LSCP is the Maximal Covering Location Problem

(MCLP) (sensu Church et al., 1996, but also called the Maximal Covering 

Species Problem by ReVelle et al., 2002), where the objective function and 

variables are reversed. Instead of finding the minimum number of locations that 

can contain all features, its goal is to find the maximum number of features that 

can be included in a limited number of locations. The number of locations is 

added as a constraint in the model. This is often used when the land allocation 

budget is predefined and the greatest coverage of features is desired for a 

certain size of network.

As with the LSCP, the topology, or spatial relationships of the cells, are not 

represented in the model but the results can be mapped in a GIS and analysed 

spatially. Since each cell has a unique list of species, different sets of features or 

percentages of the range of each feature can be contained in different solutions 

when more than one solution exists (see Section 2.4 below).

The LSCP and the MCLP are closely related (Camm etal., 1996; Church et 

al., 1996; Rodrigues etal., 2000; ReVelle etal., 2002; Arnold, pers. comm.,

2004). The solution to the LSCP is a certain number of sites given the constraint 

of including a certain number of species in the model, and the solution to the 

MCLP is a certain number of species given the constraint of using a certain 

number of sites. However, it is possible that the number of sites constraining the 

MCLP be equal to the number of sites that the LSCP finds are needed to cover
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all species. When this is the case, the MCLP will be able to cover all species and 

both models are identical.

Once a problem is formulated as an IP, it can be solved using logical or 

quantitative algorithms. Section 2.4 introduces the algorithms relevant to this 

research and describes differences between them that can affect their use and 

results in systematic conservation reserve planning.

2.4 Two Algorithm Types for Solving Conservation Models

2.4.1 Heuristic Algorithms
The task of the reserve selection process is to identify a network of sites

that will satisfy the goal of the model (e.g., of the LSCP, MCLP or other models) 

while optimising the efficiency of the reserve coverage using the principle of 

complementarity. The use of heuristic methods to accomplish this first took place 

in the early 1990’s, incorporating logical, iterative methodologies to process the 

data. Heuristic algorithms use a decision tree procedure as follows, assuming 

that the goal in this case is to represent all species (or other surrogate features) 

in at least one location in the region (i.e., LSCP):

1. sort the sites according to one or more conservation attribute values 

such as species richness

2. select the site with the highest value for that attribute and place it in a 

new list (If this step finds more than one site with the same value, any 

second attribute value can be used to break the tie. If a tie still exists,
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another attribute value can be used, and so on, or one of the tied sites 

can be chosen by order of occurrence or at random.)

3. remove all the features from the analysis that are now covered by the 

site placed in the new list

4. if the conservation goal is not met, recalculate the prioritisation attributes 

without the removed features and start again at step one

Step 3 would need to be adjusted if a different goal was used, such as to 

represent a certain percentage of a species’ total range. Note also that stopping 

this iterative process (which intends to solve the LSCP) at any step is equivalent 

to solving the MCLP, where the most species possible are covered by a given 

number of reserves (i.e., steps in the procedure). This is because at each step 

the maximum number of species that the algorithm can find for the given 

conservation attribute type and the given number of sites are included.

Figure 2.5 illustrates the logical approach in flow chart form (after Garson et 

al., 2002) from a package called ResNet (Aggarwal etal., 2000). As well, a large 

number of possible variations of criteria and steps can be found in Csuti et al. 

(1997) and Pressey et al. (1997). ResNet orders location cells by feature rarity 

and, when necessary (i.e., when two or more cells have equal rarity values), by 

complementarity (the site with the highest number of additional features). Any 

ties remaining after sorting by complementarity can be selected at random, by 

proximity (if using a GIS) or, as in this case, by occurrence in the table. Pressey 

et al. (1997), for example, used an algorithm that breaks ties with random
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Figure 2.5: An example of a logical approach to selecting priority reserve 
sites from a regional data model as used in the ResNet software package 
(Aggarwal et al., 2000) (after Garson etal., 2002).
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selection of tied sites with the result that each run of the same data can produce 

different sets of sites. On the other hand, those algorithms that break ties by 

selecting the first site based on the cell identification code, or the nearest site, 

using spatial proximity, will always find the same solution set each time the 

algorithm is used.

Other packages may use similarly straightforward criteria like species 

richness, but some use more complex calculated criteria. The various sorting 

criteria, then, singly or in various combinations, are the basis of the prioritisation 

of cells for selection into the solution set.

Suboptimality of Heuristic Solutions
The logical heuristic approach to sorting and selecting potential reserve

sites using complementarity was developed independently of operations 

research collaboration. As mentioned previously, it was an extension of the 

research that called for evaluation and sorting of conservation elements, adding 

efficiency as an integral aspect. The fact that logical sorting approaches were 

duplicating the design of set covering and maximal location IP models seems to 

have gone unmentioned until two authors pointed it out in close succession 

(Possingham etal., 1993; Underhill, 1994). This was despite the fact that a small 

number of researchers had already applied OR methods to conservation 

problems (e.g., Cocks and Baird, 1989; Saetersdal etal., 1992). Underhill noted 

that the logical, iterative methods were comparable to the type of algorithm used 

in operations research known as heuristic algorithms (or just heuristics (sensu
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Reeves, 1996)). Both Possingham’s group and Underhill pointed out that 

heuristic algorithms, including the logical approaches used by the conservation 

community, could not guarantee optimal results, nor could they inform the user of 

the degree of suboptimality in the solution. Optimality, in the sense used by 

Underhill, and adopted here, referred to the minimal number of sites needed to 

cover all features or the maximum number of features covered by the given size 

of network.

Pressey et al. (1996) held that suboptimality should be minimised. They and 

others (Willis etal., 1996; Rosing etal., 2002) also pointed out that suboptimality 

may not be a drawback in the real world where a number of vague ecological and 

political factors may influence final decisions and effectiveness. However, they 

recognised that low suboptimality was an important goal for every heuristic, 

stating that iterative heuristics should be specifically designed to minimise 

suboptimality (see also Possingham et al., 2000; Cabeza and Moilanen, 2001; 

McDonnell et al., 2002).

A suboptimal result could occur when using a heuristic algorithm with an 

LSCP or an MCLP. For the former, the result would be selection of more sites 

than the minimum needed to cover all species, and for the latter, coverage 

(protection) of fewer species than the maximum possible by a given number of 

sites. If the site with the highest feature richness should not be part of the most 

efficient solution set (as shown in Figure 2.4) and that site is selected first, the 

most efficient solution cannot be found. Most heuristic algorithms are not able to
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drop such sites in favour of others with greater joint richness, and are therefore 

susceptible to being caught in a “local minimum” (Reeves, 1996; Church etal., 

1996; McDonnell etal., 2002). These type of algorithms are also known as 

“greedy” heuristics because they have no mechanism for releasing sites that 

have been previously selected.

The hypothetical accumulation curves in Figure 2.6 (created here for 

explanatory purposes only) show how suboptimality of heuristic algorithms could 

vary with the number of required sites for the MCLP. At n = 1, a richness-based 

heuristic algorithm will find the optimal solution to the model, since the model 

goal is to cover the most features and richness selects cells with the most 

features. A rarity-based heuristic algorithm, on the other hand, still tries to find 

the most features, but only the kind that have restricted ranges. At n = 2 and 

further, for the richness-based algorithm, there may be a divergence from an 

optimal set. For the rarity-based algorithm, it is possible that as fewer endemics 

are left the remaining features may be covered. It has been reported that as n 

grows towards the size required to cover all features (i.e., LSCP) when rarity is 

the attribute used, there is often a convergence towards optimality (Csuti et al., 

1997). For LSCP, the figure shows how results can be suboptimal, as not all 

features have been covered and additional sites are needed.

As well, there is no mechanism available to evaluate the suboptimality of 

the solution before or after running a heuristic algorithm unless another algorithm 

capable of finding an optimal solution is run in parallel. This problem works
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against the principles at issue, namely to use clear logic to optimise the efficiency 

of the reserve design and have an accountable, repeatable, systematic method 

(Rodrigues etal., 2000; Williams et al., 2004). Underhill (1994) summarised his 

comments on the use of heuristics by stating that algorithms that guaranteed 

optimal results were the proper branch of research to follow because results that 

were of an unknown degree of suboptimality may not be providing exactly 

complementary reserve sets and may be causing unacceptable increases in 

network costs.

Figure 2.6: Hypothetical accumulation curve for optimal and suboptimal 
results to MCLP (n = 1 to 14) and LSCP (n = 14).
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or materials management, because a problem may not require an exact solution,
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or use of an approximate solution may be less costly than waiting for an optimal 

one (Beasley, unpublished). In biodiversity conservation, there may also be an 

acceptable amount of suboptimality, but it is preferred that the exact amount of 

suboptimality be known when making decisions (Rodrigues etal., 2000), 

especially when results can vary. There are some specialised heuristic 

algorithms that have the ability to escape local minima in some cases. For 

example, the simulated annealing algorithm (Reeves, 1996; Possingham etal.,

2000) will randomly and temporarily drop some of the sites from the priority list to 

look for better (i.e., less suboptimal) scores. A variation of the greedy heuristic 

that uses multiple runs with random seeding of the initial set has also given good 

results (Rosing et al., 2002). As with all heuristic solutions, there is no way of 

knowing how close to optimal the solutions from these heuristics are without 

using an optimal algorithm for comparison (see next section).

Heuristic algorithms for conservation reserve selection are available in a 

number of software packages that run on common desktop computers. These 

packages allow users to input their datasets and goals into tables which are 

resolved using the built-in algorithms and produce site location sets for the 

selected criteria and constraints.

2.4.2 Optimal Algorithms
As mentioned, optimal algorithms are those that guarantee an exact

solution (sensu Reeves, 1996 and Mitchell, 2002), where one exists, to the 

objective function of the IP model. They do this by using a more robust and
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thorough set of mathematical procedures such as complete enumeration or 

branch-and-bound procedures, described below. In turn, these methods 

generally require higher computational costs compared to heuristics, costs which 

can grow exponentially as the problem size becomes larger (Possingham et al., 

2000; Rodrigues etal., 2000; Cabeza and Moilanen, 2001; McDonnell etal.,

2002; Moore et al., 2003).

For very small datasets, optimal solutions can be found by visual inspection. 

For example, Table 2.2 (from Underhill, 1994) represents an array of cell and 

feature data, where each array element indicates if a feature (column) exists (1) 

or not (0) for a location or site (row). The objective of the LSCP, for example, is to 

find the minimum number of sites (rows) where the sum of each column is > 1. 

This is accomplished optimally with rows 2 and 3 since no fewer rows will “cover” 

every feature. No other combination of two records will solve the problem, but 

other combinations of records will solve it suboptimally, such as rows 1, 2, and 5. 

Suboptimal solutions would be found using a heuristic that selected locations 

based on richness, since once location 1 is selected (the richest), the algorithm 

has no choice but to add 2 more sites. One of the suboptimal solutions in that 

scenario could even be sites 1, 2 and 3, the richest site plus the optimal set of 

sites.

The solutions to the IP problem based on this small dataset are apparent by 

visual inspection, but finding them with a computer requires complete 

enumeration. Complete enumeration involves having the computer check every
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Table 2.2: A presence-absence array of data for 8 features (columns) for 5 
locations (rows). The goal of the LSCP is to find the smallest set of 
locations that covers all features at least one time.

Spp A Spp B Spp c Spp D Spp E Spp F Spp G Spp H

Location A 0 0 1 1 1 1 1 0
Location B 1 1 1 1 0 0 0 0
Location C 0 0 0 0 1 1 1 1
Location D 1 1 1 0 0 0 0 0
Location E 0 0 0 0 0 1 1 1

possible combination of rows (locations) to see which, when summed, produce a 

value of at least 1 in every column, then finding those combinations with the 

minimum number of locations (the optimal sets). This is not difficult for small or 

medium sized sets but quickly grows to become too large to solve in reasonable 

times in very large datasets. As an illustration, Beasley (unpublished) points out 

that a problem with only 100 integer variables each with 2 possible values has 

2100 (approximately 1030) possible solutions, and would require over 10 billion 

years to resolve if 4x1012 possibilities were checked every second. A 2004 

supercomputer can perform 100 x1012 calculations every second and would 

require 400 million years to solve the same, relatively simple, problem.

For the MCLP, on the other hand, the goal is to find the records (locations) 

that have the most columns (features) with at least one 'T for a constrained 

number of locations. This does not require complete enumeration because not 

every combination of every size must be compared, but it can still grow to a large 

computational problem quickly.
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Some of the problems resolved in this study have many more variables than 

this but were solved quickly because complete enumeration is not the only 

available means to solve IPs optimally. A mathematical method called branch- 

and-bound, or tree search, involves a relaxation of the integrality constraint so 

that the problem becomes a linear program (LP). The LP, which is much simpler 

to solve, is divided into two branches that provide upper and lower bounds. The 

solution to each LP is not the same as to the IP but quickly provides new 

information that can be used iteratively in a divide and conquer approach to 

reduce the number of possible solutions that need to be examined in order to 

solve the problem (Beasley, unpublished; Mitchell, 2002; Onal, 2003). This 

sometimes leads to a faster solution but not always, depending on the type of IP 

problem (Reeves, 1996). An improvement on branch-and-bound is branch-and- 

cut, which quickly identifies impossible solutions and defines planar functions that 

isolate those solutions (Mitchell, 2002; ReVelle etal., 2002; Rosing etal., 2002). 

Overall, there seems to be no generalised form of the branching procedures that 

can guarantee tractable solutions, i.e., solutions that are found relatively quickly 

with respect to the size of the dataset. Fast solution times are required in order to 

be part of flexible and responsive planning scenarios but Onal (2003) suggests 

that the very real problem of long analysis times for some types of problem may 

require some relaxation of the ideal standard of finding optimal solutions in every 

case.
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There are specialised or proprietary ways to design and apply these 

procedures that have been successful for specific problems, but they require 

additional development time and costs (e.g. Camm etal., 1996; Church etal., 

1996; Beasley, unpublished). Still, recent users of optimal algorithms for set 

covering problems in conservation (Rodrigues et al., 2000; Bryan, 2003; Moore 

et al., 2003) have found solutions to moderately sized problems in seconds and 

minutes and state that this is no longer an issue when finding optimal solutions. It 

is not clear that this is the case for all forms of conservation reserve design 

problems, however. Rosing etal. (2002) suggest that Church etal. (1996) may 

have solved their problem quickly because it was a simple form of a reserve 

selection IP. Both teams of authors, as well as Onal (2003), agree that other 

cases may still prove to be intractable.

Optimal algorithms are generally available as commercial and non

commercial software packages that can solve most types of linear and integer 

problems. Each will make use of a proprietary combination of quantitative 

methods in order to enhance performance while guaranteeing optimal solutions.

2.4.3 Application of Reserve Selection Algorithms
Conservation planners work to identify individual reserves as well as groups

and networks (networks are groups that contribute jointly to conservation goals) 

of reserves. They do so for regions of varying size using different scales of 

landscape data and with the goal of identifying different sizes of reserve(s). 

However, although the use of systematic tools in developing reserve network
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plans is common in academic research, they have only rarely been successfully 

used in the implementation of reserve networks (Justus and Sarkar, 2002, 

provide a review).

There could be a number of explanations for this. Arguments can be made 

that many of the stages in systematic planning (described in section 2.2.3.1) are 

simplistic and unable to integrate complex considerations, such as highly 

generalised range maps and interspecific interactions between species. Recent 

research acknowledges these weaknesses, as well as being compelled by 

existing reserve collections that over-represent some features and under

represent others. Studies have examined long term persistence of species (e.g., 

Polasky etal., 2000; Gaston etal., 2001; Cabeza and Moilanen, 2003), alternate 

indicators of biodiversity value (e.g., Ando etal., 1998; Cowling, 1999), multiple 

biodiversity surrogates (e.g., Rothley, 1999; Williams and Araujo, 2002; ReVelle 

etal., 2002; Davis et al., 2003), population models (Haight etal., 2000), and the 

effects of landscape pattern (Williams et al., 2004 provide a review). As well, 

practitioners have already begun to find ways to integrate systematic planning 

tools into more traditional approaches (as reviewed by Justus and Sarkar, 2002).

2.4.4 Comparing Heuristic and Optimal Algorithms
While the aforementioned investigations form the core of the theoretical

research into the use of IP models for regional conservation reserve network 

design, differences between the two types of algorithms used to solve those 

models are also of interest. The need for appropriate tools for research and
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planning is growing and differences between algorithms are important to 

understand (Williams etal., 2004). Researchers and planners making use of 

systematic planning methods must choose which type of algorithm to employ 

based on a number of factors, many that have been studied in the literature but 

are not clearly resolved. For example, new heuristics have recently been 

developed to address strengths and weaknesses found in different in algorithms. 

These new algorithms claim improvements in suboptimality and flexibility as well 

as control of some spatial aspects of the solution network such as clumping of 

sites (Possingham et al., 2000; Rosing et al., 2002).

Issues of particular interest, then, that make up the areas of inquiry in this 

thesis, include the potential suboptimality of results from heuristic algorithms, 

differences in distribution patterns related to suboptimality, differences in the 

ability to provide multiple solutions, and the potential intractability of optimal 

algorithms. This thesis is not an evaluation of the comparative benefits of each 

algorithm’s results to any particular conservation policy or plan, although better 

knowledge of the attributes of each algorithm may strengthen the argument for 

one recommendation over another.

Context of This Study
No papers are known that suggest suboptimal results are preferred over

optimal results. The potential to derive exact solutions may encourage users to

invest energy in defining data and goals more accurately because changes in

solutions can be tied directly to changes in model parameters (Pressey etal.,
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1999, Rodrigues etal., 2000). However, researchers often state that the 

advantages in flexibility and speed of heuristic solvers over optimal solvers are 

more important than the drawback of a potentially suboptimal result. This 

probably depends on the suboptimality of the output (Rodrigues and Gaston, 

2002; Onal, 2003), and many users state that they expect heuristic algorithms to 

give results that are optimal or close to optimal (e.g., McDonnell etal., 2002). A 

small number of studies in the past have measured suboptimality for a variety of 

heuristic algorithms on single datasets and found that the degree of suboptimality 

varied, and it was difficult to objectively assess the value of varying suboptimal 

results (see Rodrigues et al., 2000 for a summary; also Rosing et al., 2002). One 

other study compared multiple datasets using different heuristic configurations 

(Moore etal., 2003) and reached the same conclusion. This is the approach 

taken in this thesis research. The suboptimality of solution set size was 

measured for 4 different heuristic algorithms using 8 datasets of varying size.

This research also examined the spatial distribution of solution sites for 

each dataset. Only a few studies have looked at the spatial configuration of sites 

in optimal and suboptimal solutions for both the MCLP and LSCP (e.g., Csuti et 

al., 1997; Polasky etal., 2000) and it is unclear if there is a relationship between 

them. The locations on the landscape of the solution sites are not part of these 

models, and spatial relationships between sites are not known until they are 

linked to the cell locations in a GIS. There may, however, be configurations that 

are more or less clumped, patchy, or connected from among the existing
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solutions and these characteristics may aid selection of a network from sets of 

optimal or suboptimal networks found by either algorithm.

Acceptance of these tools and their results by decision makers and the 

public is affected by flexibility in the algorithms. For example, it is common for 

there to exist numerous sets of locations that solve the reserve selection models 

exactly (Arthur et al., 1997) and more that are suboptimal in size (Rosing et al.,

2002). Additional alternative solutions, which provide different spatial 

configurations, allow decision makers to have some choice in which sites are 

used, since all social, economic, physical, and biological factors affecting 

decisions cannot be built into the model. Some authors have even stated that a 

small degree of suboptimality may be helpful if it provides additional 

configurations of sites for consideration (Pressey et al., 1996; McDonnell et al., 

2002; Rosing etal., 2002). Optimal algorithms can be adjusted to find additional 

solutions (e.g., different configurations of the optimal number of sites) by adding 

previous solutions as a constraint in the model (Arthur etal., 1997; Arnold, pers. 

comm., 2004) and solving the full dataset again. This can be repeated until all the 

optimal solutions are found (Rosing etal., 2002). Presumably, larger sets of 

suboptimal solutions can also be found. As described above, some heuristic 

algorithms, such as simulated annealing, can be programmed to find optimal 

solutions, while others, such as the logical, iterative types may or may not, 

depending on how ties are broken and if they are run multiple times.
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The number of alternative solutions that exist is limited and is a function of 

the goals of the model and the rarity and spatial overlap of features in a region. 

For example, using two features in a regional LSCP model, if both have a 

distribution of one cell and do not overlap (i.e., perfect allopatry (Pressey et al.,

1999)), there will be only one solution of two cells that will include both features.

If their ranges are more than one cell in size and do not overlap, a number of 

two-cell solutions (that trade the range cells for each feature) exist. If the two 

features are one cell in size and overlap, a single, one-cell solution exists. If they 

are more than one cell in size and overlap partially or completely (variable spatial 

overlap (Ibid.)), then a number of combinations of one and two set solutions 

exist, again depending on whether the solution is optimal in size or not. For the 

MCLP model, the combinations are based on which sets of a given number of 

sites can contain the most features, and it is expected that there is also a limited 

number of these.

Providing different levels of access to multiple solutions results in increased 

flexibility for researchers and planners. The algorithms compared here were 

examined in a gap analysis scenario for differences resulting from their ability to 

provide multiple solutions. That is, the reserve selection algorithms were 

combined with a gap analysis procedure that illustrated the benefits or 

weaknesses of having multiple solutions.

Visualising the spatial distribution of single solutions is straightforward but 

visualising multiple solutions is problematic. This issue is important for the ability
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to discover alternative spatial configurations. Csuti et al. (1997) and Lindsay et al. 

(unpublished) (see Figure 2.4) have mapped a limited number of solution sets. 

This thesis examines the problem of displaying multiple solution sets in a GIS to 

further illustrate the differences in output from the two algorithms.

Finally, as mentioned above, Onal (2003) suggests that intractability is still a 

very real problem when seeking optimal solutions to IP reserve models, despite 

the very fast results reported in a few recent studies (e.g., Rodrigues and 

Gaston, 2002; Bryan, 2003; Moore etal., 2003). This study measured and 

compared the time required to find solutions by each algorithm.
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3.0 Methods
The goal of this research was to compare two types of algorithm used to 

solve conservation reserve selection problem models. As described in Section 

2.3, problems in reserve design have been formulated mathematically as integer 

programs (IP), allowing the use of algorithms to find efficient solutions. Two main 

types of algorithm exist, heuristic and optimal, and software packages (called 

solvers) employing each type were used to apply and compare their use and 

results. In this research, the optimal solver outputs were first compared to 

outputs from another optimal solver (section 3.3). Then, the number (i.e., size) 

and spatial distribution of the solution set sites of one of the optimal solvers were 

compared to those of a heuristic solver. Additional comparisons were made of 

the ability of each solver to generate multiple solutions and of the speed at which 

each solver found solutions (Section 3.4). Data preparation is described in 

Section 3.1 and solver implementation in Section 3.2.

3.1 Data Selection and Preparation

3.1.1 Creating Data Tables
The two algorithms, optimal and heuristic, used the same input data

preparation procedure. Geographical regions of interest (described in Section

3.1.2 below) were divided into a grid of cells on a map in order to delineate 

specific localities (e.g., Figures in Section 2.2.3.2). Biodiversity information from 

various sources (see Section 3.1.2) was then provided to each cell using a GIS. 

Each cell had a value indicating the presence or absence of each biodiversity
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surrogate feature at that location (Figure 3.1). If a cell overlapped any part of the 

distribution range of the feature, it was given a 1; if no overlap occurred, it was 

given a 0. This information was stored in tabular format in the GIS where records 

(rows) represented cells and fields (columns) represented features (Figure 3.2). 

These tables were used as the IP model input.

Figure 3.1: An example feature distribution map (in this case the species 
Myotis yumaensis) intersecting with the equal area grid cells (map scale is 
as in Fig.2.1).
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Figure 3.2: Feature table output from the grid cell and features range maps 
overlay. See text for details.

Eile Edit Fflimat Jtfew Jdelp
13 1 1 0 0 0 1 0 0 0 1 1 0 1 0 0 1 1 1 1 0 1 0 1 1 0 0 0 1 0 0 0 0 1 0 0 0 0  1 1 1 1 0 1 0 0 0 0 0 0 0 i o o o o o o i o u J 
16 1 1 0 0 0 1 0 0 1 1 1 0 1 0 0 1 1 1 1 0 1 0 1 1 0 0 0 1 0 0 0 0 1 0 0 0 0 1 1 1 1 0 1 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1  
19 1 1 0 0 0 1 0 1 1 1 1 0 1 0 0 1 1 1 1 0 1 0 1 1 0 0 0 1 0 0 0 0 1 0 0 0 0 1 0 1 1 0 1 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1  
22 1 1 0 0 0 1 0 0 0 1 1 0 1 0 0 1 1 1 1 0 1 0 0 1 0 0 0 1 0 0 0 0 1 0 0 0 0  1 1 1 10100000001 00000 0101  
26 1 1 0 0 0 1 0 1 1 1 1 0 1 0 0 1 1 1 1 0 1 0 1 1 0 0 0 1 0 0 0 0 1 0 0 0 0 1 1 1 1 0 1 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 1  
31 l i o o o i o i i i i o i o o i i i i o i o n o o o i o o o o i o o o o i o i i o i o o o o o o o i o o o o o o o o t
34 110001000110100111101001000100001000011100100000001000000101 
36 110001011110110111101011000100001001010110100000001000000001
39 l io o o io i i i io io o i i i io io o io o o io o o o io o o o io n o io o o o o o o io o o o o o io i  
41 110001011110110111101011000100001001010110100000001010100001 
45 l io o o io i i i io io o in io io i io o o io o o o io o io io i io io o o o o o o io o o o o o io i
48 110001011110110111101011000100001001010110100000001010100001
49 110001001110100111101001000100001000010100100000001000000101
51 l ioooioii i io i io i i i io io i ioooiooooiooio ionoioooooooioooiooioi
53 110001011110110111101011000100001001010110110000001010100001
54 11000101111010011110100100010000100001010010000000100000010( 
56 110001011110110111101011000100001001010110100000001010100101
59 110001011110110111101011000100001001010110110000101010100001
60 110001011110100111101001000100001001010110100000001000000101 
63 110001011110110111101011000100001001010110100000001010100101

3.1.2 Regional Datasets
The datasets used here were from three geographical regions; British

Columbia (BC), a portion of Ontario (ON), and the Carrickalinga Creek watershed 

near Adelaide, Australia (AU). They were acquired from existing reserve 

selection projects (Lindsay etal., unpublished; Olsen, M.Sc. thesis ongoing; and 

Bryan, 2003, respectively). The datasets varied in biodiversity surrogate type, 

and size and number of grid cells (Table 3.1) (grid cell size varied between 

regions but not within regions).

These datasets were selected for various reasons. The BC and ON data 

provided a variety of feature by cell table sizes, which was useful to test 

variability in output and speed. The BC data had been used in a previous

I matrix_bird01.txt - Notepad JnJxJ
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Table 3.1: Dataset descriptions.

Region

Biodiversity
Surrogate
Features

Number of 
Features in 
Group (F)

Number of 
Grid Cells (G)

Total Number of 
Table Elements 

(FxG)
BC Reptile Species 15 1,048 15,720

BC Amphibian
Species

18 1,551 27,918

BC Species of 
Concern

25 1,589 39,725

BC Species At 
Risk

59 1,588 93,692

BC Mammal
Species

102 1,589 162,078

ON Bird
Species

213 1,203 256,239

BC Bird
Species

274 1,589 435,386

BC Bird Species 
(modified)

255 15,890 4,051,950

AU Soil and Climate 
Variables

65 89,376 6,166,944

study (Lindsay et al., unpublished) with a different optimal solver than the one 

intended for this research, so comparison amongst the two optimal and one 

heuristic solver was possible. The ON dataset had been previously used with a 

heuristic solver, so it was applied here using an optimal solver for evaluation of 

the degree of suboptimality of the heuristic results. The AU data were selected 

because of the large number of cells and large table size as well as its cell size 

which was much smaller than the other two datasets. This variety of datasets 

provided an effective range of number of cells, number of features, and cell size, 

to compare the reserve design outputs and the speed of the two algorithm types.

The surrogates for biodiversity (“Surrogate Features” in Table 3.1) used in 

each study are described below and were used in this research as provided by 

the original data developers. Surrogate feature data were all converted to binary,
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presence-absence attributes (Figure 3.2) so that the only difference between 

datasets was the overall table size and the spatial richness patterns.

Table 3.1 shows that each biodiversity surrogate was a group made up of 

species from a single taxon. The number of species in each group is shown in 

the next column, “Number of Features in Group". The next column, “Number of 

Grid Cells”, refers to the number of grid cells that covered the entire group of 

features. They vary for BC because overall ranges of some taxa do not cover the 

province.

The grids used here were also taken from the respective studies. Details 

follow in the paragraphs below. Although the datasets from each region used 

different grid cell sizes, only a single cell size was used within each region. They 

were also more or less equal in area, thus reducing scale effects.

British Columbia Data

The BC grid of 640 km2 equal-area hexagonal cells was developed by 

White (2000) and used by Lindsay etal. (unpublished) for six IP analyses using 

OPL. They used a maximum of 1589 cells that overlaid terrestrial areas. Each 

analysis used a sub-group of provincial species based on taxonomy or 

conservation status as the biodiversity surrogate features (Table 3.1). To create 

the database table for each group, they digitised the range of each species from 

a field guide and intersected these range maps with the grid in a GIS to provide 

values of 0 or 1 for each species in each cell (see Figure 3.1). The resulting table 

can be shown as an array (Figure 3.2) or a richness map (e.g., Figure 3.3) where
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the cells are classified according to the number of 1’s (species) in each. The 

ranges were coarse scale generalisations of distribution data, so the richness 

classes tended to vary smoothly across the region.

Figure 3.3: BC birds’ 1-0 table summed to produce a richness map (map 
scale is as in Fig.2.1).

Legend
Birds Richness
polygon:CLASS

Ontario Data

The ON grid was a subset of cells from the Ontario Breeding Bird Atlas 

project (2005 -  http://www.birdsontario.org). These were nominally square 100 km2 

cells (Figure 3.4), based on the Universal Transverse Mercator (UTM) grid 

system, for management of annual data collection activities. The data were 

provided in tabular format with no need for an overlay intersect analysis to
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determine richness as done for the BC dataset. Data from 2001 - 2004 were

included (the Atlas project will run until 2005) for 244 bird species, of which 31 

had no presence, leaving a feature group size of 213. Since the data were 

collected by cell, instead of being translated from generalised range maps as in 

BC (Figure 3.1) and because the cell size was smaller, the distribution of species 

richness classes did not vary as smoothly across the region (Figure 3.4).

Figure 3.4: Ontario Breeding Bird Survey grid classified by cell species 
richness
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Australia Data

The AU grid consisted of 89,376 cells in a 25m array of raster pixels that 

cover the 23,000 ha Carrickalinga Creek drainage basin 60 km south of 

Adelaide. There were 65 features in the single analysis for that study (Bryan,

2003). Twenty-nine were non-overlapping environmental classes classified from 

climate variables, while 36 were non-overlapping 1:50,000 soil landscape units 

that had been overlaid on the 25m grid. The data were provided as a 0-1 table.

3.2 Implementation o f Optimal and Heuristic Algorithms
Each software package (solver) used its own methods to provide solutions

to the IP problems. The following sections describe the solvers used in this study 

and illustrate some of the differences between the algorithms. The computer 

used for all tests had dual Pentium IV (tm) 2.66 GHz CPU’s with 1 GB RAM and 

a Windows XP Professional (tm) operating system.

3.2.1 Optimal Algorithm Software - ILOG OPL Studio
The software used for the optimal algorithm was OPL Studio (Optimisation

Programming Library Studio) v.3.7 from ILOG, Inc., of Mountain View, California. 

Integer programming problems were solved using OPL’s “CPLEX MIP” (v.9.0) 

algorithm. This is a general purpose solver that makes proprietary use of a 

number of techniques such as branch-and-bound, branch-and-cut, two families of 

heuristics, pre-processing, and probing (ILOG Support, pers. comm., 2004). In 

common terms, these techniques allow nodes and feasibility regions of the 

objective function to be identified, thus preventing the need for complete
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enumeration to solve the IP (Arnold, pers. comm., 2004). Complete enumeration 

(see Section 2.3.2) is unfeasible for all but very small datasets, as the 

computational requirements quickly become too large for any computer to solve 

in a realistic time as the dataset increases in size. The solutions for integer 

program problems solved using OPL are always optimal for the defined objective. 

This software was selected because it ran on a common desktop computer. An 

academic license for OPL was purchased by Environment Canada for this study.

The proprietary OPL code for the LSCP and MCLP models were provided 

by B. Bryan (pers. comm., 2004) of the Commonwealth Scientific and Industrial 

Research Organisation (CSIRO), Australia. Modifications were made to the 

MCLP code and an interface for both models was written by Richard Arnold of 

Carleton University (pers. comm., 2004). This interface allowed the user to 

choose the model to be solved and implement the algorithm. The user could also 

choose to run the model repeatedly if multiple solution sets were desired. The 

first complete solution set was stored in memory and used as a model constraint 

(Camm etal., 1996, Arthur et al., 1997; Church etal., 1996; Kiester etal., 1996; 

White etal., 1999; Rosing etal., 2002).

Figure 3.5 shows the user interface, with models loaded and script running 

to find solution sets for a reserve selection scenario. Below the standard menu 

bars, the top left window shows which scripts, models, or data were loaded into 

the program, the top right window displays the code for these files, and the 

bottom window displays the results of the CPLEX MIP algorithm analysing the
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data model. When the LSCP objective function size was requested, the number 

was displayed in the results window. When the solution sets of MCLP or LSCP 

were requested, each row in the results window contained a solution set plus 

assorted additional attributes as determined by the script. In this case, columns 

show, left to right, result number, solution cell ID’s (columns 2 -  6), time to find 

this solution, total time to find all solutions so far, and objective function solution 

value.

Figure 3.5: An example of tabular solution set output from OPL for 
amphibians. See the text for details.

; - - M *
IS  Ble Edit yiew Erojec* Execution debug Options Window Help * i3 l2 £ l

BC

dfe &  &  #  .■% i ■  G P P
*ry t**

----------------- - j j

~bwmm
*i i * i

*11 IMPORTANT: To use a d i f f e r e n t  da ta  f i l e ,  you nus—j 
Model m ( "m c lp _ s c r ip t_ o n ly .m o d " , ''m a tr ix _ a m p h 0 3 .d a t" )  
Model n("m sp b ry a n .m o d " ,"m a tr ix  a m p h 0 3 .d a t" ) ;

.1 .............. i '  '  f^  - i ld

1*. 334, 1158, 1374, 1439, 1548, 8.1418, 1 .6588, 5
15, 348, 1169, 1374, 1447, 1544, 8.1488, 1 .7988, 5
16, 361, 1188, 1374, 1436, 1544, 8.1578, 1 .9558, 5
17, 361, 1288, 1374, 1436, 1544, 8 .1568, 2 .1118, 5
18, 366, 1211, 1374, 1458, 1546, 8 .1728, 2 .2838, 5
19, 379, 1188, 1374, 1457, 1548, 8 .1728, 2 .4558, 5
28, 393, 1874, 1374, 1488, 1544, 8.1878, 2 .6428, 5
21. 397, 1884, 1374, 1439, 1546, 8.2838, 2 .8458, 5
22, 489, 1864, 1374, 1447, 1548, 8.1888, 3 .8338, 5
23, 421, 1127, 1374, 1436, 1544, 8.2838, 3 .2360, 5
2*. 427, 1263, 1374, 1458, 1546, 8.2838, 3 .4398, 5
25, 439, 1263, 1374, 1458, 1546, 8.1878, 3 .6268, 5
26 , 427, 1231, 1374, 1457, 1548, 8.1888, 3 .8140, 5
IS

J

Coyote Solutions OptMtftton Lpg Sptver jfLEX

*1 P*" fl_n 1, Col 1

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



67

3.2.2 Heuristic Algorithm Software - C-Plan
The software used to implement a heuristic algorithm in this study was C-

Plan (Conservation Planning Program) from the New South Wales National 

Parks and Wildlife Service, Australia. The software was created specifically to aid 

in the design of conservation reserve networks and used a specialised form of 

algorithm called a greedy heuristic (Section 2.3.1). It employed an iterative two- 

stage process to sort then select locations for speculative reserve networks, and 

provided multiple prioritisation methods for the sorting stage (Pressey et al.,

1996, Ferrier, et al., 2000). This proprietary application was available for 

download from the C-Plan Internet site free of charge 

(http://members.ozemail.com.au/~cplan/). It was selected because it ran on a 

standard desktop computer, it had been used by numerous other researchers, 

was easily accessible, incorporated a familiar GIS for visualisation of results (i.e., 

ESRI ArcView v3.2), and used a variety of important attributes for prioritisation of 

cells.

As with OPL, a database was loaded into the system using the program 

interface. No scripts or proprietary model codes were required as all functions 

were built into the program. Figure 3.6 shows the interface. The top image shows 

the program interface and the bottom image shows the ArcView v3.2 mapping 

interface that is linked to the program to identify input areas and display results. 

Most reserve selection functions were available from the standard menu bars 

along the top. The buttons below the menu bars provided access to other 

common functions. The windows at the bottom displayed the cell/site address
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numbers. The left window showed those cells that are not selected and the right 

windows (there were more than two that could be shown) show cells that had 

been classified into various temporary or final reserve categories. Loading data 

into the program entailed using a separate software interface to format it into a 

proprietary format, after which it could be opened by C-Plan. When loading it, C- 

Plan automatically added a number of additional fields to the database. These 

fields contained calculated values, such as richness or irreplaceability, which 

were used by the operator to prioritise potential reserves.

Solving a problem model using C-Plan is done manually, automatically, or 

using a combination of both. The manual process involves using the interface to 

build the priority site list one location at a time. For each selection, various 

attributes and characteristics of the features and base data are evaluated using 

information calculated by C-Plan and additional expert knowledge. This gives 

added flexibility to the outcome since the important attributes do not have to be 

selected beforehand and can be changed at any point in the process. The 

attributes of each site can include feature richness, rarity, site area or other 

summary information or they can include information that is calculated by C-Plan 

such as irreplaceability or the percent contribution of a site to remaining targets. 

Also, because the data are connected to a GIS, the operator can examine and 

select or deselect sites based on attributes or spatial relationships of interest at 

any stage using any background layers. The output of this interactive method is a
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single, priority list of sites. Various lists of different sites can result if it is run more 

than once with difference choices made each time.

Figure 3.6: The C-Plan interface windows. The program interface (top) and 
ArcView 3.2 GIS interface (bottom).
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The term used to describe the final solution list is “minimum set” (minset) 

since the complementarity criteria is meant to minimise the size (number of sites) 

of the list (LSCP). Coincidental to the goals of this study, halting the minset 

procedure after a certain number of sites have been selected provided a 

maximised number of features for that number of sites, which is the solution to 

the MCLP model. The minimum set procedure involved preselecting the 

attributes that were used as criteria to prioritise the sites, and letting the program 

cycle through the iterations until the goal of including all features in at least one 

location was met. After each selection, the features that were covered by the 

selected site were removed from further consideration, the attribute values were 

recalculated without using the removed features, and the process continued. The 

greedy heuristic used by C-Plan did not solve the objective function of the IP 

problem perse, but the number of reserves in the output set is comparable to the 

solution value of an IP’s objective function for the same type of model. For this 

project, the minimum set procedure was used for all tests, and the following four 

attributes were used individually to prioritise and select cells for the minimum 

sets:

• Rarity

• Richness

• Irreplaceability

• Summed Irreplaceability
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Richness and Rarity were selected because they are common choices in 

reserve selection algorithms and are calculated by C-Plan. Richness is simply 

the sum of the number of different features present in that site and Rarity is 

calculated as a fraction (inverse of feature frequency x 100) (Pressey et al.,

1994). Irreplaceability (Pressey etal., 1994; Ferrier etal., 2000) and Summed 

Irreplaceability (Ferrier et al., 2000) were selected because they were developed 

by the designers of C-Plan and were expected to perform well. Both are 

statistical measures of the likelihood that a site/cell will be required in order to 

meet the goals of the model. Since complete enumeration of the entire spectrum 

of possible solution sets of various sizes is impossible a priori, these measures 

are calculated using predictive statistics (i.e., the central limit theorem) on 

random combinations of possible solutions of an estimated size (Ferrier et al.,

2000). A site that contains the only occurrence of one of the biodiversity indicator 

species will be essential, and therefore irreplaceable, to the goal of providing one 

site with every species. As well, the most recent development of Irreplaceability 

includes a measure of the redundancy of a site, where redundancy is increased 

for those sites whose removal would lower the existing species or feature 

coverage least. Summed Irreplaceability is the sum of all Irreplaceability values 

for each feature that occurs in a cell.

The above sorting criteria were each used separately in individual minset 

runs. This was done because it was assumed that if combinations of the criteria 

were used, the suboptimality values of the results would be equivalent to the
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results from the best single criterion and it would be difficult to analyse the effects 

of each criterion individually.

3.3 Optimal Algorithm Baseline Comparison
Optimal algorithms have been used since 1989 to solve IP reserve

problems. No known study has compared the outputs of two different optimal 

algorithms, even though they often employ different combinations of common 

and proprietary methods. This is probably because optimal solvers are designed 

and expected to guarantee optimal solutions. Since there are a limited number of 

optimal solutions for any particular model, no difference is expected in the size of 

the solution set, the number of solutions, and the cells involved in the solutions 

from either optimal algorithm or either model.

The optimal solver used by Lindsay et al. (unpublished) using the British 

Columbia species groups was IBM OSL (Optimization Solutions and Library - 

http://www.ibm.com). This study repeated part of their analysis using OPL. It 

compared the sizes of the optimal solutions for the LSCP and MCLP, the number 

of species found in each MCLP, and the number of solutions generated. A 

comparison of the spatial distribution of solutions was also done.

3.4 Heuristic and Optimal Algorithm Comparison
Following the test in 3.3, the heuristic (C-Plan) and optimal (OPL)

algorithms were compared in a number of ways. First, the solution set sizes for 

the LSCP were compared. As described previously, C-Plan does not actually
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solve an objective function perse, but the number of sites contained in its 

minimum set is comparable to the number of sites in the OPL solution. Second, 

spatial differences for LSCP and MCLP results were compared. Third, the 

overlaps of the results from each algorithm were compared to existing reserves 

(i.e., gap analysis) in order to highlight differences in the number of solution sets 

output from each solver. Fourth, the speed of each algorithm in finding the 

solutions was compared. The following subsections describe each of these three 

exercises in more detail.

3.4.1 Output Solution Comparison

Comparing solution set size
The goal of the LSCP was to find the smallest group of cells that satisfied

the constraint that biodiversity was conserved as per the agreed criteria (i.e.,

every surrogate feature included in the model was represented in at least one

cell), which is one of the most common model goals in the conservation literature

(Rodrigues et al., 2000; but see Williams et al., 2004 for alternatives). One of the

differences in the two algorithms was how well each accomplished that goal. In

fact, the question was actually how well the heuristic algorithm accomplished that

since OPL guarantees the smallest, or optimal, solution set for the LSCP model.

The term “optimal” could have referred to other characteristics of the algorithm

output, such as ecological, economic, or spatial character, but this study follows

the most common usage in the conservation reserve design literature. To do this,

OPL LSCP solutions were obtained for the ON and AU datasets as they had
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been for the BC datasets from the previous section. C-Plan was then used to run 

reserve selection analyses for the same three datasets, using one of the four 

prioritisation criteria each time, and the numbers of cells in the solutions from C- 

Plan were compared to the size of the solution sets from OPL.

Comparing spatial distribution
It was expected that any solutions found by C-Plan that were actually

optimal would be part of a limited set of possible optimal solutions. In order to

test this assumption, C-Plan LSCP solution sets, optimal and suboptimal, were

checked for matches with the OPL solutions using cell ID. If OPL had found all

possible optimal solutions, then any C-Plan optimal solution would be identical

spatially to one from OPL.

Spatial distribution patterns were compared by visual inspection. Since C-

Plan MCLP results could be suboptimal to different degrees depending on the

sorting criteria used, the distribution of solutions from each sorting criteria were

examined. Comparisons between solutions of a given size for different criteria

were made, as were comparisons of changes between solutions when solution

sets grew in size.

3.4.2 Gap Analysis Comparison
In the interests of efficient use of resources, it is necessary that the

contribution of existing reserves to regional goals is considered and utilised. One 

way to do this is to find the model features that are not already covered by a 

reserve (i.e., gap features) and add new reserves that cover those features.
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Alternatively, a provisional system can be created using all the selected features 

in a region (Kiester etal., 1996; Nantel etal., 1998; Andelman and Willig, 2003). 

This new set can be compared to the existing reserves in order to identify 

overlaps and only those provisional sites that do not overlap with an existing site 

need to be considered for new reserves. Existing reserves that do not overlap 

with the new configuration of reserves may be redundant to the model in 

question, and decision makers can consider redirecting resources used for their 

management to other areas. The difference between full and gap feature 

datasets is illustrated in Figure 3.7. The top image shows richness classes for all 

213 bird species in the ON region and the bottom image is the richness classes 

for the 27 gap species whose ranges do not overlap with an existing 

conservation reserve cells.

In this study, the latter form of gap analysis was implemented. The results 

were used to highlight the differences in the output of the two algorithms. That is, 

new solutions from each algorithm were compared to the pre-existing set of 

reserves to find the amount of overlap with the network of existing reserve sites. 

The method for defining and identifying existing conservation areas is described 

next, followed by the process for comparing these to the reserve selection output 

of each algorithm. The feature datasets that were used in this section included 

those from BC and ON only. The AU data did not have a data layer representing 

existing reserves (see Table 3.1).
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3.4.2.1 Defining and Preparing Existing Conservation Reserve Data
There are many different types and sizes of conservation reserves so it was

necessary to determine which of the existing reserves to include in the gap 

analyses. Since there is no standard approach for determining gap features 

(Jennings, 2000), the set used here was selected to mirror what might be a 

logical choice in an actual reserve design project. Only those conservation 

reserves that were over 1000 ha in size and classified as IUCN I to III (of I to VI) 

were included. These higher IUCN classifications represent strict limitations on 

the types of resource extraction and land use activities permitted (WRI-IUCN- 

UNEP, 1992) and are often used to filter out the less effective existing reserves 

(Andelman and Willig, 2003; Rodrigues et al., 2004). The size was selected 

because smaller reserves may not contribute to the viability of certain species in 

the reserve (Rodrigues et al., 2004). Reserves of any type or designation were 

used (parks, wilderness areas, wildlife reserves, etc.) that fell into the IUCN and 

size categories and were owned and managed by either the federal of provincial 

governments.

For this analysis, a digital map of existing conservation reserves was 

intersected with the same grid used to represent the species distribution in each 

region. A cell was identified as a reserve cell when any portion of an existing 

reserve overlapped with any portion of the cell. An alternative approach could be 

to require a certain area or percentage of overlap. Figure 3.8 shows an example 

for one portion of British Columbia. The conservation reserve data were
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Figure 3.7: All features vs. gap features. ON species richness for all birds 
(top) and “gap” birds (bottom). In both maps, cells with heavy blue outline 
show existing reserves (scale is as in Fig 3.5).
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provided by the Canadian Council on Ecological Areas (CCEA, pers. comm.,

2004) from their Canadian Conservation Areas Database project (CCAD) in 2004

Figure 3.8: Sample of existing British Columbia conservation reserves and 
the grid resulting from an intersection analysis. See text for details.
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3.4.2.2 Comparing Heuristic and Optimal Algorithm Outputs in a Gap 
Analysis

Once the IP solution sets were identified by the heuristic and optimal 

algorithms for the LSCP model, they were compared to the existing reserve set 

for their region. Solution sets generated by C-Plan in Section 3.4.1 were 

displayed in the GIS so that the number of cells overlapping with the existing
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protected areas could be counted. The sets from OPL were processed in a 

different way because of the multiple optimal solutions that were produced. All 

optimal solution sets were transferred to a spreadsheet in the form shown in 

Figure 3.5 (solution sets are in rows and cell identifiers are in columns). The 

number of cells in each solution set that matched with existing conservation 

reserves (using cell ID) were displayed in a new column and the entire sheet was 

sorted by that number, with the solution sets with most matches at the top. The 

records at the top were therefore the optimal solutions to the LSCP that had the 

highest possible number of sites that overlapped with existing reserves.

Mapping Multiple Sets
In order to make use of multiple sets, it may be helpful to visualize many of

them on a map at one time. In order to compare the usefulness of results from

each algorithm, OPL data were mapped using procedures developed in previous

research and compared to the mapping solutions provided by C-Plan. Mapping a

single set of sites is straightforward but mapping multiple sets can be problematic

because a given site may be part of more than one solution set. These difficulties

are described in Chapter 4 and discussed in Chapter 5.

3.4.3 Algorithm Speed Comparison
A common statement in past literature is that optimal algorithms are either

intractable and cannot deliver a solution in a reasonable time, or, even when 

mathematical methods are used to avoid intractability, are too slow to be useful 

for real-world reserve selection except for the smallest datasets (Willis et al.,
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1996; Pressey etal., 1997; Possingham etal., 2000; Rosing et al., 2002; 

McDonnell etal., 2002; Lawler etal., 2003; Sarkar, 2004). Even when optimal 

algorithms are fast enough to be useful in real time, they are still expected to be 

slower than heuristic algorithms (Rosing etal., 2002; Moore etal., 2003). To test 

the speed of the algorithms, a number of the reserve selection exercises carried 

out in previous sections were timed. All datasets from all three regions were used 

for this test. In addition, one dataset, the BC birds taxon group, was modified by 

replication 10 times to create an artificial table of 255 species and 15890 cells 

(see Table 3.1). This was done to provide a dataset of intermediate size along 

with the smaller (BC and ON) and larger (AU) datasets.

The test measured the time to find a solution to the LSCP (OPL) or the 

minimum set (C-Plan). In C-Plan, a stopwatch was used to measure the time 

from when the prioritisation attribute was selected and the minset process was 

started until the minimum solution set was completed. In OPL, the time to find the 

solution to the IP objective function and the time to find a solution set for that 

number of cells were added together, the former measured using a stopwatch 

and the latter using script code. Timing was stopped after only one solution set 

was found in order to match the single minimum set solution found using C-Plan.
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4.0 Results

4.1 Optimal Algorithm Baseline Comparison
Solutions to the Location Set Covering Problem (LSCP) and the Maximal

Covering Location Problem (MCLP) for the BC datasets using ILOG OPL were 

compared to results for the same datasets done previously using a different 

optimal solver, IBM OSL (Optimization Solutions and Library) (Lindsay et al., 

unpublished). The solution size for the MCLP, which is the number of species 

covered for a given number of input cells, was equal for both solvers for all 6 

feature groups (column 1) (all column references are for the Output section of 

Table 4.1), as was the LSCP solution which was the number of cells that 

included each species at least once (column 2). However, there was a difference 

in the number of solutions found between OSL and OPL for some of the models 

(columns 3 and 4 respectively) even when the solution sizes were the same. The 

number of solutions were equal in 26 of the 29 cases where either algorithm 

found less than 1000 solutions. Of the remaining 3, OPL found more solutions 

than OSL in 2 cases. For the remaining 26 runs, the algorithms were terminated 

after 1000 solutions had been found, except OPL was run longer for each LSCP 

(this information is used elsewhere). The number of solutions, however, did not 

always increase with the number of sites. This is consistent with the results from 

Csuti et al. (1997) and shows that the number of possible combinations of 

solution sets is not dependent wholly on the number of sites, but is also probably 

affected by the configuration of the distribution of features.

-81 -
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Table 4.1 : Results from the comparison between ILOG OPL and IBM OSL 
for the BC data. Three differences in solution set size are shown in dark 
grey. Numbers with a “>” symbol indicate that the programs were halted 
before all solutions were found (some OPL results extended beyond 1000 
for Section 4.2.2).

INPUT OUTPUT
Feature
Group

MCLP

# of 
cells

MCLP 
Obj.fn. solution 

(num ber of spp.) 
(OSL and OPL)

LSCP 
Obj.fn. solution 
(# of cells req’d) 
(OSL and OPL)

OSL 
# of 

solutions

OPL 
# of 

solutions

BC
Amphibians

1551 cells 
18 species

1 11 9 9
2 15 9 9
3 16 445 >1000
4 17 >1000 >1000
5 18(100%) 5 >1000 >4368

BC
Reptiles
1048 cells 
15 species

1 10 11 11
2 12 59 59
3 13 291 291
4 14 376 376
5 15(100%) 5 144 144

BC Species 

of Concern
1589 cells 
25 species

1 15 6 6
2 20 72 72
3 22 792 792
4 23 >1000 >1000
5 24 >1000 >1000
6 25(100%) 6 >1000 >3566

BC
Mammals
1589 cells 

102 species

1 68 1 1
2 84 4 4
3 95 2 2
4 98 46 46
5 100 >1000 >1000
6 101 >1000 >1000
7 102 (100%) 7 >1000 >3141

(continued on next page)
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Table 4.1 (cont’d)
INPUT OUTPUT

Feature
Group

MCLP

# of 
cells

MCLP 
Obj.fn. solution  

(num ber of spp.) 
(OSL and OPL)

LSCP 
Obj.fn. solution  
(# of cells req’d) 
(OSL and OPL)

OSL 
# of 

solutions

OPL 
# of 

solutions

BC
Birds

1589 cells 
274 species

1 188 1 1
2 226 1 1
3 249 3 3
4 256 279 279
5 262 894 894
6 264 >1000 >1000
7 266 >1000 >1000
8 268 >1000 >1000
9 269 >1000 >1000
10 270 >1000 >1000
11 271 >1000 >1000
12 272 >1000 >1000
13 273 >1000 >1000
14 274(100%) 14 >1000 >3201

BC 
Species 
at Risk

1588 cells 
59 species

1 17 2 2
2 30 2 2
3 36 2 2
4 40 3 3
5 43 3 3
6 45 31 31
7 47 50 50
8 48 53 1411
9 50 >1000 212
10 51 >1000 >1000
11 52 >1000 >1000
12 53 >1000 >1000
13 54 >1000 >1000
14 55 >1000 >1000
15 56 >1000 >1000
16 57 >1000 >1000
17 58 >1000 >1000
18 59(100%) 18 >1000 >2040
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In general, the results from both optimal algorithms were close to identical. 

All solution sizes were the same and differences only existed in a few runs in 

terms of the number of solutions each solver produced. All mismatches existed at 

the cusp of where solution numbers became greater than 1000 which may have 

suggested that more mismatches might have occurred as the solution numbers 

grew larger. On the other hand, only two datasets showed mismatches at that 

point and many showed equivalent results at very high numbers. What can be 

stated with confidence is that 26 of the 29 lowest solution numbers matched for 

both solvers. Where they did not match, the number of solutions was quite large, 

so differences between them would probably not be important from a 

conservation planning perspective.

Differences in spatial configurations for the solutions were not expected. 

That is, the same solution cells were expected to be selected by both algorithms. 

This could not be compared here due to limitations of the OSL dataset obtained 

except when all solutions had been found for a dataset. In that one case (BC 

reptiles), the overall set of cells involved in the solutions could be compared and 

were identical. Since the same cells and the same number of combinations were 

found, it suggests the sets were also identical in each case, but this could not be 

confirmed due to limitations of the OSL results provided. (Maps of BC reptile 

distribution and reserve solution sets are provided in Figure 4.8 as part of the gap 

analysis comparison.)
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4.2 Heuristic and Optimal Algorithm Comparison

4.2.1 Output Solution Comparison
The optimality test compared the number of cells selected by OPL for LSCP

to the number of cells selected using the C-Plan minset function. Results are 

shown in Figure 4.1. Here, suboptimality refers to the increase in the number of 

sites found by the heuristic algorithm above the optimal number.

Figure 4.1 : LSCP solution sizes from OPL and minset size from C-Plan 
using 4 different prioritisation methods.
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As expected, the number of sites selected by OPL for the LSCP was never 

larger than the number selected by C-Plan for any of the tests conducted. C- 

Plan, in most cases, gave results that were closer to optimal when the two 

statistical prioritisation attributes (Irreplaceability and Summed Irreplaceability) 

were used and less so when the two algebraic criteria (Richness and Rarity) 

were used. The irreplaceability measures calculated the importance of each site 

to the conservation goal, whereas richness and rarity were “hotspot” (counts of 

certain feature types) evaluations. Summed Irreplaceability also calculated 

redundancy as an additional sorting criterion. It produced the same number of 

sites as OPL in seven of eight datasets, while Irreplaceability did so for six of the 

eight. For Richness and Rarity, only three and two of eight, respectively, 

produced the same # of sites as OPL, with Rarity requiring many more sites than 

OPL in several of the datasets. Rarity usually had greater suboptimality than 

Richness regardless of the mix of feature configurations in each region. There 

may be a weak relationship between suboptimality and dataset size, as the 

smallest and largest sets have corresponding amounts of suboptimality; 

however, some of the intermediate sized datasets do not. Nor is there a 

consistent increase in the amount of suboptimality with an increase in the optimal 

solution set size. Suboptimality of MCLP results was not measured for this 

analysis, but some were measured for the section below regarding spatial 

patterns of solution sets.
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In general, these results fit the standard disclaimer that heuristic algorithms 

often carry. That is, heuristic results were often optimal or nearly so most of the 

time. However, it was not possible to know how suboptimal the results were 

without having optimal results for comparison, and the results did not always fit 

the standard pattern (as shown by the Australia results). It is unclear why the 

results for the Australia data are so poor. They consist of two completely 

allopatric datasets overlain on each other and that likely mimics a scenario with 

many endemic species, where less overlap also probably occurs. Endemic 

species data would normally be expected to give results close to optimal for most 

algorithm criteria.

Spatial Pattern for Optimal LSCP Results
The spatial distributions of the sites in optimal LSCP solutions from C-Plan

were expected to match with the finite number of possible optimal and 

suboptimal sets. Verifying that there was a match could not always be done if all 

optimal sets had not been found but comparisons were made to those optimal 

solutions that had been found. Table 4.2 shows which C-Plan optimal sets did 

overlap with a known OPL optimal set. As expected, all C-Plan optimal sets 

matched known optimal sets when all optimal sets were found (BC reptile data 

only). The other positive matches, where optimal sets that had not been fully 

itemised, support the idea that not finding a match is probably only due to not 

having all optimal sets available for comparison. This is true regardless of which 

prioritisation attributes were used.
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Table 4.2: Spatial match of C-Plan minimum sets (i.e., LSCP) with any 
known optimal sets.

Dataset 
(and # of optimal OPL 

solutions found)

Sorting criteria that 
produced optimal sets in 

C-Plan

Match of optimal 
C-Plan solution with any 

of the OPL solutions?
AU none -

BC birds Summed Irreplaceability no
(3201) Irreplaceability no

ON birds Summed Irreplaceability no
(3434) Irreplaceability no

BC mammals Summed Irreplaceability no
(3141) Irreplaceability no

BC COSEWIC Summed Irreplaceability no
(2040)

BC SPoC Summed Irreplaceability no
(3566) Irreplaceability YES

Richness YES

BC amphibians Summed Irreplaceability no
(4368) Irreplaceability no

Richness no
Rarity no

BC reptiles Summed Irreplaceability YES
(144-all) Irreplaceability YES

Richness YES
Rarity YES

Spatial Pattern for Optimal and Suboptimal MCLP Results
The same set matching situation, due to limited optimal and suboptimal

solution sets, was expected for the MCLP results. That is, regardless of the

number of sites (referred to as n hereafter), there were one or more possible

optimal and suboptimal solutions that would match any optimal or suboptimal

solution (of the same number of cells) from a heuristic algorithm. The difference

between this and the LSCP analysis is that there were changes in suboptimality

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



89

as n changed for any single dataset and sorting criterion. Table 4.3 provides 

solutions, i.e., species accumulations, to MCLP for each n for the different sorting 

criteria for BC amphibians. It shows that suboptimality for all sorting methods for 

this dataset converged on an optimal solution for the largest n. The Richness 

results were all optimal and the other attributes were identically suboptimal for all 

values of n. When criteria showed similar levels of suboptimality, there was still a 

possibility that the species involved were the not the same, especially if the sites 

selected were different.

Table 4.3: MCLP solution set sizes (i.e., species accumulations) for OPL 
and all C-Plan sorting criteria for BC amphibians.

n (MCLP) OPL
C-Plan - 
Summed 

Irreplaceability
C-Plan - 

Irreplaceability
C-Plan - 
Richness

C-Plan - 
Rarity

1 11 7 7 11 7
2 15 14 14 15 14
3 16 16 16 16 16
4 17 17 17 17 17
5 18 18 18 18 18

The distribution of sites for BC amphibians is shown for all n in Figure 4.2.

Rarity solutions are shown as a surrogate for Summed Irreplaceability and 

Irreplaceability results since they have similar suboptimality. Richness results are 

shown as a surrogate for a sample (i.e., one of many possibilities) optimal 

solution set.

For all n, the general distribution of cells around BC for Richness was 

similar but not identical. The concentration of cells in the southern fringe, 

especially for low values on n, is because of the generally higher levels of 

species richness there, as the model goal was to maximise the number of
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Figure 4.2: C-Plan MCLP solution distributions for 18 BC amphibian 
species. The red circles highlight solution cell locations that are different 
for the tow criteria. The number of species covered for each n is shown 
with each map.
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species selected regardless of prioritisation criterion. However, the difference 

between Rarity and Richness is seen immediately with n = 1, as the Richness 

solution consists of one of the cells with the highest richness (see Figure 4.3 

below) and the Rarity solution is a cell with the highest richness of rare species. 

As the sets grow, cells can only be added because C-Plan uses a greedy 

heuristic. When n = 2, the solutions are again quite similar, but when n = 3, 

Richness has added a cell from an area lower in richness than Rarity has, which 

is probably due to having different species covered so far and adding cells with 

different joint richness. The final solutions are quite similar, since, as with n = 2, 

sites are added that are similar to those selected by the other attribute although 

in a different order.

MCLP suboptimality for BC birds at a range of sample n values, including n 

for the LSCP value (14 sites), is shown in Figure 4.4. This larger dataset had 

more n values before reaching the LSCP condition and had some suboptimal 

results for LSCP which may contrast with mapping results for amphibians. Both 

Summed Irreplaceability and Irreplaceability results began with some 

suboptimality but converged with the optimal results as they did for amphibians. 

Rarity results for amphibians also followed that pattern but for birds they 

remained diverged from optimal. Richness results for amphibians were optimal at 

every stage, but for birds, they are 1 (of 274) spp. short of optimal and remain 

diverged by that amount for all n tested. It was not unexpected for them to
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Figure 4.3: BC amphibian richness classes (map scale as in Figure 2.2).
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nearly match optimal results since the optimal algorithm was using richness to 

find the maximum number of species. However, the Richness results for birds 

eventually diverged from optimal, showing that a ‘local minimum’ (see Section 

2.4.1) was reached by the time all species were covered (it is assumed that the 

Richness solution for n = 1 was optimal).

Each of the single C-Plan solution sets from Figure 4.4 were mapped in 

order to see if patterns of distribution change could be detected (Figure 4.5). As
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with amphibians, sample OPL results were not shown as there were numerous 

multiple sets to select from, but again, Richness solutions are nearly optimal for 

every n tested and may be representative of an optimal set. The right hand 

column of maps deviates from the pattern of adding 4 more n to the previous 

map by using the number of sites needed to cover all species.

Figure 4.4: Sample MCLP suboptimality values for OPL and all C-Plan 
sorting criteria (BC birds).

MCLP Suboptimality 
(BC Birds)

OPL - Optimal

■«— C-Plan - Summed 
Irreplaceability

-a — C-Plan - Irreplaceability

C-Plan - Richness

Number of Sites (n)

For all columns, the optimal number of species that can be found for each n 

is shown in the heading, and the number that were actually covered for each 

result is shown with the individual maps (also in Figure 4.4).

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



94

Figure 4.5: Site distributions for different values of n for BC birds. Columns 
are maps by number of sites (n) with last column having n for LSCP (where 
all 274 species are covered).
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There were a number of trends that could be observed, although the fact 

that alternative distributions for each model were possible should be considered. 

In general terms, very few sites were located in large clumps once the number of 

sites approached the solution to the LSCP, as they probably would have been if 

richness without complementarity were used to select sites. This reflects the
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contribution from disparate ecoregions according to a number of authors (White 

etal., 1999; Moritz etal., 2001; Williams etal., 2004). BC ecoregions are quite 

evenly sized and distributed although some northeast to southeast trending in 

shape occurs due to tectonic folding (Figure 4.6).

Figure 4.6: British Columbia ecoregions.
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As well, the sites selected by each criterion were, roughly speaking, located 

in similar parts of the region. That is less often the case for low n, but even those 

maps showed a number of sites that were at, or close to, the same location. For 

low n, Richness showed the most difference from the others and only shared 1 of 

4 cells. As n increased, the distributions seemed to converge more closely,
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perhaps complementary with the suboptimality, as all got quite close to optimal 

for this dataset. This pattern was not as consistent for Rarity results, which had 

no sites located in the southwest corner of the province, but this is probably 

explained by its high suboptimality at n = 12. The changing patterns also suggest 

that the method C-Plan used to pick each next site when there were ties (using 

cell ID as opposed to random or varied methods) may find similar cells in similar 

circumstances. For other methods of breaking ties, for example, the results may 

not have been similar if there were a large number of solution sets available. In 

this regard, Richness cells were again most different from the others, and it was 

evident that the differences in n = 8 had forced it into a different final pattern, 

which in this case, as shown previously, had prevented it from finding an optimal 

solution to the LSCP. On the other hand, Summed Irreplaceability and 

Irreplaceability did end up with optimal results for the LSCP even though at 

earlier n they tended to find marginal locations and were suboptimal. This was 

probably due to irreplaceable features sometimes being only marginally in the 

region (fewer locations increases irreplaceability). Richness patterns seem to be 

more evenly spread around the region, except for the largest n, and the Rarity 

pattern seems to be least spread over the entire region.

MCLP suboptimality shows little evidence of a trend to divergence from 

optimal to suboptimal results as n increases except in small increments such as 

with BC bird Summed Irreplaceability (n = 1 to n = 4) (Figure 4.4 above). The 

opposite is true in numerous cases, however, which supports previous
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contentions that as more sites are available, convergence of suboptimality and 

locations can occur (Polasky et a/., 2000).

The suboptimality of results varied for C-Plan solutions to the LSCP (14 

sites are the optimal number) (Figure 4.5). Summed Irreplaceability and 

Irreplaceability results are both optimal in size and match each other’s cell 

locations exactly. Richness results have one extra site that stands out on 

Vancouver Island, which is not represented by the previous two. The remaining 

Richness sites coincide in general with the distribution of sites from the previous 

two results, with most differences occurring in the south-central area. The Rarity 

result has 3 extra sites in its LSCP solution which seem to be clumped with sites 

that exist in other maps but were non-represented areas in Rarity results for n = 

12. This can probably be thought of as the spatial equivalent of a local minimum, 

where having selected sites at lower n values that were not as widely distributed 

as the others (especially evident for n=  12), it finds itself with redundant sites as 

it selects the final few.

These findings agree with other studies that found suboptimality higher for 

lower values of n, and with Csuti et al. (1997) and Polasky et at (2000) that 

convergence may be common when that occurs. However, care in making 

assumptions should be taken since numerous alternatives exist and C-Plan 

always seems to pick the same (first occurrence by ID) cell from alternative 

choices.
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4.2.2 Gap Analysis Comparison
The outputs from the two algorithms were used in a gap analysis to

examine the similarity of their spatial distribution to a grid showing the presence 

of existing reserves. A solution that provided more overlap with existing reserves 

would require fewer new reserves and therefore be potentially less problematic 

or costly to complete. A solution that provided less overlap could signal that the 

goal of the model was quite different from the goals of the designers of the 

existing system. If resources were limited in that case, it may then be worthwhile 

to consider which values are more important and, if the regional plan was held to 

be more desirable, resources from some of the existing sites could be redirected 

to creating sites that make up the regional plan.

As discussed in Section 3.2.2, C-Plan solution sets were a single list of sites 

for each prioritisation attribute used (in this case there were four). An example for 

the ON region is shown in Figure 4.7 where the solution set includes 3 existing 

reserves. Even though there could have been numerous sets of sites that satisfy 

the goal, C-Plan’s prioritisation process for finding minimum sets only produced 

one set for a given sorting criterion and dataset. OPL, on the other hand, found 

numerous optimal sets. All BC reptile solutions were found, for example, and are 

illustrated with existing reserves in Figure 4.8 (mapping of multiple optimal 

solutions using irreplaceability values, as shown in the legend, is described in the 

following subsection).
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Figure 4.7 : Example results of a gap analysis as done in this study (C-Plan 
results for ON bird data using Summed Irreplaceability).
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The results for the overlap test are provided in Table 4.4. In general terms, 

it provides the size of the solution set (“Solution Set Cells”) and the number of 

those cells that overlapped the most with cells containing existing conservation 

reserves (“Overlap with Existing Reserves”). These fields are found in both the 

C-Plan and OPL sections. There are two main ways that the results from C-Plan 

and OPL differ. First, although each shows four results for each surrogate taxon 

group, the C-Plan results are single sets from four different sorting criteria and 

the OPL results are the four sets of solutions that have the most overlap with 

existing reserve cells for the LSCP model.

Second, as a result, the OPL section has two additional fields showing 

information relating to the multiple solutions found. The first, “# of Solution Sets 

with Overlap Number Shown at Left”, is the number of solutions that existed or 

were found that contained the amount of overlap shown in the column to the left 

(i.e., “Overlap with Existing Reserves”). The BC birds feature group, for example, 

had 7 solutions that had 9 cells overlapping, 84 solutions that had 8 cells 

overlapping, 362 solutions that had 7 cells overlapping, and 944 solutions that 

had 6 cells overlapping. The second, “Solutions Available”, is the number of 

solutions that existed (e.g., BC reptiles) or were found before stopping the 

program.

The results answered the question of whether or not there was a difference 

in the amount of overlap with existing reserves that each algorithm’s solution(s) 

could provide. In all cases, even when both algorithms found the same optimal
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Table 4.4 : The number of cells for each algorithm solution that overlap 
with cells from existing reserves. For each algorithm, the highlighted text 
shows the number of cells in the smallest solution set and the number of 
those cells that overlap with existing reserve cells. See text for details.
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size of solution set, the OPL outputs included numerous sets that had more 

spatial overlap with existing reserve cells than C-Plan outputs. Sometimes there 

were hundreds of OPL solution configurations that had more overlap than the 

single C-Plan solutions.

Among the C-Plan prioritisation criteria, Rarity often gave solutions that had 

the most or nearly the most overlap with existing reserves. This suggests that the 

reserves in all three regions may have historically been designed more often for 

local endemic species conservation than for regional, multi-species reasons. 

Rarity also often required more cells to solve the LSCP, although the correlation 

between this and overlap with existing reserves is not perfect.

Mapping Multiple Sets
Csuti etal. (1997) have mapped all 144 optimal solutions from their

terrestrial vertebrate species dataset for Oregon (Ibid., Figure 2, p.92) in an

elegant way. They labelled each of the solution cells with the frequency of

occurrence of that cell in the total set of solution sets. For example, if a cell

occurred in 48 of 144 total solutions, it had a score of 33%. Once all solution set

cells were labelled, solutions were reconstructed from the map by selecting all

cells with a value of 100% (cells that occur in all solutions) and one cell from

each group with the same frequency value. The number of combinations

therefore added up to 144 since there were 19 cells labelled with 100%, 3 with

33%, 4 with 25% and 6 with 17% (119x 2 x 3 x 4 x 6). White etal. (1999) also

used this technique, requiring the selection of a single cell from each group in
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order to make an optimal set. It is unclear if all possible solutions are included as 

their map shows a possibility of only 10 solutions sets of 8 cells each. This same 

method was also used in Figure 4.8 above, where the cells are coloured by 

frequency value scaled from 0 to 1. By selecting the 2 red cells, plus one of every 

other colour, a total, and maximum, of 144 sets can be recreated (12 x 3 x 4 x 

12). The colours in Figure 4.8, as shown in the legend, are derived from the 

irreplaceability values of each cell which is equivalent to the frequency of 

occurrence. If a cell occurs in more of the multiple solutions (because there are 

fewer of that combination of features), its frequency and irreplaceability go up.

This method maps multiple solutions sets in a way that can be visualised 

correctly in the cases above. This system fails, however, when the number of 

sites involved becomes too high. Lindsay etal. (unpublished) have attempted to 

map each BC taxon group, and mapped the 144 solutions for BC reptiles 

successfully (Figure 4.9) (although the colouring of the cells represents solution 

set groups but not irreplaceability). When they map amphibians, however (Figure 

4.10), the total number of combinations of 5 cells is approximately 430,000 ( 3x9 

x 20 x 21 x 38), more than were actually found to be optimal sets by the 

algorithm. This demonstrates that simply selecting one site from each colour 

code may not produce an optimal set as identified by the original algorithm.

The problem of potential incorrect solutions was also encountered here with 

the OPL results for datasets larger than BC reptiles. The 4,368 OPL solution sets 

for BC amphibian data are displayed in Figure 4.11 using their irreplaceability
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Figure 4.9: BC reptile data optimal solutions map (map scale as in Figure 
2.2) (Lindsay etal., unpublished).

Reptiles
5

15 of 15 species 
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Biodiversity Research C onsortium  Ju ly  30, 1998

value so far. The cell with the highest irreplaceability value has occurred 3985 

times out of 4368 solutions so no single site is totally irreplaceable. With this 

number of individual irreplaceability values, the ability to use them to reconstruct
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Figure 4.10: BC amphibian data optimal solutions map (map scale as in 
Figure 2.2) (Lindsay etal., unpublished).
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optimal solutions of 5 sites is again lost. The solution to this problem by Lindsay 

et al. was to filter the solutions to show only a subset of groups of 5 solution sites 

(Figure 4.10) (Lindsay, pers. comm., 2004) although it still did not prevent the
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Figure 4.11: Distribution of OPL irreplaceability values shown on a base 
map of species richness classes for the BC amphibian dataset (map scale 
as in Figure 2.2).

possibility of selecting a solution that was an artefact of the translation process 

instead of a true solution. C-Plan also uses the same method to calculate its 

Irreplaceability sorting attribute value, but the calculations are done using a priori 

statistics (Ferrier et a/., 2000) instead of the a posteriori method used above for 

OPL. The differences in irreplaceability for both algorithms are shown in Table 

4.5. C-Plan results are equal to OPL results in most cases and the difference 

seems to be related to the number of irreplaceable sites. However, OPL results 

are for incomplete solution sets except for BC reptiles, so care must be taken in 

drawing conclusions.
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Table 4.5: Number of totally irreplaceable cells for each taxon group by 
solver.

Taxon Group 
(no. of solutions used)

OPL C-Plan IRREPL

ON Birds 
(3434)

14 11

BCSAR
(2040)

7 6

BC Birds 
(3210)

2 2

BC Reptiles 
(144 (a ll))

2 2

BC SOC 
(3566)

1 1

BC Mammals 
(3141)

1 1

BC Amphibians 
(4368)

0 0

Figure 4.12 provides BC reptile irreplaceability information as calculated by 

C-Plan using its a priori statistical method. The same 2 cells as in the OPL 

results (Figure 4.8) are completely irreplaceable and the remaining cells found in 

OPL solutions are recognised here as having better than minimal irreplaceability.

Figure 4.13 provides BC amphibian irreplaceability information as 

calculated by C-Plan. As with the OPL results (Figure 4.11, Table 4.5), there are 

no sites that are irreplaceable. Although the OPL results are not final, the C-Plan 

results suggest they will not change. Unlike the OPL results, there is no 

recognition of higher irreplaceability in the northeast part of the province.

4.2.3 Algorithm Speed Comparison
The speed at which algorithms provide solutions in reserve selection

problems has been an important issue in several past studies. The flexibility 

needed to work with alternative solutions is diminished when results are not 

available for interactive use. Although computer speed has increased
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Figure 4.12: Distribution of C-Plan irreplaceability values for BC reptiles. 
The legend and a priori irreplaceability values are created by the program.
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tremendously in recent years and algorithm design has improved, Onal (2003) 

has suggested that slow results for some optimal solutions are not surprising, 

and fast results (e.g., Rodrigues and Gaston, 2002) may not be true optimal 

results at all (Onal, 2003).

A wide variety of sizes of dataset were compared in this study for 

differences in processing time to produce one solution to the LSCP. The results, 

shown in Figures 4.14a (Figure 4.14b zooms in to show the results for the
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Figure 4.13: Distribution of C-Plan irreplaceability values for BC 
amphibians. The scale is as in Figure 4.12
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smallest sets), show that OPL speed was consistently equivalent to or lower than 

C-Plan times, often being as little as 25% to 50% of C-Plan times. These overall 

fast times for OPL results are explained by the fact that long times are expected 

when finding optimal results only when complete enumeration is used in the 

optimal algorithm. Algorithms in modern solvers such as OPL and OSL use 

numerous mathematical strategies and tools to minimise the number of solutions 

that need to be tested.
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Figure 4.14a : Times to solve LSCP for all nine datasets from Table 3.1. The 
bottom left corner is expanded for viewing in Figure 4.14b.
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Finding multiple solutions using OPL took extra time. As more solutions 

were found, they needed to be kept in memory and used as constraints to ensure 

new solutions were unique. Figure 4.15 shows the general increase in time 

needed to find each solution for two sample datasets, BC reptiles and BC 

amphibians. Some of the variation in time may have been due to the computer 

being used for other purposes but the growth in time per solution is generally 

linear. Table 4.5 shows the total and average times needed to find the number of 

solutions listed in Table 4.4 for each LSCP model.

Table 4.6 : Time needed to find multiple solutions to LSCP model for each 
group.

Dataset
Number of 
solutions

Total time to 
find solutions

Ave. time to 
find solutions

Time to find 
first solution

BC birds 3201 41 h 38m 13.2s 46.8s 1.7s

ON birds 2000 9h 31m 1s 17.1s 0.7s

BC mammals 3141 45h 12m 44.8s 51.8s 0.7s

BC COSEWIC 2040 5h 39m 40s 10.0s 0.2s

BC SPoC 3566 23h 59m 55.4s 24.2s 0.1s

BC amphibians 4368 23h 32m 23s 19.4s 0.1s

BC reptiles 144 (all) Oh 0m 35.6s 0.25s 0.7s
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Figure 4.15: Graphs of the time required to find each solution by OPL for 
two datasets. In general, as more solutions were found, the time required to 
find each additional solution grew linearly.
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5.0 Discussion
This thesis examined a small component of the large and integrated

process of systematic conservation planning. The results inform researchers and 

planners about the impacts, on suboptimality, spatial distribution, flexibility, and 

speed, of using heuristic and optimal algorithms for reserve selection. This 

knowledge may increase confidence in the model solutions as well as provide 

more planning options. The sections below place the results of the comparisons 

into academic and scientific context in order to make the benefits and drawbacks 

of using either algorithm more clear.

5.1 Optimal Algorithm Baseline Comparison
No other studies have compared outputs from two optimal solvers using

biodiversity data, although optimal algorithms are often used as a reference 

against which to evaluate the suboptimality of heuristic reserve selection 

algorithm results. Optimal results compared here included the number of sites 

(cells) in solution sets (LSCP) or features covered (MCLP), the number of 

solutions generated, and, where possible, the distribution of solution set cells. 

Spatial distribution of multiple optimal sets is discussed in Section 5.2.1.

It was expected that the two optimal solvers would provide the same 

solution size to the LSCP and MCLP reserve selection models, and those 

expectations held true here. Unexpectedly, each optimal algorithm found different 

numbers of solution sets for some of the IP models. The expectations were that 

any combination of input data would have a limited and precise number of

-113 -
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solution combinations regardless of the solver used. Although this may be a 

minor difference in terms of the number of occurrences and because it only 

occurs when there are numerous alternative sets to choose from, it may indicate 

a larger problem unless the cause can be explained, especially since many 

comparisons could not be made.

Arnold (pers. comm., 2004) speculated that the differences may be a result 

of the OSL solver being 5 years older and that small errors in a branch and 

bound process may become obvious only when the number of branches 

becomes sufficiently large. The OPL process is a proprietary mix of methods and 

processes which raises the possibility that every solver is slightly different. Onal 

(2003) states that ILOG optimal solvers, which include OPL, may use some 

strategic approximation methods rather than ensuring the results are optimal. In 

general, these results may indicate problems with the optimal algorithms or 

models that should be investigated if confidence in the results is important, 

especially for comparison to heuristic results. No other known conservation 

publications have examined this type of situation but an examination of OR set- 

covering literature may be productive.

5.2 Heuristic and Optimal Algorithm Comparison

5.2.1 Output Solution Comparison

Solution Set Size Differences
Previous studies have found variation in suboptimality to be common and

that it apparently varied with the design of the heuristic and the distribution of the
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features in the region. Two studies (Pressey et al., 1997 and Csuti et al., 1997) 

using a single dataset each found that suboptimality varied with differences in 

heuristic algorithm design. Comparing richness and rarity based heuristic 

algorithms, Csuti’s group found that richness based algorithms gave better 

results than other heuristics for the MCLP, and rarity based algorithms gave 

better results for the LSCP. This was supported by Moore et al. (2003). 

Saetersdal et al. (1992) used a heuristic algorithm on two datasets and found 

that having more rare species gave better results, which was substantiated by 

Pressey et al. (1999) in a simulation study and Moore et al. (2003) using a variety 

of datasets. Willis et al. (1996) found no suboptimality in output from two heuristic 

algorithms using a single dataset. Pressey etal.’s (1999) simulation study, in 

addition, found that the amount of nestedness or overlap of feature ranges was 

not related to suboptimality for a number of heuristics.

In this study, as shown in section 4.2.1, there was considerable variation in 

suboptimality of solution set sizes for the LSCP (Figure 5.1) and some of the 

levels would represent significant impacts on the implementation of conservation 

plans. In comparing different types of heuristic algorithm, there is a trend towards 

higher suboptimality for the Rarity based algorithm compared to the Richness 

based algorithm. This does not support the two previous findings which found 

that rarity based algorithms were closer to optimal in almost all cases (Csuti et 

al., 1997; Moore et al., 2003). It was also found here that the newer statistic- 

based heuristics (Summed Irreplaceability and Irreplaceability) produced lower
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suboptimality than the simpler, algebraic sorting criteria (Richness and Rarity) in 

most cases. No tests in the literature using these criteria are known.

Figure 5.1: Percent suboptimality occurrences from all 32 tests for the 
LSCP.
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% Suboptimality Class

The highest suboptimality is found in the data that seems to have the least 

nestedness (overlap between features, sensu Pressey etal., 1999). AU data are 

composed of sites that are only 1 of 29 soil types and 1 of 36 environmental 

variables. Pressey et al. (1999) suggest that increased nestedness would result 

in lower suboptimality since solutions should become identical. However, it may 

be that they could become identical and optimal for either (opposite) extreme -  

perfect nestedness or perfect allopatry.
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It is likely that the amount of suboptimality that is acceptable by a planner 

varies depending on the species, the nature of the conservation problem, and the 

planner(s). Moore et al. (2003) said their results of 0 to 9% suboptimality were 

close to optimal because they translated into additions of less than 1% of total 

area in the region. Onal (2003) notes that even a small overall regional 

percentage of land can have very large cost consequences. Rodrigues et al. 

(2000), assessing previous comparisons, report a range of 0 to 50% 

suboptimality, suggesting that results greater than about 25% were 

unacceptable, although these figures were not translated into percent of total 

area. Pressey et al. (1996), on the other hand, suggested that results in the 

range of 40% were not grossly suboptimal.

Here, 27 of 32 results (>84%) had less than 40% suboptimality and 25 of 32 

(>78%) had less than 25% suboptimality. These results are good by most 

standards, although the AU results suggest caution is required when heuristics 

are used without knowing the level of suboptimality (e.g., McDonnell etal., 2002).

Because of the extreme suboptimality of some of these results, especially 

the AU data, it would also be interesting to test them on the other class of 

heuristics, the stochastic global search methods (sensu Cabeza and Moilanen, 

2001) such as simulated annealing (Possingham et al., 2000). These are 

reported to perform better than greedy-type richness and rarity-based criteria. As 

well, as mentioned by Moore etal. (2003), numerous other heuristic algorithms 

exist that are well studied in the field of Operations Research, from which these
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algorithms arise. It may be informative to the conservation community to learn 

about how heuristics are being used to solve set covering and maximal location- 

type problems in fields other than conservation.

These results may support some previous results and may counter others, 

but more clarity is needed regarding data quality and other possible variables of 

influence. The recommendation by Moore et al. (2003) for more simulation 

studies as a way of controlling these variables seems appropriate. These findings 

and observations on suboptimality of results are important because heuristic 

solvers, which are available as easily installed and utilised desktop computer 

packages, are becoming more popular (Williams et al., 2004). They are held to 

be intuitive and effective (Moore et al., 2003) but may not be (Underhill, 1994; 

Rodrigues and Gaston, 2002; Onal, 2003), especially as more complex IP 

models are developed (Rodrigues et al., 2000). With this in mind, a planner using 

a heuristic should probably do more than just run a variety of formulations of their 

heuristic to increase confidence, as suggested by Pressey et al. (1997). They 

would benefit in many ways by obtaining optimal results for comparison.

Spatial Differences
Changes in the solution set patterns using different sorting criteria and

varying numbers of sites for the heuristic solver were examined here. The results

supported previous findings that convergence of spatial distribution occurred as

the number of sites designated (i.e., “n") increased if suboptimality decreased.

Csuti et al., (1997) noted that for a model that needed 23 sites to cover all
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species, a suboptimal heuristic (396 spp. vs. 406 spp. possible for n=  10) had at 

most 3 cells overlapping an optimal set for n = 10 and had 19 overlapping for n = 

23 (with 425 spp. vs. 426 spp. possible for n = 23). Polasky et al. (2000) found 

that as long as sites remained unclumped, as they generally are due to 

complementarity, they will converge to similar spatial patterns as the number of 

sites grows. Having found here that trends to decreased suboptimality seem to 

be stronger than trends to increased suboptimality as n grows, it may be that all 

three ideas are connected, and the convergence mentioned by Csuti’s group is 

due to the decrease in suboptimality which is related to the overall widely 

distributed nature of complementarity-based model solutions.

For a planner, this means that if more sites are to be used, using 

complementarity has the advantage of possibly reducing suboptimality as well as 

providing a larger number of alternative solutions. For example, a planner may 

have less confidence and less flexibility if only a few sites are to be funded. The 

fact that only one solution from each model has been examined here calls for 

caution in drawing conclusions, however, but may be an important consideration 

for those planners who only have a budget for one or two new sites. It may be 

better to do a complete regional analysis using LSCP and optimal algorithms 

before selecting the individual new sites. C-Plan can also be used but the LSCP 

minimum set is based on statistical assumptions which may lose their accuracy 

for regions with high numbers of sites. Further research is needed to clarify if C- 

Plan statistical approaches are less reliable in that kind of situation.
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5.2.2 Gap Analysis Comparison
In order to further evaluate the differences between the heuristic and

optimal algorithms, both were applied in a gap analysis exercise. The complex 

relationship between gap analysis and reserve selection in systematic planning 

helped illustrate a number of key ways that the algorithms differ, including in 

irreplaceability values and visualisation of results.

Visualising Multiple Sets
The benefits of multiple solutions are conveyed to gap analyses because

different configurations may provide solutions that have a reduced requirement

for new sites when existing sites are considered, as shown in the results (section

4.2.2) or may provide different levels of coverage for specific features (Gaston et

al., 2001; Rodrigues etal., 2000; Noss, 2003; Bryan, 2003). Making use of the

multiple solutions in a gap analysis, as was done here, is a novel response to the

question of how multiple optimal output sets can be manipulated to aid

conservation efforts.

Csuti etal. (1997) and Possingham etal. (2000) reported that simulated

annealing algorithms can provide multiple solutions when the set size is optimal.

C-Plan also has the ability to find multiple sets if different choices are made

during manual runs. This could be used, for example, to select those sites that

overlap with existing reserves in order to reduce the number of new reserves

required by the solution. Using this method with Summed Irreplaceability, overlap

for the Ontario birds’ dataset increased from 3 of 24 (see Table 4.4) sites to 5 of

24. The BC mammals’ dataset found that the overlap was improved from 3 of 7
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to 5 of 7. This latter improvement matched the best result found in 3141 solutions 

from OPL. The fact that the multiple OPL results provided solutions with more or 

equal overlap with existing reserves than C-Plan could do automatically or 

manually supports the contention that multiple sets can be useful for this type of 

goal.

Pressey (1999b) states that being able to map irreplaceability helps to 

visualise the options that exist with respect to desired conservation outcomes, 

especially if there is a need to consider connectedness, patch size, corridors and 

other landscape configuration options. The irreplaceability value for a site, as 

calculated by Pressey’s team and others using C-Plan, is dependent on 

assumptions about the size, number, and distribution of potential solution sets for 

the IP problem (Ferrier et al., 2000). Although it is understood that the true 

irreplaceability values for sites in the model can be known only if both the 

objective function size and all true solution sets to the problem model are known, 

Ferrier etal. (Ibid.) state that due to the speed limitations of the branch and 

bound algorithms, that value is too problematic to calculate in real-time. This 

statement was made in 2000, and researchers since then have shown very fast 

results for very large tables using products associated with OPL (Bryan, 2003; 

Moore etal., 2003; Rodrigues and Gaston, 2002). If speed is no longer a factor 

(see Section 5.2.3 below), it suggests that the optimal methods should be used 

to calculate irreplaceability from the actual results.
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C-Plan may be a better choice for finding irreplaceability when the number 

of solutions is high, as the user at least has a useful approximation about the 

final irreplaceability numbers. On the other hand, as Lindsay et al., (unpublished) 

have done, it may also be appropriate to use a small subset of solution sets for 

mapping. This project shows, for example, that compiling and mapping only 

those sets that minimise the need for new reserves can be a useful way of 

finding alternative sets.

5.2.3 Algorithm Speed Comparison
It has often been stated that heuristics are being developed or used in a

project because optimal algorithms are unable to produce results in a time frame 

that allows interactivity, meaning seconds or hours per solution. Recent tests 

have been done by a number of researchers that report optimal algorithms as 

being capable of interactive speeds with most datasets (Rodrigues and Gaston, 

2002; Bryan, 2003; Moore etal., 2003). The results here use the same software 

and draw similar conclusions when single solutions sets are required.

One author, however, suggests that there is still some doubt that optimal 

solvers are doing as well as it seems (Onal, 2003). Reeves (1996) states that 

there are likely to be conditions, such as the type of problem, problem size, or 

algorithm used, where even branch-and-bound or branch-and-cut methods will 

function no more quickly than complete enumeration. Church etal. (1996), who 

wrote up the earliest reserve selection version of the MCLP and solved it with a 

proprietary algorithm, suggested that although many reasonable sized problems
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of this type are resolved quickly, there may still be cases where they will not be. 

Although these references are not current, the fact remains that if a problem 

cannot be reduced by branch-and-cut or pre-processing, either within the solver 

or manually, it may remain intractable. Rodrigues and Gaston (2002) concur, and 

had much slower results for one MCLP problem of a number of similar MCLP 

and LSCP problems.

Finding single optimal solutions quickly does not ensure fast results for 

multiple results, which may be needed to find a single ‘best’ solution. However, 

the time needed to run a heuristic multiple times or to find alternative solutions 

interactively also takes longer than finding a single solution. The number of 

solutions needed to provide flexibility to planners may not be extremely high, and 

a subset of 50 or 100 can be used to begin looking at alternatives, perhaps in a 

gap analysis as discussed above, while the program continues to provide more 

solutions.
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6.0 Conclusion
Significant resources are being brought to bear to ensure the conservation

of threatened elements of biodiversity, and systematic planning approaches are 

attempting to contribute objective, accountable reserve design recommendations 

to planners and decision makers. Designing reserve networks for varied regional 

situations is a common conservation research activity, but the results are not 

often implemented. One reason for this may be a lack of understanding about 

reserve selection algorithms, which have different forms that function differently 

and sometimes provide different results. Although Underhill, ten years ago, found 

fundamental reasons to focus on optimal algorithms in reserve network design, 

heuristics have remained popular. These two types of algorithm were compared 

here for differences in output (network size and distribution) and flexibility (the 

ability to provide multiple solutions and deliver results quickly) using a variety of 

regional datasets.

The results add evidence that suboptimality of heuristic results may be 

excessive in some cases and cannot be predicted. This is intuitively correct, as 

predicting them would imply knowing the optimal solution, which would eliminate 

the need for a heuristic. They also show that suboptimality may increase as 

fewer sites are stipulated compared to the number needed to encompass all 

features of concern, and this can lead to more chance of a single site being 

redundant (and therefore not efficient) from the regional perspective of the IP 

model. Spatially, all networks designed here, due to the principle of
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complementarity, reflect the effects of ecosystem-based input data and provide a 

less clustered network than hotspot-based approaches.

Heuristic algorithms can be programmed to provide multiple solutions but 

the results will all carry the disclaimer about possible suboptimality. As well, 

programming a step-wise heuristic to use existing solutions as a constraint, as is 

done easily in ILOG OPL, may be problematic since the final solution is not 

known until all iterations are complete and there is no guarantee that the next 

solution will be different or as close to optimal as the previous solution(s).

C-Plan provides a good a priori irreplaceability estimation. ILOG OPL 

provides multiple, optimal solutions that can be filtered in many ways and used to 

find true irreplaceability values, although it takes much longer than C-Plan. Both 

of the algorithms tested here worked very quickly to provide single solutions sets 

and speed should not be a barrier to using either one.

Before improved computer speeds and solver design made use of optimal 

algorithms unrestrictive, there were many cases where heuristics were 

advantageous. Despite the possibility of increased land purchase and 

management costs due to additional and possibly redundant sites for a given 

network, planners found heuristic solvers intuitive and easy to use, although that 

assessment may have been simplistic. Today, although there are other reasons 

to debate the use of conservation optimisation models and systematic planning, 

the use of optimal solvers is practical and provides flexible, concise solutions to 

regional, multi-feature conservation problems.
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