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ABSTFUCT 

This study examined the effects of spatial mnpling svategies on the description of complex environmental 

systems in the presence of measurement error. A simulation experiment approach was used since field experiments 

are prohibitively expensive and analytical solutions are genenlly intractable for realistic ecolopical complexity. 

A two-species patch occupancy mode1 was constructed that included a spatially structurcd substrats. climatic 

infl uencc on resources. and spcies-independent rcsponse to resources and disturbances. The mode1 was executed 

using a broad range of resource patterns and spscies characteristics. Software instruments simultaneously collected 

data from the simulation world according to a p~scribed set of sampling strategies and degrces of measurement 

accuracy. Rrsource inventories and species frequencies were estimated using the simulated "field" data and then 

compared to the "true" state of the simulation world. 

The spatial sampling pattern (random or gridded) only affected estimates when the anrilysis rnethod explicitly 

used spatial information. in which case gridded samples produced lower magnitudes of error but random samples 

produced the smallest. most consistent bis.  For spatial analyses. the mean difference between estimates usi ng each 

samplinp pattern werc within 3% ofeach other. 

Aside from spatial samplinp pattern, the spatial sampling density was the most influentiat design factor for 

resource inventories. The mors in individual mrsurements were strongly reduced upon aggregation and had onty a 

minimai effect on the overd1 inventory estimates. 

A threshold effect appeared in census estirnates at a spatial sampling density of 0.05, relative to Md ce11 size. 

Estimates from sparser samples (typical of rnost census efforts) were dominated by spatial density itself. Denser 

samples were predorniniintly intiuenced by classification accmcy. At the greritest spatial densitirs (0.15 or greater). 

an increase in density resulted in a larger census error if not accompanied by an increase in classit?cation accuracy. 

The experirnent results suggest that field exercises should be planned to mairimize mobility and coverage 

density, with Iess emphasis placed on obtaining the most accunte measurements possible. Inexpensive sensors that 

allow ~ p i d  measurement with moderate accuracy, combined with mobile computing and GPS units for rapid spatial 

data acquisition. should produce the most effective data for chanctenzing overall system state. 
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1.1 Problem Background 

As human development continues dong its current course, there arise F a t e r  demands on both 

resource allocation and conservation. Consequently. there is greater pressure to rnake decisions to 

strike a balance between these demands. and to predict what ecosystem effects thcse decisions may 

have. This requires a certain knowledge of the relevant operative ecosystem processes and an 

understanding of the physical environment in which these decisions are made (Gough and Ward 

1996). Our understanding of many of these processes is in its infancy. as they have only been 

intensively studied for the past few decades. However, there is still a need to make confident 

predictions and judgements, although full knowledge of the processes involved is not known nor is 

expected in the near future. 

Focused scientific questions about specific environments may be investigated using field 

measurements at specific, carefully chosen locations. In these cases. most field researchers are able to 

identify important locations within their fieid study sites due to their own experience and the controls 

defined by the hypothesis' structure. However. investigations of a more general scope. including 

investigations of interacting ecological process. baseline characterization. and monitoring prognms 

usually cannot be constmcted in such a focused way. By their very nature. a more complete and 

decailed characterization is required. 

To date, most work on formalizing ecosystem behaviour has focused on rnacro-level or 

aggregated interactions. The aggregations may be spatial or temporal. and often are both. The data 

requirements of an aggregated mode1 are often fairly manageable, and the moderating effect of the 

coarser analytical scale can produce mode1 results that are, on average, reasonably close to the 

observed behaviour of the modeled system. However. aggregated interactions are often fimited or 

insufficient in their expressive ability when finer spatial or temporal scale phenornena are of interest 

(Johnson et al. 1992, Gustafson and Gardner 1996). For instance. w hen aquatic populations are 



conside~eci on a laiceaide annual basils -y systems show inwfficient food suppCy to suppa &he 

observed predator population (G.S. Spniles, 1998. pers. comm.). In these cases, the patchiness of 

habitat conditions within the lake and the movement of prey populations over the predators' life cycle 

are imponant to the population dynamics. A more micro-level description is required to properly 

charactetize the dynarnics in such a system (Stockwell and Sprules 1995). 

A recognition of the importance of spatial scale and heterogeneity is retlçcted in an increase of 

landscape ecoloa studies (Kupfer t 995). Relationships at a finer spatial scale (and interactions rit a 

finer temporal resotution for more dynamic systerns) are often considered in modern models. Micro- 

level or spatial models must consider more factors, relationships and interactions than macro-level or 

lumped models. Consequently. disaggregated modeling brings new difficulties regarding sciçntific 

description, analytical trrictability, and the model's associated data requirements. As more complexity 

is introduced into a model. whether due to the allowance for more spatial parches, more relevant 

processes, or more dynamic nther than static rdationships. there is a corresponding combinatorial 

explosion of inter-relationships that each require data for adequate characterization. 

With such complexity. it can be difficult to collect sufficient data to adequately describe the 

behaviour of the observed system. Even though the demand for more drtai Ied model ing increases. 

data collection resources often rernain the sams. so our relative capability for sampling covenge 

becornes sparser. To stretch the available resources, we wish to make every measurement or 

observation contri bute the most it cm to Our knowlcdge about the system. Mode et al. ( 1999) 

considered the concept of a cost/precision ratio in their multi-stage sampling approach. using "rough 

but cheap" initial measurements to determine needs for a representative sample. To illustrate, the 

Campbefl Scientific (CS0 CS400 pressure transducer has  a precision of kû.25Q for $900 CDN, and 

the CS1 CS405 has a precision of M. 1% for S 1.100. in this example the precision may be increased 

modestly for a small increase in cost. The impact of the cost/precision ratio can Vary considenbly 

depending upon the state of the technology. In the spatial domain, where Global Positioning System 



(GPS) receives are used te determine locations. the cosilpreeision range ts cven wider. The Garmin 

12 receiver gives 15 m precision for a cost of about $300 CDN: the Trimble Pathfinder Pro gives 

0.5 m precision for 5 1 UMXk and the Trimble 4700 gives better than 0.0 1 m precision for 535.000. For 

a hypothetical535.0 GPS budget on a project, does it make more sense to have the capability for 

one 0.0 1 m measurement or one hundred 15 m measurements at any given moment? Does it even 

make sense to spend this much - would we end up with better data. or just more data? 

There are also tndeoffs between the precision of a measurement and the time required to acquire 

the measurement. For cxample. the CS1 CS6 15-L water content reflçctornetcr can masure volumetric 

soi1 water content with a precision of 10'm3m" with an execution interval of I .O second. and a 

precision of 10'' m3m" with an execution interval of O. 1 second. In the spatial domain. the Ashtech 

Reliance GPS receiver costs i 10.000 and is capable of 0.75 m accuncy with less than one minute 

acquisition time. The accuncy improves to 0.3 m after 10 stationary minutes; 0.1 m after 20 

stationary minutes. and 0.01 m after 30 stationary minutes. Even if our budget iillows an expenditure 

of $10,000 for 1 cm accuracy. can we afford to wait 30 minutes to obtain a measurement. plus time to 

move to the next location? 

A careful balance must therefore be reached ktween the pattern and density of measurement 

points in space and time. and the spatial, temporal, and attributional precision and accuracy of those 

measurements. The balance becornes more critical when finer-scale. 'patchy' features of the system 

are of most interest. Many sampling strategies have been developed to optimize this balance (e.g. 

Hunsaker et al. 1994. Royle and Nychka 1998). but it can be difficult to asscss their effectiveness 

when applied to cornplex. dynamic systerns. 

We must somehow devise effective sampling rnethodologies and evaluate their effectiveness 

relative to other methods. but how? To properIy evaluate sampling effect iveness. one must compare 

conctusions reached frorn sample data to the 'reality' of the comptetsly known system (or the system 

as known more accuntely from other sources). Herein Iies the paradox of self-evaluation: we can 

only lcnow' the ecosystem by the samphg itself; Our 'truthing' knowiedge is lirnited to the very 



techniques we wisk to test. The strengikof this p a d o x  p w s  as the system k o m e s  more cornplex, 

which is precisely when we wish to be more certain about, and need to more completely test, the 

method of observation. This phenornenon appears in nearly every sntdy of natunl systems. For 

example. when studying the different results obtained by using different pcpulation trend estimating 

techniques on the same subset of Breeding Bird Survey data. Thomas and Martin ( 1996) recognized 

that without a baseline of known trends. there was no way to evaluate which estimation method was 

most accurate. 

In the face of this paradox. most researchers turn to statistical data collection and analysis 

methods. which are genenlly designed to meet certain statistical criteria and perform with certain 

statistical properties. To meet these criteria and exhibit these properties. the characteristics of the 

underlying. 'unknown' system must be the sarne as those assumed in the statistical development of the 

method. There are two probtems that consequentIy arise with this design apprmch. Firstly. the 

selection of a statistical rnodel implies selection of the underlying statistical properties inherent in the 

model. However, the missing data and measurement error that cm arise in sampling natural systems 

can make it difficult to select an appropriate statistical model (Thomas 1996). 

Secondly, when a statistical model is finally chosen, natunl systems rarely exhibit the 

mathemotical properties assumed of them in a consistent manner. For example. most (or at least 

many) surface interpolation techniques assume that the surface is continuous and infinitely 

differentiable at al1 points. However. for rugged terrain surfaces and for most soi1 complexes. where it 

is more Iikely that interpolation between data points is required to estimate the micro-Ievel effects on 

ecological processes, many discontinuities occur and differentiability is uncommon past the first 

degree and n r e l y  found past the second degree (Lancaster and Salkauskas 1990). Once the statistical 

assumptions underlying the sampling stntegy are violated, the predicted accuracy of the resulting 

description must become suspect. 

When the observed systern is considered 'rapidly changing'. defined Ioosely here as a system that 

experiences significant change in a time span comparable to or shoner than the time required to 



c o k t  acomptete spatid caverage of measutements, ir beco- euen more difficult to meet the 

statistical assumpt ions. Transect sampling met hods for species censuses have been built upon 

statistical assumptions. with the recognition that violation of the assumptions will create problcms in 

analysis (Crain 1998). Even when transects are carefully designed. differences in the relative speeds 

of the surveyon and the fauna and their directions of travel can create strong biases in mamrnal 

counts (Burnham et al. 1980). Regardless. there is always uncertainty or incompleteness in the data 

collected: that is. i t  is known that wildlife census efforts do not count d l  individuals. In other npidiy 

changing systems such as a catchment during a rainfall event. if a specific variable of intrrest takes 3 

relatively long time to measure accurately. then the time between two separate measurements may be 

large enough that the system has changed significantly between the two observations. and they should 

not be used together as a diable 'snapshot' of the system state. 

It would appear that it is often unsafe to rely solely on the underlying statistical structure when 

assessing the effectiveness of a particular sampling stntegy when applied to a dynamic, complex 

systern. An alternative, more direct method would explicitly compare the results obtained from a 

cornrnon analysis method applied to several data sets collected from the system. each data set 

collected using a different sampling strategy. However. there are sevenl pnctical problems with this 

approach. First. resources can be difficult to obtain in order to conduct one data collection exercise. 

let alone conduct multiple data collection exercises with different sampling strategies. Second. if the 

investigation takes pIace in a rapidly changing environment. unIess the data sets are cokcted 

simultaneously they m y  not be directly comparable since the two obsewed systems can be 

effectively different in character. Third, as discussed above. it rnay be nearly impossible to establish a 

baseline and determine which stratea produced the besr depiction of the actual behaviour of the r a i -  

world system. We may be able to fonn an opinion about the achievable precision, but certainly not 

about the accuracy. 

Since sampling strategies and analysis methods cannot be developed solely on faith in their 

statistical properties. and they cannot genedly be tested on the system itself, the next best thing is to 



test hem on 2 sumgate OF analogous modeL system. S o m  care mus€ be taken in ehoosing the 

surrogate. however, or the structure of the surrogate system may add its own implied assumptions 

about the mechanics of the real-world system. leaving us no funher ahead than relying on statistical 

methods. By use of a surrogate computer simulation cnvironment. even if the simulation mode1 is 

complex enough to be fairly unpredictable in a deterministic sense. the exact state of the system is 

known at al1 times and therefore a baseline m y  be established for comparing the various sampling 

techniques. In addition. multiple data sets can be collected simultaneously, so there is an assurance 

that the descriptive ability of the data sets c m  be directly compared. 

1.2 Objectives 

1.2.1 Overall Objective 

The overall objective of this work is to obtain a more detailed, quantitative understanding of how 

different sampiing stntegies perform when used in complex physical systems. More specifically. the 

purpose of the proposed research is to establish an explicit linkage between the dsgree of error in a 

description of the dynamics of an observed (complex) ecosystem, and the spatio-temporal and 

measurement characteristics of the sampling strategy used to observe the ecosystem. This linkage wili 

be determined using a simulation experiment approach by assessing the descriptive effectiveness of 

current. commonly used sampling and analysis methodologies in the literature. using sample data 

drawn from ecologically analogous simulation models as an experimentai test bed. 

A second ptimary objective is to assess the utility of this expimental approach and determine if 

further investigation using this technique will be fruitful. The method, as discussed in Chapter 4, is 

very demding in its computation and time requirements. Methods to alleviate these requirements 

and aIlow an increase in the intensity, scope. and extent of the investigation will be described in 

Chapter 7, but they require considerable investment in experiment infrastructure. The results 

desciibed in this dissertation will help determine if such an investment will be worthwhile. 



Based on the problem background outlined in section 1. I and the statement of the study's general 

objective in section 1.2.1. the fundamental degrees of freedom within such a simulation study are: 

spatial sampling pattern 
spatial sampling density 
spatial sampling precision 
spatial sampling accuracy 
temporal sampiing pattern 
tempoml sampling density 
temporal sampling precision 
temporal sampling accuracy 
attribute measurement precision 
(one degree of freedom for each 
attribute) 

attnbute measurement accuracy (one degree of 
freedom for each attribute) 
aspect of ecosystem stnicture to be characterized 
aspect of ecosystem dynamics to be characterized 
spatial scale of ecosystem's intenctions 
temporal scale of ecosystem's intenctions 
range of variation in ecosystem's attributes (one 
degree of freedom for sach attriubute) 
degree of interrelationship between ecosystem's 
attributes 

These degrees of freedom are discussed in more detail in Chapters 3 and 4. Considering that the 

sampling densities must be examined relative to the scaIes of interaction within the ecosystem. and 

that the sampling accuncies must be examined dative to both the scales of interaction and the ranges 

of attribute variation within the ecosystem. the number of parameter combinations gows incredibly 

quickly. Although some groups of parameter combinations cm be effectively examined by sharing a 

single simulation model execution, many require scpante model runs (discussed further in Chapter 

4). Since sach simulation mode1 can cake considerable computation time and resources, clearly this 

swdy c m  only be an ini~Jal investigati~n of a subset of these degees of freedorn, exploring a smaH 

range of parameter values. The experiments in this study examine the following degrees of freedom 

over a lirnited range: 

spatial sampling pattern 
spatial sampling density 
temporal sarnpling density 
attribute measurement precision 

aspect of ecosystem structure to be 
characterized 
range of variation in ecosystem's attributes 
degree of intemlationship between 
ecosystern's attributes 
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Specifically, meûsurernents are perfectly established in space and time, and a11 individual 

measurements are unbiased though possibIy inaccurate. The ecosystem is not rapidly changing as 

defined in section 1.1; that is. the systérn does not change state in the time taken to complete one 

entire spatial coverage. This first study will help determine the utility of using a simulation 

experiment approach to investigate this problem domain, If deemed a fruitful avenue of investigation. 

the other degrees of freedom will be explored in future studies (discussed in Chapter 7). 

1.2.3 Specific Objectives 

In order to successfully accomplish the ovenll objective of the work. there are a number of 

practical sub-objectives that must be met: 

Develop stntepic (i.e. not site- or species-specific) ecosystem simulation models that imitate 

a range of general structural behaviours found in many ecosystems. and opcnte over a 

controllable range of behaviounl complexity: 

Establish the effect of changes in the sampling strategy on the reliability of conclusions 

reached about the structure of the modeled system; 

Identify general niles of thumb goveming the balance between spatial and temporal 

observation densities and distributions, attribute measurernent accuncy, and the effectiveness 

of the descriptions made about the system, based on the evidence gathered in the 

sxperiments; and 

Determine the utility of using a simulation experirnental approach towards further 

investigation of data acquisition stntegies in complex ecosystems. 

13 Research Contribution 

This research wiil provide p a t e r  insight into the tnde-off between sampling accuracy and the 

spatiotemponl density and pattern of the sampling coverage. This insight will heip identify the 
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general principles governing the balance of spatiai. temporal. and attribute resolutions and accuracies 

used in observation. and the cenainty of the conclusions made about the system. On a practical level. 

the results of this study will provide initial mles of thumb that can help us better plan sampling 

exercises. choose appropriate data acquisition technologies. and increase our understanding of the 

effect these choiccs have on our descriptions of ecosystems. 

There is cinothsr contribution that. atthough will not be directly associated with the findings of the 

snidy, is nevertheless fundamental to both this study's successful execution and its extension into a 

long-term research programnu. Just as improved measuremenc technologies have opsned the possible 

range of what may bs accomplished in field and laboratory experiments. new software development 

technologies have made it possible to construct a 'virtual laboratory' that will allow simulation 

experiments to be conducted in a more scientifical ly rigorous and computationrilly reliable fashion. A 

modular and extensible simulation modeling fmmework was constnicted as part of this dissertation to 

provide a fricility for controlled constmction and modification of spatially explicit ecosystem 

simulation models. In a more generil nature, the framework also addresses many of the curent issues 

and problems described in the scientific modeling literature (discussed in Chapter 2). 

1.4 Document Outline 

Chapter 2 describes the rationale and design of the simulation modeling framework constmcted to 

support the research. Chapter 3 shows the development of the specific simulation models 

implemented within the modeling framework and used in the study. Chapter 4 describes the set of two 

experiments chosen for the study. and outlines the general methodology ernployed in al1 of the 

experiments. Chapters 5 and 6 provide the specific details for each of the two experiments, including 

background, analysis methods. and results. Chapter 7 brings the overall concIusions together, and 

discusses future directions for the research. 
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CHAPTER 2: SIMULATION MODELING FRAMEWORK 

2.1 Background 

Simulation models are now used quite extensively in environmental studies (for example revirws. 

see Baltzer et al. 1998, Gustafson 1998. tomnicki 1999. Lorek and Sonnenschein 1999. Box 2000). 

AS part of the scientific flow of investigation. testing. and discovery. a model and its implementation 

as a cornputer p r o p m  undergoes many changes. This can be very frustraring for a researcher. 

piuticularly if computer programming is a secondary skill. Considerable time and effort can go into 

producing a model that will execute successfully. and yet there may still be many problems embedded 

in the operational model (Grimm 1999). The largest of these is the question as to whether changes in 

model results are due to an intended change in the spatial, temporal or process assumptions. or 

because of an error in the p r o p m  code. The frustration can be inteiisified when the time and effort 

produces components that have already k e n  developed and used in other simulation models. 

As time passes the modified models. especially large ones. prescnt difficuIt validation problems 

since complex interactions within the mode1 may create obscure mors  (Kemp 1992. Mackay 1999). 

If the development effort does not follow strict software engineering practices ( Pressman 1992). the 

models often accumulate hidden constnints designed to ensure that the model works. These 

supposedly temponry quick-fixes may unknowingly become invalid when new modules are added 

(Thornes 1989). 

A rnodeling frarnework allows people to only write code describing the details of their specific 

problem, and then gain access to user-interface. simulation management, and analysis tools. Two 

goals of developing a modehg framework are: 

1. to provide a standard and repeatable set of cornponent options. such as the scheduiing rnethod 

used to update objects in a simulation, which may be used to construct a model in a modular 

and extensibie fashion: and 
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2. to rnake people more aware of the assumptions embedded in their models by using their 

choice of components to document the stmcture of their model within the framework 

(Hiebeler 1994). 

Although a flexible framework cannot completely eliminate the need for prognrnming. it can reduce 

the scope of propmming to a minimum number of components. Not only does the use of a standard 

software base allow the modeler to spend more time on scientific nther than software issues. it rnakes 

it easier for other researchers to repeat the simulation rxperiments and verify any imponant results 

(Box 2000). 

Stella (High Performance Systems 1994) is a modular model construction system that has become 

quite popular. but it is primarily intended for representation of iispatial storage-and-flow style models. 

Bennett ( 1997) constnicted a prototype object-oriented simulation modeling framework that allows 

construction of spatially explicit models from object modules. but the prototype focused on selrction 

and compositing of moâd sub-system components. S w a m  is a simulation modeling fmmework and 

progarnrning environment developed at the Santa Fe Institute and designed to facilitate the study of 

complex systems through numerical simulation (Hiebeler 1994. Minar er al. 1996). Swarm is 

primarily intended for individual- or agent-based models with a large number of intencting agents 

with highly variable individual chancteristics and strong autonomy. 

The simulation framework developed for this dissertation w u  designed to represent spatially 

explicit ecosystem models with few autonornous agents. A primary goal of the framework design was 

to facilitate modification and extension of a model in such a way that most of the model structure 

could remain unc hanged. 

In this chapter. the conceptual structure of the modeling framework is introduced. Enough object- 

oriented design and diagram notation concepts are reviewed to give an adequate background to then 

explain the structure and design of the framework's subsystems. This is followed by notes on the 

framework implementation. 



2.2 Conceptual Structure 

The simulation framework provides a library of modular software objects that manage the 

structure of space and time within the simulation, including rnechanisrns to handle concurrent activity 

among objects within the simulation. There are multiple ways to build this stnicture in a simulation; 

the manner of specification within the software framework forces the modeler to make his or her 

assumptions about space and time explicit. Most modsling frameworks have a certain set of 

assumptions built into them. such as al1 spatial interactions taking place on a twodimensional lattice. 

The framework described here. Iike Swarm. packages objets with such embedded assurnptions into 

replaceable modules so that they mny be changed if desired. 

From the perspective of expriment development. the object-oriented framework provides 

support for npid development of experiment sets. From a basic model. additional complcxity may be 

added by replacing some components with more sophisticated alternatives. Once the basic experiment 

is developed, tested. and debugged. that entire body of work can ~e reused; only the new cornponents 

of the model need to be constructed. This ensures that space and tirne are handled in an identical 

mnner  for a11 model variations, and the same assumptions apply in al1 cases. Any change in results 

may be directly attributrd to the changes made in the replaced component. 

A modei, as constructed using the framework cornponents, will execute successfully from start to 

finish and terminate with none of the rt3sults observed or captured. None of the modeling components 

produce output of their own. There are instrumentation objects within the libnries whose sole 

purpose is to observe, record, and analyze the States and behaviours of the objects that make up the 

rnodel proper as it mns. The model, which represents the formalized behaviour of some ccological 

system, rernains completely separate from any result data gathered for later analysis. This insulates 

the model results from potential prognmming side effects due to changes in monitoring or data 

col1ection code. No rnatter what kind of alternative instrumentation schemes are implemented. the 
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model results are g u m t e e d  to remain the same (allowing for any stochastic elements in t h e  model 

design) if the mode1 structure itself does not change. 

More specific to the research itseIf, namely the examination of sampling characteristics used to 

describe complex environmental systems, instrumentation objects are of prime importance. These are 

the objects that measure and analyze the states and behaviours of objects within the simulation 

proper. A number of Probes can be grouped together in a specific configuration. both spatially and 

temponlly. to create a sample scheme. In both cases, the method of observing and reporting mode1 

state may be modified in such a way as to introduce imprecision into the measurement, whether it be 

spatial. temporiil. or attribute 'mors'. Further, more than one group of Probes may be connected to the 

modet. each independently colIecting data with no impact on the logical functioning within the 

simulation model. 

2.3 Object-Orienteci Design Concepts 

The modeling framework was designed using object-oriented design principles. and the structures 

within the hmework subsystems rely on specific object-oriented design elements. There are many 

elements of object-oriented prognrnming and design that distinguish it from conventiona1 procedunl 

programming. The object-oriented literature is vast. but some of the most important sources include 

Coad and Yourdon ( 199 1 ). Rumbaugh et al. ( 199 1). Booch ( 1993). Selic et al. ( 1994), and Gamma ut 

al. ( 1995). The object-oriented elements necessary for the successful design and implementation of 

the modeling framework are briefly introduced below. and the other elements are left outside the 

scope of this discussion. 

23.1 Objects 

Objects are autonomous entities within a software system that are composed of both the data that 

describe the state of the object ruid the methods that define valid operations on the state of the object. 

Some of the methods are simpIe requests for some aspect of the object's state or instructions to 



explicitly set some aspect of the object's state. Other methods may be more cornplex. causing the 

object to intenct in some way with 1 class Dog { 

requests for data or triggenng other 

actions within ihe system (Figure 

2-1). 

other objects, passing on its own 

/ /  Object Methods 
void setAge( inc value ( age = value; ) 
int getAge0 { return age; } 
void increment() { age = age + 1; 1 
void talk() ( print "woof! "; 1 

} 

/ /  Object State 
int age; 

Each abject within a ProPm Figure 2-1: A definition for an object class named Dog. 

is an instance of some defined class; a11 objects of the same cIass have the sslme list of state variables 

and the same methods defined on them. though the specific value of each sate variable may differ 

between instances (Figure 2-2). 

The programmer defines a class of 

objects by: i)  giving the class a 

unique name: ii) defining the state 

variables that describe the class, 

and iii) defining the methods that 

rnay be requested of the class. 

including what kind of data must 

be included in the request. what the 

object does when the request is 

made. and what kind of data (if 

. . 
Dog spot = new Dog ( ) ; 
Dog bowser = new DbgO; 

spot.setAge( 3 ) ;  

bowser . setAge ( 6 ) ; 

print{"Spot's age is " + spot.getAge()); 
print("Bowser's age is " + bowser.getAge0); 
spot.incrementi ; 
print("Spotls age is now " + spot.getAge()); 
spot.talk() ; 
bowser. talk ( ) ; 

Spot ' s 
Bowser ' 
Spot's 
woof! 
woof! 

age is 
s age 
age is 

3 
is 6 
now 4 

figure 2-2: A program snippet that creates two instances of 
Dog objects. Results of executing the code are also shown. 

any) is returned to the requesting object when the method is complete. In a program. an instance of an 

object class rnay be declared just like declaring a variable in a conventional program. The object can 

then be passed requests to perform its defined methods. 



23.2 Inheritance 

hheritance is a mechanism 

that allows one class of objects to 

be defined as a special type of 

another class of objects. The 

subtyps autornûtically has al1 of the 

state variables and methods 

defined in the superclass (Le. it 

'inherits' the superclass' properties). 

New state variables or methods 

rnay be added, or methods may be 

replaced wi th more specialized 

versions. The inheritance 

- - -  

class Puppy extends D O ~  ( 
/ / New method 
void wagTai l  ( ) { p r i n t  " wag wag" ; ) 
/ /  Overridden method 
void talk() C print "yap!  "; 1 

... 
Dog spot = new Dog ( ) ; 
Dog sparky = new PuppyO; 
spot.setAge( 5 ) ;  

sparky.setAge(  1 1 ;  
p r i n t (  " S p o t ' s  age is " + spot.getAge()) ; 
p r i n t ( " S p a r k y 0 s  age i s  " + sparky.getAge0) ; 
spot.talk0 ; 
sparky. t a i k ( )  ; 
sparky.wagTail0; 
. . . 
Spot's age is 5 
Sparky ' s age is 1 
woof! 
YaP ! 
wag wag 

Figure 2-3: A program snippet demonstrating inheritance. 

mechanism fully embodies the semantics of "an instance of the subclass is also an instance of the 

superclass"; that is, whcrever an instance of the more genenl superclriss is required. the prognmming 

language will accept the use of a more specialized superclass (Figure 2-3). This is a very powerful 

mechanisrn. both conceptually and opentionally. inheritance allows the modeler to build a 

classification hiemrchy of concepts. refining a concept with increasingly specific description and 

behaviour, yet still use the specialized concepts in more general situations. Once the behaviour of the 

most general object is defined in software. the code can be re-used and only the new behaviours of the 

specialized objects need to be progmmed. 



23.3 Interfaces 

interfaces refine the abstractive 

power of inheritance. An interface is 

simply a Iist of methods. specifying the 

type of data required to request each 

method, and the type of data, if any, 

retumed by each method (Figure 2-4). 

Unlike a superclass, the methods are not 

implemented with any active code in 

the interface itself. A class may 

implemenr the intedace. rneaning the 

class contains active code for each and 

every method defined in the interface. 

The implernenting class parantees that 

the specified set of methods are 

interface VocalAnimal { 
void talk( ) ; 

interface FlyingAnimal E 
void f ly ( ) ; 

class Parrot implements VocalAnimal, 
Fiyinghimai i 
void t a l k ( )  ( print "squawk" ; 1 
void fly0 ( print "I'm flying"; 1 

1 
class Cat implements VocalAnimal { 

void talk() ( print "meow"; ) 
1 
... 
Parrot p o l l y  = new Parrot ( ; 

Cat fluffy = new CatO; 
VocalAnimal talker = fluffy; 
talker.talk0 ; 
talker = polly; 
talker.talk0 ; 
FlyingAnimal flyer = polly: 
flyer. fly( 1 ; 
... 
meow 
squawk 
I ' m  flying 

Figure 24: A program snippet demonstrating 
implementation of an interface. 

available for any object to request, with an implied (though not enforced) promise that each method 

will behave in a semantically appropriate manner. An instance of the implementing class may be 

referenced wherever an object of the interface type is required. If a particular class daims that it 

implements a particular interface, then other objects may rightly assume that instances of that class 

have a certain set of methods available. Another object c m  mrike a method request without knowinp 

anything about the exact object type o r  the rnanner in which it will perform its task. In this manner, a 

group of objects. possibly of different classes, rnay be interchanged at run time and therefore 

dynarnically affect the program behaviour without changing the progrrim's underlying static structure. 

interfaces, just like object classes, can be extended from another interface and take advantage of the 

inheritance mechanism. 



2.3.4 Exceptions 

Exceptions provide a mechanism for 

catching and adapting to abnormal or even 

enoneous behaviour. An object method 

may be designed to throw m exception of a 

particular type when some condition arises. 

The exception may be caught within the 

method itself and appropriate action taken. 

or the method may terminate tarly and pass 

the exception back to the object that 

originally made the method request. which 

may in turn deal with it in some fashion 

(Figure 2-5). Exception handling offers a 

powerful mechanism for a mode1 to 

explicitly evaluate itself for semantic 

integtity errors. Sophisticated exception 

handling routines could go so far as to 

replace the offending object with another 

object that implements the same interface. 

enabling a more appropriate physical 

process to operate. Having the exception 

handling mechanism does not guarantee 

the model builder wiil use it, hence an 

class WaterBody { 
float volume; / /  mA3 
float temperature; / /  deg. C 
float getvolume ( )  { return volume; ) 
void setvolume( float value ) { 
volume = value; 

1 
void setTemperature( float value ) [ 
temperature = value; 

1 
void evaporate ( float amount ) { 

if { temperature < O ) { 
throw new fllegalStateExcepcion( 

"The water is frozen" 
) ;  

1 
else ( 
volume = volume - amount; 

1 
1 

1 
... 
WaterBody pond = new WatorBodyO; 
pond. setvolume ( 12.5 1 ; 
pond. setTeriperature ( 3 -1 1 ; 
print( "there is " + pond.getVolume0 
1 ;  
trY f 
for( i = 1; i < 10; i++ 1 i 
pond,evaporate( 0.04 1 ;  
print ( "now there  is  " + 

pond.getVolume0 ) ;  
pond.setTernperature( -1.5 ) ; 

1 
1 
catch( IliegalStateException ) { 
print( "You probably want melting!" ) 

1 
print( "AIL done" ) 

S . .  

there is 12.5 
now tnere is 12.46 
You probably want melting! 
A U  done 

Figure 2-5: A program snippet illustrating an exception 
thrown by one object method and caught by the 
requesting method. 

embedded assumption within the model structure rnay still go unchecked (Mackay 1997). it does give 

the modeIer an elegant way to approach the semantic error problem. 
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2.4 Framework Structure 

The bulk of the framework is designed using interfaces. This provides the greatest degree of 

flexibility for customizing a simulation mode1 within the existing framework and expanding the 

fmmework in the Future. The modeler either chooses existing concrete classes that implernent the 

various interfaces (approximately 140 classes are currently available). or rhey proprn  their own 

classes to implement the interfaces with new behaviour. By propmrning to the interface 

specifications. the modeler can be confident that their new objects will intenct appropriately within 

the existing rnoàeling stmcture. 

At the highest ievcl. there are three main subsysiems in the framework that are used to construct 

the simulation program: scheduling. modeling. and instrumentation. The simulation model itself is 

constructed using components from the modeling subsystem. which control the spatial and tempord 

structure of the model. During execution. components from the schedu!ing subsystern tngger events 

within the model. Optionally. components from the instrumentation subsystem may be used to extnct 

data from the openting model. The instrumentation is also triggered by the scheduling subsystern 

(Figure 2-6). 

Simulation Progtam 

Figure 2-6: The relationship between the framework subsystems as they are typically used in 
simufation and analysis programs, 



There are two other subsystems in the fnmework: analysis and utility. Components in the utility 

subsystern are used throughout the fnmework to assist with many tasks. They include components for 

mode1 management and manipuhtion of data files. Components from the analysis subsystem are 

usually used on the data extracted by the instrumentation in order to summarize or transform the data 

in some way. They are typically used in programs other than the simulation prognm itself. 

2.4.1 Diagram Notation 

The subsystem structures are represented using a variant of the Rumbaugh Object Modeling 

Technique (OMT) notation (Rurnbaugh et al. 199 1 ) described by Gamma er al. ( 1995) and 

demonstnted in Figure 2-7. Boxes indicate a class. The name of the class appears in bold type in the 

upper portion of the box. and methods may be listed in the lower portion. If the class name is 

itaIicized thsn the box represents an interface rather than a concrete class. In the discussion below the 

genenl term 'class' wiIl often bc uscd in place of 'interface'; this implies an interpretation of 'class' as 

'a class that implements the interface'. Grey boxes belong to a different subsystem. They are shown 

oniy for clarity and are described in their respective subsystem. 

! 5 

reference .j Concrete i IntarhcsA i 

! Supsrclasa , 

/ Concrete composition 

f Subclar i  I 

Figure 2-7: An example of the Gamma et al. (1 995) variant of the 
Rumbaugh Object Modeling Technique (OMT) notation. 

Boxes connected by a line and a triangle indicate an inheritance relationship: the class (or classes) 

at the base of the triangle is the subclass and the class at the point of the triangle is the superciass. 

An arrow shows that an instance of the originating class keeps a reference to an instance of the 

target clriss. The reference indicates a loose relationship between the two objects; they act 

independently of each other but interact with each other via method requests, usually involving the 



originating object obtaining information about the target object's state. A diamond at the m w  tail 

indicates a composition relationship; that is, an instance of the target class is considered part of the 

instance of the originating class. A circle with the diamond indicates that one or more instances may 

be included in the composition. 

2.4.2 Scheduling Subsystem 

addl rem() 
doNext() I ~ r e c e d b n c b  / 
1sFinis hed( )  i eiernents I 

' 

StZB() ~ r i o r i t y ~ u r u e  e-d Sthedulbltem 0 1 
term mateAt() 

I rime e a c t i v l t y  1 
4 Command 1 

Figure 2-8: Components of the scheduling subsystem and their interrelationships. 

The two primary objects in the scheduling system are the Clock and the Schedule (Figure 2-8). 

Each simulation proprn has one instance of each of these objects. The Clock is constmcted in such 

a way that any object may access the Clock's tirne. The Schedule keeps track of al1 pending actions. 

decides which action should occur next, and triggers that event. Current ly. the scheduling subsystem 

is constructed as an eventdriven stnicture (Banks and Carson II 1984); thrit is, the Schedule 

r e p t e d l y  advames the Clock rime to the wxt prrtcting action ruid executes t hat action. The pattern is 

repeated until some kind of a termination signal is given or nothing remains to be done on the 

Schedule. This is in contrat with an itentive structure where the Clock would be incremented step by 

step, regardless of the nurnber of events (if any) pending for that time. For itentive models such as 

those constructed for this dissertation. calcuIation actions are added to the Schedule for every tirne 

step, thus achieving the same effect, 
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The Schedule maintains a list of pnding ScheduleItems on a PriorityQueue. The ScheduleItem 

is made up of a tngger time. a Precedence. and a Command. The Precedence is an ordered symbol 

used to prioritize actions scheduled for the sarne time. Cunent Precedence symbols. in order from 

first to last. are: SIMULATION, MODIFICATION. COMMIT, INSTRCIMENTATION. and 

TERMINATE. If more than one ScheduleItem appem on the Schedule with the same trigger time 

and the same Precedence, they are considered to be simultaneous actions and there is no guanntee as 

to which order they will be executed. 

An object implementing the Command interface is supplied by the object requesting an addition 

to the Schedule. When the Schedule triggers the action of a ScheduleItem. it simply calls the 

executeo method of the Command object. Any conceivabie action may be contained by a Command 

object. since the programmer is not limited as to what code goes into this method. As an example. 

when the simulation p r o p m  calls the Sc hedule's terminateAt() method wi th a terminat ion time. the 

Schedule calls its own addItem() rnethod which bundles a ScheduleTerminationCommand. the 

termination time, and a TERMINATE Precedence into a SchsduleItem and places it onto the 

PriorityQueue. When the ScheduleItem is reached (the Iast item at the termination time). the Schedule 

calls the ScheduleTerminationCommand's execute() method which tnggers a series of mode1 cleanup 

and exit functions. 
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Figure 2-9: Components of the modeling subsystem and their interrelationships. 
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The modeling subsystem h a  the largest number of classes. interfaces. and implementations 

within the framework. and will likely continue to be the largest as new components a~ constructed in 

the future. The modrling components define how time and space are stmctured in the model well 

as outline how objects behave during the simulation (Figure 2-9). 

The Simulation interface is the central component of any mode1 ing exercise. The setup( ) met hod 

stmctures the simulation appropriately for the desired model, attaches any instrumentation desired. 

and acquires any necessary memory or file resources requirrd for the model. The mn() method is very 

simple: until the Schedule is finished (no more pending items or a terminate command was triggered). 

trigger the next pending item on the Schedulc. The teardowno method releases any rnemoy or file 

resources and gets ready for program termination. 

A Simulation object is composed of many otner objects: a CIock and a Schedule (described in 

section 2.4.2) to control the mode1 execution: a Panmeterset (described in section 2.1.6) to set up the 

particular mn-time conditions for the model: a World (described below) which is the simulation 

model itself; and possibly one or more Instmments (described in section 2.44) to collect data from 

the openting simulation. 

The Simulation interface can be implemented so that the model can be invoked in two ways: as a 

stand-alone program invoked by the user from the command line via the main() method: and as an 

object within a larger model management application. The main() method generally executes the 

folIowing steps: create a ParameterSet from the openting system's comrnand line: create an instance 

of itself (called boorsrrupping) using the Panmeterset for argument values: cal1 setup(). mn0. and 

teardown() in order: and terminate the program. A model manager would generally: create a 

ParameterSet using its own intemal hnctions; create an instance of the Simu Iation object using the 

ParameterSet for argument values; cal1 setup(). nino. and teardown() in order; and cany on with its 

own functions. 
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The World object is the mode1 proper. In its current form it constructs the simulation world as a 

collection of Layers; each Layer represents some aspect of the world such as resources. soi1 type. etc.. 

very similar to the Iayer-based organization in a GIS. 

The Layer's behaviour in each time step is contained in a StepRule. During the Simulation setup. 

the World registers CalculatrCommands for every time step. When ü CalculatrComrnand is triggered. 

the World instnicts each of its Layers to invoke the step() method of its respective StepRule. The 

SiepRule determines what changes (if any) are required in the Layer based on its current state and 

possibly based on strite data gathered from other Layets. 

The spatial information for the Layer is stored in a Grid. There is a Grid implementation for each 

primitive data type. In actuality it is implemented as a double-buffered prid: pending changes are 

accumulated in a second grid while the previous values remain untouched until the commit0 method 

is invoked. 

The position on the Grid is descnbed by a Location. an object representing Cartesiari coordinntes. 

A Location may be directly set to a new position or may be moved by a given displacement. 

The behaviour upon reaching the Grid boundaries is determined by a BounàuryTopoIogy. The 

BoundaryTopology object is consulted for d l  coordinate-based activities. A HardBoundary will 

throw an Exception if a location outside the physical Grid is referenced. A WrappingBoundary will 

use modular arithmetic to remap the location back within the physical Grid. essentially 'wrapping' the 

edges upon themselves Iike a toms. A ReflectiveBoundary will re-map one or both coordinates as 

necessary at the edge of the physical Grid, effectively tuming the boundary into a mirror. 

The Grid surface may be initialized using a SurfaceEquation. which maps a Location to an 

attribute value. There are some cornrnon implementations of SurfaceEquation. PolynomiaISurface 

maps the Grid coordinates to an nh-degree polynomial surface. CyclicaiSurface maps the Gnd 

coordinates to a sinusoidal surface with an independent amplitude. wavelength and phase shift in each 

of the x- and y-directions. BemoulliSurface randotniy assigns a binary 1 or O to each grid ce11 
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according to a specified probability. CASurface randorniy assigns a nndom non-zero state to a given 

density of grid cells. distributed evenly among a specified number of non-zero States. 

A Kernel accesses a square sub-window of a target Grid surface centered on a movable Location. 

The Kemel is created with a specified radius. or number of cells beyond the center cell in each 

orthogonal direction. A radius of O produces a single ce11 and a radius of 1 produces the standard 

Moore neighbourhood. The Kemel my repositioned on the Grid. and its behaviour when accessing 

grid cells beyond the Gnd's physical extent is determined by the BoundaryTopology belonging to t h e  

Grid. 

A TirneRange is simply a span of tirne steps bounded by a beginning and end time. A flag 

indicates if the bounding times should be included or excluded as p s  of the range. Simple tests of 

containment and overlap for single times and other TirneRanees are available. 

The Region interface provides the spatial counterpart to TirneRange. Simple tests of containment 

and overlap for single Locations and other Regions are available. The minimum bounding rectangle 

that contains the entire Region (itseIf a Region) may be obtained, and a list of al1 grid cell Locations 

falling within the Region may be requested. Rectangle is the only current Region implementation. 

The TirneRange and Region objects are used as containment bounds for TemporulPattern and 

SpatiaIPaîîern respectively. UniformTemporalPattern. UniformSpatiaIPattern. and 

RandomSpatialPattern are the current implementations. They are used to repressnt groups of 

Locations that are possibly disconnected in space or time- 

lmplementations of the Disturbance target a Layer over a specified Region. When a 

CalculateCommand is activated by the Schedule (typically at a MODMCATION Precedence). the 

object's calculate() command is invoked. Typicaiiy, some kind of change is made to the Layer's 

values at each Location within the Disturbance's Region. Current implementations are 

SubtractiveDisurbance. where a constant value is subtracted from every grid cet1 in the Region. and 



MultiplicativeDisturbance. where the value of every grid ce11 in the Region is multiplied by a 

constant value (usually O < x < 1). 

2.4.4 Instmmentation Subsystem 

1 
1 Sumpkr I 
1 

I 

b 

1 gerAIIProbes() 1 probes 

1 pmcessProbeResuR~) 1 

targe Y , 

Figure 2-10: Components of the instrumentation subsystem and their interrelationships. 

The instrumentation subsystem is conceptuaily the most complex in the entire framework. It 

ailows the modeler to create very sophisticated data collection tools, connecting them to a working 

simulation mode1 with no impacts or side effects on the mode1 calcuiations (Figure 2-10). 
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The instrument interface is strictly a placehoider with no methods of its own. It is used so that 

any conceivable type of data collection tool can be added to the Simulation's list of Instruments. 

Ccrrently the only type of instrument is embodied by the Sampler interface. A Sampler is made up of 

a set of one or more Probes which perform the actual quenes about system state. The Sampler is 

further specialized into two sub-interfaces, The first is an AspaiiulSampler which collects data that 

has no Location component. Its sampling scheme is represented by a TeniponIPattern. The second is 

a SpatiaISampler which is used to collect data that has a Location component. Its sampling scheme is 

represented by both a TemponlPattern and a SpatialPattem. 

The ribility to collect data from the running mode1 is made possible by the Probe / Probeable 

interface mechanism. Many of the objects in the modeling subsystem implement the Probeable 

interface as well as fulfill their own modeling functions. Probes can only be created by Probeable 

objects: a request is made to the target Probeable object via the getProbe0 method. specifying the 

type of Probe desired. Each type of Probe is designed to query a specific aspect of the Probeable 

object's state. Whenever the Probe's probe() method is invoked (by a ProbriComrnand on the 

ScheduIe. for example) the Probeable's appropriate private data access method is invoked. the result 

of which is passed to the Probe. which in turn can use the result in whritever way it  is designed to. 

Just as the Sampler interface is specialized into the AspatialSampier and SpatialSampler, the 

Probe interface is specialized into SimpleProbe (aspatial) and SpatialProbe and the Probeable 

interface is specialized into SimpleProbeable (aspatial) and SpatialProbeable. The SimpleProbe 

queries some aspect of the SimpleProbeable object's state that is applicable over the entire object. 

whereas the SpatialProbe queries some aspect of the Spat iaIProbeable object's state that is applicable 

at a specific Location specified by the SpatialProbe. It is possible for an object to be both 

SimpleProbeable and SpatialProheabIe; it simply is capable of giving out both kinds of Probes upon 

request. An example of this would be the Layer: it can provide a SimpleProbe that will retum an array 
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of al1 grid ceIl values over the entire Grid. as well as a SpatialProbe that will return the value of a 

single grid cell as specified by a specified Location. 

The primary power of the subsystem for creating arbitmily sophisticated instrumentation lies in a 

funher specialization of the Probe interface: the Probe Wrapper. Every instance of a Probewnpper 

implementation has another Probe (possibly a ProbeWnpper itselO embedded within it. When the 

ProbeWnpper's probe() method is invoked. it in mm invokes the cmbedded Probe's probe0 method. 

When it receives the embedded Probe's result. the ProbeWnpper may perform any kind of operation 

on it before passing it on as its own result, 

To demonstnte the design possibilities of the instrumentation. consider the MultiSampler 

structure shown in Figure 2-1 1. The MultiSampler is an implementation of SpatialSampler. This 

sampler probes multiple Layen (in this case a species layer and a resource layer) at common 

locations, putting al1 results into a common SFT file (described in section 2.46). The MultiSampler 

instance in Figure 2-1 1 puts its results into a file named EVEN-R3-LC-RND-25-070-1O.SPT. the 

meaning of which becomes clear in Chapter 4 but is not important for the discussion here. It has a 

number of Probes nndomly scattered across a Rectangle region that matches the dimensions of the 

species and resource Layers. The Probes are scheduled to triger every 10 time steps staning at step 

50. Each Probe (one for rach Location in the SpatialPaitem) is actually a set of nested Probes and 

ProbeWrappers shown in the dashed p y  box. When the Schedule tells the MultiSampler to collect 

its sample. it sequentially passes each Probe in its list a probe() request. which triggers the following 

chain of events. 

The ProbeLabeller, king a ProbeWrapper, passes the probe() request to the 

ProbeThestamper (a ProbeWrapper), which in mm passes it to the blultiProbe. The MultiProbe is 

also a ProbeWnpper. but it contains a Iist of two Probes. It passes the probe() request to its Probes 

one at a time. First is the ClassDegrader. which is also a ProbeWnpper. and therefore passes the 

probe() request on to its SpatialProbe. The species Layer passes the state at Location( 13.44). let's say 



"2". back to the ClassDegrader. 70 percent of the time the ClassDegrader will p a s  this value back to 

the MultiProbe: the rest of the tirne the ClassDegrader will randomly pick one of the other three States 

(in this case O. 1. or 3) and pass that back instead, simulating a classification enor. 

f SPTOutputStream 1 
fils i EVEN-R3-LC-RND-25-OfOOtO.SPf / 

Uniform Tem porslPattern 
TirneRange , 

start tirne = 5 0  

Figure 2-11: An example sampling instrument showing the nesting properties of the Probe 
mechanism. The MultiSampler is an implementation of the SpatialSampler interface. The structure 
in the dashed grey box is repeated once for each sampling position in the simulation world. Al1 
stnrcturat details are described in the main text. 

1 

1 

Next is the GaussianDegrader which passes its probe() request on to its SpatiaIProbe. The 

CfarrDegrader SpetiaiProbe ' 

resource Layer passes the state at Location(13.~), let's say "0.63". back to the GaussianDepder. It 

adds a randorn normal variate with mean O and standard deviation 0.10 (let's say "0.02") onto the 

accuracy = 0.70 y target = species ) 1 

value before passing the new value, now "0.66". back to the MultiProbe, simulating instrument error. 

- 

The MultiProbe takes the two values from its ernbedded Probes, puts them in an m y  [Z, 0.661 

classes = 3 spot = ( 1  3. 44)  

and passes that back to the ProbeTirneStarnper. It checks the CIock, finds the current tirne step is 15, 

c J 1 
Probelibeller 

ProbeTlmaStamper 1 
r \ F \ I - 

Clock 
iime P 15 

L d L 
L--,-,,,,,------,-,--,,,,, I 

3 
OiuraianOegrader 

bias = 0.0 
accuracy = 0.10 

SpstialProbh 
target = resource 

spot = ( 1  3.44) 

1 
1 
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and prepends the time to the array. passing [15,2.0.66] back to the ProbeLabeller. The ProbeLabeller 

prepends its ID "SPOT00 1 " to the array. passing [SPOTOO 1. 15,2,0.66] back to the MultiSarnpler. 

The MultiSarnpler writes the resulting array [SPOTOOI. 15. 2.0.661 to the SPT file as a data record 

and sends the probe() cornmand to the next Probe in its list. 

Usine the ProbeWnpper capability. the MultiSarnpler was able to collect data from the mode[. 

simulate data collection errors. tie the measurements to a specific place and time, and wRte the 

resulting record to a data file from a single standard probe() request. Perhrips more irnponrintly. the 

Probe could only interact with the species and resource Layers "by permission": the Lriyers 

themselves provided the access mechanism. It was therefore possible to guarantee that no side effects 

arose from the Probe activity. 

2.4.5 Analysis Subsystern 

Although data analysis is not tnily a part of the simulation structure itself. müny of the objects 

contained within this subsystem are also used by modeling objects such as StepRules. In the current 

version of the framework al1 of the analysis objects are statistical in nature. 

BinaryStatsGenerator - Classes that implement the BinaryStatsGenentor interface accept a 

stream of paired data values and when requested retum statistics pertaining to the data pairs. Some of 

the implemented statistics include: 

SumSquaredDiffs - the sum of the squared differences between the data pairs is reported. 

i LinearRegression - the dope and intercept of the regession Iine are reported dong with the 

associated r' coefficient and the sample covariance. 

UnaryStaîsGenerator - Classes that implement the UnaryS tatsGenerator interface accept a strearn 

of single data values and when requested return statistics pertaining to the data values. Some of the 

implemented statistics include: 
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FirstOrderStats - the maximum, minimum, mean. and standard deviation of the sample are 

reported. 

Census - this class requires that the sample is made up of integer values. The number of 

elements of each unique integer found in the sample is reported. 

2.4.6 Utility Subsystern 

The utility subsystem is comprised of an assortment of individual. unconnected object classes that 

are useful in conjunction with objects in other subsystems. They are also generatty uscful when 

constructing high-level simulation objects. 

DataRecord - The DataRecord class provides a generic record template to which an arbitnry 

number of ordered fields may be added. Each field is specified by a naine and a data type, and an 

appropriate PrimitiveConverter (described below) is autornatically attached to each field in the 

DataRecord. DataRecords may be read from an input stream or written to an output stream. and al1 

data are autornatically convened to the type appropriate For each field by its associated 

PtimitiveConverter. DataRecords have rnethods to access the data contained in specific individual 

fields. DataRecords are primarily used to facilitate writing and reading data to and from files, 

ensuring that the format of the data at the file level is consistent regardless of how it is represented 

within a simulation prognm. They are used to maintain standard data file formats such as for SPT 

files, while still allowing simulation-specific flexibility within the file itself. 

GRDInputStream, GRDOutputStream - A GRD file is used to record the state of an entire 

target grid at a set time interval. A GRD file contains a header section that specifies: the dimensions 

of the grid; the time step of the first stored grid state; the time interval at which the grid state is stored; 

and the primitive data type of the data stored in the grid. The header section is followed by the grids 

themselves. The GRDOutputStream streams the grid ce11 data from the target grid to an output file. 

The GRDInputStrertm provides access to the data stored in the file. 
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Parameterset - This class provides a convenient way of handling panmeter sets specified at the 

command Iine when a simulation program is invoked. Parametersets may be created from a 

command-Iine string of "argument=value" pairs, or they may be created by other objects such as 

model managers or user interfaces. More than one value may be associated with a panicular argument 

name for cases where a one-to-many rnapping between arguments and their associnted values is 

required. The Panmeterset class has methods to gain access to the argument values and to check that 

values exist for specific argument names. The primary use of a PanmeterSet is to easily initialire a 

simulation mode1 mn based on specifications provided txtemally from either a user or a model 

management system. 

PGbIFile - PGM (Pixel Grayscale Map) is a standard. simple graphics file format used by many 

progrrims designed to manipulate gnphics. The PGMFile object is an abstraction of the PGM format. 

and it is used to create a bitmap graphic and store it as a PGM file. It is typically used in utility 

prognrns that extnct data from GRD grid state files for visualization. The example grid time series 

figures in Chapter 3 were created with such a program. 

PninitiveConverter - PrimitiveConverter implernentations exist for the fotlowing primitive data 

types: byte. short integer. integer. long integer, single-precision floating point number. double- 

precision floating point numixr, and string. Each PrimitiveConverter takes data objects of any 

primitive data type and tnnsforms them to the PrirnitiveConverter's specific type eithcr in numeric or 

text form as requested, The y are currently used mastly to take P r ~ k  results and stream them to a data 

file in a known and consistent format. 

RandornDisîribution - Implementations of Randornilistribut ion are interchangeable objects that 

produce streams of random variates on demand where the variates fit a specific distribution of a 

statistical or application-specific nature. RandomDistnbution implementations exist for the following 

statistical distributions: BernoulIi. exponential, normal. and uniform. There is also an implementation 

for genenting random cIass distributions that are suitable for initializing cellular automaton models. 



A specified proportion of elements are zero, and the remaining proportion are distributed uniformly 

among a specified number of non-zero integers. 

SPTInputStream, SPTOutputStream - An SPT file is used to store the spot data collected by 

Sampler objects. It contains a header section that Iists the sample spot IDs and their respective 

locations. It dso describes the structure of the data records. listing the field names and their respective 

data types. The header section is followed by the data records. Each contains a spot ID and a time 

stamp, plus whattver data fields were specified in the header. The SPTOutputStream strearns the spot 

data from the sampler to an output file. The SPTInputStream provides rtccess to the data stored in the 

file. 

UniqueNamer - Instances of this class generate unique names in a series. using a specified base 

text name and appending a new number to it each time a new name is requehted. The names provide 

automatic, logical grouping for a collection of many objects wch as files or probes but ensure that 

each object may be uniquely identified. For presentation and sorting purposes. the numeric portion of 

the unique name may be zero-padded to a minimum number of digits. 

2.5 Framework Implementation 

The use of strongly object-oriented elements in the framçwork design necessitated the use of an 

object-onented language such as C++ or Java for implementation. Java. in combination with Java 

Generic Library (JGL) 3.1 .O from Objtctspace and the OR-Objects 1.2.4 Opentions Research Libnry 

from DRA Systems. was chosen for implementation for four main Rasons: 

1. Java has a welIdeveloped libtary of object classes that sped software development 

considenbly; 

2. Java has a much more stnightfonvard and robust exception handling mechanisrn than C++: 

3. Java has direct support for the interface mechanism. whereas C++ requires convoluted 

progmming techniques to emulate an interface rnechanism: and 
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4. Java pmgrams are able to mn on rnany hardware and operating system platfom with no 

portability issues. whereas C++ requires some minor 'tuning' for each platform. 

Programs in Java are slower during execution than lower-levet Ianguages like C++. However. the 

ease and speed of development and debugging in Java. the elimination of base class construction due 

to existing class Iibraries. and the other issues mentioned above easily recoup lost execution tirne by 

greatly reducing software development time. Recent improvernents in Java compiler technology have 

narrowed the performance gap, and the gap wilI be reduced further in the near future. 



CHAPTER 3: SIlMULATION MODEL DEVELOPMENT 

3.1 Requirements of a Surrogate System 

A surrogate simulation system rnay be designed to replace the real ecosystzm in experiments. It 

rnay be used to examine the accuncy of descriptions based on the analysis of a data set sampled from 

the openting surrogate system. The results may then be compared directly to the actual system state 

and relationships at the time of sampling. This companson rquires that the actual system state can be 

determined at any given time. suggesting the use of a computer simuhtion model. 

Beyond complete knowledge of system state, there are other characteristics that the surrogate 

system must have in order to make an adequate replacement of the  real system: 

1. The macro-level system behaviour must be directly comparable to aggregate or Iumped 

models currently accepted in the litenture. The model should also exhi bi t macro-level 

behaviour that is similar to behaviounl observations made in the field. 

2. The system must imitate the complex micro-level behaviour obssrved in the red system. 

prefenbly via analogous micro-level mechanisms. 

3. The ba is  of the model system and its mechanisms should be as simple as possible, yet also 

be capable of arbitrariiy complex behaviour. 

Requirement 3 relies on an adequate definition of 'complexity'. In system theory. complexity is 

measured by the quantity of information required to describe the vital system (Ashby 1970). In 

essence, a model with more entities requires more variables to represent the state of those entities. A 

mode1 with more processes openting on the entities and more interrelationships between the entities 

requires more parameters to characterize those relationships. In both cases more information is 

required to describe the system and is therefore more complex. In general. a modeled system becomes 

more complex with: i) the addition of distinct entities or cornponents: ii) the addition of process 

equations or mechanisms; or iii) the addition of direct interactions between the components. 
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3.2 Cellular Automaton Modeis 

Cellular automata (or CA) may be briefly defined as having a state selected from a finite number 

of discrete states. and a set of one or more detemiinistic transition niles that are applied at a discrete 

tirne interval to determine the CA'S subsequent states. Cellular automaton models are genenlly 

constructed as a collection of cellular automaton cells, whsre the same set of transition rutes is used 

for al1 cells, and the rules are a function of the cell's own state and the states of some neighbouring set 

of cells. The cells rnay be m n g e d  spatially into gridded arrays of any number of dimensions 

(Caswell and Etter 1993). or may be arranged according to sorne other topology Czârin 1998). The 

theory and behaviour of CA models has been heavily investigated, analytically in one dimension, and 

phenomenologically in two dimensions (Wolfram 1983, 1986. 1994. Toffoli and Margolus 1987). 

Care must be taken when considering the terminology of the CA literature. Cellular automaton 

models, per sr, strictly identify the numcrical characteristics of a process model's state-transition 

structure, which includes discrete, iterative time and discrete states. There is no necessary implication 

that micro-level behaviour must be modeled. which is particularly pertinent in the physics literature: 

for example, Hirota er al. ( 1997) examined the panmeter stabiiity of a CA representation of the 

Lotka-Volterra differential equations, but theirs was strictly a macro-level mode1 of total populations. 

In contnst, CA rnodels used in most ecological or biological contexts typically use an individual- 

based focus which introduces micro-Ievel or highly localized behaviours. It is this individual-based 

focus that bas particular celevance for t h  study, as it forms the bmis for using CA madels as a 

surrogate complex system in this study. 

Although the formal detlnition of a CA mode1 is fairly restrictive. it rnay be modified or 

expanded in many different ways that are usehl for ecological modeling. Coupled map Iattices use 

discrete time intervals but allow ntionai states, and each cell often has more than one attribute 

making up its total state. Markovian models aIso keep the discrete time intervals. but allow stochastic 

transition rules. Some models have used different state-transition rule sets for different groups of cells 



37 

(Sipper and Tomassini t996). Models that strictly adhere to the CA definition update al1 ce11 states 

simultaneousty, but it is also possible to devise asynchronous update schemes. 

Czarsin ( 1998) uses the term interuering particle .rem (IPS)  to describe this entire class of 

model, where an IPS is defined by: 

1. a replar lattice of cells: 

2. a finite set of possible ceIl states: 

3. the size and shape of the neighbourhood. that is. the set of cells affecting the next state of the 

focal cell: 

4. a state transition rule; and 

5. an initial state conîïguntion. 

This definition explicitly incorporates the spatial eleinent. whereas it is not a necessrtry 

component of a CA. A CA model is an interacting particle system with specialized definitions of rules 

2 through 4. However. the distinction of cellitlar autoniaton ris separate from intemcring panick 

system is genemlly ignored. The term celltilar atrtomaton is usually defined loosely in practice. 

encompassing the entire dornain of interacting particle -.stem. In keeping with the tetminology 

commonly found in the litenture. the term cellular aiitomaton or CA will be used in this manuscript 

mther than interacting particle systern or IPS. 

It is possible to create controlled CA models that have very realistic spatial and temporal 

behaviours with respect to the system being modeled (Ruxton and Saravia 1998). Observation of two- 

dimensional predator-prey CA models indicate that it is possible to evoive micro-level spatial patterns 

that are sirnilar to the dynamics described in the field iiterature (requirement 1) while maintaining 

macro-level behaviours that are consistent with current lumped models (requirement 2) (Caswell and 

Etter 1993, Graniero 1997). 

Predator-prey interaction is oniy one ecologicd situation to which CA models may be applied; 

they have been successfully used to examine the behaviours of many natural systems, including: 
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water flow through a pomus soi1 (Di Gregono et al. 1996); forest fire spread (Karafyllidis and 

Thanailakis 1997); rangeland drought and grazing (Li and Reynolds 1997): freshwater benthic 

populations (Spencer 1997); and grassland plant migration and invasion (van Dorp et al. 1997, Brown 

and Carter 1998). The CA model's ability to exhibit arbitrarily complex interactions with relatively 

simple structural rules Irequirement 3) is often stated as an appealing feature for this modeling 

approach (Molofsky 1994. Childress et al. 1996. Caswell and Etter 1993). 

The three requirements for a surrogate system are generally met by CA models. and so a CA 

modeling approach will be adopted for this sampling investigation. Other mode1 types wil 1 be 

explored in future studies (see Chapter 7). 

3.3 Metapopulations and Patch Occupancy Models 

The interaction of many faunal or floristic species upon a landscape rnay be described by the 

concept of a metapopulation (Levins 1969). A rnetapopulation is made up of sub-populations which 

inhabit spatially isolated patches and are connected by dispersing individuals. The sub-populations 

may be srpanted by poor quality habitat. or may be spatially scpanted groups living within a 

continuous suitable habitat (Forman 1995). Sub-populations may becorne extinct due to local 

disturbances. At a later tirne the vacant patch rnay be recolonized by dispersing individuals, thereby 

maintaining the long-term persistence of the metapopulation (Grimm et al. 1996). If the 

metapopulation exists in a continuous habitat, dispersers rnay also colonize new patches. 

Patch occupancy models have a long history as a useful tool for studying metapopulation 

dynamics (Cohen 1970, Levins 1970, Slatkin 1974. Caswell 1978, Hastings 1978. Crowley 1979. 

Hanski 1983. Wu and Levin 1994). A patch occupancy model is an aggregation of the local dynamics 

within a patch to a description of equilibrium populations. extinction rates. and colonization rates at 

the landscape scaie. They therefore admit two scales: that of the single patch and that of the entire 

landscape. They are in principle a manifestation of the metapopulation conceptual approach; 



metapopulation models require both of these scales in order to distinguish between the 

metapopulation and the local populations that constinite it (Caswell and Cohen 1991b). 

Species coexistence and diversity in metapopulations seem to be determined by intenctions at 

several scales: cornpetition (and other intenpecific intenctions) within patches: dispersal among 

patches: and disturbance openting across a landscape of patches (CaswelI and Cohen 199 1 b). Earlier 

work with di fferential equrit ion models like the Lotka-Voltem equations (Lotka 1 925, Volterra 19%. 

de Wit 1960, Hassctl and May 1973, Okubo 1980. Sandefur 1990. Eberhardt 1997) required a 

fundamental assumption that populations are uniformly distn buted in space. thus admitting only the 

landscape scale. Without inclusion of the patch-level scale. it was not possible to examine the 

fugitive-equilibnum species interactions that occur in a disturbed landscape (Hutchinson 1953). 

Disturbances at local scalcs allow an inferior species to persist regionally even though a superior 

species may be able to always competitively exclude it at the local scale. The competitively superior 

equilibrium species will in tirne exclude the inferior fugitive species from a patch. Without 

disturbance. the fugitive species would eventually be driven to extinction within the landscape. 

Ieaving only the superior species (hence cquilibriurn species). Disturbance creates open patches and 

makes gaps in the equili brium species population. allowing the in ferior species to quickly disperse 

and colonize the vacant patches (hencefiigitive species). to be eventually txcluded again by the more 

slowly dispersing equilibrium species (Hutchinson 195 1 ). 

Caswell and Cohen used a patch occupancy model to examine the relationships between 

disturbance and species diversity ( 199 la). interspecific cornpetition mechanisms between two and 

three species ( 1991 b), and predator-mediated coexistence ( 199 1 b). Their model is described in 

section 3.3.2 klow. and was used as the development starting point for the final mode1 used in this 

dissertation. In its original form, the Caswell and Cohen model meets surrogate requirement 1. The 

mode1 extensions described in sections 3.3.3 through 3.3.7 dernonstrate that requirement 3 c m  be 

met, and the model extension described in section 3.3.6 allows it to meet requirement 2. 
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3.3.1 Ecological Examples of Metapopulation and Patch Occupancy Structures 

The three example ecotogical systems presented below fit reasonably well into the concept of a 

metapopulation structure. and can therefore be represented by patch occupancy models or variants 

thereof. Although the three systerns are not well represented by Caswell and Cohen's original model, 

the extensions described in Sections 3.3.3 through 3.3.7 build behaviounl structures that more closely 

mimic the systems. thereby meeting surrogate requirements 1 and 2. 

Koalas (Phascolarctos cinereus) 

Koalas are generally quite sessile to conserve energy since their diet of eucalyptus foliage is low 

in energy and nutrients (Cork et al. 2000). This behaviour fits the patch occupancy model fairly well. 

Koalas are rare and often diffrcult to detect. so broad-scale survey models rhat stritisticall y model 

koala presence andor abundance based on envirofimental variables are generally ?roblematic and 

rarely undertaken (Nicholts and Cunningham 1995). When they have k e n  undertaken, density of 

paIatable foliage and moisture content of leaves have genenlly betn found to be prime determinants 

(Munks et al. 1996). Few of the models atternpted have considered how predators or forest structure 

affect habitat choices (Cork et ai. 2000). 

Cougars (Puma concolor) 

Cougars were found to have a metapopulation structure, with habitat patches separated by desen 

basins or other unlikely habitat and linked by dispersers. Female cougars genenlly cstablish home 

ranges abutting or slightly overlapping other females' temtories. whereas male cougars have much 

Iarger and more loosely stmctured temtories. overlapping an average of 5 females' territones. Male 

cougars had a mean dispersal range of 7 home range diameters (range 3.1 - 14 diameters: mean home 

range = 187.1 km'). whereas fernale cougm had a mean dispersa1 range of 1.8 home rang diameters 

(range O. 1 - 8.1 diameten: mean home range = 73.5 km2) (Sweanor et ai. 2000). 
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Benthic Invertebrates 

Algal abundance on strearn stones is an important habitat factor for stream invertebrates (Duwnes 

et al. 1998). In turn. the amount of algae present is in part dependent upon the texture of the stones on 

a stream bottom. where texture is measured by the number and depth of surface pits and cracks on the 

stones. (Downes et ai. 2000). Spatial heteroeeneity of algal abundance is determinrd largely by the 

arrangement of stones and their respective textures. The Stone textures are essential1y static at the 

temporal scales of invenebnte genentions and dispersal. Temporal heterogeneity of algal abundance 

is determined in part by nutrients. light, and chlorophy 11 production, which c m  be considered 

spatially even at the scales of a stream reach. Based on these studies: the climate would represent a 

combination of light and nutrient levels at the stream bottom; the substrate configuration would 

represent the stones and their respective textures: the resource level would represent the amount of 

algae present on the stream stones. The species would represent the presence or absence of particular 

rnacroinvertebrate species on the stones. Grid cells wouId represent the surface area of typical stream 

stones (500 to 1 ZOO cm'). The time step would be on the order of one day. 

33.2 Markov Patch Occupancy Mode1 

Caswell and Cohen ( 1991a) showed a method of formulating the patch occupancy mode1 as a 

non-Iinear Markov chah where the transition matrix is constructed directly in tems of the opentive 

ecoIogica1 process at the patch scale. The rates of local processes are specified, then tnnsformed into 

rates of tnnsitior; among local patch states. The dynamics of the regional distribution of patch states 

are then inferred from the patch rates. 

Consider a patchy landscape inhabited by S species; for this study, S = 2 with st as the 

equilibrium (winner) species and sz as the fugitive (loser) species. The Iandscape is made up of N 

patchss, each k ing  identical in size, shape, and resources. At any given time t, each species s, can be 

either present or absent in a patch n, giving rise to 4 possible states X, (Table 3- 1). 



At the landscape level. the proportion x, of patches in state XI can be represented as a vcctor 

x, (.ru, XI, .Q, x3). where O 5 .r, 5 1 and Zr, = 1. In the two-species mode1 presentsd here. the frequency 

of each speciesf; may be determined from the state vector: fi = -rl + x3 and f2 = .r: + x ~ .  

The community dynamics can be described by a discrete-time nonlinear Markov chain 

x(t+I) = A, ~ ( t )  (3- 1 ) 

where A, is a column-stochastic matrix with some elements a,, possibly dependent upon x. The 

element a,, is the probability of a patch tnnsitioning from state .rl to .Y, during the interval [t. t+ 1). The 

transition probabilities a, are calculated based on the hypothesized ecological proccsses and 

interactions operative in the modeled systern. 

Caswell and Cohen ( 199 Ia) outlined a methodology for constructing ecologically realistic 

transition matrices incorponting an unlimited number and range of ecologicril behaviours. and was 

used to construct the transition matrix shown in Table 3-2. The five hypotheses used in its 

construction were ris follows: 

1 .  Disturbance is modeled as a Poisson process, with a mean time between disturbances of rd. The 

expected number of disturbances per unit time is t'. and the probability p~ of at least one 

disturbance occurring during the interval [t, t+ 1 ) is 

Table 3-1 : The four possible patch occupancy states in a two-species system. 

2. The mean time for s, to competitiveIy exclude S., is t,. The probability of cornpetitive exclusion 

during the interval [t. r+l) is p,. The time required for exclusion (t,) foIlows a geometric 

distribution 

State 
Xo 
XI 
& 
x3 

4 p e c k i  
(winner) 
Absent 
Present 
Absent 
Present 

~SpeeiesZ 
(loser) 
Absent 
Absent 
Present 
Present 



R t , =  k )  =pJl k =  1. 2. ... 

and the mean time for exclusion t, = Eft,) = so 

- 1 PL. = Tc. 

Colonization is modeled as a Poisson process. 

The mean number of colonists of species i 

amving at a vacant patch during the interval 

[ t .  t+ 1) is proportional to the frequency of 

species i (Figure 3- 1 ). The dispersal coefficient 

di combices the production of offspring by 

populations in occupied patches and the 

success of dispersal of those offspring. The 

conditional probability of at least one colonist 

f i  - 8pecles frequency 

Figure 3-1 : Behaviour of c,, the probability of 
colonization for species j, depending on 
values of: t;, frsquency of species i; and 
d,, the dispersal coefficient for species i. 

of species i mivine in a patch. given that it is not occupied by thai specirs. is 

q = 1 - e-"l' l  ( 3-5 

Either or both species c m  colonize an empty patch (Xo). The winner species sl may also coIonize 

a patch where s! is already present. but the loser species sz may not colonizr a patch where s l  is 

already present. 

Disturbance only occurs in non-empty patches, and disturbance docs not affect colonization in 

ptogfess. 

Table 3-2: Probabilistic state transition matBx for the patch occupancy mode1 described by Caswell 
and Cohen (1  991 a,b). s, within the parentheses associated with a state indicates that species i is 
present in that state. 

TO 
State 

From State 

h 0 (--1 
. 1 (s i )  

2 0 2 )  

O (-4 
( 1  -cN -cd 

CI ( 1  - cd 
( 1  -c l )  ci 

1 ( S I )  

P d  

1 -P,I 
O 

2 (sz) 
P d  

O 
( 1  -cd  0 -p'A 

3 (SI, s?) 
Pd 

( 1 - PJ) pC 
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Caswell and Cohen ( 199 1a.b) and Caswell and Etter ( 1993) varied the competi!ive exclusion 

probability p, from 0.01 to 1 (mean tirne to competitive exclusion is 1 to 100 time steps), the 

disturbance probability pd from 10' to almost 1 (mean time to disturbance is >l to 1000 time steps). 

and the dispersal coefficients dl  and dz among the four combinations of 1 and 10 (weak and strong 

species robustnessl. fn their examination of the relationship between disturbance and species diversity 

( 199 la), they observed the following behavioun: 

f i  (winner species) is above O when dl > p ~ :  

fi dec1 ines sharply once pd > 0.1 : 

f2 (loser species) begins to increase above O when p~ > p, / 4: 

fT is at if highest values when p, = 0.0 1 and pJ = 0.1 : 

if di = 10, the relative (1, values have no impact on fz, but when d2 = 1 and dl = IO. f2 tends to 

zero and species 2 cannot petyist: and 

the alpha diversity. or mean number of species per Patch (a = .rl + .r: + k3). is highest when 

di = 10, increases as p, decreases, peaks when 1 c= pp~ <= 10"'. 

The investigation described in this dissertation requires observation of a mix of species 

interactions. which will in pan be modifirid by mode1 extensions described in Iater sections. Detection 

of total species extinction from the landscape will be examined in later work. Based on these 

considerations and the pmmeter behaviours noted above, the following parameters were chosen for 

further investigation: dL = 1, d2 = 10. p, = 0.0 1, and pd = 0.1. 

The Markov model was irnplemented in a spreadsheet model and was executed twenty times for 

100 time steps, with the panmeters (dl = 1. di = IO, p .  = 0.0 1, p~ = 0.1) and a different randomly 

genented initial state vector x each time. In every execution the model settled in to a stable 

equilibrium off ,  = 0.845 (standard deviation 0.000) and f2 = 0.839 (standard deviation 0.0003) within 

30 iterations (Figure 3-2). Extensive anafytical results are difficult to obtain, but experimental 



approaches have demonstrated 

that two-species Markov patch 

occupancy rriodels converge on 

unique, globally stable 

equilibria for any parameter set 1 q 
(Caswell and Cohen 1991 b). 1 1 

Figure 3-2: An example population time series from the 
Markov model. 

33.3 Global Cellular Automaton Patch Occupancy Mode1 

The Markov model is spatially implicit; that is, the concept of spatial interaction within and 

between patches is considered while formulating the model. but there is no actual spatial structure. 

This approximation represents a fundamental simplifying assumption that "space doesn't matter" 

(Hiebeler 1997). in the Caswell and Cohen model. this is accomplished by assurning an infinite 

nurnber of patches and therefore infinite, unbounded dispersal over the Iandscripe. The resultant 

structure is such that any landscape with the same proportions of patches in each state will behave 

identically. regardless of the spatial mngement of those patches (CaswelI and Etter 1993). 

The Markov mode1 was tnnsfonned into a spatially explicit form using a cellular automaton 

(CA) representation. The global CA model is composed of a fixed grid of cells. each of which 

represents a patch in the landscape. To avoid boundary effects and most closely emulate the 

unconstrained dispersal assumption of the Markov model, the Ieft and right edges and the top and 

bottom edges of the grid are treated as if they are joined, geometrically creating a toms-shaped 

surface. The cell's state corresponds to the species occupying the patch. The state transitions for each 

ce11 are calculated with the saine stochastic transition rnatrix structure as used in the Markov model, 
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with the species frequencies determined by counting the grid cells occupied by each species. The 

matrix elements a, are then used as the conditional probabilities of the cell changing to state X, in the 

next time step. given its current staie X,. The next state for each ce11 is chosen using the calculated 

conditional probabilities and a randomly generatrd number. Al1 cells are updated simultaneously. 

The global CA model was implemented using the modeling fnrnework described in Chapter 2 

and executed thirty times for 100 time steps. with the panmeters (d ,  = 1. dZ = 10. p, = 0.0 1. pd = 0. I ) 

and a different randomly generatcd initial grid each time. The initial state of cach grid cell was 

selected from a nndom uniform distribution in the range [O. 31. The mean equilibrium across d l  

executions wasf, = 0.845 (standard devirition 0.0006) andfi = 0.839 (standard deviation 0.0007). and 

a11 executions reached equilibrium within 30 to 40 tirne steps (Figure 3-3). The global CA and 

Markov models showed the same macro-level behaviour. demonstnting that the uggregated micro- 

level behaviour of a CA model can produce the same macro-level behaviour as a lumped model 

(surrogate requirement 1 ). 

The species frequencies in 

the gIobal CA rnodel expcrience 

a little more fluctuation between 

time steps than do those in the 

Markov model. reflecting micro- 

IeveI behaviours thrit were not 

explicitly represented in the 

Markov model. The fluctuations 

arise due to temporary locd 

Figure 3-3: An example population tirne series from the 
global CA model. 

patch occupancy patterns that cause local deviaiions from the global mean species frequencies. Figure 

3-4 shows an example of the spatial arrangements of species within the grid over time. Although the 

density of occupied cells is fairly consistent across time and space, small regions of overpopulation 



(darker) or underpopulation (lighter) appear. Local disturbance and ~colonization quickly renirn the 

anornalous pockets to "normal" densities. 

Once the global CA model 

reac hed rnacro-level 

equilibrium. the micro-level 

patterns still looked like the 

randorn initial pattern. only 

denser (Figure 3-4). The 

ecological processes and 

interactions expressed in the 

transition matnx were identical 

in al1 patches on the landscape. 

Other than highly localized and 

tnnsient probabilistic 

fluctuations in disturbance. 

colonization and exclusion 

rates, there is nothing to 

differentiate one region of the 

landscape from the other. 

Figure 3-4: An example grid time series frorn the global CA 
model. Black = occupied, white = vacant. Each grid cell 
represents a single patch. 

3.3.4 Local CA Patch Occupancy Mode1 

The local CA model has the sarne spatial structure as the global CA model. The sole difference in 

the local rnodel is that for each cell. the species frequencies are crtlculated in terms of the local 

neighbourhood rather than the global average. Therefore the transition matrix used to determine the 

next state reflects the local patch and ktween-patch process scales rather than the Iandscape scale 



(Caswell and Etter 1993). The size of the neighbourhood represents the mii~irnum dispersai range. 

and is identical for both species. 

The local CA model was irnplemented in the Modeling t'ramework and executed thirty times for 

100 time steps. with the parameten (dl  = 1. d2 = 10. p, = 0.01. p~ = 0.1). neighbourhood size of I lx 1 1 

(i.e. a five ceIl dispersai range). and a different randomly generated initiai grid each time. The initial 

state of each grid cell was selected €rom a nndom uniform distribution in the range [O. 31. The 

procedure was repeated with a neighbourhood size of 3x3 (i.e. a one ceIl dispersal range). The mean 

equilibrium frequencies for the 1 l x  1 1 neighbourhood weref, = 0.835 (standard deviation 0.0005) and 

f: = 0.839 (standard deviation 0.0012) (Figure 3-5). The mean equilibriurn frequencies for the 3x3 

neighbourhood weref, = 0.83 t (standard deviation 0.0006) andfi = 0.840 (standard deviation 0.0009) 

(Figure 3-6). All executions in both sets reached equilibriurn within 30 to 30 time steps. 

The mean equilibrium frequencies in the Markov model, global CA mode1 and local CA model 

using an 1 lx 1 1 neighbourhood were identical. The standard deviations showed a slight increase in 

between-trial variation as the transition matrix became more localized. though the variations were still 

very srnaII. In the Iocal CA mode1 using a 3x3 neighbourhood, species 1's equilibrium frequency 

decreased and species 2's equilibrium frequency siightly increased. The combination of a smali 

neighbourhood (short dispersal range) and species 1's low dispersal rate ( d l )  reduced its ability to 

Figure 3-5: An example population time series Figure 3-6: An example population time series 
from the local CA model, 1 1 xt 1 from the local CA model, 3x3 neighbourhood. 
neighbourhood. 



49 

effectively recolonize vacant patches. The Iower frequency of species 1 reduced the cornpetitive 

pressure on species 2; in combination with its higher dispersai rate (d?), species 2 was able to colonize 

vacant patc hes and persist more effectively , t hereby increasing its ovenll frequency . 

These results confirrn those of Caswell and Etter ( 1993). who also found that the Markov and 

local CA models agreed closely except when the disturbance rate (pJ )  or species 2's dispersai rate (4)  

were low. In these cases, species Z had a lower ovenlI frequency $) in the CA model. refiecting 

local frequency variances that consequently affect the local colonization rate. At suffkiently high 

disturbance and dispersal rates, the CA model is insensitive to changes in colonization rates and the 

two rnodels agree very closely. 

Examining the spatial patterns of the local CA rnodel (Figures 3-7. 3-8), it is very difficult to 

discem any noticeable difference from the global CA model (Figure 3-4). Although the state 

transitions in each model are determined by the species frequencies at increasingly local scales, the 

Figure 3-7: An exarnple grid time series from the 
local CA model, 1 1 XI 1 neighbourhood. Each 
grid cell represents a single patch. 
BIack = occupied, white = vacant. 

Figure 34: An example grid time series from the 
local CA model, 3x3 neighbourhood. Each 
grid cell represents a single patch. 
Black = occupied, white = vacant- 
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operat ive processes and behaviours are identical throughout the ent ire landscape. Local deviations 

from the global mean frequency may temporarily anse due to chance. but there are no extemal 

heterogeneities t hat influence the local be haviour. Consequent 1 y. there is no structure that supports 

the penistence of these emergent differences in the long term. 

3.3.5 Decou pled S pecies Disturbance 

The extensions to the Markov mode1 descnbed in sections 3.3.3 and 3.3.4 addéd complexity to 

the model by determining patch occupancy transitions using inter-patch patterns at increasingly 

localized scales rather than the mean global species composition. This extension adds complexity to 

the mode1 by allowing more varied statr transitions at the patch scale. 

in the patch occupancy models described above. a disturbance causes both species to disappear 

from a patch. However, there are many cases whrre an event will disturb one species while having 

litrle effect on another. For example. speciesdependent responses to disturbance have k e n  studied in 

forests subject to fire or clear-cutting (Green 1989. Bascompte et al. 1993. Bascompte and Rodriguez 

2000). A disturbed patch may become unusable for interior bird species because the removal of the 

forest canopy eliminates nesting locations. Large ungulates may vacate the patch because increased 

underbrush and clearcut leavings become a barrier to movement. However. smaller marnmals and 

ground birds rnay perceive an increase in habitat quality in the disturbed patch due to the increase of 

complex ground cover such as slash from logging opentions. 

To simulate the effect of different species' sensitivity to disnirbance. the global probability of 

disnirbance p~ was replaced by a separate probability of disturbance p ~ i  for each species. Decoupling 

the individual species' probabilities of disnirbance allows the possibility of one species persisting and 

the other species dying after disturbance in a patch, Table 3-3 shows the new state transition 

probabitities. given that al1 other rules and assumptions remain consistent with the original model. 



Table 3-3: Probabilistic state transition matrix for the patch occupancy model where each species 
h s  5) sepelrate probability of distudxtmpdi= within the perentheses assmiated with a state 
indicates that species iis present in that state. 

The new state transition matrix was used in Markov rnatrix. global CA. and local CA model 

forms with dl = I .  nf = 10 and p,. = 0.01 as before. and pJi = p ~ ,  = 0.1. so the probability of any 

particular species being disturbed remained the same as in the original model. In al1 cases the models 

settled into equilibrium within 20 to 30 time steps. a littte faster than kfore species decoupling, and 

the mean equilibrium species frequencies changed:fi increased to 0.85 1 and f2 decreased considerably 

to 0.496 (Figures 3-9.3-10). In the species-coupled models similar rnean equilibrium frequencies can 

only be achieved by increasinp the probability of competitive exclusion from 0.0 i to 0.105 (fi = 0.846 

and f2 = 0.396). They cannot be obtained in the original model by changing the value of pd, because a 

decrease in the global disturbance probability will decrease the equilibrium for specirs 1 as well as 

for species 2. 

Figure 3-9: An example population time series Figure 3-10: An example population time series 
frorn the local decoupled CA model, Il xl1  from the local decoupled CA model, 3x3 
neighbourhood, pm = pe = 0.1. neighbourhood, p* = p& = 0.1. 



When the probability of disturbance pd is decoupled so that each species has its own probability 

p& there is a significant effect on the transition m t n x  dynamics, even if each species has the same 

probability of disturbance (Table 3-4). The intention of decoupling the disturbance probabilities of the 

two species was to allow differential survival under threat of disturbance. nther than the "all-or- 

nothing" disturbance regime in the original rnodel. PIX?+X,). the probability of going from both 

species occupying a patch to the patch becoming completely vacant. decreased by 0.09. Also. 

P(X3+X2), the probability of going from both species occupying a patch to only the fugitive species 

occupying it incrertsed to 0.09 from zero. It would appear that we shoutd s e  an increase in frequency 

of species 2. not a decrease. 

The counter-intuitive result was caused by the emergence of a secondriry dynamic: the transitions 

to al fow decoupled disturbance also created a tendency for "one-or-the-other" patch occupancy . The 

changes to the transition matrix increased aggressive colonization by the equilibrium species 

(P(X2+XI) increased by 0 . 9 ~ ~ )  and decreased the  coexistence of the two species (P(X3+X3)  

decreased by 0.089 1). This in essence creates a longer-tenn increase in competitive exclusion. This is 

consistent with the increase in the value of p, in the species-coupled rnodel in order to obtain the sarne 

equilibrium species frequencies as in the speciesdecoupled model. 

Given the effective increase in competitive exclusion. one of twci possible approaches must be 

taken to bring species 2's equilibrium frequency back to its level in the species-coupled model. Either: 

a) the difference between the dispersal coefficients (4 - dl)  must increase: or b) the difference 

Table 34: Increase (+) or decrease (-) in state transition probabilities caused by decoupling the 
probability of disturbance for each species, using parameter values pd = 0.1, pd = 0.1, pa = 0.1, 
p, = 0.01. 
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State 

From State 
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between the disturbance probabilities (pfl - pdl )  must increase. With the dispersa! coefficient d2 for 

the fugitive species aiready at a high value of 10 (the effect of which is shown in Figure 3-1). further 

increases only really affect the probabilities at low frequencies (c 0.25) w hich do not occur in the 

equilibrium solution. Lowering the dispersa1 coefficient dl  for the equilibrium species decreascs its 

equilibrium population with only a small increase in species 2's equilibrium population. Changes in 

the disturbance probabilities generally have a greater effect. Values of pJ1 = 0.104 (mean time to 

disturbance 9.6 time steps) and p z  = 0.01 25 (mean time to disturbance 80 tirne steps) give 

equilibrium species frequencies offi = 0.846 and f2 = 0.838 compared to the species-coupled 

equilibrium offi = 0.845 and f2 = 0.839. This gives an indication that resistance to disturbance or 

genenl resilience is a more important trait for a fugitive species' survival than is dispersal ability 

when faced with competition from a 'superior' species. 

The spatial patterns of patch occupancy remained just as unstructurcd as in the previous models 

(Figures 3- 1 1, 3- 12). The only visible difference is the sparser occupancy pattern for species 2. In the 

previous models. only the s i x  of region influencing each patch changed but the same frequency 

range [O.O. 1 .O] was still used in the transition mles. and not surprisingly there was no change in 

spatial pattern. in this case the stmcture of the rules themselves changed too. The change in patch- 

level dynamics brought about a change in species persistence that aggregated to the landscrtpe scale 

and therefore affected the macro-level behaviour, but no change occurred in the micro-level 

configuration. The reason here is the same as for why no pattern emerged in the previous models: the 

same interactions occur with equal influence throughout the entire Iandscape. There is no feature that 

rnakes interspecific competition. inter-patch dispersai, or within-patch disturbance any more or less 

likely in one region than another. 

All further mode1 extensions incorponted the speciesdecoupIed mechanism and the parameter 

values p,,, = 0,104 and p& = 0.0125 were used in al1 of the experiments. Further investigation of the 

effect of varying disturbance rates was outside the scope of this study. Although the parameter 
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selection caused the speciesdecoupled model to behave the same as the original coupled model. the 

extension was included for two rasons. First. it helped demonstrate that the simple CA/patch- 

occupancy model mechanism can be used to create more complex (and ecologically realistic) 

behavioun. thus fulfilling surrogogate requirement 3. Second. it helped demonstnte that changes in 

patch-scale processes do not necessarily cause changes in the resulting spatial pattern within a -stem. 

Tim 

O 

Figure 3-1 1: An example grid time series from the 
local decoupled CA model, 1 1 XI 1 
neighbourhood. Each grid cell represents a 
single patch. Black = occupied, white = vacant. 

Figure 342: An example grid time series from the 
local decoupled CA model, 3x3 
neighbourhood. Each grid ceIl represents a 
single patch. Glack = occupied, white = vacant. 

3.3.6 Resource Dependence 

Although the models so far account for ecological interactions. substrate heterogeneity is also a 

strong influence on red ecological patterns. Heterogeneities can refiect different micro-environmental 

regimes which c m  change the outcome of cornpetition, or different nutnent levels which change the 

rates of cornpetitive exclusion (Caswell and Etter 1993). Disturbance. fecundity and colonization 

success are also likely affected by resource supply rates or productivity (Huston 1985. Gnssle 1989). 



Caswell and Etter (1993) briefly considered the effect of heterogeneity using a two-phase 

substrate (ie. only two different values) where the substrate value was used for one of the panmeters 

such as cornpetitive exclusion. The only conclusion they reached in their short study wûs that with a 

reduction in the difference between the two parameter values, it became more difficult to detect a 

difference in the species pattern. They also suggested that the pattern disappears first ;it smaller 

spatial scales. but they left further exploration of this topic for future studics. 

In the previous models, the simulation world was constructcd of a single laycr representing the 

pütch occupancy state of each grid cell. In the resource patch occupancy model. a second layer was 

added representing the level of resources available within the patch. At each ceII n the species 

frequencies f; are determined within the appropriate neighbourhood centered at that cell, and the 

resource level rat  that cell is determined. These local conditions are used to construct the state 

transition matrix for the ce11 with the following probabilities: 

The probability Di that species s, will 

be disturbed is 

D, = p d r  (3-6) 

where p ~ ,  is treated as a resiliency 

coefficient for species i rather than as 

the direct disturbance probability 

(Figure 3-13). When r = I. Di =pJi 

and disturbance behaviour is the 

same as in the speciesdecoupled 

local CA model (see section 3.3.5). It 

Figure 3-13: Behaviour of Di, the probability of 
disturbance for species i, depending on 
values of: p6 the disturbance coefficient for 
species ir and r, the local resource level. 

is assumed that when resources are Iimited a subpopulation is much more vulnenble to 

disturbance, whereas a sub-population in a resource-rich patch can more easily survive a 

disturbance to some srnaII deme. 



2. The probability Ci that species si will cotonize an unoccupied ce11 is 

C, = 1 - e - J I J t r  

When r = 1, and Ci = ci (Figure 3-14) and colonization behaviour is the same as in the local CA model 

(see section 3.3.4). It is assumed that individuals in a resource-limited patch will not produce as many 

offspring, the offspring are less likely to survive until adolescence or adulthood. and they will not be 

as successful in their dispersal efforts. 

Figure 3-14: Behaviour of C,, the colonization probability for species i, depending on values 
of: f;, frequency of species ( d, the dispersal coefficient for species i; and r, the local 
resource level. To demonstrate the effect of species resiliency a) d, = 1 and b) d, = 10. 

The resource substnte wcis constructeci in one of thtee spatial patterns: uniform. smooth gradient, 

or patchy (Figure 3- 15). 

Uniform Substrate 

To create a uniform substnte layer. the value 1 was assigned to al1 grid cells. The probabilities 

For disturbance and colonization behave in the same way as for the resource-independent tocal CA 

model . 



Smooth Gradient 

To m a t e  a smooth gradient 

Iayer, a sinusoidal function was used 

in the Ieft-to-right direction. The 

maximum value of 1 was located at 

the left and right edges. and the 

specified minimum value was 

located at the rniddie of the layer. 

The vaIues were not varied in the 

top-to-bottom direction. Recalhg 

t hat the top-and-bottom and Ieft-and- 

white = 1 

black = O 

figure 3-15: Example substrate configurations: a) 
uniform, b = 1 ; b-d) srnooth gradient, minimum values 
of b are 0.8,0.4, and 0.0; e-g) random homogeneous 
patches 10,30, and 50 in number, random value of b 
for each patch. Opposite grid edges are connected 
and adjacent. 

nght layer boundaries 'wrap' upon themselves. a simple linear gradient from left to right would create 

a discontinuity with the maximum and minimum values adjacent to one rinother. The sinusoidal 

pattern prevents such a discontinuity from occurring. 

Patchy Substrate 

To create a patchy substnte layer. a nndom set of points were selected as seed locations for the 

patches. Each seed location was rrindomly allocated a value over the range [O, 1 1. Thiessen polygons 

were then constructed around the seed locations so that al1 grid points within the polygon are closer to 

their respective seed point than any other. Al1 grid points within the poiygon associated with a 

particuiar seed were allocated the same value as that assigned to the seed location. 

The resource CA modef was implemented in the Modeling fnmework and executed many times 

for 100 time steps, with the parameters (dl  = 1. d2 = 10. p, = 0.01, pdl = 0.104, p~i_ = 0.0 125), 

neighbourhood size of 1 lx 1 1 (i-e. a five ceIl dispersal range). and a different nndomly genented 

initial species grid each time. The mode1 was executed with a variety of resource substnte grids. In 



al1 cases the models settled into 
1 t @  

equilibrium within 30 to 40 time 
0.8 
O '  l / -  

- - "--------̂ A - .Li--- -.---x.-xic.---.-- .... ... 

steps. with equilibrium frequencies 

dependent on the resource 

configuration (Figure 3- 16). A 

persistent spatial pattern kcame 

readily apparent once the 

heterogeneous influence of a 

resource substrate was added 

(Figure 3- 17). Species 1. with 

its lower dispersal coefficient 

(dl = 1). is not able to persist in 

the area of lowest resources 

although some patches on the 

fringe of its inhabitable range 

becorne temporarily colonized. 

Species 2, with its higher 

dispersal coefficient (4 = 10). 

is able to survive across the 

entire landscape. though the 

density is somewhat less in the 

most resource-limited area. In 

the regions of medium 

resource levets where species I 

Figure 3-16: An example population time series from the 
resource CA rnodel, 1 1  x l  1 neighbourhood, smooth 
gradient with minimum resource level0.2. 

Time Species 1 Soecies 2 Species 1 Species 2 Time 

Figure 3-17: An example grid time series from the resource CA 
model, 1 1 x l  1 neighbourhood, smootfi gradient with 
minimum resource level0.2. Each grid cell represents a 
single patch. Black = occupied, white = vacant. 
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thins out. species 1 occupies patches at about the same density as in the high resource areas. Although 

the lower resource availability increases patch disturbance frequencies and colonization is somewhat 

slowed. this is offset by a reduction in competitive pressure from species 1. Towards the middle of the 

grid, the effect of low resources takes priority and even species 1 appears with a lower density. 

3.3.7 Temporally Variable Climate Signal 

The species in the patch occupancy models described above quickly reached equilibria because 

the external inputs affecting their patterns and behaviour were temponlly static, creating a closed 

system. Given that the earth's climatic systcm (in terms of encrgy) is open. it follows that any 

subsystem within it. such as an ecosystern. must also be of an open nature (Nicolis and Prigogine 

1989). Meteorologists and climatologists try to decompose time senes of climatic variables into 

components attributed to various physical processes. One decomposition approach is the use of 

spectral analysis to sepante out cyclical cornponents of different periods and amplitudes. each of 

which corresponds to some contributing process (Priestley 198 1). 

To simulate a complex climatic signal. the decomposition process was inverted: that is. a number 

of cyclical components of differing periods and amplitudes were added togethsr. For this particular 

modeling cxercise. the exact physical interpretation of each component is not as important as the 

stnicniral similarity between the composite time series and actual records. For this modet. nine 

cornponents in four loosely detlned groups were used (Table 3-5). One component. in this case 

Component 9, was chosen to carry the base climate signal. Phase shifts were arbitnrily chosen to 

avoid wave synchronization, and therefore avoid strong signal amplification as well as emulate a 

more 'noisy' climate sipal. 

Components 1 and 2 have wavelengths sirniiar to the temporal scales operative within the 

metapopulations. suc h as genenl fluctuation of vegetation densit ies ( Bounoua et al. 2000). 

Components 3 through 5 have wavelengths in the same range as the model's tmnsient time. They 
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Table 3-5: Parameters for each cosine component of the climatic time series used for the 
simulations, 
Component 

1 
2 

- 3 
- 4 

5 
6 

* .  
7 - .  
8 
9 

Amditude 1 Phase Shift 1 Waveleneth 

could represent effects such as the El Nino - La Niiia oscillations (Bull et al. 2000). Components 6 

and 7 have wavelengths similar to the simulation run duration. representing broader cycles such as the 

Gleissberg solar cycle (Bertrand and van Ypersele 1999). Component 7 has a panicularly large 

amplitude, possibly representing the North Atlantic Deep Water circulation (Chaprnan and 

Shackleton 2000). Cornponents 8 and 9 have wavelengths much p a t e r  than the simulation period. 

which couid represent global or solar processes such as precessional effects (Olago et al. 2000) or 

Milankovitch cycles ( Kashiwaya er al. 200 1 ). The resulting climate signal for the duration of the 

simu iations in the sxperiment is shown in Figure 3- 18. 

The resource patch occupancy mode1 of section 3.3.5 was modified to accommodate the inclusion 

of a climate signal. The static resource grid was recast as a static base strbstrutr. and an additional 

resource grid was added to the 
Synoptic Climate T ime Series 

modeled world. In each time step I 
1 

the climate muitiplier Mt. is I O E  
f 
1 0.6 

determined using the additive I 
I 
3 0 4  

cosines in Table 3-5. For each 3 0.2 

ce11 n in the resource grid, the O 
a so I a0 150 200 250 

Tim. 

resource vaiue r,, is computed as 

r,, = Mc x bn, where b,, is the base Figure 3-18: The synoptic climate time series resulting from 
the additive cosines shown in Table 3-5. 



substnte in ce11 n. The resource value r, is then used to determine the stochastic tmsition matrix as it 

is in the resource patch occupancy model. The final rnodel structure is shown in Figure 3-19. 

Figure 3-19: The complete patch occupancy mode1 structure including al1 
extensions developed from the original Markov form. 

The climate CA model was implemented in the modeling framework and executed many times 

for 200 time steps. with the parameters (dl  = 1. d2 = 10. p, = 0.0 1. pdi = 0.103. pz = 0.0 125). the 

climate tirne series. a neighbourhood size of 1 1x 1 1  (Le. a five cell dispetsal range). and a different 

mdomiy genented initial species grid each time. The model was executed with a variety of resource 

substrate grids. The climate variation had ri sufficient influence on resource levcls and therefore on 

species behaviour that the models never reached an equilibrium (Figure 3-20). The broad trends in 

species frequency follow the main trend in the climate signal (Figure 3-18). but the finsr Ructuritions 

do not. They are influenced by the fine-scate changes in climate. but they are also impacted by the 

total of al1 local interspecific interactions. Species 3 is abte to maintain a more stable population in 

the face of resource changes than Species 1 can. Species 1 has a much Iower dispersal coefficient. 



which makes it far less resilient 

to disturbance during resource- 

limited penods, and it ic slower 

to recotonize disturbed areas 

once resources rire more readil y 

available. The population 

changes over time are quite 

evident in the resultant spatial 

pattern as well (Figure 3-2 1 ). 

This final model can 

adequately represent the main 

spatial structures and spc-cies 

behaviours observed in the 

t hree example natunl systems 

described in Section 3.3.1. The 

model therefore meets the 

requirements for a surrogate 

simulation system outlined in 

Section 3.1, and is sufficient 

for the purposes of this study. 

Figure 3-20: An example population time series from the 
climate CA model, 1 1 x l  1 neighbourhood, patchy 
substrate with 20 patches. 

Figure 3-21: An example grid time series of the first 100 time 
steps from the climate CA model, 1 1 x l  1 neighbourhood, 
patchy substrate with 20 resource patches. Each grid cell 
represents a single patch of species occupancy. 
Black = accupied, white = vacant. 



CHAPTER 4: GENERAL EXPElUMENTAL METHODOLOGY 

4.1 Conceptual Structure 

The focus of this study lies in examining the structural properties of sampling methods in general 

application. and extracting descriptive opentional d e s  governing the effect of the methods in 

environmental investigations. It is not intended to explore the behaviour of a panicular analysis 

method in a specialized application domriin. This purpose is similar to Holling's ( 1968) concept of ri 

strategic model. which attempts to capture the essential biological processes that govern the 

behaviours we observe in ecosysterns in general. Strritegic models are developed to gain insight into 

the salient processes in action within a population system, for example. In contnst. a tactical model 

would be developsd to address very specific population interactions. perhaps for the purpose of pest 

control or other such directed questions in specialized application domains. 

A series of strategic models used to investigate the effects of landscape processes will often have 

an underlying neutral mode1 (cf: Caswell 1976): that is, a mode1 that produces an expected pattern in 

the absence of specific landscape processes. The neutral model is then used as 3 base against which 

other observations. possibly made from more cornplex models. may be compared (Gardner er 

al. 1987). The differences may then be inferred as the result of operative landscape processes. 

in this study the landscape processes are the spatial and temporal interactions between the local 

species distributions and the  underlying resources. The specific form of the species interactions at 

work in the system is expiicitly controlled by the pameterization of each simulation model. The 

landscape processes are spatially rnodified by the substrate configuration. deviating from a neutral 

homogeneous configuration to more cornplex, heterogeneous spatial forms. The subject of inference 

is the behaviour of the observations themselves rather than the phenomena king observed. therefore 

the conceptual focus of the investigation is on the converse of the Iogical progression typically used 

in scientific or management practice. 



4.2 Operational Structure 

A series of two simultaneous simulation experiments were conducted for this study: Figure 6 1 

gives an overview of the operational flow used for both experiments. A controlling program was 

constructed using the framework descnbed in Chapter 2. It included the simulation model described 

in Chapter 3 and a number of independent data samplers. The prognm was executed many times 

using a range of parameter combinations to control the simulated world's behaviour. Dunng erich mn. 

the samplers collected data from the simulated world at intermediate time steps according to a 

prescribed set of sampling strategies. each with their own spatial patterns. densities. and reductions in 

data precision. These parameters and stntegies are described in section 4.3 below. 

4 Initial substrate. 1 Execute 4 Resource 1 lnitialite 
l- 

Archive 
mode, species patch and species model state structure ; 1 distributian 1 rt state I l I 

I ! I 

Set sampllng 
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Figure 4-1 : General methodological flow of the simulation experiments. 
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Once al1 of the model runs were complete. two different analysis techniques were applied to the 

data collected by the samplers. An overview of the analysis methods appears in section 4.4 below. 

and the  formal details are presented in their respective chapters. 5 and 6. Each analysis used the data 

to estimate a different aspect of the simulated world's state. The estimates of global system state using 

the data from each sampling stntegy were compared to the results obtained from using ail of the 

actual 'true' data genented by the simulation. In this manner. the sarnpling stntegy that produced the 

most realistic global characterization of the ricnial system structure could be identified. This process 

was repeated over a broad range of random initial conditions. model behaviours, and spatial structures 

so that the sampling stntegies' role in system characterization could be isolated and described. 

43  Experimental Structure 

The degrees of freedom explored within the experimental stmcture may be placcd into two 

groups: 

those affecting the behaviour and resulting structure within the simulated system. namely 

substnte configuration. species activity. and cl imrite pattern: and 

those affecring the manner in which data is sampied from the system. namely pattern. density. 

and precision. 

Systematic variation of parameters in each of the two groups will provide insight into the relative 

independence of the sampling stntew design from the structure of the observed system. For exampie. 

if changes in the system behaviour were to have little impact on the diffcrences in strenpth of 

chamcterization provided by a set of different sampling stntegies. this would indicate that sampling 

design choices are strongly independent of the structure of the observed system. If the sampling 

strategy design were in fact dependent in part upon the system's behaviourai chancteristics. then the 

results obtained will indicate which sampling design elements are of p a t e r  importance when the 

system is dominaced by a particular behavioural characteristic. 



43.1 System Behavioural Characteristics 

There are three broad components of the simulation mode1 structure rhat can affect system 

behaviour, namely substrate configuration. species activity and climate pattern. 

Substrate Configuration 

Seven different substrite con fiprritions were usrd: EVEV, GR80, GRJO. GROO. PT 10. m30. 

and PT50. The EVEN configuration, in which al1 locations have the sarne resource levcl during a 

given time step. provides the 'neutnl' mode1 where any spatial patterns that may emerge are directly 

attributable to the inherent ecological processes nther than any extemally imposed influences. 

The highly structured GRu configurations, in which resource differences occur dong a gradient 

in a single direction, allow emergence of spatial patterns caused by simple. sy stematic local 

differences in resource levels. These substrate configuntions have varisions that are analogous to 

broader scale spatial patterns suc h as latitude. altitude. or continentality . The t hree di fferent GR= 

configurations examine the strengths of local variation: GR80 provides a rnild gradient (from I .O to 

0.8); GR40 a moderate gradient (from 1.0 to 0.4); and GR00 the maimum gradient (from 1 .O to 0.0). 

The EVEN configuration may be considered as the minimum gradient ( from I .O to 1 .O). 

The Ioosely structured PT-w configurations, in which resource differences occur in irregular 

'patch' arrangements. allow emergence of spatial patterns caused by more complex resource 

heterogeneities. These substnte configurations have variations that are analogous to finer scalc spatial 

patterns such as soi! compIexes, human land use. or composite food and/or nutrient assemblages such 

as vegetation cornmunities. The three different PTxr configurations examine the degree of 

heterogeneity: 10 (PTIO). 30 (PT30). or 50 (PTSO) patches with different resource IeveIs. The EVEN 

configuration may k considered as an area with only one patch, i.e. 'FT01'. 



Species Activity 

n i e  species characteristics in the model are contmlled by panmeters affecting dispersa1 ndius. 

species resiliency. probability of disturbance. and probability of competitive exclusion. Of the four 

parameters. dispersal ndius was most easily connected to spatial interactions generally observed in 
# 

field studies without deviating from the strategic nature of this investigation. The other three 

parameters were not so easily connected without calibrating to a specific Field situation, which was 

not desinble; they were selected based on systematic behaviour ex hibited in the original Caswell and 

Cohen model. 

Three dispersal ranges were used: 1. 3. and 5 cells. A dispersa! range of 1 grid cell is the 

minimum possible; propagation through space and colonization is not possible with a dispersal nnge 

of zem. The dispersal nnge of 3 gnd cells was chosen to model an intemediate level of spatial 

interaction. and a maximum dispersa1 range of 5 grid cells was chosen based on species 

charactenstics reported in the literature and discussed below. 

Ln genenl, the seeds from gmsland plant species which lack specific adaptations to wind 

dispersal generally disperse in a nondirectional manner, and for most seeds dispersal distance is 

limited to 1 to I O  m from the parent plant (Howe and Smallwood 1982. WilIson 1992). van Dorp et 

al. ( 1997) conducted wind tunnel experiments with seeds of six perennial grassland species and used 

the resulting data to construct a cellular automaton model to explore dispersai patterns. Their CA 

mode1 used cells representing l x  1 m patches and itentions comparable to 1 year intcrvals. Using 

optimal long-range dispersal conditions their modeled dispersal rates were always less than Sm/year. 

or 5 cells per iteration. 

Ln the case of small- to medium-sized rnammals. ndio collar studies and controlled patch 

experiments indicate that a typical dispersal distance is approximately equal to 5 times the average 

territory width for some species. A ndio collar study of CaIifornia ground squimls showed that their 

home ranges rarely exceed 150 m in diameter, and the mean distance they would travel to establish a 
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new burrow after relocation was 488 m (3.3 widths). with a range from 1 13 rn (0.8 widths) to 13 13 rn 

(8.8 widths) (van Vuren et al. 1997). A radio collar study of bobcats in southeastern Idaho (Knick 

1990) showed that the fernales develop fairly rigid spatial temtory stmctures with an average territory 

width of 5 km. The mean dispersal distance for 10 female bobcats observed in the same study was 

22.1 km (4.4 widths). and al1 but one were Iess than 35 km (7  widths). 

The '5 times rule' seems to hold to some degree for other small- to medium-sized marnmals such 

as the fox squirrel (Sheperd and Swihan 1995). lynx (Poole 1997). and baver  (Sun et ul. 2000). 

However. factors such as variability in temtory sizes through the individual's life cycle. family- 

shared territories. and generally p a t e r  mobility during normal activity rniikes it much harder to 

determine a typical dispersai range. For largeer mammals such as the grizzly bear (Mace and Waller 

1997). temtones are more irrepular in shape and adjacent temtories can be panially overlapping for 

certain activities. The more complex spatial interactions of Iarger species suggest that anothrr model 

structure would be more appropriate as a surrogate; such explorations are lcft for future investigation. 

Two levels of species resiliency were used: high ( I I  = 1, l2 = 10) and low (il = 0.5. l2 = 3). The 

high resiliency combination (abbreviated HC) most closely matches the behaviour in the Caswell and 

Cohen model. ensuring a high productivity system with reasonable balance in species interaction. The 

low resilienc y combinat ion (abbreviated LC) represents a less productive ecology. w ith rach species 

exhibit ing a lower fecundity and greater sensitivity to available resource levels. The specific values 

were chosen so that significant differences in species activity from the Caswell and Cohen mode1 

would arise but reasonably brilanced population lcvels and species interaction could still occur. 

Although further exploration of the ecological effects of the resiliency parameters would likely be 

informative, it is beyond the scope of this study and is deferred to future work. For this investigation. 

the two resiliency combinations provide enough of a difference in system behaviour to determine if 

species activity has an independent effect on the effectiveness of global system characterizrition. 



69 

The purpose of varying mode1 parameters across simulation trials is to determine the effect that 

system behaviour has. if any, on the abiIity to characterize the system. There is no need to 

exhaustively Vary a11 possible parameters, only to Vary enough parameters over a sufficient range to 

mess their impact relative to variations in the sampling strategies. The dispersai and resiliency 

parameters provided six (2 x 3) variations of species behaviour. Therefore the probability of 

disturbance for each species was heid constant at (pJl = 0.104. p&= 0.0125) and the probability of 

competitive exclusion was htld constant at p, = 0.0 1 for al1 scenarios. These parameters provide the 

closest match to the original Crtswell and Cohen mode1 behaviour. 

CIimate Pattern 

The climate time series directly affects the resources available at each time step, which in turn 

affects the species frequencies and patterns. Since the substrate configuration provides a spatial 

variation in the resources available at each time step, and the species panmeters control the effect of 

resource availability on species behaviour. there is little need to simulatr more than one temporal 

pattern of resource variation in this study. If the system behaviour characteristics already being tested 

do not prove to be strongly influential in sampling choices. then the more minor effect of the climate 

time series will not be influential either. In addition the analysis methods chosen for the experiment 

sets describe aspects of the system at synoptic temporal scaies (section 4.4 below). so differences in 

temporal regimes were not explicitiy examined. ïherefore. a single cfimate time suies was used for 

al1 scenarios. The ctimte t i m  series chosen for the study provided rt broad range of conditions from 

resource-limited to resource abundance and a range of dynamics from quick, fairly large changes to 

slower, long-term trends. 



Impiementation 

In total 42 combinations of system behavioural characteristics (7 substrate configurations x 6 

species characteristics x 1 clirnate time series) were explored in the experiments. Each combination 

represented a unique parameterkation and separate execution of the simulation program. 

4.3.2 Sampling Strategies 

Spatial Pattern 

Two different spatiai patterns were used: gridded and random. These represent the two pt-imary 

sarnpling pattern strategies used for characterization. though there are other patterns in use (Olea 

1984. Stehman and Overton 1996). They are the two most common methods of collectinp data for 

genenl system characterizrition. and are the simplest to plan for a particular study area. Other patterns 

are generally hybrid fonns of these two primaiy strategies. or are patterns strategically designed to 

answer a particular scientific question rather than to generally describe a system and require specific 

experience and domain knowledge to properly construct. 

Spatial and Temporal Density 

Five different temporal densities were used: 0.2,0.1,0.05.0.03. and 0.02. This is the density rit 

which time steps are uniformly sampled through the simulation lifetime. For exampie. at a temporal 

density of 0.05. every 20" time step is sampled. 

Five different spatial densities were used: 0.2.0.1.0.05,0.04. and 0.02. This is the density at 

which grid cells are sarnpled during a particuhr time step. The densities are expressed as the 

equivalent density of sampled cells dong one axis direction in a gridded spatial sample. For example, 

a spatial density of 0.2 indicates every fifth grid ce11 is sarnpfed in the x-direction and every fifth grid 

ceII is sampled in the y-direction: a density of 0.04 indicates every 25' ce11 is sampled in each axis 

direction, Because of the twodimensiona1 nature of the spatial measurements, the densities could be 

more precisely defined as (0.W. 0.0 1.0.0025,O.ûû l6.O.ûOW). which would be the proportion of the 
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total number of grid cells included in a sample (random or gridded). However. the density is 

expressed in the onedimensional fonn for easier cornparison to the corresponding temporal densities. 

Measurement Error 

Five different classification success rates were used: 0.60.0.70.0.80.0.90. and 1 .W. This is the 

probability of sorrsctly idsntifying the sptxies state {O. 1. 2. or 3 (both t and 2 present)} of a sampled 

grid cell. Typically. if an observer takes an incorrect species census at a particular location he or she 

will be biased towards underestimating the number of species present rather than falsely identifying 

absent species (Edwards 1954. Gilbert and Grieb 1957. Caughley 1973). However. treating bias in 

that manner is beyond the scope of the present study. If the sampled grid ce11 is incorrectly classified. 

the incorrect classification is selected unifonnly from the other three possible States. This simulates an 

observer missing evidence supporting the presence of a particular species in the area or alternately 

misinterpreting evidence and identifying a species as being present when in fact it is not. It also 

incorpontes simple errors in recording. 

Five different resource measurement error levels were used: 0.00,0.05.0.10.0.20. and 0.30. This 

is the variation that occurs when measuring the resource IeveI of a sampled grid cell. It represents 

unbisrsed rneasurement error caused by the meauring instrument and the observer. FoIIowing the 

cornmon assumption that such errors are norrndly distributed. the precision value represents the 

standard deviation of an error terrn added to the actual resource level at the time of measurement. 

Sinte the simulation maiet is pmmterized on the bctsis that a resource levet of 1 .O is "nomat", the 

values chosen for the experirnent represent a measurement error rmge of up to +70%. 

Im plementation 

in total 1,250 cornbinations of siunpling strategy chmcteristics (2 spatial patterns x 25 density 

combinations x 25 precision combinations) were explored in the experiments. Each combination 

represented an 'alternate data colIection reaIity': that is. during the rnodeled iifetime of a particular 
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system as defined by its behavioural characteristics, any one of the 1.250 strategies could have k e n  

chosen to collect the data for later use in characterizing the systern. During each execution of the 

simulation model using the behaviours described in section 4.3.1. data was simultaneously collected 

from the openting simulation for each of the 1.250 sampling cornbinûtions. 

4.3.3 Simulation Model Execution 

One trial consisted of executing the simulation mode1 once for each of the 42 combinations of 

system behavioural chancteristics. Al1 model executions within that trial. i.e. the complete set of al1 

42 behavioural combinations. were started with the same substrate configuration and initial species 

pattern. If species distributions over time were to differ between model runs within one trial, those 

differences could be attnbuted strictly to differences in the prescribed species behaviours. A total of 

20 trials were executed. each with a different randorn species configuration (and different random 

substnte configuration in the case of the PT-r.r cornbinations) in order to reduce the influence of the 

model initialization on the system description results. 

The investigation of transient lags and stability of the equilibrium species frequencies under 

varying initial conditions as described in Chapter 3 showed that the influence of the initial species 

configumtion is genenlly dissiputed within 30 time steps. Therefore. data collection was no[ started 

until step 50 to allow dissipation of any transient effect of the initial species configuration. Each 

model was run for a total of 350 time steps, giving 200 time steps for data collection. 

A computer with a Pentium iII 450 MHz CPU ruid 128 MB memory running Microsoft Windows 

95 was used to execute al1 of the sampling simulations. This cornputer took approximtely 16 hours 

to execute al1 of the sampling simulations comprising one trial. The data collection took a total of 320 

hours of execution tirne. In reality, the data collection spanned aimost four weeks due to operatinp 

system instability under sustained load, power failures. and other technical obstacIes. After the 

simulations were complete. a computer with a Pentium iiI 800 MHz CPU and 256 MB mernory 



73 

mnning Microsoft Windows 98 was obtained and used to execute al1 of the analysis prograrns. The 

inventory analysis took 12 houn of execution time for al1 data: the census analysis took 8 hours; and 

the  habitat analysis took 60 hours. The analyses spanned almost three weeks since the machine was 

required for other duties and the prognms had to be schcduled during idIt times. 

4.4 Analytical Structure 

The following is an overview of the two analytical experiment sets conducted in this study. The 

analytical procedures are broadly outlined and placed within the context of the overall experiment in 

this chapter. and the nnalyrical details are more formally presented in the following chaptcrs dong 

with the respective experiment results. 

As stated at the beginning of the chapter the specific anrlysis methods were not the focus of 

investigation. Rather, the study focused on determining the relative effect of sampling strategy design 

on the ability to chancterize the system, using a constant analysis method and varying the manner in 

which the data were collected. The analytical methods were chosen based o n  their simplicity and the 

genenl tnnsfenbility of the results. 

Although more sophisticated techniques usually exist for both types of analysis. simple analysis 

methods were favoured so that any variation in characterization effectiveness could most easiiy be 

attributed to variations in the data collection rnethod. The more sophisticated methods tend to have 

complex assumptions about the underlying processes and the data used for computation. They are 

also often desiped for specific types of systern stmctutes or types of field site. As the system 

behaviour and sampling strategy parameters varied in the experiment. any variation in descriptive 

effectiveness would be due in part to the sampled data and in part to the method of analysis. It would 

be very difficult to sepante the two influences, most likely requiring another set of parameters to 

Vary, an increase in the number of mode1 trials. and an extra level of statistical analysis. 



Due to their lack of special structural and statistical assurnptions. any insights into sampling 

effectiveness gained using simple analysis methods are more likely to apply to a broad range of 

analysis methods. With no specific structural assumptions to start with. the sampling guidelines 

resulting from the study may be applied to other analyses that use more complex techniques. 

interpreting the guidelines in the context of the methods' structural assumptions. The results may not 

easily transfer to highly spccialized or sophisticrited analysis techniques. but such techniques typically 

have their own explicit data requirements. Again. the purpose of the investigation was to identify the 

most effective sanzpling methods for gened global chancterization. not the most effective anaipis 

methods for al1 types of problems. 

4.4.1 Inventory 

The inventory analysis is a 'snapshot' style estimate of the total resnurcrs available in the entire 

grid at ri given time step; see Table 4-1 for a sumrnary of the operative process and analysis scales. 

The inventory is expressed as an ma-weighted sum of the sarnpled grid cells' observed resource 

levels. It is assumed that the resource levels in unobserved grid cells are the same as the closest 

respective sampled grid cell. 

Table 4-1: Spatial and temporal scales of the system processes and relationships relevant to each 
analysis, and the scales at which the analyses are conducted. 

f 1 Scales of Relevant 1 Scales of Relevant 1 Scales of Relevant 1 1 
Analysis 

Type 
, lnventory 

The inventory characterization is the simplest of the two analyses undertriken. Oniy one aspect of 

the system is characterized. narnely the resource composition. The resource composition is oniy 

affected by the temporalIy constant substrate configuration and the temponlIy variable but spatially 

Census 

Resource Processes 
Spatial . Micro, 
Synoptic 1 

Species Processes 
Temporal 

. Micro 

Micro, 
Local 

Micro, 
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Spatial 
! nane 

Micro 

Temporal 
, none 

Relatfonships 

Micro. 
Local 

Scale of Analysis 1 
. Spatial 

none 
Spatial 

. Synoptic 
Temporal 

. none 

none 

Temporal 
Micro 

none Synoptic Micro 



constant climate level. In fact. the total resources available in any given rime step is simply the 

product of the current climate value and the total of al1 substnte grid ce11 values. 

The climate time series is invariant across al1 simulations and therefom gives no contribution to 

between-trial variations. The hornogeneous (EVEN) and gradient (GRrr) substrate configurations are 

invariant across simulation trials due to their highly structured nature and therefore have no effect on 

between-trial variations. The patchy (PT-tr) substrate configurations. due to their loosely structured 

nature, are randomly genented for each simulation trial in the same manner as initial species 

configuntions. Since the patchy substrate configurations are not identical for al l simulation trials. 

they can conceivûbly have an influence on between-trial variations. In the mode1 used for this study. 

species do not deplete the local resources and therefore the species configuration cannot have my 

impact on the analysis. 

4,4.2 Census 

The census analysis, like the inventory analysis, is a 'snapshot' style estimate of the population of 

each species at a given moment in time. The population is expressed as the frequency of sampled grid 

cells in which the species is observed. Tt is assumed that the frequencies observed in the sampled grid 

cells are represcntative of the cntire study area. A separate analysis for each of the two species 

identifies differences due to the overall frequency of the species in question; Species 1 is much more 

abundant than Species 2 in the simulations. 

The census analysis is more complex than the inventory analysis. Only one aspect of the system 

is characterized. narnely the species composition. but there are more influencing factors at work than 

in the case of the inventory composition. Changes in the species composition are affected by the 

current species configuration and resource configuration, and the latter in tum is affected by the 

synoptic climate level. The effect of historical species and resource contigurations up to 30 time steps 
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in the past also indirectly influences new changes in the species composition. Although these factors 

affect the observed species frequencies they are not directly measured nor included in the analysis. 

For the census analysis. the between-trial variations of the resource tevels are affected by the 

climate time series and substnte configuration in the same way as the inventory analyses. In addition. 

a different initial species configuration is mdornly generated for each trial. By staning the data 

collection at step 50 to avoid the initial transient periods and aggregating the analysis results over 20 

trials should minimize the influence of the initial species configuration on the interpreted results. 

4.5 Computational and Data Management Strategies 

Three cornputational stntegies were employed in the study: al1 sampled data were passed through 

ri compression aigorithm before king stored in their respectilte files: samples were only collected at 

one temporal density: and both analyses were drawn from a single data col[ection procedure. Each 

strates is descnbed below atone with its potential impact on the resuits. [t would have been desinble 

to avoid using these strategies, however they alleviated some of the limitations on cornputrition and 

data storage resources and therefore improved the technical feasibility of the study. 

4.5.1 Data Compression 

As the sampled data were streamed to their respective files for stonge and later analysis. the 

Lempel-Ziff-Welch (LZW) compression algorithm (Welch 1984) was applied before writing to disk. 

The LZW algorithm is a comrnonly used compression technique; it is the sarne method used to create 

ZIP and GZIP format archives. It is a lossless compression method, which means that the data are 

g u m t e e d  to suffer no changes from their original values when the compression is reversed. This 

means that the fiie compression had no impact on the experiments undertaken in the study. The 

amount of compression achieved using LZW is dependent upon the rerguiaiity of patterns within the 

data but on average rnost data streams experience compression of approxirnately 2: 1. thereby 

reducing data storage requirements by half. Some small amount of computing time was added to do 
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the compression at data collection time and to do the decompression at analysis time. but this was 

negligible compared to the computing time required to execute the simulations and to analyze the 

results. 

45.2 Single Temporal Density Sample 

Only the temponl density of 0.2 (every 5" itention) was cxplicitly collrcted during simulation. 

The data sets for the other temporal densities (0.1.0.05.0.W. and 0.03) were derivcd during analysis 

by using the sarne data set as for the temporal density of 0.2. but only including the observations from 

an appropriate subset of the sampled times. For example. for a density of 0.04 (every 25" iteration), 

every fifth sampied time step would be included in analysis resulting in the correct temporal density 

(0.2 x 0.2 = 0.04). The study does not consider the effect of sampling phase (i.e. differences in the 

exact time step from which the regular sampling starts) and ali saiiiplincg bepn at the same tirne step. 

so the derivation works acceptabIy. 

A side effect of the strategy is that the errors on the data collected using each alternative sampling 

stntegy are not independent of each other. Data sets from the same trial, with the same sampting 

characteristics other than temporal density. will contain identical measurement values for common 

sampled time steps, including identical measurement errors. This effect could cause more difficulties 

if the analyses were focused on some dynamic behaviour of the system. However. al1 analyses either 

examine data from time steps individually or treat al1 data in a non-temporal fashion. so the impact of 

the strategy should be minimal. An error term is still present on al1 rneasurements. so the imprecision 

of the data is still an influencing factor in analysis effectiveness. In the cases where al1 other sampling 

panmeters are equal and only temponl density varies. differences in analytical results c m  still occur 

due to the difference in number of data points available for use in the computation. 

The largest effect the strateu has on the overall results is that, should a statistically anomaious 

distribution arise in the random errors. it is repeated across al1 results in one d e p e  of freedorn, 
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possibly affecting the interpretation of bias. This is somewhat alleviated by statistical agpgation of 

analysis results across the 20 trials. Each trial has its own sepantely genented Stream of randorn 

errors, thereby giving unique error distributions to each trial. The impact of any anomalous error 

distributions, should it arise, would therefore be minimal. 

4.5.3 Single Data Collection for Two Analyses 

Rather than doing a separate simulation and data collection phase for each of the two experiment 

sets. only one data collection phase was executed and both anaiyses shared the common data set. This 

was done to reduce the total data volume and experiment computation time to feasible levels and is 

discussed in more detail in section 45.4 btlow. An effect of the stntegy is that identical error terms 

appear on each data point across ri11 analyses. There is a danger of allowing statisticrilly anomalous 

error distributions to propagate through al1 of the experiments. but as described in section 4.5.2 the 

use of multiple triais should minimize such effects. A positive side sffect of using the stntegy is that. 

should significant differences arise in the relationship between sampIing chancteristics and ability to 

describe the system as identified in each analysis. the differences may be directly attributed to the 

interactions between the structure of the observed system and the observations made. Since the 

individual observations are invariant across analysis methods, the differences are not confounded by 

the possibility of large differences between the collected data sets. 

4 5.4 Impact on Computation 

Using the computational stntegies described above. 250 sepante data files were genented for 

each model execution. each one representing five alternate sampling stntegies. A single model 

execution represented the results of one set of system behaviounl characteristics. A total of 32 

alternate sets of system behavioural characteristics were prescribed, so the simulated data collection 

results for al1 combinations of system and sampling chancteristics were contained in 10.500 data 

files. 



The simulation model was executed 20 separate times for each combination of system 

behavioural characteristics. Altogether 2 10,000 separate files were produced to store the results of the 

sampling exercise. 

The file sizes nnged between cl and 3 10 kilobytes due to i) the variation in the number of 

observations in a sampling ctntegy govemed by the spatial densities. and ii) the effect of the LZW 

data compression. The total data volume required io store al1 of t h e  sampled data was approximately 

18.5 gigabytes. 

If data compression were not applied to the data files before storap (but the other two stntegies 

were still employed). then the 2 10.000 data files woutd require approximately two times more storage 

space (37 GB). The time required to physically write the data to disk would approximately be offset 

by eliminating the time required to apply the data compression algorithm to the data Stream. 

If separate samples were collected and stored for each temporal density nther than storing the 

temporal density 0.2 files and deriving the other temporal densities (but the other two strategies were 

still employed). then five times the number of files ( 1,050.000) would be required. Assurning that 

compression ratios were about the same for al1 files. then approximately 2.05 times ( I + 0.5 + 0.25 + 

0.2 + 0.1) the total stonge space (38 GB) would be required. Some additional time would be required 

to physically write the data to disk. However. the simulation and analysis time would still be the 

dominant factor. 

If separate model nins and sampling were conducted for each of the three ruialyses (but the other 

two strategies were still employed}. then three times the number of files (630.000) would be 

genented. Assuming that the file sizes would be comparable between the three sets. the fiks would 

occupy approximately 56 GB. in addition. the time required for simulation and sampling would triple 

to 960 hours (5.7 weeks) of continual computer operation. 

If none of the stntegies were employed, but rather separate sarnples were colIected for each 

analysis and for each temporal density, and the samples were stored in uncornpressed data files. then 
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the study would require a total of 3,150,000 data files ( 15 x) spanning 228 GB ( 12 x). taking 

approximately 1020 hours (2.5 x) of continua1 computation time. Although miss storagr costs are 

rapidly decreasing, single standard desktop computers are not yet capable of this kind of storage 

volu~ne. In addition, the total computation time would make the study difficult to implement on a 

single cornputer. Both of these issues are addressed briefly in Chapter 7. 

Two ocher experiment design choices impact data voIume and computation time: the number of 

trials and the number of parameter combinations. Adding or removing a trial changes the resource 

requirements by approxirnately one gigabyte and 20 hours. Adding more trials was not within the 

feasible computational capacity or timeframe of this study. and removing trials would severely strain 

the ability to statistically reduce the effect of the random initial conditions on the experiment results. 

The effect of changing the number of parameter combinations depends upon which parameter's 

range is changed. System khavioural characteristics affect the number ot mode1 runs required. so 

changes to these panmeters impact both storage volume and computation time. Sampling stntegy 

characteristics affect the nurnber of sample data files collected: though there would be sorne minor 

effect on cornputation time. it would be relatively negligible and the primary impact would be on 

stonge volume. Again. adding panmeter combinations was not feasible for this study. Very few 

parameter combinations coutd be removed from those chosen for the study without reducing the 

interpretive value of the results. Among the system behaviour characteristics. the substrate gradient 

and patch properties and the dispersal radius nnged over three values to identify linear or nonlinear 

behaviour; the species resiliency ranged over two values to identify whether or not it affected results; 

and al1 other parameters were heId constant. Among the sampling stratem characteristics, each 

parameter ranged over five values for each of two spatial patterns. Temporal and spatial density 

values were concentrated on sparser values since these reflect the realities of most field sxercises, and 

therefore had the most potential for useful interpretation. Sincr the purpose of the study was to 
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investigate the effects of data collection. less than five values per data collection panmeter would 

possibly constrain the scope of the interpreted results to lirnited practical use. 

In the early stages of the study it became clear that a simulation experiment can quickly become 

difficult logistically. Planning carefully and taking advantage uf data reduction stntegies can alleviate 

the burden with minimal impact on the final resul ts. Future work planned for a faci li ty with increased 

capacity that minimizes the logistical problems is descnbed in Chapter 7. 



5.1 Background 

Knowledge of the quantity of biotic or abiotic matenal in a naturai system is of increasing interest 

for ecological monitoring and management. For example. due to increasing interest in the global 

carbon budget much attention has been directed toward estimating the biomass and productivity of 

forests around the world (Penner et ul. 1997). Biomass inventories are used as input data for carbon 

budget models (Botkin and Simpson 1990, Kurz and Apps 1994) which in mm help determine the 

contribution of Canada's forests to the global carbon cycle. Many of these inventories convert existing 

volume inventories to biomass based on broad formulae (e-g. Birdsey 1992 , Alexeyev et al. 1995, 

Isaev et al. 1995). However the more reliable inventory estimates are tiased on direct sampling of 

field plots (e.g. Box et al. 1989, Botkin and Simpson 1990, Prince Edward Island t 992). 

Other forest modeling efforts explore the eco-hydrologica1 interactions between the physical and 

chernical characteristics of a watershed and the productivity of its vegetation (Running and Coughlan 

1988, Mackay and Band 1997). Moore et al. ( 199 1 ) stress that soil physical and chernical property 

data are mong  the most essential data required to mode1 surface and subsurtàce eco-hydrological 

phenornena. The time, effort and expense required to collect soil data in the field, coupled with the 

strong spatial heterogeneity of soil characteristics (often having correlation lengths tens of meters), 

mean thar field exercises produce relatively sparse data sets despite the acknowledged importance of 

soil data (Hendrickson et (11. 1987; Morrison 1990). The resultant lack of sufftcient soi1 data is 

probably the greatest impedirnent to more effective use of modeling in the analysis of resource and 

environmental problems. 

Knowledge of the resources available in a systern is also important for wildlik management. For 

instance, oak mast (acorns) is food for a variety of wildlife species (Martin et al. t 96 1, Goodrum et 
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al. C97 1, Shaw k 97 L ); the~efo~e estimatesof mas€ biomass in diKerent forest stands are good for 

rnanaging oak mast production and therefore wildlife food supply (Scfiroeder and Vanglider t 997). 

The purpose of this chapter is to identiS how well different sampling strategies can characterize 

the resource inventory of a spatially stnictured ecosystem with the presence of measwement error. 

More specifically, the following questions wiIi be answered: 

Which spatial sampling pattern is generally more effective for inventory. randorn or gridded? 

i Which sampling design factor has the most impact on the inventory estimate'? 

1s there a direct relationship benveen deWe of error in individual measurements and degree 

of error in the inventory estimate? 

Can poor measurement quality be compensated for by a denser spatial sarnple? 

5.2 Method 

As described in section 4.3.3, a suite of 20 trials of the simulation model were executed for each 

combination of 7 substrate configurations and 6 species behavioural chancrenstics. During model 

execution data samples were collected, comptete with simulated rneasurement errors, into separate 

data files according to 250 prescribed sampling strategies. 

At any given time t during a single mode[ nui, the total available resource R, or "inventory" is 

sirnply the sum of the resource levels in ail grid ceil patches at that time: 

where N is the number of patches and r,,, is the resource level for patch n at time r. 

in order to estimate the inventory R, at time t ,  a sample of K patches was selected and the 

resource level of each patch Fb was estimated including an e m r  term €6 drawn From a normal 

distribution with mean zero and standard deviation 6: 



The weights w k  were equaî to the number of cells contained in Thiessen polygons constructed around 

the sample points, so each unsampted grid ce11 is represented by the sampfed ce11 closest to it. The 

spatial sampling pattern remained static throughout each simulation. so the same set of K sample 

patches were used and for a certain patch k the weights rvk were the same at al1 values of r.  

Biomass and nutrient inventories are conducive to representation by continuous swfaces, where 

the value of each prid ce11 is interpolated from the measured data points by some method such as 

knging or bicubic convolution (Lancaster and $alkauskas 1990) and the inventory is determined by 

summing the ce11 values. Wildlife food resources are often detemined by masuring plots in a sample 

of forest patches and considering the biomass measurements as reprcsentative of their respective 

patches (Schroeder and Vanglider 1997). ï h e  rnethod of estirnating the area-weighted sum R, is 

nearly identical to the latter case. It is also comparable to the former, though i t  is a much Iess precise 

interpolation method. 

Use of area-weighted totals to determine resource inventory is a closer fit to the patchy 

configuration (a space-fiîling pattern of connected "plateaus") than to the gradient (a continuously 

varying surface). The area-weighted method essentially f o m  "plateaus" centered on each sarnple 

point. However, the method can also work well in the presence of a gradient. Since the gradient is 

smoothly varying, overestirnation in one direction of the sample polygon is balanced by a 

counteracting underestimation in the opposite direction of the sarnpte polygon. in one sense, these 

favourable conditions reduce the potential error induced by the sampling method, but typically the 

pure gradient condition would not exist as strongly in a real system. 
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The magnitude of error in the inventary UG&) was d c u h e d  as the ab lure  difierence 

between the actual and estirnated totals 

.MAG(R,) = I R ,  -if( 

and a bias index of the inventory BIAS(RI) was chosen based on the error sign: 

1 if k, > R,, showing an overestirnate 
O if R, = R,. showing exact estirnate 

- 1 if k, c R,, showing an underestimate 

iM,4G(R,) and BIAS(R,) were computed for each of Tsmpled time steps and the mean values 

were computed: 

MAG(R), then, is the mean magnitude of error in the resource inventory "snapshors" collected 

over the course of one simulation. If al1 inventories during the simulation exactly estimate the actual 

quantity of available resources, then iMAG(R) equals zero. BIAS(R) indicates the bias tendency in the 

inventory snapshots. If the inventory was underestimated in al1 sampled time steps, then BI/IS(R) 

equals -1. If the inventory was overestimated in al1 sampled tirne steps, then BIAS(R) equals 1. If 

BlAS(R) equals zero, then either al1 inventory estimates were exact (verified if MAG(R) equals zero), 

or the inventory was underestimated as often as it was overestimated. 

in order to reduce the effect ofrandorn initial conditions in the simulation model, M.AG(R) and 

BIAS(R) were computed for 20 separate trials, each with different random initial conditions, and the 

results were averaged together. Foilowing this process, an aggregate MAG(R) and BIAS(R) was 

obtained for each combination of resource substrate configuration and sampling strategy. More 
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s p e u f d ~ ,  the c o m b i ~ t i o ~  w e e  deBved h m  the following f,ue degrees of freedom and their 

possible values: 

resource substrate configuration: (EVEN, GRSO, GR4O. GROO, PT10, PT30, PTSO) 

spatial sampling pattern: (GRD (gridded ), RND (random) ) 

spatial sampling density: {0.02,0.0j,0.05,0.10,0.20) (recall that these values are 

representative of one spatiai dimension) 

temporal sampling density: (0.02, 0.04,0.05,0.10,0.20) 

standard deviation of measurernent error (6): {0.00,0.05,0.10,0.20,0.30~ 

Recalling the model stmcture described in section 3.3.6 and shown in Figure 3-1 9, species 

behaviour has no erect on resource levels. Therefore the model output data files from a single set of 

species-related characteristics (dispersal range = 1, low resiliency, classification accuncy = 1 .O) were 

arbitrarily chosen for analysis. 

In total the 7 substrate configurations and 250 sampling strategies resulted in 1,750 unique 

combinations, each with a representative MAG(R) and BIAS(R). The distributions of the 

representative enor magnitudes and biases were described numerically by simple first order 

descriptive statistics and graphically by boxplots, grouped by the spatial sampling pattern used to 

collect the data. The representative errors were then further sub-grouped according to each of the four 

remaining degrees of freedom, grouped by their respective possible values. Again, the distributions 

were examined using first order statistics and boxplots. 

Once each cha~cterktic was examined individuaily, the interactions benveen sampling 

characteristics were explored. A series of twodimensional surfaces were constructed, with each 

surface showing the changes in iMAG(R) and BIAS(R) in relation to the spatial and temporal sampling 

densities at each degree of rneasurement error, The surfaces may be considered as a series of "slices" 

dong the measurement error axis frorn a four-dimensional hypervolume relating spatial density, 

temporal density, and measurement error to the resulting inventory estimate error. A separate series 



was cunstnrcted for each of the twsqxkal smpCing patterns. At eack data point on the sur~àce, for 

example {spatial density = 0.2, temporal density = 0.05, measurement accuracy = 0.1 ), MAG(R) and 

BIAS(R) were averaged across al1 substrate configurations. The points lying between known sampling 

parameter values were then estirnated using a bivanate planar triangdated interpolation. 

53 Results and Discussion 

At any given time step, the total resource inventory equals the synoptic clirnate value at that time 

rnultiplied by the sum of al1 substrate ceIl values in the grid. The substrate pattern was identical in 

every trial for the homogeneous and smooth gradient configurations, so the substrate totals were 

always the same: EVEN = 10 000; GR80 = 9 000; GR40 = 7 000: and GR00 = 5 000. Since the 

patchy substrates were randomly generated they differed beween trials, although the configurations 

remained constant for the duration of each trial. Table 5-1 shows the distribution of the total substrate 

ceil values surnrnarized over the 20 trials. The substrate totals across the trials were distributed fairly 

uniformly throughout each respective range. The mean values of the patchy configurations were 

similar in magnitude to the GR00 jpdient configuration. Although the rneans for each patchy 

configuration were sirnilar, the range was inversely related to the number of patches. More patches 

reduce the likelihood of an individual patch of large area and extremely hi@ or Iow value dominating 

the total. 

During the simulation period the climate values tanged between 0.552 and 1 .O 1 1, with a mean 

vahe of €ME. Tabte 5-2 shows the distribution of the r ed thg  resowce imntory values for each 

substrate configuration. 

Table 5-1: Distribution of total substrate cell values for patchy substrate configurations, computed from the 
random confiqurations for each of the 20 trials. 

Subtbate Configuration PT10 PT30 PT50 
Mlnimurn 3 745 4 037 4 on 
Mean 5 097 5 006 5 010 
Maximum 6 587 6 258 5 856 
Range 2842 2220 l n 9  





SubstrateConfiguration WEN GR80 GR40 GR00 PT10 PT30 PT50 
Minimum 5 520 4 968 3 864 2760 2 067 2 228 2 251 
Mean 7920 7 128 5544 3960 4037 3965 3968 
Maximum 10110 9099 7on SOS 6659 6327 5920 
Range 4 590 4 131 3 213 2 295 4 592 4 099 3 669 

5.3.1 Spatial Sampling Pattern 

Gridded sampling in general produced much smaller errors in the inventory estimation than did 

random sampling (Figure 5- 1 ). The ovenll means of~biXG(R) were 525.637 for gridded sampling and 

1952.947 for random sampling (Table 5-3). Compared to the mean inventory value over a11 substrate 

configurations and time periods (approximated fiom Table 5-2). these represent errors of 

appmximately 10% and 37% respectively. Thsre was Little overlap between the magnitude ranges 

resulting from each sampling pattern (Figure 5-1). The maximum error among the gridded estimates 

was less than the median error among the random estimates, and the minimum random error fell 

within the highest quartile of gridded errors. Although the central r a g e  sizes were similar, the 

random erron were heavily skewed towards the lower end of their range whereas the gridded errors 

were more evenly distributed through their range. 

Inventory Analysis - By Sampling Pattern 
MAG(R) 

Figure 5-4 : Boxplots of MG(/?) and BIAS(R) obtained when estimating resource inventory, grouped by 
spatial sampling pattern. Groups include al1 configurations of substrate, spatial sampling density, 
measurement ermr. and temporal sampling density. 



Gridded sarnpling had a strong tendency to underestimate the true inventory with more than 75% of 

the data sets showing a negative mean bias, whereas rcindorn sampling came much closer (on average) 

to zero b i s  in the estimates. In addition, the bias range was much smaller for random sampIing than 

for gridded sampling. 

Table 5-3: Distributions of MAG(R) and BIAS(R) obtained when estimating resource inventory. Sampling 
configurations are grouped by spatial sampling pattern. 

- .  - - 
GRD RN0 GRD RND 

Conflguratlons 875 875 875 875 
Minimum 0.000 1023.823 -1 . O 0 0  9.61 3 

Maximum 1589.023 4539.323 1 .O00 O. 550 
Oveall Range 1589.022 351 5.500 2.000 1.163 
Central  ange 625.558 629.486 0.933 0.329 
Mean 525.637 1952.947 6.461 4.128 

Although the choice of sampling pattern clearly had an impact on inventory estimation. there was 

considerable variation in data collection conditions other than the spatial sampling pattern- The error 

surnmary statistics were further divided into sub-groups according to the other degrees of fkedom, 

and boxptots were constructed to show the enor distributions within each group. Each of the 

following sections wiIl show the same broad characteristics as discussed in this section, cg. higher 

UrlG(R) ranges for random sampling, suonger underestimation for gridded sampiing, and so on. The 

sub-groups will show patterns of MAG(R) and BIAS(R) values within the distributions s h o w  in 

Figure 5- t . The broad observations based on spariaf sampting pattern ivitt not be repeated betom: o n b  

the new patterns that emerge Fcom the subdivision will be discussed. 

53.2 Substrate Configuration 

Figure 5-2 and Tables 5 3  through 5-7 show the distribution of the errors in inventory estimates 

when grouped by the underiying substrate configuration. Each group includes al1 configurations of 

measurement error, spatial density, and temporal density. This is the only grouping by "naturaily" 
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oeeming conditions w i k h  the systen a d  m>€ by a sampk design factor, and ii shows €he g a m k  

effect that the physical structure of the system has on the ability to charactenze the system. The range 

and distribution within each gmup indicates the general impact that sampling design can have on 

system characterization. A broad rang would indicate that sampling choices have a strong influence 

on the accuracy of the estimated inventory, whereas a narmw range would indicate that the sampling 

strategy has little impact on the outcome. 

lnventory Analysls - By Substrat8 
Gridded Pattern 

rmi * 

PD' 

S'  

Randorn Pattern 

Figure 5-2: Boxplots of MAG(R) and BIAS(R) obtained when estimating resource inventory, grouped by spatial 
sampling pattern and substrate configuration. Groups include al1 configurations of spatial sampling density, 
measurement error, and temporal sampling density. 



fable 54- Distribuüons of M G ( R )  obtainedwhen estimatmgresaurce inuentocy using a @dd& sampkg 
pattern. Sampling configurations are grouped by resource substrate. 

Table 5-5: Distributions of MAG(R) obtained when estimating resource inventory using a random sampling 
pattern. Sampling configurations are grouped by resource substrate. 

. - - - .  

EVEN 
Configurations 125 
Mlnlmum O.OO1 
1' Quartlle 11 1.053 
Median 588.537 
Y' Quartlle 997.149 
Maximum 1589.023 
ûverall Range 1589.022 
Central Range 886.096 
Mean 640.460 

EVEN 
ConfiguraUons 125 
Minimum 1436.789 

Table 5-6: Distributions of BIAS(R) obtained when estimating resource inventory using a gridded sampling 
pattern. Sampling configurations are grouped by resource substrate. 

GR80 GR40 GR00 
125 1 25 125 

0.051 0.018 0.000 
11 1.065 111.049 11 1.053 
569.042 495.362 390.71 6 
937.1 16 922444 732.568 

1436.799 1 158.742 1150.352 
1436.748 1158.724 1150.352 

1 " Quartlle 2017.080 
Median 2802.033 
3m Quartlle 3257.176 
Maximum 4539.323 
Overall Ranne 3102,534 

PT10 PT30 PT50 
1 25 125 125 

19.676 22.715 31 .768 
296.190 312.672 321.920 
474.777 503.376 51 8.086 
763.750 736.734 760.361 

1229.091 1293.210 1303.967 
1209.416 1270.495 1272.199 

. GR80 GR40 GR00 
125 125 125 

141 9.820 1 187.556 1232.296 

ô26.051 81 1.396 621.515 1 467.559 424.062 438.441 
591.534 496.196 403.185 495.430 515.886 536.766 

PT1 0 PT30 PT50 
125 125 125 

1343.556 1 172.674 1023.823 
1843.437 1658.105 1342.852 
2939.656 1898.076 1473.771 
3656.449 2375.884 1575.192 
421 9.049 2443.394 1862.828 
2799.228 1255.838 630.532 

EVEN 
Configurations 125 
Minimum -1 .O00 

Central Range 0.900 1 0.800 1 .O00 0.900 1 1 .O70 0.750 0.700 
Mean -0.538 1 -0.612 -0.421 4.481 1 -0.363 -0.386 -0.427 

1422.342 1428.097 1203.149 
147 8.794 1549.155 1482.253 
1822.552 1639.087 1562.809 
2107.523 1933.298 1644.386 
763.967 760.624 620.563 

1" Quartlle -1 .O00 
Median -0.600 
3"' Quartife -0.liM 
Maximum 0.500 
Overall Range 1 .%IO 

Table 5-7: Distributions of BIAS(R) obtained when estimating resource inventory using a random sampling 
pattern. Sarnpling configurations are grouped by resource substrate. 

GR80 GR40 GR00 
125 125 125 

-1 .O00 -1 .O00 -1 .O00 

PT1 O Pi30 PT50 
125 125 125 

-1 .O00 -1 .O00 - t  .O00 
-1 .O00 -1 .O00 -1 .O00 
-1 .O00 -0.500 -0 500 
-0.200 0.000 -0.100 
0.500 1 .O00 0.500 
1 .500 2.000 1.500 

Maxlmum 0.550 1 0.120 0.125 0.300 1 0.250 0.300 0.310 
Overall Range 1.050 1 0.495 0.600 0.825 f 0.863 0.725 0.8 15 

-0.995 -0.800 4.800 
-0.300 -0.300 -0.455 
0.075 -0.050 -0.100 
0.800 0.750 0.650 
1 .a00 1.750 1.650 

EUEN 
Configurations 125 
Minimum -0.500 

Central  ange 0.235 1 0.270 0.270 0.140 1 0.358 0.187 0.490 
Mean -0.114 1 -0.080 -0.068 -0.175 1 -0. 158 -0.184 -0.1 18 

GR80 GR40. GR00 
1 25 125 125 

-0.375 -0.47 5 4.525 

. PTtO PT30 PT50 
125 125 125 

-0.613 -0.425 -0.505 
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~ u s i n g g r i ~ s a m p t m g m z ~ g r a c f i e n t , ~ m e a r r v a h r e a n d r a n g e o f I w A G ( R )  

decreased as the strength of the gradient increased ( i e .  a steeper slope over a larger range of resource 

values) (Figure 5-2). There was almost no change in the distribution of MAG(R) when a gridded 

sampling pattem was used in a patchy environment, regardless of number of patches. Therefore, if a 

regular spatial pattern is present in the physical structure of the system, then the eff'ectiveness of a 

gridded sample improves when the pattern is stronger. If there is no regular spatial pattern present, 

then the general effectiveness of the gridded sampling scheme remains the same regardless of the 

complexity of the physical structure, as indicated by the similarity in error ranges between the patchy 

groups. Of course, the presence of a range in rM,-fG(R) indicates that etyectiveness may be somewhat 

improved by selection of an appropriate sampling strategy. 

In the cases where nndom sampling was used, the magnitude of error was greatly affected by the 

underlying spatial structure, particularly in the regdar structures represented by the smooth gradients. 

Especially when the pattern was weakly defined such as with GR80, the choice of sampling stratcgy 

had a great impact on IClAG(R) as exhibited by the very large range of values. This conftrms that, 

when a subtle and regular spatial pattem is present, careful choices in sampling characteristics can 

reduce the amount of enor in estimates. Conversely, of course, little care in designing the sample 

s t ra tea  can greatly increase the magnitude of error in suc h regularl y panerned structures. As shown 

by the very small range of M4G(R) for GROO, the choice of sampling density and degree of 

measurernent error has Little impact on the effectiveness of the final estimate when the resource 

pattern is strucnued and strongly defined. 

When the underlying spatial structure is more irregular in character, the broad effect of random 

sampling design contributes much less towards defining the magnitude of error. The downward shift 

in the ranges of lCt4G(R) as the number of patches increased suggests that the effèctiveness of random 

sampling may approach that of gridded sampling in very comptex environments, though this snidy 

did not consider substrate configurations of sufficient complexity to verifi this. 



Liiik in the wrty of ar, intapetable p a t t n  or trend ermqpi in the bias distributions w k n  

grouped by substrate configuration. Gndded sampling had a strong tendency to underestimate the 

total inventory, though the entire range of bias was encou te rd  under the gridded sampling schemes 

that were tested. Random sampling had a much narrower range of biases in the results. AIthough the 

biases were closer to zero, there was still a tendency towards underestirnating the inventory. It 

appears that if the physical structure does indeed have an influence on the estimate biases, it is only in 

combination with some specific sampting design choices. Given the lack of any discemible pattern, it 

seems reasonabte to suggest that the physical structure has Iittle enèct on the estimation bias and only 

influences the magnitude of error in any significant manner. 

5.3.3 Degree of Measurement Error 

Figure 5-3 and Tables 5-8 through 5- 1 1 show the distribution of the errors in inventor,. estimates 

when grouped by the degree of error in the resource measurements, where the measurement error is 

expressed as the standard deviation of the Gaussian error component added to the resource 

rneasurements. The rneasurement errors ranged from 0.00 (no measurement error) to 0.30. Each group 

includes al1 configurations of substrate, spatial density, and temporal density. 

Table 5 4 :  Distributions of MAG(R) obtained when estimating resource inventory using a gridded sampling 
pattern. Sampling configurations are grouped by degree of measurement error. . - 

0.00 0.05 0.10 0.20 0.30 
Configurations 175 175 175 1 75 175 
Minimum 0.000 15.201 36.951 67.566 70.014 

Maximum 1522.791 1st 2.789 1521.807 1509.029 1589.023 
Overall Rame 1522.791 1497.588 1484.856 1441.463 151 9.009 



pattern. Sampling configurations are grouped by degree of measurement emr. 
0.00 0.05 0.10 0.20 0.30 

Configurations 1 75 175 1 75 175 175 
Minimum 1033.565 1031.91 7 1023.823 t 193.486 1 149.602 
1 * Quartile 1425.631 1423.847 1428.262 1478.334 1534.403 
Median 1568.074 1567.853 1572.919 1655.004 1693.666 
3* Quartile 2063.484 2051.544 2088.21 O 2105.544 2140.285 
Maximum 4532.304 4535.593 4532.626 4539.323 4510.594 
Overall Ranae 3498.739 3503.676 3508.803 3345.837 3360.992 

Invontory Analysis - By Measunment Error 
Griddeci Pattern 

~igure 5-3: Boxplots of MAG(R) and BIAS(@ obtained v 

Random Pattern 

sn estirnating resource inventory, grouped by spatial 
sampling pattern and degree of measurement error. Groups include al1 configurations of substrate, spatial 
sampling density, and temporal sampling density. 

Table 5-10: Distributions of BIAS(R) obtained when estirnating resource inventory using a gridded sampling 
pattern. Sarnpling configurations are grouped by degree of measurement emr. 

0.00 0.05 0-tO 0.20 0.30 
Configurations 175 1 75 175 175 175 
Minimum -1 -000 -1 .O00 -1 .O00 -1 .O00 -1 .O00 
lu Quartile -1.000 -1 .O00 -1 .O00 -0.995 -0.950 
Medlan -1 .O00 4.400 -0.500 -0.500 -0.350 
3* Quarule -0.100 0.000 0.000 -0.200 O. 1 O0 
Maximum 1 .O00 0.500 0.400 0.040 0.800 
Overall Range 2.000 1.500 1.400 1 .O40 1.800 



Tabla 541: Distributians of BLAS(R) obbined d e n  estiméûing~esowce inuentory using a mndom sampting 
pattern- Sampling configurations are grouped by degree of measurement error. 

0.00 0.05 0.10 ORO 0.30 
Configurations 175 175 175 175 175 
Minimum -0.600 -0.585 -0.575 4.613 -0.580 
la Quartile -0.300 -0.295 -0.254 -0.289 -0.290 
Median -0.200 -0.160 4.150 -0.188 -0.163 
3* Quartlle 0.1 O0 0.100 0.035 0.000 0.000 
Maximum 0.400 0.405 0.41 5 0.425 0.550 
Overail Range 1 .O00 0.990 0.990 t .O37 1.130 
Central Range 0.400 0.395 0.289 0.289 0.290 
Mean -0.112 -0.1 22 -0.120 4.149 -0.138 

Interestingly, variation in measurement error caused little difference in the mean magnitudes of 

error in the inventory estimates. With a gridded sarnpling pattern there was a slight increase in the 

median value and a very slight shrinkage of the central range as measurernent error increased, though 

the overall ranges did not change to any great degree. With a mdorn sampling pattern the minimum 

magnitude increased slightly and the central range shifted in a similar fashion. The overall range 

shifted to greater magnitudes only slightly with larger rneaswement exors. Regression analyses 

relating the mean value of lMAG(R) to the degree of measurement error showed a linear relationship 

for both gridded and random sampling (5-8). Although the magnitude of error resulting from random 

sampling is greater in general than with gridded sampling, the impact of errors in the resource 

measurements are less pronounced. 

GRD: MAG(R) = 399.240 + 972.2868 (n = 5, r' = 0.969) 

ND: M4G(R) = 1907.306 + 35 1 .O866 (n = 5. i = 0.967) 

Now consider the magnitude of error relative to the actual inventory values. From Table 5-2 the 

mean inventory value across al1 time periods and substrate configurations is 52 17.329. Representing 

the mean MAG(R) values in Tables 5-8 and 5-9 as proportional to the mean inventory values, the 

regression relationships are: 

GRD: Relative iM,.LG(R) = 0.077 + 0.1866 (n = 5, ? = 0.969) 

RND: Relative LMAG(R) = 0.366 + 0,0678 (n = 5, r' = 0.967) 
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Since boih slopes in (5-4) are m m i h b l y  l e s  ttntn t, the  ptmntage error in the mource 

inventory estimates increase much less than the percentage error in the individual resource 

measurements. Although increased error in individual resource measurements does produce poorer 

inventory estimates, the impact of the individual errors is considerably dampened when they are 

aggregated. This is particularly m e  when random sampling is used; the errors in the measurements 

have almost no impact on the final inventory. 

As the degree of measurement error changed, the mean bias distributions remained much more 

consistent under random sampling than under gridded sampling. In fact, the central range narrowed 

slightly as measurement error increased with little change in the overall range, indicating that other 

sampling design choices had less impact when the measurement error was hi&. 

Under gridded sampling, the strongest bias occurred when there r a s  no measurernent error at all. 

Half of the sampling configurations produced an underestimation in every trial, whereas the other half 

of the configurations produced mean biases ranging across the entire scale. When measurernent error 

occurred, no consistent pattern in the degree of error emerged when no other factors were considered 

simultaneously. 

5.3.4 Spatial Sampling Density 

Figure 5-4 and Tables 5- 12 through 5- 1 5 show the distribution of the errors in inventory estirnates 

when grouped by the spatial density used for data collection. Spatial density is expressed as the 

square root of the proportion of cetts sampled, thereby projected to one dimension rather than two for 

easier cornparison to temporal density. For example, a spatial density of 0.1 indicates that (O. 1 )' or 

1! 100 of the grid cells were sampled. in the case of a gridded sarnpling pattern, sarnples were spaced 

evenIy every 10 cells along the grid axes. Each group includes al1 configurations of substrate, 

measurement error, and temporal density. 



~igure 5-4: Boxplots of MAG(R) and BIAS(R) obtained M 

Randam Pattern 

- 

mm 1 ' -  - 
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3n estimating resource inventory. grouped by spatial 
sampling pattern and spatial sampling density. Gmups include all configurations of substrate. measurement 
error. and temporal sampling density. 

Table 5-12: Distributions of MAG(R) obtained when estimating resource inventary using a gridded sampling 
pattern. Sampling configurations are grouped by spatial sampling density. 

tmum 
1" Quartile 21.793 751.264 400.225 133.608 418.904 
MedJan 44.924 790.985 491.466 321.920 760.361 
3" Quartlle 79.088 1341.710 681.661 513.858 1026.173 
Maximum 126.331 1589.023 997.149 692.7?5 1303.967 
Overall Range 126.329 870.1 17 752.274 692.774 1148.681 

Table 5-13: Distributions of MAG(R) obtained when estimating resource inventory using a random sarnpling 
pattern. Sarnpling configurations are grouped by spatial sampling density. 

0.20 0.1 O 0.05 0.04 0.02 
Configurations 175 175 175 1 75 175 
Minimum 1415.004 1 149.602 1353.150 1232.296 1023.823 
1 * Quartile 1447.971 1831.180 1493.288 1500.389 1255.990 
Median 1568.074 1925.037 1Sf9.61 7 167t.009 1428.063 
3* Quartile 2794.197 4118.140 1909.205 3169.340 1534.403 
Maximum 2999.852 4539.323 2182780 3945.197 1833. t 19 
Overall Range 1584.848 3389.721 829.630 2712.901 809.296 
Central Range 1346.226 2286.960 415.917 1668.951 278.413 
Mean 2004.839 2546.465 1697.928 2108.215 1407.291 



Tabla 51k D i  of oMainad when esmahg resourcs inuentory Wng a gndded samplinq 
pattem. Sampling configurations are grouped by spatial sampling density. - .  . - 

0.20 0.10 0.05 0.04 0.02 
Configurations 175 175 175 175 175 
Minimum -1 .O00 -1 .O00 -1.000 -1 .O00 -1 .O00 

Maximum 1 .O00 -0.995 -0.200 1.000 4.070 
Oveall Range 2.000 0.005 0.800 2.000 0.930 
Central Range 0.269 0.000 0.333 0.400 0.349 
Mean -0.021 -1 .O00 -0.816 0.001 -0.469 

Table 5-1 5: Distributions of BIAS(R) obtained when estimating resource inventory using a random sampling 
pattem. Sampling configurations are grouped by spatial sampling density. 

0.20 0.10 0.05 0.04 0.02 
Configuatlonr 175 175 175 175 175 
Minimum -0.61 3 -0.425 -0.400 -0.525 -0.500 

Maximum -0.150 0.310 0.300 0.550 0.200 
Overall Range 0.463 0.735 0.700 1 .O75 0.700 
Central Range 0.247 0.509 0.175 0.296 0.190 
Mean -0.365 -0.045 -C. 397 -0.01 2 -0.122 

It is readily apparent that the spatial density has a strong impact on the magnitude of error and its 

bias when estimating total inventory; the distributions of bfAG(R) and BIAS(R) are very di fferent at 

each spatial density. However, few obvious patterns emerged when the results were exarnined strictly 

in terms of spatial density. One of the few reasonable observations was that the gridded sampling 

produced much more consistent error magnitudes at a given spatial density than did the random 

sampling. The large upper taiIs in the random sample magnitudes, particularly at spatial densities of 

0.10 and 0.04, contributed the large number of outliers evident in Figure 5- 1. The random samples 

produced smaller, more consistent biases than did the gridded samples. However, this was already 

apparent from Figure 5-1 without considering spatial density. 

Aldred and AIemdag (1988) suggested that when random sarnpling is used to estimate wood 

volume, sampling error is approximately proportional to the inverse of the square root of the sample 

size. Leith ( 1975) described a similar relationship while considering the areas represented by 

individud plot measurements for the pwpose of estimating productivity. The suggested relationship 
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was m>t evidrnt in thrs study; no co- trend appearcd. Bmdy mmidcring the mmt ranges of 

U.I G(R) for each spatial density one can loosely picture, if anything, a very weak direct relationship 

between density (and therefore sample site) and error. However, then is very linle evidence here to 

fully support or explain such a relationship. 

No simple relationship appeared in the gridded sampling results. However, there was the 

suggestion of an S-shaped trend line through the rnedian values at each spatial density for both 

magnitude and bias. with a Iarger error magnitude coinciding with a stronger bias. 

The srnailest magnitude error occurred at a spatial density of 0.04; the bias range was aiso 

centered at zero for this spatial density. This result was likely influenced heavily by the gradient 

configurations. As described in section 3.3.5, the smooth gradient substrate had its maximum value 

aligned with the physical edge of the grid and its minimum value appeared in the middle of the grid. 

The gridded samples also had their origin at the corner of the physical grid. Consequently the sample 

of 16 locations txactly coincided with the substrate maxima, minima, and midvalues, thereby 

achieving the most efficient sampling scheme. AIthough the other gndded sampies were sirnilarly 

aligned, their locations did not necessarily align with the minima or midvalues. investigating the 

effects of an extra sampling parameter, namely a nndom origin for the gridded sample, clearly makes 

good sense for future research. Just like adding any other parameter to the experimental space, this 

experimental control will naturally require more extensive computing resources. 

The iargest magnitude and strongest bias occurred at a spatiaI density of O. 10, which is the same 

spatial density that produced the largest central ranges in magnitude and bias when random sampling 

was used. Visual inspection of &=dient substrate variopuns showed a well-behaved, sinusoidai 

shape with the range appearing at a lag of 50 grid celIs. The variograrns were more variable for 

patchy substrates, particuiarly for lower patch counts, but they al1 showed weII-behaved near-linear 

increases until reaching the range at a Iag of approxirnately 20 to 25 celts. Some exhibited a drop in 

the moment of inertia at lags of 25 to 30 cells or more, likely due to the penodic nature of the surface 
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abnormal sampling behaviour at a density of O. 10. ïhorough inspection of the simulation and 

instrumentation source code did not find any artifacts that may have been introduced due to program 

error. Clearly, hrther investigation is warranted for future studies. 

53.5 Temporal Sampling Density 

Figure 5-5 and Tables 5- 16 through 5- 19 show the distribution of the errors in inventory estimates 

when grouped by the temporal density used for data collection. Temporal density is expressed as the 

proportion of time periods sampled. For example, a temporal density of O. 1 mdicates that data was 

collected every 10 tirne periods. Each group includes al1 configurations of substrate, measurement 

error, and spatial density. 

Table 5-16: Distributions of MAG(R) obtained when estimating resource inventory using a gridded sampling 
pattern. Sarnpling configurations are grouped by temporal sampliny density. 

020 0.10 0.05 0.04 0.02 
Configurations 175 175 175 175 175 
Mlnlmum 0.000 0.000 0.000 0,000 0.000 
tu Quartlle 154.022 173.392 160.916 11 1.336 145.100 
Medlan 476.761 475.322 474.m 502.900 574.899 
3e Quartlle 750.957 757.476 753.485 ï75.056 763.021 
Maxlmum 1509.31 1 1522.440 1559.766 1589.023 1561.967 
ûverall Range 1509.31 1 1522.440 1559.766 1589.022 1561.967 
Central  ange 596.935 584.084 592.569 663.720 617.921 
Mean 512.860 520.390 525.950 526.688 542.295 

Table 5-17: Distributions of MAG(R) obtained when estimating resource inventory using a random sampling 
pattern. Sampling configurations are grouped by temporal sampling density. 

0.20 0.10 0.05 0.04 0.02 
Configurations 175 175 175 1 75 175 
Minimum 1033.565 1040.801 1036.898 1042.918 1023.823 
ta QuaRlle 1440.656 1456.384 1452523 1462.522 1438.547 
Medan 1606.874 1639.087 1640.297 1630.542 1607.822 
3fl âuartile 2062324 2079.544 2063.857 21 04.535 2078.733 
Maximum 4440.142 4471 .SOS 4456.857 4539.323 4448.074 
Ove rall Ranae 3406.57ï 3430.704 341 9.959 3496.405 3424.25 1 
Central  ange 621.669 623.160 61 1.334 642.013 640.186 
Mean 1938.608 1954.785 1955.61 1 1974.997 1940.736 



Figure 5-5: Boxplots of MAG(R) and BIAS(R) obtained k e n  estimating resoume inventory. grouped by spatial 
sampling pattern and temporal sampling density. Groups include ail configurations of substrate, spatial 
sampling density, and measurement enor. 

Table 5-18: Distributions of BIAS(!?) obtained when estimating resource inventory using a gridded sampling 
pattern. Sampling configurations are grouped by temporal sampling density. 

0.20 0.10 0.0s 0.04 0.02 
Configurations 175 1 75 175 175 175 
Minimum -1 .O00 -1 .O00 -1 .O00 -1 .O00 -1 .O00 
1" Quartile -1 .O00 -1 .O00 -1.000 -1 .O00 -1 .O00 
Medlan -0.350 -0.41 O -0.400 -0.500 4.500 
3* Quartile -0.099 -0.058 -0.090 -0.100 0.000 
Maximum 1 .O00 1 .O00 1 .O00 1 .O00 1 .O00 
ûverall Range 2.000 2.000 2.000 2.000 2.000 

Table 5-19: Oistributions of BIAS(R) obtained when estimating resource inventory using a random sampling 
pattern. Sampling configurations are grouped by temporal sampling density. 

0 9 0  0.10 0.05 0.04 0.02 
Configurations 175 175 175 1 75 175 
Minimum -0.600 -0.600 -0.600 -0.613 -0.600 
le Quartlle -0.274 -0.285 -0.290 -0.300 -0.300 
Median -0.148 -0.165 -0.150 4 .1  75 4.200 
3"' QuartIle 0.056 0.025 0.050 0.013 0.000 
Maximum 0.413 0.425 0.460 0.500 0.550 
ûverall Range 1 .O13 1 .O25 1 .O60 1.1 13 1-150 
Central  ange O. 330 0.31 O O. 340 0.313 0.300 
Mean -0.120 -0.126 -0.1 23 -0.132 4.140 
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The nearly identical distributions a w s s  dl groups indieaie thrtr the ternpo~d density had almost 

no effect on the mean magnitude and bias. regardless of the sampling pattern, measurement emr,  or 

spatial density used. This result was expected, given the nature of the analysis method. The inventory 

was estimated at each time step for which data was collected, using only the data collected at that 

particuiar time step. Therefore, the temporal density should have no effect on any given inventory 

estimate. f he results show the distribution of mors  based on the mean of al1 estimates made during 

each simulation period. The only impact is the nurnber of enor observations that contribute to 

MAG(R) and BI..4S(R). One would expect only to see a change in the variance of iMrlG(R,) and 

BIAS(R,) values during a simulation run. 

5.3.6 Spatiotemporal Interactions 

The boxplots showed how the different measurement conditions affected the range and 

distribution of error across al1 data collection configurations, but they dealt with each factor in 

isolation of their interactions with other sampling characteristics. in section 5.3.4, it was apparent that 

simpty considenng spatial density in isolation was not of much value, and that the interplay between 

spatial density and other sampling characteristics would likely need to be considered. Funhermore, it 

is necessary to see how the sampling design choices interact with each other to determine which have 

stronger effects, so that one may select an appropriate design tradeoff if necessary. 

Figures 5-6 and 5-7 show the mean values of MAG(R) and BIAS(R) across ail substrate 

configurations for each degree of measurement error, with the spatial and temporal densiries acting as 

the surface axes. Continuing frorn the previous sections, gridded and random samples are shown 

separately. The surfaces for each degree of measurement error may be "stacked to form an imaginary 

hypervolume with al1 three variables as axes. Note the Iarge white areas in Figwe 5-7 on the surfaces 

for gridded sampling, near spatial densities 0.07 and 0.12. The values interpolated for those regions 

were outside the valid range of [- 1,1] so were not included. 
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b gene~d the values mnain Fairly eonsntent dong the to irpod dmsity mis. verifymg the 

minimal degree of influence temporal density had on the inventory estimates. 

The surface is less regular at sparser temporal densities in the graphs. The surfaces were 

interpolated from 25 points ( 5  densities in each dimension); the emphasis on sparser densities in the 

experimental destgn result tn 65% of the data points occurring in the Iower-let1 quarter of each 

surface. With more data points, it is reasonably likely to see more details in an interpotated surface. In 

addition, recall that :WAG(R) and BiAS(R) constitue the mean values of al1 sampled inventories 

during a simulation nui. At sparser temporal densities there are fewer elernents making up each mean, 

so part of the "bumpiness" may be explained by greater variation between data points due to sampte 

size considerations. 

Local extrema persistently occur at spatial density 0.04 and temporal density 0.07 (equivalent to a 

time step interval of approximately 11.3). Interestingly, this location in parameter space tends to be 

the minimum M/IG(R) for gridded sarnpling and a local ma..imurn hfAG(R) for random sampling. It 

is an area of weak N A S ( R )  for gridded sarnpling, and generally associated with near zero BL4S(R) for 

random sampIing. The extrema persist at every degree of measurement error. An exact explanation as 

to why this set of parameters had such special properties was not achieved. The point does not 

correspond to any of the sampling stntegies explicitly collected. The associated temporal interval is 

not a harmonic of any of the climate signal cornponents s h o w  in Table 3-5, so its appearance 1s not 

an artifact of the time series data. Although the spatial density 0.04 has some special characteristics 

for gridded sampling as described in section 5.3.3, that is not the case for random sampiing yet the 

extrema persist on those surfaces too. If it were a statistical anomaly due to small amounts of data 

determining MAG(R) and BIAS(R), one would not expect it to show so strongly when averaged over 

seven values associated with the different substrates, nor wouid it appear in every spatial pattern and 

degree of measurement error. More precise characterization of the properties and the conditions that 

govem this potentially important phenornenon is quite desirable and suggests the need for hrther, 
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more deteil& investigation. The amotrnt of cornputation requinxi is beyond the scope and mpabitity 

of this dissertation, but is within the capability of a facility described in Chapter 7. 

MAG(X) for both gridded and random sampling are non-monotonic along the spatial density axis. 

Both spatial patterns experience decreasing values at denser spatial densities, and both have local low 

value valleys at sparse-intermediate spatial densities. For griddsd sampling it occurs at 0.04, whereas 

for random sampling it occurs at 0.06. The random sampling surfaces experience a high value ridge at 

densities of 0.03. 

The surfaces for BIAS(R) under gridded sampling are difficutt to interpret. The artifactual effect 

of substrate and sampling synchronicity at spatial density O.M is readily apparent with the zero ridge 

at 0.04 and sharp change to BiAS(R) = - 1 at spatial density 0.05. The sharp diange and sparse surface 

data points at higher densities caused interpolation problems at intermediate spatial densities; 

however, the boxplots in Figure 5 4  indicate that the undefined area is probably welI represented by 

the value -1. It appears that bias using gridded sampling is best minimized at higher spatial densities, 

which corresponds to the smallest error magnitudes as shown in Figure 5-6. 

The minimum values for BUS(R)  under random sampling occur at spatial densities of 0.04 except 

for measurement error of 0.20. These minima coincide with the maximum values of LMAG(R) at the 

sparser spatial densities. It appears that when using random sampling for resource inventory, 

minimizing bias comes at the cost of maximizing magnitude of error, and vice versa. For a 

measurement error of 0.20, the zero bias shifis to spatial densities centered on 0.07. However, these 

occur at the sparsest temporal densities, so may be simply an effect of increased variance due to fewer 

elements in the means represented by MAG(R) and BIAS@). It is clear that bias is relatively weak at 

intermediate densities regardless of temporal sarnpling density. 



Figure 5-6: Mean values of MAG(R) across ail substrate configurations for each degree of measurement error. 
Darker regions indicate larger magnitudes of error. 



Figure 5-7: Mean values of BIAS(R) across al1 substrate configurations for each degree of measurement error. 
Oarker regions indicate stronger bias. Large white areas are undefined. 
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Akhougb some changes in the spatio-tempo~ak densiy surfeces are appent as the degree of 

measurement error changes, it is difficult to observe any definitive pattern in the figures. Figures 5-8 

and 5-9 show the mean values of MAG(R) and BlclS(R) across al1 substrate configurations for 

different temporal densities, with the spatial density and degree of measurement error acting as the 

surface axes. Surfaces for temporal density 0.04 were not shown so that the values of each slice (0.02, 

0.05,O. 10, and 0.20) follow a near-logarithmic trend which makes visual integration slightly more 

meaninghl. Also note that, unlike the previous gaphs, the axes follow di fferent numerical scales so 

relative rates of change rnust be carefully interpreted. 

The general IWG(R) and BIAS(R) values dong the spatial density axis rernain consistent with the 

values shown in Figures 5-6 and 5-7 as expected. Note the large white areas in Figure 5-7 on the 

surfaces for gridded sampling, near spatial densities 0.07 and 0.12. The values interpolated for those 

regions were outside the valid range of [-1.11 so were not included. 

The contour lines show that the local gradients generally follow the spatial density artis, 

reinforcing the predominance of spatial density on the performance of the inventory estimates. 

Although the MAG(R) surface (Figure 5-8) follows a sirnilar pattern of non-rnonotonicity as Figure 

5-6, with valleys and ridges falling at the same spatial densities, the valleys and ridges are not as  

clearly defined. The surtàce patterns remain very consistent across temporal densities, which further 

reinforces that temporal density is not important to the "snapstiot" inventory estimates. Also. it 

demonstrates that there is a strong, stable relationship between spatial density and measurement error 

with respect to global system chancterization. 

On the MAG(R) surfaces for gridded sampling, the smallest magnitudes of error occurred at high 

spatial densities regardless of measurement error. The smallest magnitudes also occurred at spatial 

densities near 0.04 when measurement error was low. As discussed above, artificial performance 

advaritages were present at spatial density 0.W. It is important to note, however, that even with this 

advantage, the best estimates still required very high quality data. It is probably safe speculation 
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(though it shauid be verifid in future studies) if the gridded smples were assigneci -dom 

origins instead of the origin synchronous with the gradient substrates, this low magnitude region 

would disappear. It appears that if gridded sampling will be used to conduct an inventory, resources 

should be focused on getting the densest spatial coverage possible nther than on the accuracy of the 

rneasurements themseives. 

The greatest magnitudes of error for gridded sarnpling occurred at low spatial densities with large 

measurement errors; this is not surprising. Another region with the highest magnitudes of error 

occurred at intermediate spatial densities. When mesurement error was fair1 y high, near 0.20, the 

estimates were slightly improved. The measurement error may be acting as a counterintui tive 

"smoothing filter" of sorts, though it is more likely that the error is balancing against some sutifact 

due to the gradient substrate and sampling origin synchronicity. 

The most favounble biases, i.e. BL4S(R) near zero, coincided with the most favourable MAG(R) 

values for gridded sampling. Higher spatial densities produce both srnaller magnitudes and less biased 

estimates of resource inventory regardless of the errors in individual measurements. Since each 

sample point represents such a small area, any extreme error will have much less impact on the final 

estimate. Since the errors were themsetves unbiased (normally distributed with a mean of zero), a 

greater number of sample points allow the error terms to balance out. Since the points are placed on a 

regular grid, each sample point has the same weight in the final estimate, further reducing any bias 

due to measurernent error. The discontinuity between spatial densities 0.04 and 0.05 is very 

ptonounced in Fibgure 5-9, again suggesting the strength of the grid synchronicity artifact. 

For random samples, the lowest values of MAG(R) occurred at spatial densities oF0.02 and 0.07 

(Figure 5-8). The minimum magnitudes at sparse spatial densities did not persist at the highest 

measurement errors. At intermediate spatial densities the degree of measurernent error had little 

impact on the value of MAG(R). A maximum IC~;.QG(R) ridge occurred at a spatial density of O. 12 

regardless of measurement error. MAG(R) values became smaller at the highest spatial densities, with 
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funher i m p r o v e ~ a r s  occurring wihlarga measurement errors The top-ri&t q w e r  of each gaph 

is onIy represented by its corner points (error E {0.20,0.30}, density E {O. 1,0.2)) so the 

improvement must be considered with caution to avoid undeserved emphasis due to interpolation. 

The values of MAS( R)  closest to zero occurred at spatial densities near 0.04 and measurernent 

error near 0.10 (Figure 5-9). coinciding with higher magnitude values as shown in Figure 5-8. In 

general, measurement enor had Iittle effect on bias when random sampling was used, except under 

sparse spatial and temporal densities. Bias was generally weak and consistent for most measwement 

emrs at sparse through intermediate spatial densities. At higher spatial densities bias was stronger, 

foIIowing the same inverse relation between magnitude and bias noted in the discussion of Figure 5-7. 

The exception occurred at spatial density 0.2 and measurement error 0.30, in which case bias was 

reduced slightly. As already stated, this feature may appear due to interpoIn!ion with few data points. 
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Flgute 5-8: Mean values of MAG{R) across al1 substrate configurations for each temporal density. Darker 
regions indicate larger magnitudes of error. 
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Figure 5-9: Mean values of B/AS(R) across al1 substrate configurations for each temporal density. Oarker 
regions indicate stronger bias. Large white regions are undefined. 



5.4 Overall Results and Concluding Discussion 

In general, gridded sampling strategies tended to produce much smaller estimation mors than did 

random sampling strategies; mean error magnitudes from gridded samples were approximately t 0% 

of the actual inventory, and were approximately 37% from random samples. However, gridded 

strategies consistently underestimated the inventory whereas random sampling generally produced 

much weaker estimation bias. In designing a sampling strate= for inventory estimates, one must 

decide which is of greater utility: an accurate, imprecise, but relatively unbiased estimate in the case 

of nndorn sampling, or an accurate, precise, but biased estimate in the case of gridded sampling. 

Shidies of two-dimensional sampling in the presence of a linear trend (Quenuoille 1949, 

Bellhouse 1977), spatial autocorrelation (Zubrzycki 1958, Bellhouse 1977. Matérn l986), and more 

general populations (Overzcn and Stehman 1993) have compared the relative performance of 

systematic and random sampling methods. Generatly, systematic samples were found ;O be more 

precise than random samples. In addition, in the presence of spatial autocorrelation, systematic 

sampling was found to be more efficient than mdom sampling. Although these results are 

comparable, the cited studies used samples that were "perfect"; that is, they did not suffer from 

measurement errors. The studies were also statistically based; they did not consider more complex 

spatial arrangements such as patchy configurations which are not statistically well-behaved. The 

results reported in this dissertation confinn these general findings under the effects of measurement 

errer and mort compfex spatial sm-. 

Choice of spatiaI sampling pattern determines the expected general characteristics of the data set 

when used for estimating resource inventory. However, samples can exhibit a fairly broad 

performance range depending on other sampling choices and characteristics of the observed system. 

Although greater degrees of error in the individual resource measurements did cause larger 
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mgnitudes of emF in the invento~y estimates the impact wao minimal, and w h m  mdom sampling 

was used the effect of measurement error was almost non-existent. 

Spatial sampling density had the greatest effect on the performance of the resource inventory, 

though its complex influence was not easily defined. In general, the most accurate results are obtained 

with a dense spatial coverage; at higher densities the degree of measurement error does not affect the 

result (at least within the range tested in this study; one would expect some utility threshold exists). 

Accurate results may also be obtained at very sparse spatial densities, but the measurements must be 

alrnost ftee of error. 

In the field if one were in the situation of taking very few, highly accurate measurements, it 

would be unlikety that a systematic or random sample would be made. Rather, very strategic 

placement of the measurements would Iikely allow specific scientific tests to answer focused 

questions that would teIl much more about the system. 

in the case of monitoring or generaI characteriration, a broad description of the whole system 

state is usually of more interest than answering a specific question. and systematic or random 

sampling is much more Iikely. In these cases, sampling effort appears to be berter spent getting as 

dense a coverage as possible rather than getting measurements as accurate as possible. In the field this 

translates to obtaining cheaper, more mobile, and less accuate instruments and either equipping more 

field workers with more instruments or making it easier for a smaller number of field workers to 

cotlect data easily and quickly. Resources should be focused on instrumentation quantity, ease of use, 

and mobility: instrument sophistication and accuracy can Iikely be sacrificed. Operationally this 

suggests inexpensive sensors connected to a laptop computer and a GPS unit for quick positioning 

and data acquisition followed by easy movement to the next measurement point. 

The performance of random sarnpling strategies was also affected by the spatial structure of the 

underlying subsrrate. inventory estimates were much more accurate for irregutar, complex structures. 

Since the estimates From random sarnples were much less biased than those from gidded samples, 
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exploithg rhis c ~ c t e & t i e  would be veiy usehi. F&r investigation shaH determine if randorn 

sarnpling cm provide as accurate an estimate as can gridded sampling while remaining relatively 

unbiased in sufficiently complex environments. There may be limits to achieving this ideal condition; 

with nndom sampling, it became apparent that there is a tradeoff between magnitude of error and 

bias; as magnitude is reduced, bias is incresised. Therefore, even if the same magnitudes of error may 

be achieved between gridded and random sampling, the random sample may end up producing too 

strong a bias. 

Many interesting results were obtained from this simulation experiment, demonstrating it as a 

useful approach for investigating the relationship between data acquisition and system 

characterization. During analysis, however, it quickly became apparent that much finer exploration of 

the parameter space and variation of sume other degrees of freedom would greatly improve the 

quality and confidence of the observations. Such exploration was beyond the scope and 

computational resources of this study, but will be revisited in Chapter 7. 



CHAITER 6: SYSTEM CHARACTERIZATION BY SPECIES CENSUS 

6.1 Background 

A basic problem in e c o l o ~  is to estimate the densit) of some t ~ p e  of biologicai entity within a 

landscape. such as a population of interacting individuals who are present in the landscape at a given 

time (Aubry and Debouzie 2000). Population density estimates for a species rnay be used to identifi, 

population trends for use in wildlife management pians. There are a number ot'methods available to 

identify a population trend (some are described in Eberhardt 1987). but al1 of  them require adequate 

population data to establish a baseline. 

Many sarnpling methods for determining animal densities via census have bcen developed (some 

of the earlier basic methods are reviewed in Schemnitz 1980. Miller and Gunn 198 1. Rafph and Scott 

1 98 1, Davis 1 982. Bury and Raphael 1 983). Although many census methods have special ized design 

approaches (e.g. Crain 1998). the rnajority of methods are variants of either a simple random sample 

or a systernatic sample (Cochnn 1977. Hedeyat and Sinha 199 1 ). These methods have been used to 

accumulate a large store of ecological data. but issues of data quality and observer error have been 

poorly addressed (Chemll and McClean 1995). A number of studies have recognized the problem of 

error in land cover mapping in the field but did not quanti@ the extent of the problem (Nature 

Conservancy Council 1 990. Wyatt 1 99 1. Dargie 1 992). 

Sorne studies have explicitly e.uamined the errors in ecological land cover and vegetation 

mapping by use of repeat surveys. Chemll and McClean ( 1995) presented a study where six 

experienced ecologists used a standard field sut-vey rnethod to each produce maps of vegetation types 

for the same upland area in northern England. The resulting maps were compared and although there 

were some minor differences in spatial placement of vegetation boundaries. the majority of 

differences were due to differing interpretations of the types of vegetation present. The agreement 

between pairs of maps averaged only 25.6% of the study site's area 



An lnstitute of Terrestrial Ecology (ITE) survey reported a correspondence of 84% by area in a 

repeat survey of ecologically defined regions (Barr et al. 1993). Other repeat vegetation surveys have 

shown correspondences between 60% and 90% (Kirkby et al. 1986. Hooper 1992. Rich and Woodruff 

1992. Prendergast et al. 1993). The wide range of reported differences depend upon the classification 

system used. the survey method. and the expertise of the surveyors used in the respective studies. In 

general. the greatest discrepancies between surveys tend to be for cover ppes with the smallest areas. 

Although the studies mentioned above provided some indication of classification accuracy that 

may be expected in field vegetation surveys. they did not adequately quantify the impact on estimates 

of species density. The purpose of this chapter is to identi- how well different sampling strategies 

can characterize the frequency of patches occupied by a species in a spatially structured ecosystem 

with the presence of classification enor in the data. More specifically. the following questions wili be 

answered: 

Which spatial sampling pattern is generally more effective for census (defined by species 

frequency), random or gridded? 

Does the actual species frequency impact the resulting census estimate? 

Which sampling design factor has the most impact on the census estimate? 

[S there a direct relationship between degree of error in individual ciassifications and degree 

of error in the census estimate? 

Can poor classification quaiity be compensated for by a denser spatiai sarnpte? 

6.2 Method 

As described in section 4.3.3. a suite of 20 trials of the simulation mode[ were executed for each 

combination of 7 substrate configurations and 6 species behavioural characteristics. During mode1 

execution data samples were collected, cornplete with simulated measurement errors. into separate 

data files accorciing to 250 prescribed sampling strategies. 



At any given time t during a single mode1 run, the frequencyf, for Species i is the ratio of al1 grid 

ce11 patches occupied by Species i at that time to the total number of grid cet1 patches: 

1 if X,, = ior X,,, = 3 
O othenvise 

where N is the nurnber of patches and ,qn, is the species state of patch n at time r.  

In order to estimate the frequency j, or "census" of species i at time r. a sample of K patches 

was selccted and the species state of each patch x,, was estimated. With probability p the estimated 

state x,, was correctly identified as the actual patch state at that tirne. and with pmbability (p - I ) 

the estimated state was incorrectly identified as one of the other possible States. with each incorrect 

state having an equal probability of being chosen. 

4 

1;, was calculated as the ratio of sample patches occupied by Species i at that time to the total 

number of sampled patches: 

. 
1 if X , ,  = i o r  X,, = 3 

O othenvise 

The spatial sampling pattern remained static throughout each simulation. so the same set of K sample 

patches were used at al1 values of r. 

The magnitude of error in the census for each Species i. MAGG). was calculated as the absolute 

difference between the actual and estimated frequencies 

and a bias index of the census BIASW,) was chosen based on the error sign: 

[ 1 if At > At, showing an overestimaîe 
B [ A S ( ~ [  ) = { O if 2, = 1, , show ing an exact estimate 



MAGW,) and Bi'SV;,) were computed for each Species i at each of 2 sampled time steps and the 

rnean values were computed: 

MAGV;). then. is the mean magnitude of error in the species census "snapshots" coltected for 

Species i over the course of one simulation. If al1 censuses during the simulation exactly estimate the 

actual frequency of the species. then MRGV;) equals zero. BI'SV;) indicates the bias tendency in the 

census snapshots. If the census was underestimated in al1 sampled tirne steps. then BlilSV;) rquals -1. 

If the census was overestimated in al1 sampled tirne steps. then BiASUJ equals 1 .  If BiASrJ;) equals 

zero, then either al1 census estimates were exact (verified if MAG(/J equals zero). or the census was 

underestimated as often as it was overestimated. 

In order to reduce the effect of random initial conditions in the simulation model. LVAGV;) and 

BlclSV;) were computed for 20 separate triais. each with different random initial conditions. and the 

results were averaged together. Following this process. an aggregate itlilm and BL-fSCI;) was 

obtained for eac h combination of resource substrate configuration. species activity regime and 

sampling strategy. More specifically. the combinations were deriveci from the following six degrees 

of freedom and their possible values: 

resource substrate configuration: {EVEN. GR80. GRSO. GROO. PT 1 O. PT3O. PT501 

species activity: {low-l . low-3, low-S. high-l . hi&-3, hi&-5) 

spatial sampling pattern: (GRD (gridded), RND (random) ) 

spatial sampling density: {0.02,0.04,0.05,0.10.0.20) (recall that these values are 

representative of one spatial dimension) 

temporal sampling density: (0.02,0.0$, 0.05,0.10,0~20) 

probability of correct classification (p): ( 1 .O. 0.9.0.8,0.7.0.6) 



In total the 7 substrate configurations, 6 species behaviour regimes, and 250 sampling strategies 

resulted in 10.500 unique combinations, each with one representative ibfAG(n and one representative 

BIASCf;) for each of the two species. The distributions of the representative error magnitudes and 

biases were described numerically by simple first order descriptive statistics and graphically by 

boxplots. grouped by the spatial sampling pattern used to collect the data. The representative errors 

were then further broken down according to each of the five remaining degrees of freedom. grouped 

by their respective possible values. Again. the distributions were examined using tlrst order statistics 

and boxplots. 

Once each characteristic was examined individually. the interactions between sampling 

characteristics were explored. A series of twodimensional surfaces were constructed. with each 

surface showing changes in IMAGV;) and BIASV;} for each species in relation to the spatial and 

temporal sampling densities at each degree of classification accuracy. The surtàces mriy be 

considered as a series of "slices" along the classification accuracy auis from a four-dimensional 

hypervolume relating spatial density. temporal density. and classifÏcation accuracy to the resulting 

census estirnate error. A separate series was constructed for each of the two spatial sampling patterns 

and each of the nvo species. At each data point on the surface, for esample (spatial density = 0.2. 

temporal density = 0.05. classification emr  = 0.8). M A W  and BlciS(f;) were averaged across al1 

substrate configurations and species behaviours. The points lying between known sampling parameter 

vatues were then estimated using a bivariate ptanar triangutated interpotation. 

6.3 Results and Discussion 

The mean species frequencies over al1 simulation runs were 0.256 for Species 1 and 0.750 for 

Species 2. Species 2 was the fiigitive species, which persists as an inferior competitor by colonizing 

unoccupied patches quickly and was therefore quite common throughout the landscape. Species 1. 

although able to competitively exclude Species S. was much more susceptible to resource limitations 

and disturbances and was therefore much less common. There was considerable variation in species 



frequency depending on the underlying substrate configuration and species activity characteristics 

(Figure 6-1): the mean frequencies and ranges during simulation are shown in Tables 6-1 and 6-2. 

Figure 6-1: Species frequency time series, showing variations based on species activity. Simulation results from 
even substrate, trial #1 are shown. Refer to Figure 3-1 8 to see the relationship to the climate time series. 

Table 6-3: Mean and range of frequency fi during simulations. by substrate confiquration and species activity. 
ft Mean Substrate Configuration 
(Range) EVEN GR80 GR40 GR00 PT10 PT30 PT50 

IOW-1 0.359 0.170 0.091 0.069 0.015 0.025 0.015 
(0.547) (0.430) (0.205) (0.1 55) (0.063) (O. 101) (0.050) 

E 
law-3 0.487 0.338 0.171 0.129 0.046 0.053 0.046 - w (0.473) (0.469) (0.234) (0.173) (O. 136) (0.1 70) (0.1 18) - 

B IOW-5 0.497 0.353 0.180 0.135 0.054 0.043 0.025 
(0.452) (0.470) (0.243) (0.180) (O. 151) (0.135) (0.1 18) 

3 high-1 0.671 - 0.564 0.292 0.217 0.130 0.184 0.150 
O. 346) (0.432) (0.252) (O. t88) (O. t45) (0.222) (0. t74) % hlgh-3 (0.700 

V) 0.619 0.357 0.258 0.189 0.267 0.162 
(0.314) (0.359) (0.259) (0.1 90) (0.1 84) (0.269) (O. 185) 

high-5 0.704 0.622 0.366 0.263 0.253 0.259 0.213 
(0.310) (0.351) (0.285) (0.185) (0.237) (0.269) (0.250) 

In the high resiliency scenarios. changes in the climate (and consequently changes in resource 

levels) have less effect on the fugitive species (Species 2) than on the equilibnum species (Species I ). 

Its lower susceptibitity to disturbance and ease of colonization greatiy rnitigate the effect of the 

fluctuating resource levels. In the low resiliency scenarios. the effect of the "low" climate penod 

(centered near time step 120) on Species 2 is much more pronounced. In the scenarios where the 



species can disperse over a greater range the climate impact is not as strong, but it is still significant. 

An interesting observation in the low resiliency scenarios is the increase in frequency for Species 1 

under low climate/resource conditions. Under such conditions Species 2 is less abundant and 

therefore Species 1 does not suffer as heavily from cornpetitive exclusion. lt is able to take advantage 

of its high coionization rate and resource insensitivity and increase its frequency on the Iandscape. 

Table 6-2: Mean and range of frequency f2 during simulations. by substrate configuration and species activity. 
f3 M e a n  Substrate Confiauration 
(Range) EVEN GR80 GR40 GROO PT10 PT30 PT50 

IOW-1 0.888 0.906 0.812 0.524 0.667 0.698 0.583 
(O. 108) (O. 1 16) [O. 1 92) (O. t 33) (0.2851 (0.229) (0.227) 

a IOW-3 0.862 0.872 0.808 0.529 0.688 0.734 0.651 - 
f 'ow-5 

(0.071) (0.097) (0.151) (0.1 15) (0.236) (0.206) (0.181) 
0.861 0.869 0.8M 0.533 0.728 0.727 0.669 
(0.073) (0.091) (0.151) (0.1 10) (0.221) (0.21 1) (0.223) 

19 hlgh-1 0.835 - 0.836 0.832 0.588 0.800 0.771 0.697 
0.052) (0.069) (0.111) (0.106) (0.161) (0142) (0.148) 

hlgh-3 (0.829 VI 0.824 0.817 0.592 0.786 0.797 0.719 
(0.055) (0.064) (0.099) (O. 101) (O. 145) (O. 114) (O. 141) 

hiah-5 0.829 0.825 0.815 0.595 0.790 0.773 0.745 - 
(0.060) (0.057) (0.098) (0.098) (0.129) (0.107) (O. 129) 

6.3.1 Spatial Sampling Pattern 

Gndded sampling and random sampling produced nearly identical errors in the census estimates 

for both species (Figure 6-2). The overafl mean error magnitudes for Species 1 were O. 1 15 and 0.1 16 

using gridded and random sampling respectively: the corresponding mean magnitudes for Species 2 

were 0.102 and 0.105 (Tables 6-3 and 64). The absolute errors for the two species estimates were 

quite sirnilar despite the difference in actual species frequency, indicating that the errors were 

associated with the sampling characteristics and not to the density of the species on the landscape. 

When the errors are compared to the mean species frequencies. these correspond to average relative 

errors of 45.1% for Species 1 and 13.8% for Species 2. This result parallels those of the studies 

mentioned in section 6.1, where the largest survey discrepancies occuned for those vegetation types 

with the smallest areas. Le. those with a lower frequency of occurrence on the landscape. 



Census Analysis - By Sampling Pattern 
Specles 1 species 2 

Figure 6-2: Boxplots of MAG(F) and B/AS(F) obtained when estimating species frequency. grouped by spatial 
sampling pattern. Groups include al1 configurations of substrate. species activity, spatial sarnpling density, 
classification accuracy, and temporal sampling density. 

Table 6-3: Distributions of MAG(f1) and BIAS(f1) obtained when estimating species frequency for Species 1. 
Sampling configurations are qrouped by spatial samplinq pattern. 

MAG(&) BIAS(&) . . 

GR0 RN0 GR0 RND 
Configurations 5250 5250 5250 5250 

Wnrmum 0.w 0.004 -1.000 -?.O00 
lu Quartiie 0.065 0.067 -0.020 -0.040 

Median 0.106 0.107 0.400 0.354 
3* Quartile 0.162 O. 164 0.886 0.875 

Central  ange 0.098 0.096 0.906 0.915 
Mean 0.115 O. 116 0.373 0.353 

Even though the magnitudes of enor were similar between species. the biases in the results were 

markedly different. There was a strong tendency to overestimate the uncommon species and 

underestimate the abundant species (Tables 6-5 and 6-6). This can be explained by the nature ofthe 

classification error. Consider the state when Species 2 occupies a patch; the cell is either in state 2 



(only Species 2) or state 3 (both species present). For sake of discussion. assume a sampled cell is in 

state 2. if the classification is correct, state 2 is recorded. If the classification is incorrect. one of the 

other three incorrect States is recorded with equal probability: O or i (where Species 2 is absent) or 3 

(where Species 2 is present). If the species is present but the sample is misclassified. the species will 

be incorrectly considered absent in Y3 of the cases. Similarly. if the species is absent but the sample 

is misclassified. the species will be incorrectly considered present in Y3 of the cases. For Species 2. 

which was usuaily present in cells. any errors tended to record the species as absent. accumulating 

into an underestimate of the species frequency. For Species 1, which was usually absent in cells. the 

errors accurnulated into an overestimate of the species frequency. 

Table 64:  Distributions of MAG(f2) and BIAS(f2) obtained when estimating species frr?quency for Species 2. 
Sampling configu~tions are qrouped by spatial sampling pattern. 

MAG(fl) BIAS(f2) 
GRD RN0 GRD RN0 

Maximum 0.288 0.305 0.650 0.525 
Overall Ranne 0.27? 0.296 1.650 1 .525 
Central &nie 0.095 0.098 0.700 0.680 

Mean 0.102 0.105 -0.402 -0.379 

When considering both the magnitude and bias in the census erron. it made no appreciable 

difference whether gridded or random sampling was carried out. The only noticeable dinerence was 

that the upper range for the distribution of e m r  magnitudes for Species 2 was slightly higher under 

randorn sampting than under griddect sampting (Table 63). Atthough the overatt range was targer bq- 

0.01 9. the central range was only larger by 0.003. Since the central ranges were nearly identical and 

the difference in overall ranges was so small relative to the magnitudes thsmselves. this difference in 

the upper tail should not have any real impact on s e h i o n  of spatial sarnpling pattern. 

63.2 Substrate Configuration 

Figures 6-3 and 6 4  and Tables 6-5 through 6-13 show the distribution of the emrs  in census 

estimates when bmuped by the underlying substnte configuration. Each group includes al1 



configurations of measurernent enor. spatial density. and temporal density. and they show the general 

effect that the physical structure of the system has on the ability to characterize the system. 

Census Analysls - Mean Magnitude - By Substrate Configuration 
Grfdded Pattem Random Pattern 

Figure 63:  Boxplots of MAG(F,) obtained M e n  estmating species densities. grouped by spatial sampling pattern 
and substrate configuration. Groups include al1 configurations of species activity. spatial sampling density, 
classification accuracy, and temporal sampling density. 

Table 6-5: Distributions of MAG(ft) obtained when estimating species frequency for Species 1 usinq a qridded 

Maximum 0.286 0.306 0.329 0.315 0.290 0.290 0.282 
Overail Range 0.272 0.296 0.321 0.308 0.286 0.286 0.278 
Central  ange 0.061 0.077 0.093 0.099 0.100 0.101 0.103 

Mean 0.104 0.106 0.1 10 0.119 O. 1 20 O. 1 22 O. 123 



Table 6-6: Distributions of MAG(f7) obtained M e n  estimating species frequency for Species 1 using a random 
sampling pattern. Sampling configurations are grouped by substrate configuration. 

EVEN GR80 GR40 GR00 PT10 PT30 PT50 
Configurations 750 750 750 750 750 750 750 

Minlmum 0.01 5 0.010 0.009 0.007 0.004 0.005 0.005 
1 Quartile 0.065 0.061 0.069 0.070 0.070 0.069 0.070 

Median 0.09 1 0.093 0.102 0.117 0.120 0.122 O. 123 
3* QuaRiie 0.125 0.135 0.154 0.160 0.169 0.173 0.172 
Maximum 0.320 0.295 0.284 0.266 0.279 0.281 0.284 

Overall Range 0.305 0.285 0.274 0.259 0.275 0.276 0.279 
Central Range 0.061 0.074 0.094 0.090 0.099 0.104 O. 102 

Mean 0.105 0.104 0.113 0.117 0.122 O. 123 0.124 

Table 6-7: Distributions of MAG(f2) obtained when estimating species frequency for Species 2 using a gridded 
sampling pattern. Sampling confiqurations are grouped by substrate configuration. 

EVEM GR80 GRAO GR06 PT1 6 PT30 PT50 .- -. --- - . - -  - - 
Confiaurations 750 750 750 750 750 750 750 - - - - - - - - - - - - - - - - 

Minimum 0.01 2 0.01 1 0.01 3 0.012 0.013 0.01 1 0.014 
1 Quartlle 0.075 0.072 0.075 0.035 0.055 0.049 0.049 

Median 0.119 0.120 0.112 0.066 0.083 0.080 0.082 
3* Quarüie 0.169 0.169 0.168 0.096 0.114 O. 1 09 0.108 
Maximum 0.278 0.288 0.280 0.234 0.237 0.234 0.223 

Overail Range 0.266 0.271 0.268 0.222 O. 223 0.222 0.209 
Central Range 0.094 0.097 0.094 0.062 0.059 0.060 0.060 

Mean 0.121 0.120 0.1 17 0.076 0.093 C. 093 0.094 

Table 6-8: Distributions of MAG(f2) obtained when estimating species frequency for Species 2 using a random 
çamplinq pattern. Sampling confiquréttions are grouped by substrate confiquration. 

EVEN GR80 GR40 GR00 PT 10 PT30 PT50 
Configurations 750 750 750 750 750 750 750 

Minimum 0.009 0.010 O 014 0.01 5 0.01 5 0.01 6 0.01 5 
1 Quartile 0.073 0.073 0.0 77 0.040 0.055 0.052 0.052 

Median 0.118 0.118 0.110 0.079 0.089 0.089 0.086 
3@ Quartlle 0.169 0.169 O. lm 0.102 0.1 16 0.110 O. 108 
Maximum 0.280 0.305 0.252 0.247 0.232 0.242 0-235 

Overail Range 0.271 0.295 0.237 0.232 0.218 0.226 0.220 
Central Range 0.096 0.0% 0.087 0.062 0.061 0.059 0.056 

Mean 0.120 0.121 0.1 15 0.090 0.099 0.098 0.096 

When the substrate was structured along a gradient. the magnitude of error for the less common 

Species t was generatty targer when the gradient was stronger. Species i. being mere atTectecî by 

environmental factors than Species 2. would appear on the landscape in smaIler clusters reflecting the 

more cornplex substrate structure. in such cases. it is much more commonplace for the sarnpled points 

to be less representative of the local sub-populations and therefore cause greater errors in the 

popuLation estimates. MAGV;) was generaIly higher for the patchy substrate configurations than for 

the smooth gradients, though the distributions were similar to GROO. The number of patches had no 

appreciable effect on the distribution of &%(?(fi). 



a s u s  Analysis - Mean Bias - By SubsCate Configuration 
Gridded Pattern Riindom Pattern m 

Figure 6-4: Boxplots of BIAS(F,) obtained when estimating species densities, grouped by spatial sampling 
pattern and substrate configuration. Groups include al1 configurations of species activity, spatial sampling 
density, classification accuracy, and temporal sampling density. 

The frequency of the more abundant Species 2 was estimated better in patchy environments than 

in the presence of an environmental gradient. In general. the basic structure (gradient or  patchy) was 

the determining factor and not the strength of the gradient or the number of patches: that is. the 

distribution in iCIdG~) wuas approximateiy the same whether  the^ were 10 patches or 50 patches on 

the landscape. 

The notable exception was that the distribution of ibUG(f?) for the strongest gradient GROO. was 

much more similar to the patchy configurations than to the other gradient configurations. Although no 

concrete reason was discovered, one cm s peculate on an indirect connect ion to overal I resource 

conditions and spatial resource constraints. In Section 5.3 and Table 5-1 it was shown that al1 patchy 



configurations had similar substrate ceIl value totals for each grid and that the totals were similar to 

those of the GR00 substrate configuration. Consquently the total resources available in the landscape 

at any tirne during a simulation woutd be similar benveen a11 patchy configurations and the GR00 

configuration. Funhermore. the patchy (PT-rr) and GR00 configurations generally had lower total 

resources than the other configurations. a result of regions of low cesource availability. Perhaps when 

the species is more ubiquitous like Species 2. the presence of a compler substrate configuration helps 

spatially structure the species' patch occupancy pattern and therefore makes individual patch samples 

more representative of the local species frequencies. 

Table 6-9: Distributions of BIAS(f1) obtained wtien estimating species frequency for Species 1 using a gridded 
sampling pattern. Sarnpling configurations are grouped by substrate configuration. 

EVEN GR80 GR40 GR00 PT1 O Pl30 PT50 
Configurations 750 750 750 750 750 750 750 

Minimum -1 .O00 -0.813 -0,325 -0.563 -0.655 -0.735 -0.860 
lu Quartlle -0.400 -0.175 0.166 0.326 0.100 0 .~57  0.077 

Median -0.030 -0.003 0.475 0.631 0 700 0.701 0.708 
3'" Quartile 0.063 0.385 0.845 0.965 0.963 0.987 0.988 
Maximum 0.550 1 .O00 1 .O00 1.000 1 .OOC 1 .O00 1.000 

Overall Range 1 .S50 1 .813 1.325 1 .563 1.655 1.735 1.860 
Centrai Range 0.463 0.560 0.679 0.639 0.863 0.930 0.910 

Y ean -0.148 0.081 0.490 0.57? 0.538 0.537 O. 535 

table 6-10: Distributions of BIAS(f1) obtained when estimating species frequency for Species t using a random 
samplinq pattern. Sampling configurations are qrouped by substrate configuration.. 

- 

EVEN GR80 GR40 GR00 PT10 Pt30 PT50 
Configutations 750 750 750 750 750 750 750 

Minimum -1.000 -0.775 9.425 -0.590 -0.71 5 4.725 -0.855 
1 a Quartlle -0.379 -0.191 O. 133 0.113 0.075 O. 155 0.071 

Medlan -0.060 C.010 0.430 0.590 0.686 0.698 0.686 
3'" Quartlle 0.060 0.375 0.835 0.950 0.958 0.975 0.988 
Maximum 0.590 1 .O00 1 .O00 1 .O00 1 .O00 1 .O00 1 .O00 

Overall Range 1.590 1 .775 1.425 1.590 1.715 1.725 1 .855 
Central  ange 0.439 0.566 0.702 0.838 0.883 0.820 0.917 

Mean -0.1 59 0.082 0.452 0.515 0.51 8 0.542 0.525 

Table 6-11: Distributions of BIAS(f2) obtained when estimating species frequency for Species 2 usinq a gridded - 7 

samplinq pattern. Samplinq i~&qurat i~n~ are qrouped by sibstrate &nfiqu&tion.. 
EVEN GR80 GR40 GR00 PT1 O PT30 PT50 

Configurations 750 750 750 750 750 750 750 
Minlmum -1 .O00 -1 .O00 -1.000 -1 .O00 -0.975 -1 .O00 -1 .O00 
la Quartlie -0.988 -0.988 -0.960 -0.550 -0.450 -0.470 -0.498 

Median -0.700 -0.725 -0.664 4.264 -0.220 -0.200 4.200 
3* Quartile -0.150 4.175 -0.338 0.035 -0.031 -0.020 0.000 
Maximum 0.400 0.475 0.250 0.650 0.275 0.325 0.425 

Overall Range 1.400 1.475 1.250 1 650 1.250 1.325 1.425 
Centra1  ange 0.838 0.813 0.622 0.585 0.419 0.450 0.498 

M ean -0.568 -0.578 -0.601 -0.250 -0.277 -0.277 -0.2s 



In general, a greater magnitude of e m r  is accompanied by a stronger bias in the f~quency 

estimates. This supports the hypothesis that the data sarnple more poorly represents the population 

when the substrate is more complex and the less frequent, environmentally sensitive species exhibits 

smaller spatial clusters. The change in bias as related to the change in physical structure is much more 

pronounced than the associated change in error magnitude. 

Table 6-12: Distributions of BIAS(f2) obtained when estimating species frequency for Species 2 usinq a random 

Minimum -1.000 -1 .O00 
1' Quartile -0.988 -0.988 -0.950 -0.275 -0.450 -0.487 -0.493 

Median -0.700 -0.728 -0.649 -O.t 15 6.200 6.217 -0.223 
3* Quartile -0.148 -0.1 64 -0.190 0.012 -0.050 -0.025 0.015 
Maxlrnum 0.275 0.41 3 0.300 0.400 0.325 0.400 0.525 

Oveall Range 1.275 1.413 1.300 1 .400 1.325 1.400 1 .525 
Central  ange 0.839 0.823 0.760 0.287 0.400 0.462 0.508 

Mean -0.567 -0.578 6.558 -0.150 -0.269 -0.272 -0.261 

6.3.3 Species Activity 

Figures 6-5 and 6-6 and Tables 6-1 3 through 6-20 show the distribution of the errors in 

estimating species frequency when grouped by the species activity characteristics (resiliency and 

dispersai range). Each group includes al1 configurations of substrate configuration. classification 

accuracy. spatial density. and temporal density. The groups show how the species behaviour (as 

manifested in the spatial patterns on the landscape) affects the census, and they also help determine if 

there is density dependence in the estimation errors. 

In Figure 6-5 it is easy to see that species activity had only a minor effect on lMAG(/J. A 

cornparison of e m r  distributions between dispersa1 ranges 3 and 5 at a given resiliency showed 

almost no difference w ith the exception of the maximum e m r  (Tables 6-1 3 through 6- 16). There was 

a slight difference in distributions between dispersal ranges 1 and 3. with differences between quartile 

values k ing  in the range 0.004 to 0.008. A similar separation behveen dispersal ranges 1 and 3 was 

visible in the population time series (Figure 6-1). 



The most appreciable difference in MAGC1;) was determined by the resiliency level; in general. 

the maximum values were lower when species resiliency was hi&. The mean errars were slightly 

higher for the abundant Species 2 under high resiliency conditions and lower for the less common 

Species 1. as descnbed in Section 6.3. This may indicate slight density dependence in the census. but 

with differences between 0.002 and 0.006 any density dependence is likely not an important 

influence; sampling design choices w il1 have much more impact. 

Census Analysis - Mean Magnitude - By Specles Activlty 
Random Pattern 

Figure 6-5: Boxplots of MAG(F,) obtained when estimating species densities, grouped by spatial sampling 
pattern and species activity. Groups include ail configurations of substrate, spatial sampling density, 
classification accuracy, and temporal sampling density. 

The distribution of BDSV;) interacted with MAGm in the same mariner with species activity as it 

did with substrate configuration. In general, a greater magnitude of error in the census estimate was 



matched with a stronger bias in the estirnates (Figures 6-5 and 6-6). As with substrate configuration, 

bias distribution differences were stronger than magnitude differences. 

Table 6-13: Distributions of MAG(ft) obtained when estirnatinq species frequency for Species 1 using a gridded 

l a  Quartile 0.067 0.066 0.064 0.061 0.064 0.065 
Median 0.125 0.114 O. 113 0.100 0.096 0.096 

3* Quartile 0.183 O. 173 0.171 0.151 0.146 0.148 
Maximum 0.329 0.303 0.298 0.301 0.310 0.288 

Oveall Range O. 325 0.296 0.292 0.292 0.299 0.277 
Central  ange 0.1 46 0.107 0.107 0.090 0.082 0.083 

Mean 0.128 0.120 O. 120 0.1 10 0.105 0.1 06 

Table 6-14: Distributions of MAG(f1) obtained when estimating species frequency for Species 1 using a random 
sarnpling pattern. Samplinq confiqurations are grouped by species activity. 

IOW-1 IOW-3 IOW-5 hlgh-1 hiqh-3 hlgh-5 
Conffgurations 875 875 875 875 875 875 

Minlmum 0.004 0.006 0.007 0.010 0.014 0.014 
lu Quartlle O.VS7 0.068 0.068 0.065 0.069 0.068 

Medlan 0.1 22 0.1 14 0.112 0.102 0.098 0.096 
3* Quarfile O. 181 0.171 O. 172 0.156 O. 156 0.148 
Maximum 0.295 0.284 0.284 0.309 O. 320 0.303 

Overall Range 0.291 0.277 0.277 0.300 0.307 0.289 
Central Range 0.1 14 0.1 03 O. 104 0.091 0.080 0.08 1 

Mean 0.1 26 O. 1 20 0.120 0.1 12 0.108 0.108 

Table 6-15: Distributions of MAG(f2) obtained when estimating species frequency for Species 2 using a gridded 
sarnplinq pattern, Samplinq confiqurations are grouped by species activity. 

IOW-1 IOW-3 l0w-5 high-1 h 19 h-3 hi9 h-5 
Configurations 875 875 875 875 875 875 

Minimum 0.01 1 0.012 0.012 0.013 0.012 0.014 
ta Quartile 0.049 0.052 O. 052 0.061 0.063 0.063 

Median 0.085 0.089 0.086 0.092 0.092 0.092 
3d Quartile 0.140 0.149 0.148 0.159 O. 159 0.153 
Maximum 0.288 0.274 0.272 0.257 0.251 0.241 

Overall Range 0.277 0.262 0.260 0.244 0.239 O. 227 
Central  ange 0.091 0.097 O. 096 0.098 0.096 0.091 

Mean 0.099 O. 100 0.100 O. 104 0.104 O. 104 

Table 6-16: Distributions of MAG(fi) obtained when estimating species frequency for Species 2 using a random 
sampling pattern. Sampling mnfiqurations are qrouped by species activity. 

IOW-1 l0w-3 low-5 high-1 h ig h-3 high-5 
Configurations 875 875 875 875 875 875 

Minimum 0.009 0.013 0.01 1 0.013 0.014 0.0t3 
lu Quartile 0.052 0.053 0.053 0.063 0.064 0.063 

Median 0.092 0.094 0.095 0.093 0.097 0.096 
3& Quartile 0.151 0.153 O- 156 0.158 0.160 0.159 
Maximum 0.305 0.277 0.260 0.249 0.253 0.246 

Overall Rancie 0.296 0.264 0.249 0.236 0.239 0.233 
Central  ange 0.099 O. 100 0.1 03 0.095 0.096 0.096 

Mean O.! 05 0.104 0.105 O. 1 07 0.106 9.106 



The bias distributions followed the general trend that larger populations were underestimated and 

smaller populations were overestimated as explained in Section 6.3.1. With low resiliency. Species 1 

had a mean population frequency of O. 157. and the mean bias was 0.477 for gn'dded sampling and 

0.455 for random sampling. With high resiliency. Species I had a mean population frequency of 

0.354. with mean biases of 0.269 and 0.252 for gridded and random sampling respectively. Species 2 

had a mean population frequency of 0.734. a mean bias of -O.NO for both gridded and random 

sampling with low resiliency. With high resiliency. the mean Species 2 population frequency was 

0.766, the mean gridded sampling bias was -0.465, and the mean random sampling bias \vas -0.425. 

Census Analysls - Mean Bias - By Species Adlvlty 
Griddecl Pattern Random Pattern 

Figure 6-6: Boxplots of BIAS(Fi) obtained when estimating species densities, grouped by spatial sampling 
pattern and species activity. Groups include al1 configurations of substrate, spatial sarnpling density, 
cfassificaüon accuracy, and temporal sampling density. 



Table 6-17: Distributions of BIAS(f1) obtained M e n  estimating species frequency for Species 1 using a gridded 
sampling pattern. Sampling configurations are grouped by species activity. 

IOW-1 IOW-3 IOW-5 hlgh-1 high-3 high-5 
Configurations 875 875 875 875 875 875 

Minlmum -0.860 -0.630 -0.719 -0.975 -1 .O00 -1 .O00 
1 Quartlle 0.100 0.025 0.025 -0.075 -0.095 -0.094 

Median 0.625 0.500 0.480 0.288 0.238 0.225 
3* Quartile 0.990 0.950 0.950 0.806 0.700 0.691 
Maxlmum 1 .O00 1.000 1 .O00 1.000 1 .O00 1 -000 

Overall Range 1.860 1.630 1.71 9 1.975 2.000 2.000 
Central Range 0.890 0.925 0.925 0.881 0.795 0.786 

Mean 0.526 0.458 0.447 0.317 0.246 0.244 

Table 6-18: Distributions of OIAS(fi) obtained M e n  estimating species frequency for Species 1 using a random 

lu Quartile 0.039 0.022 0.000 -0.1 10 -0.089 -0.110 
Median 0.595 0.494 0.430 0.225 0.218 0.163 

3* Quartlle 0.986 0.934 0.950 0.794 0.670 0.671 
Maxlmum 1 .O00 1 .O00 1 .O00 1 .O00 1 .O00 t .O00 

Overall Range 1.855 1.595 1.662 1 .950 2.000 1.990 
Central Range 0.947 0.912 0.950 O. 904 O. 759 0.781 

Mean 0.492 0.444 0.429 0.295 0.239 0.221 

Table 6-19: Distributions of BIAS(f2) obtained when estimating species frequency for Species 2 using a gridded 
sampling pattern. Sampling configurations are grouped by species activity. 

low-1 low-3 low-5 hlgh-i high-3 hlghd 
Configurations 875 875 875 875 875 875 

Mlnlmum -1 .O00 -1 .O00 -1.000 -1 .O00 -1 .O00 -1 .O00 
1" Quartlle -0.605 -0.650 -0.700 -0.806 4.820 -0.819 

Median -0.200 -0.285 -0.305 -0.488 -0.466 -0.460 
3* Quartile 4.007 -0.025 4.050 -0.103 -0.105 -0.123 
Maximum 0.625 0.650 0.625 0.650 0.425 0.325 

Overall Ranae 1.625 1.650 1.625 1 -650 1.425 1.325 
Central   ange 0.598 0.625 O. 650 0.704 0.715 0.697 

Mean -0.302 -0.346 4.371 -0.460 4.471 -0.463 

Table 6-20: Distributions of 81AS(f2) obtained when estimating species frequency for Species 2 using a random 

Configurations 875 875 875 875 875 875 
Minimum -1 .O00 -1 .O00 -1 .000 -1 .O00 -1 .O00 -1 .O00 
lu Quartile -0.605 -0.650 -0.700 -0.806 -0.820 -0.819 

Median -0.200 -0.285 -0.305 -0.488 4.466 -0.460 
PQUaM8 -0.007 -0.025 -0.050 -0.tQ3 -0. f05 -0. t23 
Maximum 0.625 0.650 0.625 0.650 0.425 0.325 

Overall Ranae 1.625 1.650 1.625 1.650 1.425 1 .325 
Central  ange 0.598 0.625 0.650 0.704 0.715 0.697 

Mean -0.302 -0.346 -0.371 -0.460 4.471 -0.463 

63.4 Classification Accuracy 

Figures 6-7 and 6-8 and Tabks 6-2 i through 6-28 show the distribution of the errors in 

estimating species frequency when grouped by the classification accuracy. Each group includes a11 

configurations of substrate configuration. species activity characteristics. spatial density. and temporal 

density. This grouping shows the impact of the surveyors' ski1Is and consistency on the census results. 



Gridded Pattern Random Pattern 

Figure 6-7: Boxplots of MAG(F,) obtained when estimating species densities, grouped by spatial sarnpling 
pattern and classification accuracy. Groups include ail configurations of substrat@, species activity. spatial 
sampling density. and temporal sampling density. 

Table 6-21: Distributions of MAG(f7) obtained when estimating species frequency for Species 1 using a gridded 
sampling pattern. Samplinq configurations are grouped by classification accuracy. 

1 .O 0.9 0.8 0.7 0.6 
Configurations 1 050 1050 1 050 1 OS0 1050 

Minimum 0.004 0.023 0.036 0.049 0.060 
la Quartiie 0.019 0.052 0.085 0.107 O. 131 

Median 0.042 0.070 O. 108 O. 1 37 0.178 
3* Quarüle 0.075 0.091 0.130 0.176 0.229 
Maximum 0.206 0.231 0.242 0.291 0.329 

Overall Ranae 0.202 0.207 0.206 0.242 0.269 

Table 622: Distributions of MAG(f1) obtained when estimating species frequency for Species 1 using a random 
sampling pattern. Samplinq configurations are grouped by classification accuracy. 

1 .O 0.9 0.8 0.7 0.6 
Configurations 1 050 1050 1050 1050 1 050 

Minimum 0.004 0.023 0.037 0.051 0.057 
lu Quartile 0.01 9 0.055 0.086 0.109 0.130 

Median 0.045 0.073 0.109 O. 137 0.179 
3* Quartiie 0.081 0.095 O. 129 0.179 0.227 
Maximum 0.201 0.231 0.228 0.249 0.320 

Overall Range 0.197 0.208 O. 191 O. 198 0.263 
Centrai Range 0.062 0.040 0.043 0.070 0.097 

Mean 0.062 0.085 0.1 12 0.143 o . i n  



Table 623: Distributions of MAG(f2) obtained when estimating species frequency for Species 2 using a gridded 
sampling pattern. Sampling configurations are qrouped by classification accuracy. 

1 .O 0.9 0.8 0.7 0.6 
Conff gumtions 1050 1050 1050 1050 1 OS0 

Mlnimum 0.01 1 0.01 2 0.015 0.019 0.022 
1" Quartile 0.028 0.043 0.066 0.079 0.097 

Meâian 0.06 1 0.071 0.090 0.1 12 0.162 
3- Quartlle 0.082 0.092 0.115 0.141 0.196 
Maximum 0.229 0.234 0.220 0.234 0.288 

Overall Range 0.21 8 0.221 0.206 0.215 0.266 
Central  ange 0.055 0.049 0.049 0.061 0.098 

Mean 0.069 0.080 0.098 0.1 15 O. 147 

Table 6-24: Distributions of MAG(f2) obtained when estimating species frequency for Species 2 using a random 
sampling pattern. Samplinq configurations are qrouped by classification accuracy. 

1 .O 0.9 0.8 0.7 0.6 
Configurations 1050 1050 1050 1050 1050 

Minimum 0.009 0.016 0.017 0.01 8 0.022 
1" Quartile 0.030 0.044 0.073 0.086 0.098 

Meâian 0.066 0.076 0.093 0.113 0.164 
3* Quartile 0.094 0.097 0.113 0.141 O. 196 
Maximum O. 240 0.235 0.247 0.241 0.305 

Overall Range 0.230 0.219 0.230 0.223 0.283 
Central  ange 0.064 0.053 0.039 0.056 0.098 

Mean 0.076 0.085 0.101 0.1 18 0.147 

The reiationship between classification accuracy and MAGV;) was strongly linear (Equation 6-7). 

with r' measures between 0.942 and 0.993. 

GRD: :CI;.lGV;) = 0.356 - 0 . 3 0 2 ~  (n = 5. = 0.993) 
GRD: M.LGVi) = 0.255 - 0.19 1 p ( n  = 5. r' = 0.953) 

(6-7) 
RND: MAGV;) = 0.346 - 0.288 p (n = 5.2 = 0.992) 
UND: 1M.dGUi) = 0.245 - 0.1 75 p (n = 5.2 = 0.942) 

For both species the equations for each sampling pattern are very similar. with a difference in 

intercept of 0.0 t and a difference in dope of approximately 0.0 15. This indicates that at a given 

classit?cation accuracy the choice of spatial sampling pattern had minimal impact on the species 

census. corroborating with the evidence shown in Section 6.3.1. 

In contras. for both sampling patterns the equations for each species have a difference in 

intercept of O. 10 1 and a difference in slope of approximately O. 1 12. This indicates that. akhough stiil 

small as suggested in Section 6.3.3. there is some density dependence in the census estimate errors. 

When considered in aggegate in Section 6.3.3 the density dependence did not appear to be strong. 

However. if the rqgession equations (Equation 6-7) are expressed relative to the mean population 



density for each species (0.256 for Species 1. 0.750 for Species 1). the densi- dependence is much 

stronger when considered in combination with classification accuracy. 

GRD: Relative ~Mriw~) = 1.392 - 1.180 p (n = 5 ,  r2 = 0.993) 
GRD: Relative MAG(f2) = 0.339 - 0.255 p (n = 5.  r' = 0.953) 

(6-8) 
RND: Relative MAGU;) = 1.352 - 1. i 25 p (n = 5.  r-' = 0.992) 
RND: Relative ,tfAGCf;_) = 0.327 - 0.233 p (n = 5.2 = 0.942) 

When viewed relative to the population density. the impact of classification accuracy on 

estimating species frequency is considerably stronger when the species occupies fewer patches on the 

landscape. as in the case of Species 1. This aggregate result agrees with the findings descri bed in 

Section 6.1. that the greatest discrepancies in estimation occur for cover types with smalfer areas. 

For both species. both the central and overall ranges of MAGm are larger when classification 

accuracy is poor. This indicates that when classification accuracy is poor and cannot be improved. 

whether due to availability of field surveyors or the nature of the subject being classified. careful 

selection of other sampling characteristics (as described in the next sections) will be more important. 

The distribution of BIASV;) foilows the sarne pattern estabiished in earfier sections. That is. 

estimates with larger magnitudes of error a tso have stronger bias in the results. and the tendency is to 

overestimate for sparser populations and underestimate for denser populations. Of note perhaps is 

that. unlike for resource measurement e m r  when estimating an resource inventory (Section 5.3.3). 

the bias in census estimates exhibited a near-linear relationship with ciassification accuracy 

Table 6-25: Distributions of 8fAS(f~)  obtained wtien estimating species frequency for Species 1 using a gndded 
sampling pattern. Sampling confiqurations are qrouped by classification accuracy. 

1 .O 0.9 0.8 0.7 0.6 
Configurations 1050 1050 1050 1050 1050 

Minimum -0.860 -0.696 -0.975 -0.988 -1.000 

Maximum 0.600 1 .O00 1 .O00 1 .O00 1 .O00 
Overall Range 1 A60 1.696 1.975 1.988 2.000 
Central Range 0.1 60 0.689 0.784 0.683 0.648 

Mean -0.061 0.355 0.479 0.532 0.560 
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Census Analysls - Mean Bias - By Classfficatlon Accuracy 
Gridded Pattern Random Pattern 

Figure 6-8: Boxplots of BIAS(F,) obtained when estimating species densities. grouped by spatial sampling 
pattern and classification accuracy. Groups include al1 configurations of substrote, species activity, spatial 
sampling density, and temporal sampling density. 

Table 6-26: Distributions of BIAS(fi) obtained when estimating species frequency for Species 1 using a random 
sampling pattern. Sampling configurations are qrouped by classification accuracy. 

1 .O 0.9 0.8 0.7 0.6 
Configurations 10% 1050 1050 1050 1050 

M inimum -0.855 -0.800 -0.920 -1 .O00 -1 .O00 
lu Quartile -0.175 4.002 0.070 0.254 0.321 

Iilledf?n 6û63 4348 0-530 0.675 0.800 
3'" Quartile 0.030 O. 684 0.918 0.950 1 .O00 
Maximum 0.350 1 .O00 1.000 1 .O00 1 .O00 

Oveall Range 1.205 1.800 1 -920 2.000 2.000 
Central  ange 0.205 0.686 0.848 0.696 O. 679 

Mean 6.093 0.331 0 . W  0.524 0.558 

Table 6-27: Distributions of BIAS(f2) obtained when estimating species frequency for Species 2 using a gridded 
sampling pattern. Sampling configurations are grouped by classification accuracy. 

1 .O 0.9 0.8 0.7 0.6 
Configurations 1 OS0 1050 1 050 1050 1050 

Minimum -1.000 -1 .O00 -1 .O00 -1 .O00 -1 .O00 
1" Quartile -0.059 -0.550 4.752 -0.856 4.970 

Median 0.019 4.295 -0.480 -0.575 4 750 
3* Quartile 0.075 4.080 4.188 4.250 -0.400 

Central &nie O. 1 34 0.470 0.564 0.606 0.570 
Mean -0.006 -0.327 4.467 -0.537 4.673 



Table 628: Distributions of BIAS(f2) obtained wtien estimating species frequency for Species 2 using a random 
sampling 

l a  Quartife -0.060 -0.479 -0.752 4.849 -0.970 
Median 0.025 -0.201 4.41 0 -0.467 4.725 

3"' Quartile 0.106 -0.050 -0.150 -0.194 -0.375 
Maxlmum 0.525 0.500 0.475 0.300 0.225 

Overall Range 1 .O75 1.500 1.475 1.300 1.225 
Central Range O. 166 0.429 0.602 0.654 0.595 

Mean 0.022 -0.289 -0.455 -0.508 -0.666 

6.3.5 Spatial Sampling Density 

Figures 6-9 and 6-10 and Tables 6-29 through 6-36 show the distribution of the errors in 

estimating species frequency when grouped by the spatial sarnpling densi ty. S pat iaI density is 

expressed as the square root of the proportion of cells sampled. thereby projxted to one dimcnsion 

rather than two for easier cornparison to temporal density. For example. a spatial density of O. 1 

indicates that (0.1 )' or 11 1 O0 of the grid cells were sampled. In the case of a gridded sarnpling pattern. 

samples were spaced evenly every I O  cells dong the grid axes. Each group includes al1 configurations 

of substrate configuration. species activity characteristics. classification accuracy. and temporal 

density. 

There were few differences arising due to the spatial pattern with which the data were collected. 

The mean error magnitudes behaved similarly for both species. with the di fference generally being 

0.2 between species in each density group. which was consistent with the overall differences shown in 

Section 6.3.1. In general. higher magnitudes of e m r  were associated with sparser sampling densities 

as one would expect. but Figure 6-9 shows that the relationship was non-linear with some sort of 

threshold at a density of 0.04 or 0.05 (note that the interval between density groups are not uniforrn). 

Although the overall ranges remained fairly consistent at different densities. the central ranges were 

considerably smallet at sparse densities. particularly for Species 2. The non-linearity and stronger 

consistency in error magnitude show that the spatial density had a much stronger influence on the 
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estimates when data was spane and therefore is a critical design factor under sparse conditions. This 

is important to note, since sarnpling density is often fimited for most field studies. 

Cerisus Analysin - Mean Magnitude - By Spatial Oenslty 
Gridded Pattern Randam Pattern 

Figure 6-9: Boxplots of MAG(F,) obtained m e n  estimating species densities. grouped by spatial sampling 
pattern and spatial sarnpling density. Groups include ail configurations of substrate, species activity, 
classification accuracy. and temporal density. 

If the sampling density is already hi&. increasing the sampling density only resuits in marginal 

improvements in the mean magnitude of error but there are other indirect benefits that may be gained 

from such an attempt. The central ranges for LWGV;) were Iarger at the highest spatial densities. 

induding the lower end of the range. This indicates that other sampiing design choices cari have more 

influence on the result and may be chosen to maximize the effectiveness of the data collection 

exercise. 



Table 629: Distributions of MAG(f1) obtained when estimating species frequency for Species 1 using a gridded 

Minimum 0.004 0.008 0.017 0.020 0.030 
1 SI Quartlie 0.032 0.045 0.071 0.085 0.157 

Med ian 0.067 0.070 0.091 0.109 0.186 
3* Quartlie 0.124 0.120 0.127 O. 139 0.216 
Maximum 0.254 0.262 0.258 0.260 0.329 

Overafl Range 0.250 0.254 0.241 0.240 0.299 
Central  ange 0.092 0.075 0.056 0.054 0.059 

Mean 0.084 0.088 0.102 0.115 0.185 

Table 6-30: Distributions of MAG(f7) obtained when esümating species frequency for Species 1 using a random 
sampling pattern. Sampling confiqurations are grouped by spatial density. 

0.20 0.1 O 0.05 0.04 0.02 
Configurations 1050 1050 1050 1050 t 050 

Minimum 0.004 0.009 0.018 0.023 0.032 

Maximum 0.254 0.260 0.252 0.254 0.320 
Overail Range 0.250 0.251 O. 234 0.231 0.289 
Contral Range 0.090 0.073 0.051 0.049 0.052 

Moan 0.085 0.090 O. 102 0.1 18 0.183 

Table 6-31: Distributions of MAG(f2) obtained when estirnating species frequency for Species 2 using a gridded 
sampling pattern. Sampling confiqurations are qrouped by spatial density. 

0.20 0.10 0.05 0.04 0.02 
Configurations 1050 1050 1050 1 O50 1 O50 

Minlmum 0.01 1 0.022 0.042 0.057 0.075 
1" Quartile 0.020 0.035 0.067 0.085 0,166 

Median 0.046 0.049 0.079 0.096 O. 183 
3* Quartile 0.089 0.088 0.101 0.1 16 0.202 - - - -  - - - -  

Maxlmum 0.221 0.225 0.231 0.226 0.288 
Overall Range 0.210 0.203 0.189 0.169 0.21 3 
Centrai  ange 0.069 0.053 0.035 0.031 0.035 

Mean 0.063 0.068 0.089 0.1 04 0.185 

Table 692: Distributions of MAG(f2) obtained when estimatinq species frequency for Species 2 using a random 
sampling pattern. Sampling configurations are grouped by spatial density. 

- 

Q2ll 6-.ta k05 QA4 O.= - --.- --- - -.-. 

Configurations 1 050 1 O50 1 050 1050 1050 
Minimum 0.009 0.019 0.043 0.055 0.114 

1 Quartiie 0.021 0.041 0.076 0.092 0.172 
Median 0.046 0.052 0.084 0.101 0.193 

3'" Quartiie 0.089 0.089 0.103 0.1 15 0.207 
Maximum 0.221 0.225 O. 234 0.238 0.305 

Overall Range 0.212 0.205 O. 191 0.183 0.192 
Central Range 0.067 0.048 0.027 0.023 0.035 

Mean 0.064 0.071 0.094 0.1 08 0.191 

Spatial density shows one notable exception to the general rdationship benveen magnitude of 

emr  and strength of bias. Although the magnitude of  error was higher at sparser spatial densities. the 

bias was weaker. with the mean BDS(/J approaching zero at the sparsest densities tested 



(Figure 6-10). Of al1 the sampling characteristics. spatial density is the oniy one that affects the size of 

the sample; al1 other factors only affect the manner in which the sample is collected or the structure of 

the system that is being sarnpled. 

Cerisus Analysis - Mean Blas - By Spatial Density 
Griââed Pattern Random Pattern 

Figure 6-10: 8oxplots of BIAS(F,) obtained when estimatirtg species densities, grouped by spatial sampling 
pattern and spatial sarnpling density. Groups include al1 configurations of substrate. species activity, 
classification accuracy, and temporal sampling density. 

As described in Section 6.3.1. an individual sarnple point will consistently contribute towards an 

overestimate of the species frequency if the species is scarce, or an underestirnate if the species is 

abundant. At sparser spatial densities there are far fewer sample points. therefore the aggregated bias 

of classification is considerably less than when there are more sample points from a dense spatial 

coverage. 



Table 6-33: Distributions of BIAS(ft) obtained when estirnating species frequency for Species 1 using a gridded 
sampling pattern. Sarnplinq configurations are grouped by spatial density. 

0.20 0.10 0.05 0.04 0.02 
Configurations 1050 1050 1050 1050 1050 

Minimum -1 .O00 -0.975 -0.775 -0.800 -0.860 
1" Quartile 0.002 0.001 0.000 -0.024 6.075 

Median 0.950 0.740 0.470 0.375 O. 1 O0 
3d Quartile 1 .O00 0.980 0.825 0.688 0.370 
Maximum 1 ,000 1 .O00 1 .O00 1 .O00 0.800 

Overall Range 2.000 1.975 1 .ns 1.800 1.660 
Central  ange 0.998 0.979 0.825 0.712 0.445 

Mean 0.533 0.498 0.393 0.327 0.1 14 

Table 6-34: Distributions of BIAS(fr) obtained when estimating species frequency for Species 1 using a random 
sampling pattern. Sampling configurations are grouped by spatial density. 

0.20 0.1 O 0.05 0.04 0.02 
Configurations 1050 1 050 1050 1050 1 050 

Minimum -1 .O00 -0.975 -0.775 -0.763 4.855 
1* Quartile 0.023 0.020 -0.025 -0.024 -0.139 

Medlan 0.945 0.703 0.400 0.381 0.044 
3* Quartile 1.000 0.970 0.800 0.691 0.275 
Maximum 1 .O00 1 .O00 1 .O00 1 .O00 0.750 

Overall Range 2.000 1.975 1 .775 1.763 1.605 
Central  an& 0.977 0.950 O. 825 0.715 0.41 4 

Mean 0.532 0.490 0.363 0.329 0.053 

Table 6-35: Distributions of BIAS(f2) obtained when estimating species frequency for Species 2 using a gridded 
sampling pattern. Sampling confiqurations are qrouped by spatial density. 

ORO 0.1 O 0.05 0.04 0.02 
Configurations 1050 1 OS0 1050 1050 1050 

Minimum -1.000 -1 .O00 -1 .O00 -1,000 -1 .O00 
1" Quartile -1 .O00 -0.944 -0.639 -0.575 -0.449 

Medlan 6.845 -0.575 -0.320 4.23 1 -0.175 
3* Quartile -0.325 -0.137 -0.063 -0.021 0.000 
Maximum 0.275 0.575 0.463 0.650 0.475 

Overatl Ranae 1.275 1 ,575 1.463 1.650 1.475 
Central  ange 0.615 0.807 0.577 0.554 0.449 

Mean 4.639 -0.516 -0.353 -0.269 -0.235 

Table 6-36: Distributions of BIAS(f2) obtained when estimating species frequency for Species 2 using a random 
sampling pattern. Sarnplinq configurations are grouped b i  spatial density. 

- 

0.2Q 0.10 0.05 0.04 0.02 
Configurations 1050 1 050 1050 1 OS0 1 OS0 

Minimum -1 .O00 -1 .O00 -1.000 -t .O00 -0.925 
1" Quartile -1 .O00 -0.932 -0.638 -0.540 -0.275 

Median -0.793 -0.519 -0.288 -0.213 -0.100 
3a Quartile 6.243 -0.170 -0.063 -0.034 0.044 
Maximum 0.400 0.425 0.338 0.350 0.525 

ûverall Range 1.400 1.425 1.338 1.350 1.450 



63.6 Temporal Sampling Density 

Figures 6-1 I and 6-12 and Tables 6-37 through 6-44 show the distribution of the errors in 

estimating species frequency when grouped by the temporal sarnpling density. Temporal density is 

expressed as the proportion of time periods sarnpled. For example. a temporal density of O. 1 indicates 

that data was collected every 10 tirne periods through the simulation. Each group includes al1 

configurations of substrate contiguration. species activity characteristics. classitication accuncy. and 

spatial density. 

Random Pattern 

Figure 6-1 1: Boxplots of MAG(F;) obtained when estimating species densities, grouped by spatial sampling 
pattern and temporal sampling density. Groups include al1 configurations of substrate. species activity. 
spatial sampling density, and classification accuracy. 

The distributions of kfAG(n and BuiS(f;) were almost identicat at each temporal sarnpling 

density. This demonstrates that temporal density has no impact on census errors. and that the other 



experimental degrees of freedom making up the systern structure and the sampling scheme have the 

same aggregate effect at al1 temporaI densities. This result is not surprising. because the census was 

estimated for each sarnpied time period independently of al1 other sampled tirne periods. This 

"snapshot" method is not influenced by measurernents made at other times. The results show the 

distribution of errors based on the mean of ail estimates made during each simulation period. The 

only impact is the number of error obse~ations that contribute to MAGW and B I A S O .  One wodd 

expect only to see a change in the variance of MAGW and BI..ISUJ values during a simulation run. 

Table 6-37: Distributions of MAG(f7) obtained when estimating species frequency for Species 1 using a gridded 
sampting pattern. Sampling confiqurations are grouped by temporal density. 

0.20 0.1 O 0.05 0.04 0.02 
Configurations 1050 1050 1050 1 050 1050 

Minimum 0.004 0.004 0.004 0.004 0.004 
lu Quartile 0.066 0.065 0.066 0.064 0.063 

Medhn 0.1 05 0.105 0.107 0.104 0.107 
3* Quartfle 0.165 0.162 0.162 0.156 O. le5 
Maxlmum 0.296 0.304 0.329 0.315 0.31 0 

Oveml1 Range 0.292 0.300 0.325 0.31 1 0.306 
Central Range 0.099 0.097 0.096 0.091 O. 102 

Mean 0.1 15 0.115 0.116 0.1 13 0.115 

Table 6-38: Distributions of MAG(fl) obtained when estimating species frequency for Species 1 using a random 
sampling pattern. Sampling confiqurations are qrouped by temporal density. 

0.20 0.10 0.05 0.04 0.02 
Configurations 1050 1050 1 O50 1050 1050 

Minimum 0.005 0.005 O. 004 0.005 0.006 
lu Quartile 0.069 0.068 O. O70 0.066 0.065 

Median 0.106 0.1 08 0.108 0.103 0.108 
3* Quartile 0.165 0.1 63 0.162 0.159 0.167 
Maximum 0.272 0.270 0.282 0.295 0.320 

Overall Range 0.267 0.265 0.277 0.290 0.315 
Central &nie 0.096 0.095 0.092 0.093 0.102 

Mean 0.116 0.116 0.116 0.114 0.116 

Table 6-39: Distnbutions of MAG(f2) obtained when estimating species frequency for Species 2 using a yfidded 
sampling pattern. Samplinq confiqurations are qrouped by temporal density. 

0.20 0.10 0.05 0.04 0.02 - - -  - - - - -  - - 

Configurations 1050 1 050 1050 1050 1050 
Minimum 0.01 1 0.01 1 0.01 1 0.01 1 0.01 1 
lu QwrtIle 0.056 0.056 0.057 O. 055 0.054 

Median 0.091 0.089 0.092 0.087 0.087 
3" Quartile 0.156 O. 1 52 0.145 0.151 0.149 
Maximum 0.285 0.285 0.288 0.283 0.257 

Overail Range 0.273 0.274 0.277 0.272 0.245 



Gridded Pattern Random PaUm 

figure 612: Boxplots of B/AS(F,) obtained when estimating species densities, grouped by spatial sampling 
pattern and temporal sampling density. Groups include al1 configurations of substrate, species activity, 
spatial sampling density, and classification accuracy. 

Table 6-40: Distributions of MAG(f2) obtained when estimating species frequency for Species 2 using a random 
sampling pattern. Sampling confiqurations are qrouped by temporal density. 

0.20 0.1 O 0.05 0.04 0.02 
Configurations 1050 1050 1050 1050 1050 

Mlnimum 0.01 1 0.012 0.01 1 0.01 1 0.009 
lu Quarüle 0.058 0.057 0.060 0.057 O. 056 

Median 0.095 0.095 0.095 0.093 0.093 
3H QuarUle 0.161 0.159 0.152 0.157 0.153 
~aximum- 0.292 0.3 

Overall Range 0.281 0.2 
Central  ange 0.104 O. 1 

Mean 0.106 O. 1 

Table 641: Distributions of BIAS(fi) obtained when estimating species frequency for Species 1 using a gridded 
sampling pattern. Samplinq configurations are grouped by temporal density. 

0.20 0.10 0.05 0.04 0.02 
Conff gurations t 050 1050 1050 1050 1050 

Minimum 4.980 -0.960 -1 .O00 -t .O00 -1 -000 
1' Quarüle -0.005 -0.01 5 4.034 -0.025 9.025 

Median 0.431 0.425 0.440 0.350 0.350 
3"' Quartlie 0.894 0.889 0.900 0.863 0.875 

Central  ange 0.899 0.904 0.934 0.888 0.900 
Mean 0.386 0.381 0.388 0.353 0.357 



table 642: Distributions of B/AS(A) obtained when estimating species frequency for Species 1 using a random 
sampling pattern. Sampling configurations are gmuped by temporal density. 

0.20 0.10 0.05 0.04 0.02 
Configurations 1050 1050 1050 1050 1050 

Minimum -0.985 0.975 -0.990 -1 .O00 -1 .O00 
la Quartile -0.025 -0.037 -0.050 -0.050 -0.050 

Median 0.378 0.375 0.400 0.300 0.325 
3'" Quartlle 0.883 O. 890 0.900 0.863 0.850 
Maxlmum 1 .O00 1 .O00 1.000 1 .O00 1 .O00 

Overall Range 1.985 1.975 1.990 2.000 2.000 
Central Range 0.907 0.927 0.950 0.91 3 0.900 

Mean O. 364 0.361 0.367 0.337 0.337 

Table 6-43: Distributions of BIAS(f2) obtained when estimating species frequency for Species 2 using a gridded - - 

sarnpling pattern. Samplinq configurations are qrouped by temporal density.- 
0.20 0.10 0.05 0.04 0.02 

Configurations t 050 1050 1 050 1050 1 050 
Minlmum -1 .O00 -1 .O00 -1 .O00 -1 .O00 -1 .O00 
lu Quartile -0.752 -0.745 -0.750 -0.750 -0.775 

Median -0.381 -0.369 -0.370 -0.328 -0.325 
3* Quartile 4.053 -0.053 -0.050 -0.050 -0.063 
Maxlmum 0.597 0.600 0.630 0.61 3 0.650 

Overall Range 1.597 1.600 1.630 1.613 1.650 
Central Range 0.699 0.693 0.700 0.700 0.713 

Mean -0.41 2 -0.405 -0.402 -0.397 -0.3% 

Table 6-44: Distributions of BIAS(f2) abtained when estimating species frequency for Species 2 using a random 
sampling pattern. Sampling confiqurations are grouped by temporal density. 

0.20 0.10 0.05 0.04 0.02 
Configurations 1050 1050 1050 1050 1 050 

Mlnlrnum -1 .O00 -1 .O00 -1 .O00 -1 .O00 -1 .O00 

Maximum 0.328 0.360 0.350 0.41 3 0.525 
OveraH Range 1.328 1 .360 1.350 1.41 3 1.525 
Central Range 0.670 0.669 0.680 0.673 0.725 

Mean -0.390 -0.381 b0.383 -0.378 4.365 

6.3.7 Sampling Interactions 

The boxplots showed how the different measurement conditions affected the range and 

distribution o f  error across al1 data collection configurations. but they deatt with each factor in 

isotation o f  their interactions with other sarnpling characteristics. In sections 6.3.4 and 6.3.5 it became 

ciear that classification accuracy and spatial sarnpling density both had strong influences on the 

characterization o f  gIobal species frequency. However. the possible range o f  error magnitude and bias 

for each design choice indicated that the interplay benveen the nvo design choices is also important. 



Figures 6-13 and 6-14 show the mean values of iMAG(F,) for each species with classification 

accuracy and spatial sampling density acting as the surface axes. A separate surface was constructed 

for each spatial sampling pattern and temporal sampling density. The mean value across ail associated 

substrate configurations and species activity levels was used at each surface data point. 

In generd. the surfaces were visually consistent for al1 spatial sampling pattems and temporal 

sampling densities. verifj4ng the minimal influence these factors had on census estimates as shown in 

Sections 6.3.1 and 6.3.6. 

In Figure 6- 13. which shows the census estimates for Species 1 (mean frequency = 0.256). the 

surfaces exhibited three distinct zones defined by the spatial sampling density. At lower densities 

defined by a threshold of 0.04 to 0.05. the classification accuracy had aimost no influence on LWGV;) 

as shown by the near-vertical contour lines. At densities greater than a threshold of 0.08 to 0.10, the 

spatial density had almost no influence on MAGV;) as shown by the near-horizontal contour tines. 

Interaction between the nvo components only occurred at densities between 0.04 and 0.10. Therefore 

the choices made when designing a sampling strategy are strongly dependent on the sampling density. 

Figure 6- 14 exhibited the sarne three-zone pattern for the more abundant Species 2 (mean 

frequency = 0.750). The highdensity threshold shifted closer to O. 12 and was not as sharply detined 

as it was for Species 1.  The low-density threshold remained at 0.04 dnc! was perhaps defined a linle 

more strongly than it was for Species 1. Therefore the sampling design choices are more dependent 

art the sampting dgnsity than on the d.ens@ of the species on the tandscape. particutarty at totv 

sampling densities. 

When sampling is very sparse it is highly unlikely that the population frequency can be estimated 

well even if the samples are classified perfectly. There are simply too few observations to realisticalIy 

identifi the spatial patterns of the species across the landscape patches. Any anomalous occupation 

patterns. such as regions that are densely occupied in the case of Species 1. will more than Iikely be 

missed and not accounted for in the census estimate. 
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Figure 6-13: Mean values of MAG(fl) across al1 substrate configurations and species activity levels for eacti 
temporal density. The interaction between classification accuracy and spatial sampling density is shown. 
Oarker regions indicate larger magnitudes of error. 
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Figure 6-14: Mean values of MAG(f2) across al1 substrate configurations and species activity levels for each 
temporal density. The interaction between classification accuracy and spatial samptlng density is shown. 
Darker regions indicate larger magnitudes of error. 



If  one wishes to impmve the census estimate when the sampling density is very sparse. alrnost no 

benefit will be derived by improving the classification accuracy. as ma) be accomplished by 

providing more training for the surveyors or by replacing them with more experienced surveyors. 

Rather. it is much more effective to increase the sampling density. possibly by increasing the number 

of surveyors. even if this means that the participating surveyon are less experienced. 

When the study area is sampled at a hi& densiry. then classification accuracy becornes far more 

important than increasing the number or density of samples. More sampled patches will not irnprove 

the census estimate in any significant way. The slight upward shift in the error contours indicates that 

at the highest sampling densities the classification accuracy becomes an even stronger influence on 

the magnitude of error. At sufflciently high densities. therefore, the addition of more sample points 

without a corresponding improvement in classification accuracy rnay in fact degrade the accuracy of 

the overall census. 

At intermediate sarnpling densities both sampling density and classification accuracy affected the 

magnitude of error in the census estimate, Irregularities in the error contours occurred near a spatial 

density of 0.10. This may only be an artifact of the interpolation since very tiew data points were used 

to estimate the surface and one tifth of them lie along that Iine. Future simulation runs ma? provide 

more data points from which the surface may be estirnated. at which tirne this possibility rnay be fully 

tested. In general. increasing either the density or the classification accuracy will improve the census 

estimate at intermediate spatial Mrnptirrg derisities. 

Comparing the slopes of the contour lines between the Species I surfaces and the Species 2 

surfaces in the intermediatedensity zone. classification accuracy rnay have mote influence for the 

spmer  Species 1 and spatial density rnay have more influence for the more abundant Species 2. It 

would be premature to place much confidence on this observation. however: the tested parameter 

values do not provide suficient data for support. The observation does indicate that more intensive 

experimentation in the future at intermediate sampling densities and with a broader range of species 

fiequencies could be quite informative. 
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Figure 6-1 5: Mean values of BIAS(fl) across al1 substrate configurations and species activity levels for each 
temporal density. The interaction between classification accuracy and spatial sarnpling density is shown. 
Darker regions indicate slronger bias. 
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Figure 6-16: Mean values of BIAS(fi) across ail substrate configurations and species activity leveis for each 
temporal density. The interaction between classification accuracy and spatial sampling density is shown. 
Darker regions indicate stronger bias. 



Figures 6-1 5 and 6- t 6 show the mean values of BlAS(F,) for each species. The same patterns as 

described in Sections 6.3.4 and 6.3.5 are visible: bias was stronger at lower classification accuracies 

and higher spatial sampling densities. Compared to the iMAG(Fi) surfaces the lowdensity. spatial 

densitydriven zone was not as strongly defined for Species 1 and almost nonexistent for Species 2. 

The highdensity. classification accuracydriven zone was still apparent at a density of O. 1 2. 

particularly for Species 1. The zone was not as strongly defined for Species 2 (Figure 6-16), where 

spatial density was an influential factor at lower classification accuracies. 

A classification accuracy of 0.9 was a critical value with respect to controlling bias. BlASG) 

stayed fairly stable between 0.6 and 0.7 when the classification accuracy is less than 0.9. but it rapidly 

approached zero when accuracy was bener than 0.9 (Figure 6-1 5). For Species 2. B l A S ~ )  did not 

stabilize in relation to classification accuracy until accuracy dropped below 0.8. but the change in bias 

was much more sharply defined between 0.9 and I .O (Figure 6- 16). 

6.4 Overall Results and Concluding Discussion 

When estimating species population via census. the spatial sampling pattern does not generally 

have an effect (or at least far less than the other sarnpling design factors). The randorn and gridded 

samples gave almost identical results under al1 conditions. 

In general. spatial density and classification accuracy are the two most important factors when 

designing a sampling scherne for species census. The relative importance of the two factors depends 

upon the spatial density. Under the sparsest sarnpling conditions. improvements in the sampling 

density should take priority. When sampling density is sufficientIy high. the addition of more 

sampling points does not impmve the estimate: improvements in classification accuracy take pnority. 

Both of these situations are independent of the species density. At intermediate sampling densities. 

the wo factors both have influence on the census effectiveness. It appears that classification accuracy 

has more impact at lower population densities and sampling density has more impact at higher 

population densities, but more investigation is required. 



The relative importance of spatial density and classification accuracy depends in pan on whether 

the magnitude of error or the degree of bias is important. When bias is an important consideration. the 

importance of classi fication accuracy increases. 

The combined eflect of spatial density and classification accuracy on the magnitude and bias in 

census estimates is non-linear. Considered independently. the mean impact of classification accuracy 

appears to behave linearly. but in actuality there is a very strong threshold effect when considered 

together with the other design factors. particularly in relation to the degree of bias in the estimates. 

This imponant finding would be very dificult to identiQ or characterize in a field study. The exact 

nature of these thresholds require funher study. 

Ives et ai. ( 1 998) examined the possibility of answering a number of important ecological 

questions using crude spatial data. As part of the study. they examined how closely they could 

estimate the proportion of suitable vs. unsuitable sites based on a small sarnple. Sampling less than 

2% of sites (100 random sites on a 100 x 100 grid plus an extra adjacent site for each one showing 

suitable habitat) allowed them to estimate the actual (Le. using the entire grid) values p(l ). the 

probability of a site being suitable with an average 0.03 magnitude of error . and p( 1 1 1 ). the 

probability that a site adjacent to a suitable site is also suitable, with an average 0.04 magnitude of 

error. The experiment described in this manuscript measured the magnitude of error in estimating 

species frequency throughout the entire grid. which rnay be used to estimate the general probability of 

a site k ing  occupieâ, Afthough mea5uMrgdiffererit aspects of the tands~pe.  both mrdies predict the 

state of a given ce11 in an identical binary suitable/unsuitable or occupied~unoccupied fashion. 

Examining Figures 6-1 3 and 6-14 at an equivalent spatial sampling density of O. 14 and a 

classification accuracy of 1 .O. the estimate of species frequency and therefore general probability of 

site occupancy produced a mean 0.02 to 0.03 magnitude of emr. Both studies produced similar 

results even though the ecological processes simulated in the rnodeIs operated in very different ways. 

reinforcing the spatial-structural nature of the conclusions of these studies. 



Chrisman (1  989) identitied two types of e m r  common in mapping exercises: positional error. 

caused by mispfacement of boundaries between parcels of different land cover types: and attribute 

classification error. where parcels of land were assigneci to inappropriate cover types. Both types of 

error are likely to occur in field habitat or community mapping because of the continuous nature of 

community variation as well as differences in the perceptions and abilities of surveyors. This 

dissertation only considered attribute error. leaving positional error for later studies. but the spatial 

overlay analyses in the Chrisman study suggested that map differences due to misplacement of cover 

type boundaries are a relatively minor source of error. The errors caused by misclassification are 

ofien an order of magnitude greater than the positional errors. 

The studies discussed in Section 6.1 generally involved classification of types mther than simple 

presencelabsence identification. The population estimates in this dissertation werc espessed as a 

proportion of patches occupied by a species rather than as an absolute count of individuals. and the 

data were collected by noting the presence or absence of each species at each sample location. This is 

consistent with the original patch-occupancy equations of Levins ( 1969. 1970) that formed the basis 

of later work (Cohen 1 970. Levin 1974. Hanski 1 98 1 ). In nature. average local abundance is usually 

positively correlated with the proportion of occupied patches (Hanski 1982). However. there is some 

semantic similarity between the species presencdabsence approach and the land cover classification 

exercises. When apportioning the landscape to different land cover tvpes. there is an implied question 

of what proportion of the study area is *occup;eû" by any given tand cover. Future snidies using 

multi-class land cover will determine if the findings of this study are truly portable. 

It has tong been recognized that counts of animal populations are subject to visibility bias in the 

surveyors (Edwards 1954. Gilbert and Grieb 1957. Caughley 1973). This bias is a result of the 

surveyor's abiiity to petceive. identiQ. and record the anirnals (Sauer et al. 1994). It is generally a 

downward bias and is inconsistent between observers (Walter and Rusch 1997). Capture-recapture or 

double-count methods have k e n  developed to estimate and correct for this visibility bias (cg .  Estes 

and Jarneson 1988, Graham and Bell 1989. Johnson et al. 1989, Potvin et al. 1992). 



This study did not explicitly include bias as part of the sampling simulation. However. as 

discussed in Section 6.3.1. the method of degrading classification accuracy created an irnplicit bias in 

the sampled data. in the case of Species 2. which was quite abundant on the landscape. a downward 

bias emerged. In the case of Species 1. which occurred much less frequently. the bias was generally 

upward. This does not fit the general pattern of visibility bias. but Sauer et al. (1994) and Kendall et 

al. ( 1996) contend that when less experienced surveyon encounter a m e r  species. they have a 

tendency to count the same individual more than once because its unexpected discovery and its 

"special" status catches their attention more readily, 

Cairns Jr. and Pratt ( 1986) discussed the use of species census or "critter counting" for structural 

assessments in ecosystems. They stated that i t is comrnon to reduce the number c f  samptes per unit 

time for studies of longer duration; that is. the spatial sampling density is reduced. The results of this 

dissertation. however. show that the practice suggested above should be undertaken with caution. If 

the sampling density is reduced too much for any particular snapshot and the critical threshold is 

crossed. the final census results will be degraded regardess of the care taken in sampling 

When establishing a long-term monitoring program for a large region. the results of this 

experiment indicate that a two-phase implementation strategy would be appropriate. In the first stage. 

efforts should be focused on recruiting surveyors to increase the density of coverage within the study 

area. Since the classification accumcy is less important at this first stage. the use of volunteers and 

less experienced surveyors is acceptable. Although their classification skiils are a! way  valuable. the 

more expert surveyors may use their experience to take a leadership or organizing role among the less 

experienced participants during the census event at this early stage, Once the monitoring p r o p m  has 

gained momentum and a large number of surveyors are avaiiable for each census it will be possible to 

obtain a reasonably dense spatial coverage over the study area The p r o p m  can move into the 

second stage, and resources may be refocused on impmving the skills of the existing surveyors rather 

than on recruiting more surveyors, Once a sufficient density is obtained. then census estimates may be 

improved more effectively by improving accuracy rather than increasing the sarnpling density. The 



more experienced surveyon may then lead educational and training efforts among the other 

participants. 

This study assumes that either i) there is only one person collecting the data: or i i )  there is no 

variability between observen if more than one penon collects the data. Many studies have been done 

to investigate observer variability in estirnating vegetation and other ecological variables. For almost 

al1 variables. observer variability was detected (e.g. Scott et al. 198 1. Gottiyd and Hanseil 1985. 

Block et al. 1987). This situation would certainly be expected in a scenario as desctibed above. where 

the surveyors have varying degrees of skill and experience. Funher experimentation using mixed 

classification accuracies may produce finer details. but the overall conclusions reached here will hold: 

below a threshold spatial sampling density. the individual classification accuracy is not an influence 

on the census accuracy whether it is mixed or uniform. 

Although this stiidy determined that the dominant sampling design factor changes depending 

upon the spatial sampling density. studying the exact position and characteristics of the threshold was 

beyond the scope of the experimental design. Much finer exploration of the parameter space and 

variation of the other degrees of freedom wiII build upon the tindings in this study. 



CHAPTER 7: CONCLUDING DISCUSSION 

This chapter sumarizes and integrates the results from the two experiments conducted in this 

study. The questions nised at the beginning of each expriment (Chaptcrs 5 and 6) are revisited. and 

some of the o b s e ~ e d  di fferences in the sampling requirements for each analysis type are descrîbed. 

The answers to those questions are used to develop some basic rules of thumb for designing sarnpling 

exercises. and some implications regarding choice of field measurement toois are identified. The 

effectiveness of the experimental method used in this study is assessed. and some of the future 

research directions are out tined. 

7.1 Sampling S t rategies for Inventory 

Which spatial sampling pattern is generally more effective for inventory, raiidom or 

gridded? 

Gtidded sampling gave a lower mean magnitude of error than did random sampling (525.6 ( 10%) 

for gridded vs. 1952.9 (379)  for random). In fact. almost cvery gridded sampling scheme performed 

better than the best random sampling design in terms of minimizing the magnitude of error. Howwer. 

estimates based on random samples did not suffer as strong a bias (mean 4.128 for random vs. -0.46 1 

for gridded samples). 

The performance obtained by using a m d o m  sampting pattern was far better when the measured 

resource had a more irregular and complex spatial structure. One can speculate that for a surface of 

sufficient irregularity and cornplexity (such as one may find in some "real-world" areas), the 

magnitude of error obtained with a nndom sample may be better than that obtained with a gridded 

sample. If the relatively small bias genenlly associated with random sampling were to persist in that 

scenario, then random sampling would be particularly desirable. The scope of this study did not rillow 
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more than speculation in this regard. but with appropriate computation facilities it would be a simple 

matter to extend the expriment scope to fully test the hypothesis. 

Which sampling design factor has the most impact on the inventory estimate? 

Once a spatial sampling pattern was chosen, spatial sampling density had the strongest impact on 

perforrnance. The relationship between spatial density and estimate srror was irreplar and non- 

linear, and the smallest magnitude and srniillest bias occurred xound density 0.03. This result was 

easily connected to favounble alignment with the underlying substnte structure in the case of 

gridded sampling on a gradient substrate- A similac pattern appeared in random sampling. but it was 

not so easily explained. The largest magnitude and largest bias occurred around density O. 10, with no 

obvious explanation. Finer explontion of the parameters may aliow the development of better 

hypotheses. 

1s there a direct relationship between degree of error in individual measurements and 

degree of error in the inventory estimate? 

Increased measurement error in the sarnpled data led to increased magnitudes of error in the 

inventory estimates, following a strong linear trend. Although there was indeed a relationship 

between measurement error and inventory accuncy. the errors at individuai sample points were 

considerably dampened in the ovenll inventory estirnates. The addition of IO% measurement error 

only caused a menn increase of 1.9% in the inventory estimate error for gridded samples. and only 

0.79 for random samples. with no appaciable change in the mean bias. 

Can pwr measurement quality be compensated for by a denser spatial sample? 

A precise relationship between spatial density and degree of inventory emor could not be 

completely identified within the scope of this study. but it was clear chat increasinp the spatial 

sampling density had a much larger impact on improving both the magnitude and bias of the 

inventory error than did imptoving the measurement accuracy. 
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7.2 Sampling Strategies for Census 

Which spatial sampling pattern is generally more ef'fective for census (defined by species 

frequency ) ? 

The chaice of spatial sampling pattem made almost no difference in the resulting census 

estimates for either species. The magnitudes of error in estimating species frequency using each 

sarnpling pattem were very similar for both Species 1 (mean 0.1 15 gridded, 0.1 16 nndom) and for 

Species 2 (mean 0.102 gridded, O. 105 nndom). Mean error magnitudes were within 1 to 3% of each 

other. This similarity persisted for every combination of sampling stratsgy and physical structure. 

The negtigible difference between the results obtained with each sampling pattern relates in prvt 

to the analysis method. The species presencekibsence data from the classification was used in an 

aggregate form, assuming that the observed frequency was the same as the frequency over the entire 

study area. Good performance therefore depnded on gathering a sample that was representative of 

the range and frequency of conditions across the study area and not on the arrangement of the 

particular samples themsel ves. 

The unimportant influence of spatial sampling pattern on the census estimate was in direct 

contrast to the results found in the inventory analysis. where spatial sampling pattern had the iargest 

ovenll effect an performance. Recall that the inventory estirnate wris calculated by assigning 

representative areas of influence to each sample point and then cornputing an ma-weighted sum. A 

gridded sample ensured that rach point represented an equal area in the inventory estirnate, thereby 

reducing the probability of the representative areas being unsynchronized with the actual patchy 

pattern. As patchiness increases and the sampling density increases, the actual homogeneous areas 

shrink and the sample representative areas also shrink. so the synchronicity becomes much more 

reguiar. 

These two results suggest that whcn an analysis method uses spatially structured data but is itself 

constmcted with no ex plicit spatial component, then spatial sampling pattern will not be important. 
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However. when the analysis method is constmcted based on the use of spatially representative units 

then spatial sampling pattern will becorne a dominant design considention. 

Does the achial spedes frequency affect the resulting census estimate? 

The actual species frequency does affect the census estimate. As shown above there w u  Little 

absolute difference between rhr census mors  for each species. but the erron were considenbly 

different whrn viewed in ternis of the actual species frequency (mean 0.156 for Species I and 0.750 

for Species 2). The erron in Species 1 estimates were then approximately 44.99 for gridded samples 

and 45.38 for randorn samples. whereas Species 2 estimate errors were only 13.69 for gridded 

samples and 14.0% for nndom sarnples. 

The bias was strongly affected by the actual species frequency: the densely populated species was 

genenlly underestirnated. whereas the less comrnon species was generally overestimated. Part of this 

may be attributed to the  genenl probability distribution of erroneous classifications, but it does reflect 

to some degree the patterns of observation bias identified in renl field surveys. 

Which sampling design factor has the most impact on the census estimate? 

The important sampling design factor depended on the spatial density of the samplc. At sparse 

densities (0.W to 0.05 or less). increasing the spatial density had the largest impact; changes in the 

classification accuncy had almost no impact on the census accuracy in those cases. For sampling 

densities p a t e r  than the 0.044.05 threshold, clrissification accuracy becarne the main influence on 

census accwcy. This threshold appred for bath species. 

Tt should be noted that once spatial sampling was sufficiently dense (approximately 0.15 or 

pater) .  further increases in the sampling density decreased the overall census accuricy unless they 

were accornpanied by an increase in classification accuncy. This was pmicularly tme for the census 

resuits of the more abundant Species 2. 

In terms of b i s  the important design variables paralleled those for magnitude of error. though the 

threshold effect was not as -mat. When classification accuracy was below 90%. which field 
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investigations show is almost always the case. both spatial density and classification accuracy 

affected the degree of bias in the census estimate. It therefore makes sense to design for the sampling 

factor that most strongly affects the magnitude of error, and bias reduction will treated at the same 

time. 

The density threshold phenornenon observed in the census sampl ing interaction has important 

implications for designing species census efforts. since the important sampling design variable that 

will improve a sampling effort changes depending upon the current sampling density. Recalling the 

conceptual setup frorn Chaprer 4. the grid ce11 size and therefore the spatial sampling density was 

related to the species' home range, so a strong understanding of the species' spatial chmcteristics is 

required to determine which zone of sampling influence the current scheme fdls into. 

1s there a direct relationship between degree of error in individual classifications and 

degree of error in the census estimate? 

There was a strongly defined linear relationship between the classification error and the error in 

the census estimate. Actual species frequency had a large influence on the relationship between them. 

For sparse Specics 1 a IO% reduction in classification accuracy resulted in an 1 1.5% incease in 

census estimate error (average of gridded and nndom sampling results), whersas for abundant 

Species 2 the same reduction in classificrttion accuracy resulted in only a 2.49 increase in census 

estimate error. For abundant species the effect of individuaf classification error was considerably 

dampened, but the error was mgnified when the species was sufficiently scarce. 

The degree of bias was also strongly affected by the classification accuracy. The census estimates 

were almost completely unbiased for perfectly classified samples. and the bias became stronger at a 

non-linear, decreasing rate as the accuracy became poorer. 

Can poor classification quality be compensateci for by a denser spatial sam ple? 

Only at the sparsest spatial densities did spatial density take precedence over ctassification 

accuracy as the dominant design factor. Under most spatial density conditions tested in this 
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experiment, classification accuracy could not be "corrected" by a denser sample. in fact. for the 

densest samples, better classification accuracy must be obtained to perform as well as estimates made 

with sparser samples. 

7.3 Rules of Thumb for Sampling Design 

The results of the two experiments showed that there were many interesting relationships between 

the characteristics of a sampling strategy, the physical stmcture of the measured system. and the 

resulting ability to characterize the system. Based on those results. the following mles of thumb are 

c haracterization and monitoring. 

7.3.1 General Design Considerations 

When the analysis method does not expticitly use spatial information. then the s 

recommended for considention when designing a sampling strategy for global system 

ipatial samplin 

pattern chosen does not matter as long as it is uniformly distributed enough to represent the full nnge 

of conditions in the study area. 

When the anaiysis method does use some form of spatial representation, then the selected pattern 

will be important. Gridded sampling appears to give the most even and well-behaved representation. 

but it is tentatively proposed (subject to funher testing) that in extremely patchy environments a dense 

random sample may provide performance comparable to or better than a gridded sample. 

7.3.2 Inventory Design 

When planning a sampling exercise in order to conduct an inventory, planning and resources 

should generally be focused on getting the densest spatial coverage nther than on the accumcy of the 

measurements themseives. This does not mean that measurement accuracy can be completely 

ignored; as always, some reasonable care should be taken when making measurements. If a simple. 

reliable rneasurement method is already available. then it makes more sense to streamline the data 
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collection process to allow more measurements per hectare per day. whether through more careful 

planning or more resources allocation, than it does to pursue the nth decimal place plus or minus 

0.00 t C/C through the use of expensive, sophisticated equipment that wiI1 allow far fewer 

measurements. 

If obtaining an estimate with the smallest possible magnitude of error is important. use a gridded 

sampling pattern. However. even though the smallest magnitudes of error do coincide with the 

weakest bias. the estimate from a gridded sample will generally have a fairly strong estimation bias. 

Some smdl amount of error in the individual measurements can possibly reduce the mount of bias in 

the estimate, in fact. without impacting the magnitude of error in the estimate. 

If it is acceptable to have a higher magnitude of error in order to reduce the estimation bias as 

much as possible. then a mndom pattern is more appropriate. 

7.3.3 Census Design 

When planning an exercise to conduct a species census. planning and resources should genenlly 

be focused on improving the spatial density of the survey to begin with. Once a census program has 

become established and the spatial density is sufficiently great (relative to the home range structure of 

the species in question). efforts should be shifted to improving the surveying skills of the participants 

thereby improving the classification accuracy. 

B i s  is not as strongly affected by any single variable under most normal field conditions. so any 

effort to reduce the magnitude of census error will also reduce bias. Since the reverse is not 

necessarily true. it is most effective ovenll to design for the best magnitude possible. 

7.3.4 Implications for Field Measurement Tools 

When a system characterization effort is planned to aIlow for general systern description and 

monitoring of resources and more physical system panmeters, getting a dense coverage of samples as 

quickly as possible appears to be far more important than labourine over the accuncy of the 
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individual measurements. Field exercises should be planned so that the field workers are as mobile as 

possible. using basic measurement tools that are fast. easy to use and reliable, but not necessarily very 

accurate. Mobility and speed become important operational goals. This suggests that less expensive 

sensors may be purchased. shifting the resources into more compact mobile computing and GPS units 

for npid spatial data acquisition as well as easy movement between measurement points. 

7.4 Assessrnent of Experimental Approach 

The simulation modeling framework played a vital role in ensuring the consistency and integrity 

of the experiment results as the model cornplexity was increased and some of the underlying rules and 

structures were changed. 

The simuhtion mode1 was built up from an existing model that was built from globally 

unchanging conditions and therefore ex hibited homogenous and unpatterned behaviour. Spatial 

heterogeneity was introduced into the model by adding a resource substrate and species-dependent 

responses to resource levels and disturbances. The introduction of spatial heterogeneity caused the 

modeled populations to exhibit fine-scale intenctions as well as begin to establish patterns of spatial 

organization. When the fine-scale interactions were aggregated. the overall interactions were similar 

to the macro-scale interactions in the original model. The model was then pushed to another level of 

complexity by creating an open system with fluctuating climatic conditions over time. which forced 

the systern into a perpetual non-equilibrium state and therefore allowed the spatial patterns to change 

over time nther than remaining static. 

These changes were implemented in a straightforward. stable and logically consistent fashion due 

to the fnmework's use of interchangeable objects. By exchanging one object representing a 

component of the modeled world for mother object. any change in the model behaviour could be 

confidently attributed to the change in structure represented by the exchanged components. Since the 

change in model behaviour could be implemented without having to make prognm code changes 
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elsewhere in the system, errors due to software engineering could not affect the results as easily as 

they could in a conventional computer model. 

Even more important ly. the fmmework's Probe structure allowed complete sepantion of the 

simulation model code from the code that observes the modeI1s state except through forrnally defined 

and rigidly controlled interfaces. This removed the possibility of introducing pro*mrnming side 

effects into the result data. which can happen when instrumentation code is added to a working mode1 

and the prorgammed behaviour is accidentally modified. Instrumentation side effects have long been 

recognized ris a major obstacle towards model acceptance. and the framework's "plug and outlet" 

approach demonstntes an effective solution to this problzm. 

A second benefit of the Probe mechanism was that any number of Probes could be attached to a 

running simulation, and those Probes could work in any manner chosen by the researcher. This 

allowed the simultaneous extraction of unlimited numbers of sampled data sets. each set having its 

own sampling patterns and its own system of "noise" added to the measurements. This capability. 

which is not present in most simulation models or simulation systems, was crucial to the successful 

design and implementation of this study. and will be crucial for al1 similar experiments that are 

planned for the future. 

The use of a simulation model as a surrogate ecosystem from which sampIes could be drawn 

proved to be a successful experimental approach for the questions under investigation in this study. It 

was possible to cxplore the effect of each sampling design factor singly and in combination. in a 

controIled and systematic fashion. The analyses identified a number of relationships and behaviours 

that provide a bctter understanding of the impact of sampling strategies on global characterization. 

The analyses aiso identified a number of interesting phenomena, such as: error extrema under 

unexpected spatial and temporal sampling densities; sampling density thresholds where the relative 

dominance of different sampling design factors switched; and irregular pattems in inventory errors 

based on sampling density. Although it is conceivable that these phenomena could be identified 
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using field expenments, the logistics and resources required to do so would d e  a field approach 

infeasible. Furthemore. as introduced in Chapter 1. it would be nearly impossible to identify any 

patterns in estimation b i s  using field studies, whereas sevenl interesting conclusions regarding bias 

were possible in this simulation experiment approach. 

Both the detail of description for the observed phenomena and their explünations would improve 

with finer parameter exploration to provide details and more closely delineate the anomalous features. 

The pnctical utility of this knowledge. as demonstnted in Section 7.1. suggests that further 

exploration of the probtem using the approach outlined in this snidy would be warranted. 

Consequently it is expected that investment into computational infrastmcture to appropriately expand 

the scope of experiments will tesult in greater understanding of sampling design effectiveness. 

7.5 Future Directions 

The two experiments described in this dissertation demonstrated the effectiveness of a simulation 

experiment methodology for investigating problems of sampling and analysis in complex systerns. 

The study set the groundwork for further investigations. which are outlined below. Some proposed 

development of the GIS and modeling tools that will assist in the investigations are also described. 

7.5.1 Further Studies: Sampling and Effects on Characterization 

Many of the results from this study provided a first look at the spatial interactions operative 

between sampling strateaes and environmental systems. Finer examination of the parameten, 

particularly spatial sampling density. will refine our understanding of these initial conclusions and 

consequently improve the sampling design recommendations made above. 

in Section 1.2.2. the scope of the study was reduced to exploring a small number of the degrees of 

freedom in the sample design and in the environmental system. Priority directions for further 

investigation are: bias in the individual measurements: positionai accuracy: and alternative substrate 

configurations. 
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The inventory and census estimates both characterireci the system at macro-level: that is, they 

provided a description aggregated over the entire smdy area. Additionally. neither analysis addressed 

temporal changes in the system; rather, "snapshots" of the system were assessed individually. Both of 

these issues are important concems for many monitoring prognms. Expenments are planned to 

investigate the ability to detect the position. size. and duration of different types of disturbances from 

sampled data. There are many more dimensions to be explored in such experiments: both temporal 

and spatial design panmeters become important. and there are many more variables regarding the 

description of the disturbances themselves. fhe availability of more powerful computing facilities 

will make such experirnents feasible. 

7.5.2 Modeling Framework Development and GIS Integration 

Currently, most research efforts that use both simulation modeling and GIS use the twd 

technologies in a serial manner. That is. the GIS fint acts as a data preprocessor and a 

parameterization tool for the model. The prepared data are then exported to extemal files compatible 

with the simulation mode1 software, the model is executed. and the results are imponed back into the 

GIS for postprocessing, visualization and interpretation. This loose coupling may be sufficient for 

"single-tnck" research and analysis. but it is curnbersome for exploritory and drcision support 

exercises. Tighter coupling. that is. p a t e r  inteption of GIS management and operations with 

execution of simulation models within one system, are more desirable for such "multi-track" 

activities. Tight coupling requires the use of common data modeIs and (possibly a single) intepted 

data management systems for both geographic data management and simulat ion model management. 

Although the importance of developing such tightly coupled systems has been recognized for some 

time now (Burrough et al. 1988. Nyerges 1993. Parks 1993). research and developrnent to date has 

been somewhat lacking. 
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Some integrated GIStmodeling framework deveiopment has  occuned (e.g. Bennett 1997), but 

most efforts have tended to create prototype data structures and then go no funher with the integration 

process. These mearchers cannot be faulted too strongly for early abandonment; in the past, 

commercial GIS systems did not provide open access points for such integntive work. and further 

independent fnmework development would require construction of a full-scale GIS from scratch. In 

the past few years. commercial GIS systems have responded to consumer demand for more open 

integration options from corpotate information system users not trûditionally ssociated with GIS 

analysis. These technological access points mûke further research and development into intrgmting 

GIS and modeling more feasible. 

Due to the object-oriented nature of the modeling framework developed as part of this 

dissertation. the methods by whic h each objects' functions and services are executed are abstracted 

from the interface that other objects may use to make requests for those services. Other interacting 

objects are not concemed about how any specific object does its job, as long as it successfully does 

what it is expected to. This abstraction gives a great flexibility and freedom to create interoprntive 

modeis that take advantige of other software systems. For example. consider the 

Layer.valueAt( Location ) method. Currently. the Layer queries an underlying Grid object for the 

value at the specified Location. Alternatively, the Layer could directly access data residing in a 

commercial GIS. The design of the modeling frarnework alIows the possibility of connecting with 

many different data sources, as well as specialized calculation and analysis software, without making 

any changes to the logical structure of the simulation model. This ailows npid improvements in the 

range, speed and power of the simulation models that are constructed within the frarnework. 

753 Parailel Simulation 

Any given experiment requires many trials using different random initial conditions in order to 

identify any kind of statistically based behaviour for a given panmeter set. These trials must be 
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repeated for each point in the parameter space that is king explored. Given the run times descnbed in 

Chapter 4, a considenble amount of waiting time must be invested if the trials are conducted one 

after another on a single machine. However, each tnd is independent of any other: therefore, it is 

conceivable that different trials cm be run simultaneously on separate machines. Experimentation 

may then proceed on a round-the-clock. panllel basis. 

In light of the success of this investigation and the potential for further insights into this and 

related problems. a group of computers are king acquired and installed for conducting paralIr1 

simulation expenments. The flexibk design of the simulation modeling framework (described in 

Chapter 2) will allow it to move to the new openting platform with no additional development effort. 

The currently constructed models cm be executed individually on each machine in their existing 

forrn. 

The advantage of executing more than one model simultaneously will be gained when the 

machines are able to work coopentively on an experiment set. Coordination software will be wntten 

and deployed on one "manager" machine. The human user provides the manager with an experiment 

specification, from which the manager can detennine such things as: what model program to run: how 

many trials are required: what coverage of the mode1 parameter space is required; and what to do with 

the results of each trial. The manager constmcts a list of tasks (Le. mode1 runs) required, and 

identifies which "worker" machines it has available. It then contacts each worker in turn using inter- 

process communication calls (Gray 1997). indicating a model prognm to nin and an initial data set to 

use from its list of tasks. When a "worker" machine is finished and ready for a new trial, it notifies the 

manager in a similar fashion. and passes back the output data. The manager marks the task as 

Finished, consults its list of tasks. and assigns the worker with a new task. If the manager has not 

received notification from a worker some cime after the estimated completion time has passed. it 

quenes the worker to find its operating state. It is possible that the machine has been shut down. 

restarted, or the process has ken  kitkd, or the process is taking an abnomally long tirne to run due to 
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system load: as appropriate. the manager can then re-assign the task to the same or a different worker 

machine, or revise its time estimation rules. Upon completion of the experiment. the manager does 

any post-processing of the output data (or assigns the job to a worker). and notifies the user via email 

that the experiment is done. 

In addition. simple monitoring software will be written for deployment on the "manager" 

machine. This software will allow the user to do basic querying such as: experiment progress (Le. 

percentage completion): status and run time statistics of "worker" machines: and estimrited tirne until 

experiment complet ion. More detailed reporting wil1 identify the output data and panmeters 

associated with a particular trial. 

The addition of panIlel simulation capability to the "virtual Iabontory" will allow the scope of 

the experiments undertaken in this study to be expanded. and therefore the first results described in 

this work may be refined to become of more use in designing sampling schemes to effectively 

chancterize complex ecosystems. 
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