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ABSTRACT 

Modelling animal movement in heterogeneous environments is challenging because organisms 

experience a complex suite of internal and external stimuli that operate hierarchically over 

multiple temporal and spatial scales. A fundamental goal of movement ecology is to relate the 

behaviour of animals to their environments, especially with respect to how external information 

is perceived and processed in the decisions that guide their movements. With the continued 

development of tracking devices movement data are becoming available at increasingly higher 

spatio-temporal resolution, and sophisticated analytical methods developed with which to 

analyse them. However, with these advances in data-capture technologies, it is becoming 

increasingly difficult to match research questions to the analytical tools that are appropriate for 

interrogating complex, serially-dependent, multivariate movement data. The methods 

developed in my dissertation are designed to bridge the gaps between the underlying processes 

and observed patterns of movement behaviour, as well as the observational and process scales 

of movement models. 

 

First I extended the conceptual framework of movement ecology developed by Nathan et al. 

(2008) which depicts the interplay among four basic mechanistic components of movement 

(the internal state, motion, and navigation capacities of the individual and the external factors). 

I investigated the influences of environmental factors on movement by categorising them into 

two general classes: environmental stimuli perceived and responded to by animals, and 

environmental forces such as wind and water currents that physically displace animals. Using 

data describing grey-faced petrels (Pterodroma macroptera gouldi) movements, a Markov 

Chain Monte Carlo (MCMC) model, and a vector analysis, I illustrated that the behavioural 

states categorised by the MCMC model were actually a combination of movement behaviour 

and wind displacement.  This analysis demonstrated how displacement by fluid external forces 

can change the interpretation of behavioural states inferred by statistical models of movement. 

I recommend that to realistically describe the movement behaviour of animals in fluid media, 

environmental factors, whenever possible, should be incorporated in statistical inferrentail 

movement models (IMMs). This can be achieved either by addition of environmental 

covariates directly into the model, or from a post hoc approach, such as by vector analysis. 
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A strong criticism of using state-space approaches to infer behaviour from movement data is 

that such models assume that the behaviours underlying the observed movement can be 

adequately represented by combinations of correlated random walks. Gurarie et al. (2009) 

developed a likelihood-based technique (behaviour change point analysis, or BCPA) to identify 

behavioural bouts within movement trajectories that are not limited to specific movement 

mechanisms. I extended the BCPA approach into three sequentially applied statistical 

procedures: (1) BCPA to partition movement trajectories into discrete bouts of same-state 

behaviours, based on abrupt changes in the spatio-temporal autocorrelation structure of 

movement parameters; (2) hierarchical multivariate cluster analysis to determine the number 

of different behavioural states; and (3) k-means clustering to classify inferred bouts of same-

state location observations into behavioural modes. I demonstrate application of the method by 

analysing synthetic trajectories of known ‘artificial behaviours’ comprised of different 

correlated random walks, as well as real foraging trajectories of little penguins (Eudyptula 

minor) obtained by GPS telemetry. The modelling procedure correctly classified 92.5% of all 

individual location observations in the synthetic trajectories, demonstrating reasonable ability 

to successfully discriminate behavioural modes. Most individual little penguins were found to 

exhibit three unique behavioural states (resting, commuting/active searching, area-restricted 

foraging), with variation in the timing and locations of observations apparently related to 

ambient light, bathymetry, and proximity to coastlines and river mouths. Addition of k-means 

clustering extends the utility of behavioural change point analysis, by providing a simple means 

through which the behaviours inferred for the location observations comprising individual 

movement trajectories can be objectively classified. 

 

Researchers are increasingly using individual-based models (IBMs) to explore ecological 

systems and, in particular, the emergent outcomes of individual-level processes. A major 

challenge in developing IBMs for study of movement ecology is that such models often seek 

to characterise complex phenomena, and thus must represent and parameterise multiple 

hierarchical levels of unobserved behaviours. Approaches based on Approximate Bayesian 

computation (ABC) methods have been used to support the parameterisation, calibration and 

evaluation of IBMs. However, the ABC approach requires selection and use of data to exclude 

parameter sets and unrealistic model structures that generate atypical or improbable patterns. I 

propose a modelling framework that integrates information derived from statistical inferential 

models to describe the behaviour of moving animals with ABC methodologies for 
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parameterisation and analysis of IBMs. To demonstrate its application, I apply such a 

framework in an exemplar analysis to high-resolution movement trajectories of the foraging 

trips of black petrels (Procellaria parkinsoni), an endangered seabird endemic to New Zealand. 

Outcomes of this study show that use of inferential statistical models to summarise movement 

data can inform model selection and parameterisation procedures via ABC, and enable IBM to 

produce biologically relaistic movement patterns, and yield valuable insights regarding the 

movement ecology and behaviour of animals. 

 

Movement behaviour is shaped by the cognitive abilities and the experiences of individual 

animals. As a result, how animals perceive and process intrisnsic and extrinsic information is 

a central question in ecology. Determining what an animal knows about its environment, and 

how this information is translated into specific movement behaviours, is a significant 

conceptual challenge for movement ecology. I explored the functionality of cognition in 

relation to foraging movements, using a continuous-space IBM of animal movement that 

incorporated perception, memory and site fidelity. Using the IBM, I assessed the foraging 

efficiency of individuals with different combinations of cognitive parameters in 18 different 

landscape types with different combinations of resource amount and aggregation. Results show 

that in landscapes where resources were limited and aggregated in space, high memory 

accuracy and persistence were favoured for optimal foraing, and site-fidelity contributed most 

to foraging efficiency. As resources became more abundant, individuals with better perception 

were favoured. Compared to the null-model of a correlated random walk, cognition increased 

foraging efficiency and reduced space-use of indiviudals. These findings provide quantitative 

insights into the effects of spatial cognition and dynamic information on animal movement 

decisions. This study suggests that memory-driven foraging behaviours are likely to be 

important in landscapes with high-value, spatially aggregated resources, and information 

regarding both biological attributes and environmental structures need to be considered when 

modelling animal movement behaviour. 

 

Finally, I discuss the wider application of statistical and simulation models for analysing data 

describing animal movements. I advocate consideration of influences from both internal and 

external stimuli, as well as the costs of movement, cognition, and metabolism in scale-

dependent movement models in future research. 
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General introduction 

CHAPTER 1:  General introduction



2 

 

1.1 Animal movement and movement ecology  

Animals live in heterogeneous environment, and their movement fundamentally influences 

many ecological processes operating at the individual, population, community and ecosystem 

levels (Nathan, 2008; Bestley et al., 2012), including: habitat selection (Block et al., 2011), 

foraging ecology (Boyd et al., 2014), predator-prey dynamics (Lima, 2002), dispersal (Barton 

et al., 2009) and population dynamics (Bowler & Benton, 2005).  

 

Nathan et al. (2008) introduced a conceptual framework that summarised the four basic 

mechanistic components of animal movement: the internal state (why move?), motion 

capacities (how to move?), navigation capacities (when and where to move?) and external 

factors. These four components are integrated as the four existing paradigms for studying 

movement – random, biomechanical, cognitive, and optimality approaches (as shown in Figure 

1.1 Nathan et al., 2012). In this conceptual framework, linking movement behaviour to the 

external environment is a major challenge (Patterson et al., 2009; Avgar et al., 2013b; 

Benhamou, 2014). More specifically, movement ecologists seek to answer the question: how 

do animals sense and internalise changing spatio-temporal environmental information, and 

respond to these stimuli by making movement decisions? 

 

Figure 1.1. A movement ecology framework that integrate four existing paradigms (in shaded circles) from 

studying organismal movements. The figure is modified from Nathan et al. (2008) and Hartig et al. (2011). 
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When an animal moves, it perceives changes in its environment via interpretation of external 

stimuli (such as habitat type, presence of predators) as a consequence of its own movement, 

which, in turn, induce behavioural responses that lead to a change in position. Animals might 

also be simultaneously displaced by external physical environmental forces, the influence of 

which may (e.g., gravity on movement animals) or may not (e.g., sea-surface wind on flying 

seabirds, Tarroux et al., 2016) be stationary in space and/or time. Individual responses to 

stimuli also may be context- or individual-dependent, varying with past experiences, even in 

seemingly static or unchanging environments (Morales et al., 2010). Movement processes are 

influenced by animals’ internal motivations, motions and navigational capacities (Nathan et al., 

2008). Theory provides us with predictions and hypotheses regarding movement processes and 

patterns, but our understanding remains incomplete; particularly, there are too few analytical 

tools for testing observable movements against theoretical hypotheses.  

 

1.2 Animal movement analysis: A random walk? 

Our ability to explain animal movements depends on robust understanding of the properties 

and the underlying processes of movement behaviour, and having the analytical means to 

extract information from movement data, based on a biologically realistic, well-parameterised 

behavioural model. A basic conceptual (null) model of animal movement is the simple random 

walk (Bartumeus et al., 1997, Turchin, 1998). Although few organisms move entirely randomly, 

the simple random walk incorporates no assumptions with respect to underlying behavioural 

processes (Codling et al., 2008). The choice of movement speed and direction by the individual 

is completely random from step-to-step, and the current location of an individual is dependent 

only on the location in the previous step; such processes are first-order Markovian with regard 

to the previous location (Weiss et al., 1994).  

 

Correlated random walks (CRWs) are non-Markovian processes involving a correlation 

between step orientations, which produce a local directional bias: the speed and direction of 

each step tends to be oriented in the same direction as the previous one (Patlak, 1953). The 

influence of the earlier points in the time sequence to the current location progressively 

diminishes over time, and distributions of speed and direction are uniform in the long term (i.e., 
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are the same as a simple random walk) (Benhamou, 2006). In a broader sense, there are three 

general classes of CRWs: 1) ‘Lazy’ random walks are modified simple random walks where 

with some probability in each time period, rather than take another step, individual remains in 

its current location (Aldous & Fill, 2002); 2) ‘Reinforced’ walks are walks for which the 

probability of making a particular step is greater if the link between two lattice sites in integer 

coordinate system has been crossed previously (Bolthausen & Schmock, 1997), or if 

probability of an individual moves to the nearest-neighbour site depends on the number of 

times the site has been visited in the past (Pemantle, 1992); and 3) ‘Self-avoiding’ walks refer 

to walks that individuals do not visit the same site more than once (Madras & Slade, 2013). 

Since most animals have a tendency to move forwards (persistence), CRWs frequently have 

been used to model animal paths in various contexts, a few examples of this approach include 

Kareiva and Shigesada (1983); Bovet and Benhamou (1988); Codling and Hill (2005); Johnson 

et al., (2008); and Barton et al., (2009).  

 

A biased correlated random walk (BCRW) is a mathematical model that describes animal 

tendency to move towards specific targets (Turchin, 1998; Codling et al., 2008). Biased 

correlated random walks have been fitted to movement data in a variety of contexts, such as 

the categorisation of behavioural states (Morales et al., 2004; McClintock et al., 2012), the 

evaluation of functional connectivity (Severns et al., 2013), the characterisation of dispersal in 

fragmented landscapes (Heinz & Strand, 2006), and the assessment of the influence of spatial 

information on the success of foragers (Fronhofer et al., 2013). 

 

The CRW and BCRW models are the basic assumptions underpinning many recent inferential 

movement models (IMMs) and individual-based models (IBMs). However, CRW and BCRW 

models rely heavily on Gaussian and exponential probability distributions, both of which have 

finite variance (Codling et al., 2008). A number of researchers have suggested that the finite 

variances of these distributions do not capture animal movement processes, and have proposed 

the Lévy walk or Lévy flight model as alternatives (Viswanathan et al., 1996; James et al., 

2011). In the Lévy walk model, an individual’s step-lengths are drawn from a heavy-tailed 

distribution, most usually following a power law (Pareto). More recent studies have argued that 

Lévy walk model may not be as generally applicable as once thought (Plank et al., 2008, 

O'Sullivan & Perry, 2013, Breed et al., 2015), as many of the observed patterns that have been 
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attributed to Lévy processes can be generated by a simpler composite random walk process 

(Fritz et al., 2003; Bénichou et al., 2006). Thus, an obvious alternative movement model to 

Lévy walks might incorporate multiple processes at a variety of scales, with each process 

modelled as a different kind of correlated random walk that depends on both the behavioural 

scale and scales of the environmental stimuli (O'Sullivan & Perry, 2013; Benhamou, 2014).  

 

Research on animal movement has increased exponentially during the last decade with the 

continued development of animal-tracking technologies (Hebblewhite & Haydon, 2010) and 

various deterministic or stochastic methods with which to model animal movements (Holyoak 

et al., 2008; Smouse et al., 2010; Jonsen et al., 2013). Turchin (1998) classified approaches to 

modelling animal movements as being either Lagrangian or Eulerian. The Lagrangian approach 

involves discrete steps and time segments, and is particularly suitable for tracking the detailed 

movements of single individuals across a landscape. This approach uses statistical differential 

equations to model animal movements, and it generally assumes the animal has no a priori 

knowledge about resource distributions or preferences (e.g., as in statistical inferential 

movement models). The Eulerian approach describes the expected pattern of space used by an 

individual or population, which focuses on how the probability of an individual's occurrence 

(or, if studying a population, the density of animals) can be expected to change through time at 

any given point in space (e.g., as in individual-based models) (Smouse et al., 2010; Nathan et 

al., 2012).  

 

It is important to note that although studying movement from a Lagrangian perspective is 

appealing, as movement paths are direct indicators of the behavioural processes of animals, the 

Lagrangian perspective is necessarily stochastic, and the same pattern of movement paths may 

be generated by different processes (i.e., there is a risk of equifinality; Beven, 2006). A 

limitation of most current statistical inferential models is their assumption that given the 

observed patterns it must be possible to calculate the probability of the process parameters that 

generate such patterns (Hartig et al., 2011). Benhamou (2014) pointed out that complex 

movements correspond potentially to a mixture of multi-scale and multi-mode behaviours, and 

characterising such movements only by considering the shape of distributions of statistical 

metrics (e.g., movement step-length or time) may have limited biological relevance. In short, 

there is a need to derive Eulerian models from Lagrangian descriptions, and/or use Eulerian 
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approaches to corroborate Lagrangian models; bridging the two will advance our ability to 

model animal movements.  

 

1.3 Inferential movement models (IMM) (Chapter 2 and Chapter 3) 

Inferring behaviour from movement data is a process of (biological) signal detection. One way 

to understand movement is via inferential movement models (IMMs), which have become 

popular analytical tools with which to remotely characterise the behaviour of animals (see 

Table 1.1 for a non-exhaustive list of inferential movement models). IMMs seek users to infer 

hidden movement processes from movement data as distinct movement behaviours (Schick et 

al., 2008; Jonsen et al., 2013). One major assumption of IMMs is that the underlying movement 

behaviours follow distinct distributions, selected based on the statistical characteristics of the 

data (Peel & McLachlan, 2000; Jonsen et al., 2013). Such models decompose movement 

trajectories into bouts of the same state behaviour based on movement metrics, such as speed 

and turning angles between successive locational observations (Jonsen et al., 2003). Similar 

movement patterns will be categorised by IMMs into the same behavioural state irrespective 

of the underlying biological processes that produce them (i.e., assuming no equifinality).  

Table 1.1. Summary table of four broad categories of inferential movement models, modified from Gurarie et al. 

(2016).  

Category Method Example 

Segmentation and cluster 

analysis 

k-means clustering  Van Moorter et al., (2010) 

 Bayesian partitioning  Calenge, (2006) 

 Resident time Barraquand & Benhamou, (2008) 

 Maximum predictive 

partitioning 

 

Phillips et al., (2006) 

Movement metrics-based 

analysis 

Fractal analysis Fritz et al., 2003) 

 First passenger time Fauchald & Tveraa, (2003) 

 Tortuosity measures  Bovet & Benhamou, (1988) 

 Straightness index  Postlethwaite et al., (2013) 

Auto-correlation analysis Behavioural change point 

analysis 

Gurarie et al., (2009) 

 Autocorrelation functions Boyce et al., (2010) 

 Wavelet Polansky et al., (2010) 

State-space models Multiple random walk Morales et al., (2004) 

 Ignoring location error McClintock et al., (2012) 

 Accounting for error Breed et al., (2012) 
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State-space models (SSMs) have become the most popular and widely applied IMM with which 

to characterise movement behaviours from the geospatial lifeline of animals (Jonsen et al., 

2003; Morales et al., 2004; Jonsen et al., 2005; Patterson et al., 2009; Jonsen et al., 2013). The 

state-space model is a time-series analysis that probabilistically predicts the future state of a 

system from its previous states via a process model. The SSM mathematically describes how 

observations of the state of the system are generated via an observation model (Patterson et al., 

2008). While such models provide valuable descriptions of how behaviour changes over time 

and space, their effectiveness is limited by prior specification of the movement processes (as 

SSMs assume animals perform CRWs), and often they require extensive knowledge of 

mathematics and computer programming (Patterson et al., 2008; Dalziel et al., 2010; 

McClintock et al., 2012). 

 

Developed by Gurarie et al., (2009), ‘behavioural change point analysis’ (BCPA) is a 

likelihood-based means of objectively detecting latent structural changes in the underlying 

parameters of locational time-series data. BCPA is performed on components of persistence 

and turning velocities that are assumed observations from a continuous-time, Gaussian 

(Ornstein-Uhlenbeck) process. The strength of BCPA techniques is that it is not limited to 

specific movement mechanism. However, the BCPA does not group the resulting behavioural 

bouts into behavioural states.  

 

1.4 Individual-based models (IBM) (Chapter 4 and Chapter 5) 

Individual-based models (IBMs) can simulate the movement of individual animals as they 

interact with the environment and/or one another (DeAngelis & Mooij, 2005; Grimm & 

Railsback, 2005). In such representations individuals behaviour can vary according to their 

state variables (e.g., motion capacity, physical attributes, memory and experience), and the 

environment they live in can be characterised by environmental traits (e.g., resource abundance 

and distribution, habitat types, weather conditions). The dynamics of individuals, populations 

or systems under different individual or environmental scenarios emerge from simulation 

(Grimm & Railsback, 2005), which makes IBM useful for modelling movement without having 

to concentrate on the mathematical tractability of the assumptions (such as assuming the 

likelihoods of underlying processes are mathematically tractable given the observed data).  
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The study of animal movement is, in many cases, the study of decision-making and reciprocal 

animal-environmental interactions and feedbacks. IBMs are well suited for studying such 

questions, because they offer a means of developing a flexible, fully parametric and low cost 

formulation of the processes of animal movements through heterogeneous environments. The 

behavioural responses of animals can be explicitly modelled as functions of their positions in 

space and time (Avgar et al., 2013a), and multiple hypotheses regarding movement processes 

can be tested using an IBM as a ‘virtual lab’ (Zurell et al., 2010).  

 

Currently, most IBMs are, whether implicitly or explicitly, built and evaluated using ‘pattern-

oriented modelling’ (POM), following the protocols developed by Grimm et al. (2005) and 

Grimm & Railsback (2012). POM seeks to identify an appropriate structural design and 

parameterisation of an IBM using summary statistics (‘patterns’) in observed data, which serve 

as ‘filters’, and the likelihood of obtaining the observed data from the IBM with its 

structure/parameters is approximated (Hartig et al., 2011; van der Vaart et al., 2015a). These 

steps allow the linkage of stochastic IBMs to statistical theory and therefore provide a general 

framework for parameter estimation, model selection and uncertainty evaluation. Approximate 

Bayesian computation, or ABC, enables stochastic statistical inference for IBM, and is a 

promising tool for pattern-oriented design of IBMs (Lehmann & Huth, 2015; van der Vaart et 

al., 2015a; Grimm & Berger, 2016).  

 

1.5 Thesis outline  

Given the general importance of understanding the causes and consequences of animal 

movement in heterogeneous environments, and the desire and need to develop efficient 

modelling tools to extract information about behaviour from movement patterns, my thesis 

focuses on using IMMs and/or IBMs to address how intrinsic and extrinsic stimuli affect the 

decisions animals make about movement and the patterns that emerge in response to these 

movements. Specific objectives are to: 

1. Incorporate animal-environmental interactions into movement modelling approaches, 

including both deterministic statistical inferential models and stochastic individual-based 

models;  



9 

 

2. Develop a simple and robust modelling approach for classifying location observations in 

movement trajectories into discrete behavioural modes. 

3. Bridge the Lagrangian and Eulerian approaches in modelling animal movement by 

developing a pattern-oriented framework for IBM model selection and parameterisation. 

Following this introduction the objectives of my thesis are achieved in through four chapters 

(Figure 1.2). 

 

In Chapter 2, I assess the influence of dynamically changing environmental forces on the 

inferences of behavioural states from movement data of grey-faced petrels (Pterodroma 

macroptera gouldi), using a Markov Chain Monte Carlo (MCMC) model and a vector analysis. 

A general conceptual model of the factors that contribute to movement patterns is also 

developed. In this chapter, I illustrate that the behavioural states of the grey-faced petrels 

categorised by the MCMC model were actually a combination of movement behaviour and 

wind displacement. I address the issue that ignoring dynamically changing environment forces 

or assuming them to be constant in space and time (i.e., stationary) can lead to misinterpretation 

of latent behavioural states in IMMs. 

 

In Chapter 3, I develop a simple framework for classifying mutually exclusive behavioural 

states within the geospatial lifelines of animals. This method employs three sequentially 

applied statistical procedures: (1) behavioural change point analysis to partition movement 

trajectories into discrete bouts of same-state behaviours, based on abrupt changes in the 

spatiotemporal autocorrelation structure of movement parameters; (2) hierarchical multivariate 

cluster analysis to determine the number of different behavioural states; and (3) k-means 

clustering to classify inferred bouts of same-state location observations into behavioural modes. 

I demonstrate the application of this method by analysing synthetic trajectories of known 

‘artificial behaviours’ comprised of different correlated random walks, as well as observed 

foraging trajectories of little penguins (Eudyptula minor) obtained by global-positioning-

system (GPS) telemetry. 

 

Chapter 4 employs a rejection-Approximate Bayesian Computation (ABC) method to calibrate 

and evaluate an ecological IBM. Individual-based models (IBMs) have become a popular tool 
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for ecologists to explore ecological systems and the emergent outcomes of individual-level 

behavioural processes. A major challenge in developing individual-based models is in their 

parameterisation. Pattern-oriented parameterisation (POM) is an approach that selects and uses 

multiple patterns to filter out parameter sets that would lead to uncharacteristic or unrealistic 

model behaviour. I demonstrate that rejection-ABC is an appropriate technique for 

parameterisation and structural analysis in POM, and recommend the rejection-ABC as a 

standard POM tool for individual-based modelling, using a case study of black petrels 

(Procellaria parkinsoni). 

 

In Chapter 5, I explore the importance of cognition during animal foraging movements, using 

a continuous-space, continuous-time IBM of animal movement that incorporates perception, 

memory and site fidelity. Using genetic algorithms and machine learning methods, optimal 

cognitive memory and its contribution to foraging success are evaluated under a range of 

landscape characteristics. Two movement processes are compared for their resulting foraging 

efficiencies in the IBM: a simple correlated random walk and cognition-informed movements.  

 

Chapter 6 concludes the thesis by highlighting areas for future development of the modelling 

approach to understand animal movement ecology. 
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Figure 1.2. A summary of the thesis, showing the topic(s) covered by each chapter, and the inter-connections 

among and between the chapters. The orange arrows indicate modelling implications, and the green arrows 

indicate ecological implications.  
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2 

On inferring behaviour from movement in fluid 

environments 

CHAPTER 2: On inferring behaviour from movement environments
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2.1 Introduction  

Understanding the causes and consequences of movement and how it relates to the evolutionary 

fitness, population dynamics, geographic ranges, and sensitivity to global change of organisms 

has become a central theme in ecology and conservation biology (Nathan et al. 2008; Gurarie 

et al., 2016). For free-ranging wild animals, movement data, now most commonly acquired via 

satellite or radio-telemetry, often provide the only available means of understanding the 

cognitive, social, and biological processes that mediate responses to endogenous and 

exogenous stimuli (Forester et al., 2007). Of key interest currently to movement ecologists is 

how to identify latent states of behaviour within the geospatial lifelines of individuals (Morales 

et al., 2004; Jonsen et al. 2005; Patterson et al. 2008; Schick et al., 2008; Cagnacci et al., 2010; 

Nams 2014). Recent decades have witnessed an exponential increase in the development and 

application of inferential movement models (‘IMMs’) to animal-tracking data, including such 

methods as:  first-passage time (Fauchald & Tveraa, 2003, McKenzie et al., 2009, Bailleul et 

al., 2010), positional entropy (Guilford et al., 2004, Roberts et al., 2004), maximum predictive 

partitioning (Phillips et al., 2006), k-means clustering (Schwager et al., 2007, Van Moorter et 

al., 2010), local fractal dimension (Tremblay et al., 2007), moving average (Robinson et al., 

2007), residence time (Barraquand & Benhamou, 2008), time-series segmentation (Dettki & 

Ericsson, 2008), behavioural change point analysis (Gurarie et al., 2009), behavioural 

movement segmentation (Nams, 2014), Gaussian mixture models (Guilford et al., 2008, 

Freeman et al., 2010), recursion analysis (Bar-David et al., 2009), phase-state models (Ares & 

Bertiller, 2010), Fourier and wavelet analysis (Gaucherel, 2011), spatio-temporal segmentation 

(Buchin et al., 2011), finite impulse-response signal-filtering (Boettiger et al., 2011), partial 

sum methods (Knell & Codling, 2012), exponential-segment mixture models (Owen-Smith et 

al., 2012), multi-scale similarity index (Postlethwaite & Dennis, 2013), and state-

space/Markov Chain Monte Carlo models (Sibert et al., 2003, Morales et al., 2004, Patterson 

et al., 2008, Patterson et al., 2009, Dean et al., 2012, Jonsen et al., 2013). IMMs have been used 

to characterise the behavioural patterns of a wide range of organisms inhabiting diverse 

terrestrial and aquatic environments (for a comprehensive review see (Gurarie et al., 2016)). 

 

Describing latent states of behaviour with IMMs essentially is a process of biological signal 

detection, for which behavioural information is represented by geometric relationships among 
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time-indexed spatial coordinates. This process is complicated by the fact that the multiphasic 

endogenous mechanisms that influence movement are hierarchically modulated by factors 

operating over vastly different spatial and temporal scales (see Benhamou 2014; McClintock 

2014), and is further compounded by the inherent stochastic, multivariate, error-prone and 

serially dependent nature of movement data (Turchin 1996; Patterson et al., 2008; Gurarie et 

al., 2015). IMMs discretise individual geospatial lifelines into segments of sequential location 

observations representing bouts of same-state behaviours that are defined by similarities in 

movement metrics such as step-lengths and turning angles; the behaviours underlying these 

distinct movement states are inferred by the statistical properties of the movement metrics (Peel 

& McLachlan, 2000, Jonsen et al., 2013). Similar movement patterns are classified into the 

same behavioural state regardless of the mechanistic processes that generate them. For example, 

sequences of slow and highly directionally variable (i.e., ‘area restricted’) movement often are 

interpreted as being periods of intensive foraging (Barraquand & Benhamou, 2008), whereas 

faster, straighter movement sequences are indicative of commuting, dispersal or migration 

(Bowler & Benton, 2005).  

 

The movement patterns of organisms are influenced both by their intrinsic biological traits and 

the environments in which they live (Nathan et al., 2008). Extending Nathan et al.’s seminal 

‘movement ecology’ paradigm above, I now develop a simple conceptual model of organismal 

movement, which I use in the following paragraph to draw attention to some little-considered 

but potentially critical assumptions of IMMs. Let  
Δx

Δt
  represent either a change in the location 

of an organism (i.e., movement over a discrete time interval t) or, when Δx = 0 and Δt > 0, the 

states of stasis or station-keeping. 
Δx

Δt
  equates to a segment within a time series of locations that 

contains a latent behavioural signal. I consider 
Δx

Δt
 to be a function of all intrinsic biological 

attributes and environmental factors that directly or indirectly influence whether, when, where, 

why, and how the organism moves, so that 

                                                      
Δx

Δt
=  𝑓(𝐼, 𝐸 )                                         Equation 2.1 

Intrinsic attributes (I) represent the inherent biological state of the organism, such as its 

physical characteristics (e.g., size, sex, age), physiological condition (e.g., metabolic rate), 

motion capacity (i.e., means of movement), cognitive (e.g., perception, learning, memory) and 



22 

 

navigational abilities. Two fundamentally different types of environmental factors (E) affect 

organismal movement, which I refer to as ‘stimuli’ and ‘forces’.  

 

Environmental stimuli (Es) are extrinsic entities or events that are detected and responded to, 

such as habitat type, resources, presence of other organisms, etc. that affect movement 

proximally. Environmental forces (Ef) are exogenous agents such as gravity or moving fluids 

(wind or water currents) that accelerate or decelerate an organism so that it is physically 

displaced from the line of movement made by its own exertions. From the organism’s 

perspective, environmental stimuli actively influence movement (fa) by eliciting behavioural 

responses that lead to observable changes in movement states, while environmental forces 

affect movement passively (fp), by displacing individuals from intended paths, as such, equation 

2.1 can be expanded to give 

                                  
Δx

Δt
= 𝑓𝑎(𝐼, 𝐸𝑠, 𝜙) + 𝑓𝑝(𝐸𝑓) +  𝜀                              Equation 2.2 

where 𝜙 represents the inherent stochastic nature of detecting and responding to both internal 

and external stimuli, and 𝜀 is observation error. Note that time is implicitly included in the right 

hand side of this equation, for both intrinsic attributes (e.g., physiological response) and 

environmental factors (e.g., cognitive processing times, diurnal and seasonal cycles). I consider 

that there are four basic types of responses to 𝐸𝑠: attractions, repulsions, random movements, 

and stasis. Together with 𝐸𝑓 these responses operate hierarchically over different temporal and 

spatial scales to collectively determine the form of observed movement paths.  

 

Here I discuss three key assumptions concerning the environmental factors that influence 

animal movement and/or the observational data that are used to characterise movement paths. 

These assumptions are necessary for drawing valid inferences, sensu stricto, about behaviour 

from IMMs:  

a) The first assumption is that 𝜀 is small relative to 𝑓𝑎(𝐼, 𝐸𝑠, 𝜙), which simply means 

that the biological signal-to-noise ratio is sufficiently large to identify behavioural 

variation within 
Δx

Δt
; 

b) A second assumption is that when the contribution of 𝑓𝑝(𝐸𝑓) to  
Δx

Δt
 is small with 

respect to 𝑓𝑎(𝐼, 𝐸𝑠, 𝜙) , it is irrelevant whether the effect of  𝑓𝑝(𝐸𝑓)  on  
Δx

Δt
 is 
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stationary (i.e., invariant in time and space) or non-stationary, as long as 
Δx

Δt
 contains 

a recognisable behavioural signal; 

c) The final assumption is that when contribution of 𝑓𝑝(𝐸𝑓) to  
Δx

Δt
 is large with respect 

to 𝑓𝑎(𝐼, 𝐸𝑠, 𝜙), the effect of  𝑓𝑝(𝐸𝑓) on  
Δx

Δt
 is stationary (such that 𝑓𝑝(𝐸𝑓) = 𝑐 , 

where c is a constant and thus can be ignored), as long as 
Δx

Δt
 contains a recognisable 

behavioural signal. 

 

Otherwise, without assumption (c) it is not possible to differentiate the contribution of 

𝑓𝑎(𝐼, 𝐸𝑠, 𝜙) to  
Δx

Δt
 from that of 𝑓𝑝(𝐸𝑓), and therefore one cannot be confident that the movement 

states inferred by IMMs actually represent behaviour. Assumptions (b) and (c) above generally 

hold true for ground-dwelling animals in terrestrial environment, because 𝑓𝑝(𝐸𝑓) is more of a 

static factor and does not greatly contribute to change in movements, and thus the influence of 

environmental heterogeneity is solely on change in stimuli to which the animal responds (i.e., 

behaviour). Organisms inhabiting fluid environments, such as marine and avian species, are 

typical groups that constantly affected/displaced by ocean currents or wind as they move, and 

the assumptions (b) and (c)  are violated (Yoda et al., 2012, Pennycuick et al., 2013, Amélineau 

et al., 2014).  

 

In this chapter I address the general issue of inferring latent states of behaviour within the 

geospatial lifelines of animals moving in dynamically changing fluid environments. Focusing 

on breeding-season foraging trips of a procellariid seabird (grey-faced petrel, pterodroma 

macroptera gouldi) recorded by precision GPS telemetry, I applied a widely used inferential 

movement model (Markov Chain Monte Carlo – see Morales et al., 2004; Postlethwaite & 

Dennis, 2013) to identify discrete bouts of same-state movement behaviour characterised by 

unique combinations of inter-fix speeds and turning angles. I then estimated the contribution 

of local sea-surface winds (obtained from a hindcast atmospheric model) to the distributions of 

speeds and turning angles that defined the different behavioural states by vector analysis, and 

assessed how the non-stationary effect of the wind vectors on the petrels’ movements changed 

the biological interpretation of their inferred behaviours. Findings from my study have 

important implications for the validity of information about behaviour derived from IMMs 
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when the displacing effect of external fluid forces on animals contributes to a significant 

proportion of their movements.  

 

2.2 Methods 

2.2.1 Study species and site 

Grey-faced petrels (‘GFPs’) are large (460-750 g), burrow-nesting seabirds that breed during 

the Austral winter (egg laying in June, July) in colonies located on islands, mainland headlands 

and peninsulas broadly distributed throughout the upper North Island of New Zealand. Fast 

and powerful fliers that are highly pelagic, GFPs typically forage near or beyond the 

continental-shelf edge over deeper oceanic waters, ranging at sea up to several thousands of 

kilometres from their breeding areas (Imber, 1976, Taylor, 2000). After breeding individuals 

disperse to warmer waters mainly in the North Tasman Sea, but occasionally as far north as the 

Coral Sea. Grey-faced petrels are generalist feeders, solitarily hunting for squid, crustaceans 

and fish captured within 5 m of the ocean surface, sometimes reaching depths of 20 m (Imber, 

1973). Males and females are only weakly sexually dimorphic (body mass of males <5% 

greater than that of females, GT, pers. obs.).   

 

Tracking data were obtained from GFPs nesting in artificial burrows on Ihumoana Island (c. 

1.3 ha; Fig. 1), a highly weathered volcanic plug located in the near-intertidal zone off the 

western coast of the North Island of New Zealand (36o89’ S, 174o43’ E). The colony of GFP 

at Ihumoana comprises approximately 400 burrows and 120 breeding pairs, and has been the 

focus of an intensive on-going demographic study since 1989 (Adams et al., 2005). Prevailing 

winds in the region generally are from the southwest (MacLeod et al., 2008).  

 

2.2.2 Data 

I used modified i-gotU GT-120 GPS archival dataloggers (Mobile Action Technology Inc., 

Taipei, Taiwan; see Kennedy et al., 2015) to record single foraging trips. These units were 

waterproofed by removing their plastic outer casings and replacing them with a single layer of 
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polyethylene terephthalate (‘PET’) heat-shrink wrap (0.5 mm wall thickness; Dongguan Anpry 

Pipe Co. Ltd.). Total weight of the loggers, including the tape used to attach them to the birds 

(see below), ranged from 13.5 to 16.5 g; physical dimensions of the loggers were c. 45 mm × 

25 mm × 8 mm. The loggers were configured to record position estimates at a nominal sampling 

interval of 30 s; at such an interval, they had an expected battery life of c. five days. 

 

GPS dataloggers were deployed on breeding adults (8 male, 5 female) during July 2012 (egg-

guarding stage) and August 2013 (early chick-rearing stage). Individuals to be fitted with GPS 

units were selected randomly, with the restriction that all study birds were > 450 g, to ensure 

that the data-loggers did not exceed 3% of body weight (Phillips et al., 2003;  Freeman et al., 

2010). GPS units were attached dorsally between the wings using 5 – 7 strips of waterproof 

TESA tape (Wilson et al., 1997). Following deployment of the loggers, birds were returned to 

their burrows and thus initiated the ensuing foraging trip at their own discretion. Burrows were 

checked daily to recover the tracking units. Individuals were re-captured with the aid of one-

way plastic gates fitted at the burrow entrance and then the GPS devices were removed to 

retrieve the data stored in the loggers’ on-board memory. No significant difference was found 

in the mean body weight of the birds before and after the birds’ foraging trips (�̅�= -10.0 ± 5.9 

g; paired t-test, df = 12, P-value = 0.13). 

 

Information describing the velocity and bearing of sea-surface winds contemporaneous with 

the petrels’ foraging trips was acquired from a hindcast deterministic atmospheric model 

available from MetOcean Solutions Ltd (http://www.metocean.co.nz/). This dataset was 

generated using the National Oceanic and Atmospheric Association’s (NOAA) Climate 

Forecast Systems Reanalysis data (Saha et al., 2010) to initialise and set the lateral boundary 

for a sequence of regional Weather Research and Forecasting ARW model runs (Skamarock et 

a., 2008), which assimilate observational data. The resulting time series of wind vectors, in the 

form of an ordered sequence of raster surfaces having a temporal and spatial granularity of 1 h 

and c. 12-15 km (depending on latitude), respectively, were the highest-resolution wind data 

available for my study area and period. From these rasters of regional wind information, the 

speed and direction of sea-surface winds at the locations of all GPS fixes comprising the petrels’ 

foraging trips were estimated, using the ‘Extract Values to Points’ geoprocessing tool available 

in the Spatial Analyst extension of ArcMap v. 10.3. The sampling interval of the petrels’ 
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foraging trips (nominally, 30 s) differed markedly from that of the corresponding wind-vector 

rasters (1 h); I note that the observation scale of study thus is equivalent to the temporal 

resolution of the wind data. Circular mean and circular variance of the speeds and bearings of 

sea-surface winds were estimated for the locations of the petrels’ position fixes during 2012 

foraging trips were 10.1 ± 2.1 m ∙ s-1 and 89.0 ± 12.0o, respectively; for the 2013 trajectories, 

these values were 12.3 ± 2.5 m ∙ s-1 and 255.5 ± 5.5o, respectively. 

 

2.2.3 Analysis 

To facilitate calculation of movement metrics, prior to MCMC modelling all tracking data 

originally recorded by the GPS loggers in latitude and longitude format (World Geodetic 

Survey 1984) were converted to planar eastings and northings in New Zealand Transverse 

Mercator coordinates using the PROJECT tool in ArcMap v. 10.3 (ESRI, 2012). A running-

median smoothing filter was then applied separately to the time series of each foraging 

trajectory’s eastings and northings of each foraging trajectory (Tukey, 1977) with a sampling 

window of n = 3 sequential observations using the ‘moving’ function in MATLAB v. R2012b 

(The MathWorks, Natick, MA, USA) (Tukey, 1977, Roshier et al., 2008); this was done to 

reduce possible signal noise (and thus the chance of misclassifying the true behavioural state) 

due to the occasional large ‘spike’ location errors of GPS fixes (Hurford, 2009). Median filters 

are considered to be ‘ideal’ smoothers of spikey time-series data (Evans, 1982), and are the 

preferred choice for Markov processes (Bednar, 1983), which form the framework of my 

behavioural model. A sampling window of three location observations is sufficiently large to 

exclude single outliers, but small enough to avoid the ‘staircase effect’ shape inherent in 

median smoothing (Lind et al., 2005). 

 

I used a switching Monte-Carlo Markov-Chain (‘MCMC’) algorithm to fit models of multiple 

correlated random walks (as in Morales et al., 2004) to the petrels’ foraging trajectories, which 

allowed us to objectively classify every location observation within an individual’s foraging 

trajectory into one of several possible mutually exclusive behavioural states (see below), each 

characterised by unique distributions of step lengths and the absolute values of relative turning 

angles (hereon ‘turning angles’). MCMC is one of the most commonly used means of inferring 

modes of behaviour from variation in patterns of movement (e.g., (Johnson et al. (2008), 
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Patterson et al. (2009), Postlethwaite and Dennis (2013))and is well suited for analysis of 

animal-tracking data, in which behaviour itself is never directly observed and sequential data 

points are usually non-independent (Dean et al., 2012). I now present a brief explanation of the 

model. For a data set of movement rates r~(r1, ... ,rN), and turning angles φ~(φ1, ... , φN), the 

likelihood of observing the data is given by the density function  

                                              𝑃(𝑟, 𝜑|𝜃, 𝐼) = ∏ 𝑓(𝑟𝑗, 𝜑𝑗|𝜃𝐼𝑗)
𝑁
𝑗=1                         Equation 2.3 

where 𝑓 is a probability density function for 𝑟𝑗 and 𝜑𝑗 at one step in the time series of data, 𝜃 

= ( 𝜃1, .. . , 𝜃k) is a vector of parameters, where k is specified and is the number of different 

behavioural states in the model. Each hi is a vector of parameters describing the random walk 

model in each of the k behavioural states. The vector I = (I1, ... ,IN) describes the behavioral 

state at each timestep, and each Ij ϵ {1, ... ,k]. 

 

Following Morales et al. [5], I use 

                                         𝑓(𝑟𝑗, 𝜑𝑗|𝜃𝐼𝑗) = W(rj|aIj, bIj)C(𝜑𝑗 | µIj, ρIj )             Equation 2.4 

Where 

                                                    W(x|a,b) = abxb-1exp( -axb),  x ≥ 0, a,b ≥ 0          Equation 2.5 

 is a Weibull distribution and  

                        C(φ|µ,ρ) = 
1

2𝜋

1−𝜌2

1+𝜌2−2𝜌 cos (φ− μ)
,  0 ≤ φ, µ ≤ 2π, 0 ≤ ρ ≤ 1                Equation 2.6 

is a wrapped Cauchy distribution. Thus for each i ϵ l, …, k, the vector 𝜃 = (ai,bi,µi,ρi) are the 

parameters describing the random walk in each behavioural states. Classification of individual 

location observations into hypothesised behavioural states is achieved through comparison of 

state transition/emission probabilities (Patterson et al., 2009). 

 

Prior to the MCMC procedure a maximum likelihood method was used to determine the 

number of distinct behavioural states within each petrel’s foraging trajectory, as in (Dean et al., 

2012). MCMC was implemented within the software WinBUGS 1.4 (Spiegelhalter et al., 1999); 

parameters were initialised using k-means clustering (Leggetter & Woodland, 1995) and 

optimised through unsupervised training using the Baum-Welch algorithm (Rabiner, 1989). 
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For detailed descriptions of the MCMC technique applied to animal-movement data see 

(Morales et al., 2004, Postlethwaite & Dennis, 2013).  

 

I assessed the contribution of local sea-surface winds to the statistical interpretation of the 

movement metrics characterising the inferred behavioural states through vector analysis of the 

petrels’ flight trajectories and the corresponding wind data. From the petrels’ foraging tracks 

and the speed and bearing of the wind data I calculated each bird’s displacement relative to the 

sea surface (ground velocity or 𝑉𝑔⃑⃑⃑⃑  ⃑) and the wind speed and direction (wind velocity or  𝑉𝑤⃑⃑⃑⃑⃑⃑ ) 

(Liechti, 2006, Shamoun-Baranes et al., 2007). Wind direction here is defined as the direction 

that the wind blows to (rather than from), specified in this manner for easier comparison with 

the bird’s flight direction. Wind velocity can be decomposed into two perpendicular vectors, 

equivalent to the Xw (𝑋𝑤⃑⃑⃑⃑⃑⃑ ) and the Yw (𝑌𝑤⃑⃑ ⃑⃑  ⃑) components mentioned above. Air velocity (𝑉𝑎⃑⃑⃑⃑  ⃑) 

describes a bird’s displacement with respect to air flow; air velocity was calculated by 

subtracting the wind vector (𝑉𝑤⃑⃑⃑⃑⃑⃑ ) from the observed ground vector (𝑉𝑔⃑⃑⃑⃑  ⃑), such that 𝑉𝑎⃑⃑⃑⃑  ⃑ + 𝑉𝑤⃑⃑⃑⃑⃑⃑  = 

𝑉𝑔⃑⃑⃑⃑  ⃑ (Liechti, 2006, Shamoun-Baranes et al., 2007). In other words, the direction of 𝑉𝑎⃑⃑⃑⃑  ⃑ indicates 

the bird’s intended heading, while the direction of 𝑉𝑔⃑⃑⃑⃑  ⃑ designates the bearing of the ground 

velocity.  Distributions of speeds and turning angles defining the behavioural states were 

calculated from 𝑉𝑎⃑⃑⃑⃑  ⃑.  To demonstrate how (𝑉𝑤⃑⃑⃑⃑⃑⃑ ) can affect inferred patterns of behaviour I 

applied the MCMC model to the speeds and relative turning angles of Va for two exemplar 

foraging trajectories. Differences in these distributions before and after removing the 

contribution of wind to the flight vectors were assessed using Permutational Multivariate 

Analysis of Variance (‘PERMANOVA’), a non-parametric analogue to multivariate analysis 

of variance that operates on similarity matrices (Anderson, 2001, McArdle & Anderson, 2001). 

Unless otherwise stated, statistical values are reported as means ± standard errors (SE).  

 

2.3 Results 

2.3.1 Foraging trips 

All foraging trips of the petrels recorded by the GPS loggers were complete, round-trip 

excursions (Table 2.1). Trip durations ranged from 6.3 h to 57.9 h; numbers of position fixes 

recorded during the foraging trips varied between 711 and 5,964. The mean fix success rate 
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(i.e., the proportion of scheduled GPS location estimates that were actually obtained) of the 

GPS loggers was 90.3 ± 2.6% (range from 0.71 – 0.99), while mean observed sampling 

intervals of the loggers ranged from 30.2 s to 42.7 s, therefore the temporal resolution of the 

petrels’ movement trajectories was high. Total distance travelled by the petrels during the 

foraging trips varied between 150 and 1,094 km; the maximum distance from the breeding 

colony reached by an individual was c. 216 km. 
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Table 2.1. Summary attributes of GPS-datalogger deployments and foraging trips of grey-faced petrels from Ihumoana Island, New Zealand, July 2012, and August 2013. 

 

 

ID Sex Deployment date Trip duration (h) No. of locations Mean sampling Interval (s) Total distance travelled (km) Maximum distance  

from colony (km) 

12.1 M 17.07.2012 6.3 711 32.9 150.0 63.0 

12.2 M 21.07.2012 10.4 1106 35.6 176.4 56.1 

12.3 M 17.07.2012 6.5 719 34.3 181.1 71.8 

12.4 M 21.07.2012 9.5 1142 30.1 186.7 58.0 

12.5 F 23.07.2012 10.0 855 42.7 188.3 51.1 

12.6 F 20.07.2012 57.9 5964 35.0 1094.2 215.8 

12.7 F 20.07.2012 9.9 1046 34.4 233.1 73.3 

12.8 F 20.07.2012 37.0 4412 30.2 360.8 83.2 

12.9 M 17.07.2012 8.4 919 33.3 230.9 95.4 

13.1 M 11.08.2013 10.4 1289 37.6 208.1 40.7 

13.2 F 18.08.2013 11.4 1042 39.4 253.0 50.9 

13.3 M 11.08.2013 10.9 1045 37.6 224.1 34.0 

13.4 M 11.08.2013 11.2 1010 40.2 282.2 69.6 

Mean ( ± SE) 15.4 ± 4.1 1635.4 ± 448.3  35.5 ± 1.1 289.9 ± 68.7  74.1 ± 12.7  
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Outward journeys of the petrels as they left the breeding colony to forage at sea generally were 

oriented west/north-westward, with initial bearings ranging from 225o to 330o (Figure 2.1). 

Most individuals travelled beyond the edge of the insular shelf off the coast of the North Island 

to pelagic waters up to 1250 m in depth and at least 50 km from the colony. Upon reaching the 

insular shelf the flight paths of the petrels generally became more sinuous, suggesting that they 

began to search for food. One bird (‘12.6’), which had the longest-duration foraging trip,  

ventured much farther to sea, flying long sweeps for approximately 80 – 120 km parallel to the 

coastline before returning to the breeding colony. The bearings of return flights to the colony 

were highly variable.  

 

Figure 2.1. Summary attributes of GPS-datalogger deployments and foraging trips of grey-faced petrels from 

Ihumoana Island, New Zealand, July 2012, and August 2013. The nominal sampling interval of the loggers was 

1 fix ∙ 30s -1. The location of the study colony on Ihumoana Island is indicated by the white square.  Source of 

background bathymetry image: NZ 250m gridded bathymetric data set and imagery, CANZ (2008), NIWA 

(NIWA 2008).    
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2.3.2 Interpretation of behavioural states 

Maximum-likelihood analysis of the petrel’s foraging trajectories suggested that at-sea 

movements were mostly parsimoniously described by three distinct behavioural states, each 

defined by unique combinations of speeds and turning angles (Figure 2.2). 𝑉𝑔⃑⃑⃑⃑  ⃑ of State 1 is 

characterised by low speeds (�̅� = 1.3 ± 0.2 m/s) and high turning angles (�̅� = 38.4 ± 1.2o), 

indicative of resting on the sea surface during which movement results from passive 

displacement by wind and/or water currents, and/or prolonged periods of area-restricted ‘dive’ 

foraging characteristic of the species (Imber, 1973). 𝑉𝑔⃑⃑⃑⃑  ⃑ of State 2 is defined by moderate flight 

speeds (�̅� = 5.4 ± 0.2 m/s) and intermediate variation in flight direction (�̅� = 25.8 ± 1.4o), 

suggestive of behaviours associated with active searching for surface prey or tacking 

movements into headwinds. 𝑉𝑔⃑⃑⃑⃑  ⃑ of State 3 is classified by comparatively fast (�̅� = 10.9 ± 0.06 

m/s) and straight (�̅�  = 13.5 ± 0.8o) bouts of sustained flight, significative of commuting 

behaviour between the breeding colony and oceanic feeding grounds. Emission probabilities 

for remaining in the current behavioural state were strongly invariant within individual bouts 

of same-state behaviour (�̅� = 0.8 ± 0.0, 0.9 ± 0.0, 0.9 ± 0.0 for States 1, 2, and 3, respectively); 

discrete changes were common only at the transitions between different behavioural modes.  

 

Proportions of behavioural states classified by the MCMC model varied markedly among 

individuals but some general trends were evident (Table 2.2). State 1 behaviour 

(resting/foraging on the ocean surface indicative of searching or tacking into the wind) varied 

between 7.6–67.5% of all observations (�̅� = 27.2 ± 4.8%), State 2 (directionally variable flight) 

between 26.0–69.7% (�̅� = 44.3 ± 3.5%), and State 3 behaviours between (commuting flight) 

5.7–53.0% (�̅� = 28.4 ± 3.9%) of all observations. On average, there were 2.1 ± 0.3, 3.0 ± 0.4, 

1.7 ± 0.4 bouts per hour of State 1, 2 and 3 behaviours, respectively. The grand mean rate of 

change of all inferred behavioural states was 6.8 ± 0.8 bouts per hour.  
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Table 2.2. Summary attributes of mutually exclusive behavioural states inferred by a MCMC movement model. Definitions: State 1 = sitting on sea surface (i.e., 

resting/foraging); State 2 = slower/more directionally variable flight; State 3 = faster/straighter flight. 

 

ID 
Proportion of all observations (%) Mean no. state changes ∙ h-1 

 

Mean no. bouts ∙ h-1 

State 1 State 2 State 3 State 1 State 2 State 3 

12.1 7.6 58.3 34.1 6.4 1.9 3.0 1.5 

12.2 40.8 44.3 14.9 3.9 1.8 1.7 0.5 

12.3 9.9 37.0 53.0 8.4 1.6 3.3 3.6 

12.4 18.7 51.0 30.4 4.3 1.3 2.0 1.0 

12.5 30.4 36.6 33.0 6.8 1.3 3.4 2.2 

12.6 31.6 45.9 22.5 6.3 2.1 2.9 1.2 

12.7 19.5 69.7 10.9 5.6 2.8 2.6 0.3 

12.8 67.5 26.9 5.7 4.9 2.3 2.4 0.2 

12.9 28.5 26.0 45.4 5.9 2.6 0.7 2.6 

13.1 29.5 37.6 12.9 12.5 5.6 6.2 0.6 

13.2 16.7 48.1 35.2 9.3 1.5 4.7 3.3 

13.3 24.9 36.9 38.2 10.7 1.7 5.1 3.9 

13.4 8.6 58.0 33.4 3.5 1.3 1.3 0.9 

Mean ( ± SE) 27.2 ± 4.8 44.3 ± 3.5 28.4 ± 3.9 6.8 ± 0.8 2.1 ± 0.3 3.0 ± 0.4 1.7 ± 0.4 
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Figure 2.2. Boxplots of the speed and relative turning angle of the three behavioural states inferred by MCMC 

model for the ground observation and air vectors.The line in the middle of the each box was the median value, 

and the cross represents the mean value.
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Sequences of inferred behavioural states differed markedly between foraging trajectories 

collected during 2012 and 2013 (Figure A.1 in Appendix A, see Figure 2.3 for two example 

trajectories). In 2012, when prevailing winds in the region were from the east, State 3 (was the 

dominant mode of behaviour inferred for outward (i.e., seaward) segments of foraging trips, 

whereas for landward segments State 2 was most prevalent, until returning birds neared the 

colony, when State 3 again became the dominant behavioural mode. This transition to State 3 

behaviours likely occurred because the birds were leeward of land and thus the force of the 

prevailing easterly winds was weaker. Bouts of State 1 behaviour typically were observed 

irregularly at the terminal segments of foraging trajectories, when the birds were farthest from 

the colony. During 2013, when prevailing winds were from the west, the sequence of dominant 

behavioural modes within the foraging trajectories was opposite that observed for the 2012 

trajectories: seaward legs were dominated by State 2 behavioural states and homeward legs 

were dominated by State 3 behaviour.  Differences in the general order of inferred behavioural 

states observed between the 2012 and 2013 foraging trips demonstrate the strong contribution 

of an external fluid force (in this case, wind) toward definition of the latent behaviours driving 

patterns of movement: not all movements of animals can be attributed to behavioural decisions, 

and therefore state definitions of the behaviour of animals moving in fluid media such as wind 

or water can contain ‘environmental’ signals.     

 

2.3.3 Effects of fluid environment  

I found that the local sea-surface winds exerted a strong influence on the values of the 

movement metrics that were used to define the inferred behavioural states. For State 1 

(sitting/foraging), the mean speed of 𝑉𝑎⃑⃑⃑⃑  ⃑ (i.e., the air velocity once the effect of the wind was 

subtracted) was �̅� = 10.8 ± 0.5 m/s, 731.9% higher than that of  𝑉𝑔⃑⃑⃑⃑  ⃑ (velocity of the observed 

foraging trajectories), while the mean relative turning angle was �̅� = 4.1 ± 0.9o, 89.2% lower 

than values of 𝑉𝑔⃑⃑⃑⃑  ⃑ (Figure 2). For State 2 (slow and torturous flying), the mean speed of  𝑉𝑎⃑⃑⃑⃑  ⃑ 

was �̅� = 12.8 ± 0.5 m/s, 138.9% higher than value of 𝑉𝑔⃑⃑⃑⃑  ⃑, and mean relative turning angle was 

�̅� = 10.5 ± 1.3o, 59.5% lower than values of 𝑉𝑔⃑⃑⃑⃑  ⃑. For State 3 (fast and straight flying), the speeds 

(�̅� = 11.8 ± 0.5m/s, 8.0% higher than value of 𝑉𝑔⃑⃑⃑⃑  ⃑) and relative turning angle (�̅� = 13.9 ± 1.4o, 

3.2% higher than values of 𝑉𝑔⃑⃑⃑⃑  ⃑) of 𝑉𝑎⃑⃑⃑⃑  ⃑ were least affected by wind. In Figure 3c, I demonstrate 

with two examples how the sequences of behavioural states inferred by the MCMC model 
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changed after 𝑉𝑤⃑⃑⃑⃑⃑⃑  had been subtracted from 𝑉𝑔⃑⃑⃑⃑  ⃑  (i.e., using 𝑉𝑎⃑⃑⃑⃑  ⃑  as the inputs of MCMC). 

Results of the PERMANOVA test indicated that mean 𝑉𝑔⃑⃑⃑⃑  ⃑ of the two flying behavioural states 

differed significantly (PERMANOVA: p = 0.001, F = 34.2, number of permutations = 999) in 

the two-dimensional analytical space (turning angle and speed). Following removal of the 

effect of  𝑉𝑤⃑⃑⃑⃑⃑⃑  via vector subtraction, however, the mean 𝑉𝑎⃑⃑⃑⃑  ⃑ of States 2 and 3 did not differ 

significantly (PERMANOVA: p = 0.21, F = 1.4, number of permutations = 999). For 𝑉𝑎⃑⃑⃑⃑⃑⃑  of 

States 2 and 3, the movement metrics, statistical definitions, and thus behavioural 

interpretations of States 2 and 3 were indistinguishable.    
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Figure 2.3. a) Example foraging trips of grey-faced petrels depicting behavioural states inferred for individual 

position fixes from MCMC model before the application of vector analysis. Red arrows denote direction of 

movement. Wind roses in the lower left of each panel show the distributions of speeds and bearings (i.e., source 

direction) of concurrent sea-surface winds (at 1-h temporal resolution). Behavioural states are indicated by the 

same colour scheme as in Fig. 2. The bar charts at the top represent the time series of behavioural states over the 

entire trip b) Close-ups of the tracks within the red circles in panel ‘a’. Red arrows depict the birds’ direction of 

movement; dashed blue arrows indicate wind direction. 3) The behavioural states inferred for individual position 

fixes from MCMC model after the application of vector analysis. 
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2.4 Discussion 

This study shows that the states of behaviour as revealed by an IMM of animals moving in a 

fluid environment reflect biological signals of active behaviour as well as a physical signal of 

passive displacement caused by an external force. Movements generated by external forces can 

substantially alter the interpretation of behaviours derived from IMMs. Prior to application of 

vector analysis, three discrete modes of activity were identified within the foraging trajectories 

of the petrels by the MCMC model: a sitting/foraging, slow/directionally variable flight, and 

fast/comparatively straight flight. Differences between the mean speeds and relative turning 

angles of the two flying states were greatly reduced after the effect of the wind on the petrels’ 

movements was subtracted by vector analysis. In this way, I was able to partly quantify the 

contribution of a spatio-temporally heterogeneous fluid environmental force on the behavioural 

patterns of the foraging petrels. My study demonstrates the importance of considering the effect 

of the environment when modelling the behaviour of volant and aquatic organisms – ignoring 

such effects may result in misunderstanding of the major determinants of behaviours and their 

underlying mechanistic processes. 

 

2.4.1. Interpretation of behaviour 

I found that the foraging trajectories of the petrels were greatly influenced by the displacing 

effect of the local sea-surface winds. By comparing the distributions of speeds and relative 

turning angles between the air and ground vectors of the petrels’ movement paths I was able to 

estimate the magnitude of the wind’s influence on the movement metrics that were used to 

define the inferred behavioural states, and to provide a more biologically realistic definition of 

the petrels’ behavioural patterns. Following vector analysis, the differences between the mean 

speeds and RTAs of the two flying behavioural states (2,3)  were much smaller than those of 

the observed tracking data. My study also shows that of the two movement metrics that were 

used for classification of the behavioural states, local sea-surface winds had a stronger effect 

on flying speeds that on flight directions for both State 2 and State 3 observations (mean speed 

was increased by 139.9% and 8.0% for State 2 and State 3, respectively, and mean RTA were 

reduced by 59.5% for State 2 and increased by 3.2% for State 3, respectively, after vector 

analysis). After the effect of wind was removed from state 1 observations, the net speed of the 

air-velocity increased from 1.3 ± 0.2 m/s to 10.8 ± 0.5 m/s, which reflect the situation if the 
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petrels were floating in the air in state 1, hence our vector analysis for state 1 observations 

provide little biological relevance compare to that of State 2 and State 3 observations. There 

are two reasons why the speed increase after vector analysis was unrealistic in reality: 1) The 

petrels were resting or foraging on water, and the influence of wind to them are largely reduced 

by the fact that they might be (partially) submerged in water; 2) Petrels were resting or foraging 

near water-air boundary, and the speed of the wind was much reduced due to the boundary 

effect. 

 

State 2 observations were more affected by the local sea-surface winds than were State 3 

observations, as the changes in the magnitude of both speed and RTAs were larger for State 2 

after removal of the effect of the wind by vector subtraction. These findings indicate that for 

State 2, the petrels had to overcome the wind displacements against their intended flying 

direction (with mean difference between the bearing of bird wind = 114.2 ± 0.5o), and that they 

were less affected by wind in State 3 (mean difference between bearing of bird and wind = 74.6 

± 0.5o). If a petrel’s intended flying direction was counter to that of the wind direction, the 

flight speed of the bird would be reduced, and the location observation would be classified into 

State 2 behaviour – the slow flying state – by the MCMC model; If the bird’s intended flight 

direction was similar to the wind bearing, the bird’s ground velocity would increase (Spear & 

Ainley 2008; Adams & Flora 2010; Amélineau et al. 2014), and such locations observations 

would be classified as State 3. The different weather conditions that occurred during the 2012 

and 2013 observational periods provided a convenient natural experiment that demonstrated 

the predominate effect of the wind on the two inferred states of behaviour representing flight. 

Comparing the movement patterns of petrels between these two years, the sequence of 

behavioural states and the primary flight bearings of these states were reversed between the 

two years; this was a result of the different (almost opposite) direction of the prevailing winds 

during the two study periods. Such a finding provides additional strong evidence that 

interpretation of behaviours inferred by the MCMC model were subject to the effect of a fluid 

external force. 

 

2.4.2 Inferring behaviour from IMMs 
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Vector analysis can be used as a post hoc means of interpreting the results of IMMs with 

regards to environmental factors that may influence movement. When animals move in fluid 

media, the behavioural states inferred by IMMs alone are not sufficient to represent true 

internal states (Patterson et al., 2008; Bestley et al., 2012; Breed et al., 2012). In my study, 

vector analysis was required to partly normalise the influence of the wind for a more accurate 

classification of the petrels’ behaviour.  It is worth noting that some movements of animals are 

in response to decisions they make regarding how to deal with temporally and spatially variable 

environmental displacing forces (e.g., tacking: Weimerskirch et al., 2000; González-Solís et 

al., 2007), changing flying height (Spear et al., 2001), and utilising landscape features for 

venturi effects or boundary layers as a means of optimising flight paths (Mateos & Arroyo, 

2011). It can be difficult to differentiate the movements generated by displacement due to 

environmental forces from those made actively by animals in response to stimuli, an issue 

which obviously will confound interpretations of behaviour, until there is developed a richer 

understanding of underlying cognitive mechanisms (Fagan et al., 2013; Tarroux et al., 2016). 

I recommend that to realistically describe the movement behaviour of animals in fluid media, 

environmental factors, whenever possible, should be incorporated in IMMs (see Morales & 

Ellner, 2002; Patterson et al., 2008; Patterson et al., 2009; Jonsen et al., 2013). This can be 

achieved either by addition of environmental covariates directly into the model (as in Morales 

& Ellner, 2002; Patterson et al., 2009), or from a post hoc approach, such as by vector analysis. 

 

2.4.3 Limitations and recommendations for future studies 

Matching observation and processes scales when modelling animal behaviour can be 

challenging, and is considered to be a general limitation for inferring behaviour within 

movement trajectories collected by remote tracking devices (Frair et al., 2005; Bradshaw et al., 

2007; Thiebault & Tremblay, 2013; Benhamou, 2014). In my study, truly accurate estimation 

of the influence of environmental forces on the inferred behavioural states would have required 

that the tracking and wind data were of the same spatio-temporal resolution, and sufficiently 

fine-grained to identify all bouts of distinct  behavioural states  (Patterson et al., 2008; Avgar 

et al. 2013; Postlethwaite & Dennis, 2013). I was able to compare the effect of the wind on the 

petrels' behaviour because local wind speeds and bearings during both the 2012 and 2013 

observational periods were highly consistent. Ideally, animal-tracking and environmental data 

should be of the same spatio-temporal resolution when modelling statistical associations. 
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Modern technologies for wildlife telemetry now permit characterisation of the movements of 

an increasingly larger pool of animals at decreasingly smaller spatial and temporal scales; 

however, the resolution of available environmental data has lagged that of tracking data by 

several orders of magnitude, as such data are not yet recorded contemporaneously with tracking 

data (Avgar et al., 2013; Postlethwaite & Dennis, 2013), but rather acquired from other sources. 

Biotelemetry devices that can simultaneously collect animal-movement and environmental 

data are now technologically feasible. Such data sets could be used either as covariates in IMMs, 

or, in some cases as in this study, with vector analysis to better interpret behaviours (Kays et 

al., 2015). 
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3.1 Introduction 

Characterising patterns of behaviour within the movement trajectories of individuals now is a 

central theme in animal ecology (Almeida et al., 2010, Merrill et al., 2010, Miller et al., 2012). 

The geospatial lifelines of animals commonly exhibit multiphasic states of behaviour that can 

be discriminated by distinct geometric combinations of derived movement attributes such as 

speed and turning angle (Bartumeus et al., 2005, Jonsen et al., 2007, Patterson et al., 2008, 

Breed et al., 2009). Methods to infer patterns of behaviour within animal-tracking data sets 

include state-space models (Morales et al., 2004, Jonsen et al., 2005, Patterson et al., 2008), 

first passage time (Fauchald & Tveraa, 2003), maximum entropy (Edrén et al., 2010), 

positional entropy (Guilford et al., 2004), phase-state models (Ares & Bertiller, 2010), 

maximum predictive partitioning (Calenge, 2006), local fractal dimension (Tremblay et al., 

2007), Gaussian mixture models (Guilford et al., 2008), partial sum method (Knell & Codling, 

2012), exponential-segment mixture models (Owen-Smith et al., 2012),  and the multi-scale 

straightness index (Postlethwaite et al., 2013). Many of these methods are conceptually 

complex and computational challenging, however, which limits their accessibility to would-be 

practitioners (Johnson et al., 2008, Patterson et al., 2008, Gurarie et al., 2009, Dalziel et al., 

2010, McClintock et al., 2012).   

 

Developed by Gurarie et al. (Gurarie et al., 2009), ‘behavioural change point analysis’ (BCPA) 

is a likelihood-based means of detecting latent structural changes in the parameters underlying 

locational time-series data. BCPA is performed on components of persistence- and turning-

velocity from a continuous-time, Gaussian (Ornstein-Uhlenbeck) process. The method works 

by sweeping an analytical window over a geospatial lifeline, identifying elements (‘change 

points’) in the time series where changes in the autocorrelation structure are abrupt. Change 

points in trajectories are assumed to correspond to discrete shifts in modes of behaviour; many 

other methods for modelling patterns of behaviour in animal-tracking data are based on this 

principle (Guilford et al., 2004, Morales et al., 2004, Ares & Bertiller, 2010, Postlethwaite et 

al., 2013). Advantages of BCPA include its robustness to the missing observations and 

measurement errors that are common in animal-movement data, its computational efficiency 

and comparative ease of implementation, and its ability to reveal structure in animal-tracking 

data without prior assumptions regarding the distributions of movement parameters. The 

method has been applied to several studies of birds and mammals (Kranstauber et al., 2012, 

Dominoni et al., 2014, Fleming et al., 2014). Unlike most other means for inferring changes in 
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behaviour in movement trajectories, however, BCPA does not classify the individual locations 

comprising animal-tracking data into one of a pre-determined number of mutually exclusive 

states (Nams, 2014). This characteristic limits the biological interpretability of individual bouts 

of behaviour identified by the procedure, and presents challenges for subsequent analysis of 

BCPA outcomes using standard statistical methods for categorical data (as in Dean et al., 

(2012)).  

 

The most commonly used means of classifying observations or events into discrete groups or 

categories is k-means cluster analysis (Tryon, (1939), MacQueen (1967)). This method 

encompasses a number of different fitting algorithms that aim to partition n observations into 

k groups, where individual observations are assigned to respective categories (‘clusters’) in 

such a manner that the degree of association between two observations is maximal if they 

belong to the cluster and minimal otherwise. Algorithms for k-means cluster analysis require 

that the number of clusters (groups) be specified a priori. Comparatively well-known and 

computationally simple, k-means clustering is a simple and effective procedure for grouping 

bouts of animal behaviour into homogenous same-state classes. Previously, k-means clustering 

has been used to group the individual location observations of animal-movement trajectories 

into different behavioural modes (Schwager et al., 2007, Van Moorter et al., 2010, Hanks et al., 

2011); however, applied in this manner the method neglects useful information about temporal 

autocorrelation structure that realistically represents behavioural processes.  

 

In this study, I extend the utility of BCPA, by combining it with k-means clustering to develop 

a procedure for classifying the location observations comprising animal-movement trajectories 

into distinct, mutually exclusive states of behaviour. The aims of the study are to: (1) evaluate 

the ability of the method to correctly classify behaviours, using simulated movement 

trajectories in which the ‘true’ states are known; and (2) demonstrate the operation and utility 

of the approach, by applying it to high-resolution foraging tracks obtained by GPS telemetry, 

in a case study of the Little Penguin (Eudyptula minor). My ultimate intention is to describe a 

simple yet efficient means of exploring the behavioural patterns of free-ranging animals.  
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3.2 Methods 

3.2.1 Study species and site  

The little penguin is the smallest of all sphenisciforms; adults weigh ca. 1 kg. The species is 

widely distributed along the coastlines of southern Australia, as well as the North, South, 

Stewart, and Chatham Islands of New Zealand. Primarily nocturnal when at their colonies 

where they nest close to the shore in burrows, little penguins mainly are found within 25 km 

of land during the breeding season, but are known to travel farther when not breeding 

(Marchant & Higgins, 1990). Adults spend most of the year at sea, but during the breeding 

season they form pair bonds and alternately undertake short foraging trips that range in length 

from one to seven days (Kinsky & Falla, 1976). I chose little penguins as the study species 

because comparatively little is known about their at-sea behaviour (Gales et al., 1990, Mattern, 

2001), their non-threatened conservation status, and the ease with which the study colony could 

be accessed (Bull, 2000, Mattern, 2001).  

 

Our study was conducted in November 2012 on birds from a large colony (>200 breeding pairs) 

located on Matiu/Somes Island (41.26 S, 174.87 E), a 25- ha pest-free wildlife reserve 

administered by the New Zealand Department of Conservation that is centrally located in 

highly urbanised Wellington Harbour. Permission for the study was granted by the New 

Zealand Department of Conservation (Permit number: WE-34306-FAU); all capture and 

handling protocols were approved by the University of Auckland's Animal Ethics Committee 

(AEC/001043). 

 

3.2.2 GPS telemetry  

I used archival GPS data-loggers (‘i-gotU GT120’, Mobile Action Technology) to track the 

movements of the study animals. Units were waterproofed by sealing them in a single layer of 

plastic (polyethylene terephthalate, ‘PET’) heat-shrink wrap (0.5 mm wall thickness; 

DONGGUAN ANPRY PIPE Co. Ltd.). The loggers were ca. 45mm x 25 mm x 8 mm; total 

weight including the tape used for attachment ranged between 12.3 g and 15.5 g, comprising 

1.1% to 1.8% of the weight of the study birds (900 g to 1250 g). GPS receivers were configured 
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to record location estimates at a nominal sampling interval of 1 fix per min, starting at 03:00 

local time (UTC+13h) and running continuously thereafter.  

 

3.2.3 Animal capture and handling 

To minimize differences among individuals in body size, reproductive state, and environmental 

conditions, and to reduce possible deleterious effects on nest attendance, data collection was 

limited to a 24-h period during the mid-chick-guarding stage. Eight breeding adults were 

removed from their nest boxes during the afternoon of 6 November 2012, placed in a cloth bag 

and weighed, then fitted with a GPS data-logger. GPS units were attached dorsally between the 

flippers with 5-7 strips of 1-cm overlapping waterproof duct tape (Wilson et al., 1997). After 

ca. 24 h, individuals were re-captured in their nest boxes and their GPS devices were removed 

to recover the tracking data.   

 

3.2.4 Data analysis 

The workflow of analytical procedures for inferring and classifying behaviours within the 

tracking data is described in Figure 3.1. Location observations obtained from the GPS loggers 

were processed to calculate speeds and relative turning angles (RTAs) between all sequential 

pairs of position fixes comprising individual movement trajectories. Code available in the R 

programming language (R Core Team, 2013) provided by Gurarie et al. (Gurarie et al., 2009) 

was adopted and modified to execute the BCPA. A sub-sampling window size of 30 sequential 

location observations were chosen to meet the minimum sample size required for the Bayesian 

Information Criterion (BIC) to be used for model selection, and to identify changes in 

behaviour at the smallest temporal scale possible for BCPA. Segments of trajectories between 

‘change points’ identified by BCPA hereon are referred to as ‘bouts’. Because the distributions 

of speed and the RTA values were strongly positively skewed, medians from the output metrics 

(rather than using means) were calculated, and they were used to further classify behaviours; 

such values subsequently were used as inputs in the k-means clustering.  
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Figure 3.1. Workflow of analytical methods for inferring and classifying behaviours within animal-movement trajectories using a combination of behavioural-change-point 

analysis and k-means clustering.
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The number of distinct behavioural states for each study animal were determined through 

assessment of within-group sums of squares and serial classification of bouts, following the 

hierarchical cluster method of Kraznowski and Lai (1988). Individual bouts of same-state 

behaviour were classified into one of three mutually exclusive states based on combinations of 

median speeds and RTAs, using the k-means clustering algorithm of Hartigan and Wong 

(Hartigan & Wong, 1979) in the statistical software R (version 3.0.1) with the packages ‘cluster’ 

and ‘fpc’ (Hennig, 2010, Maechler, 2014). Thus, bouts identified by BCPA were assigned to 

unique behavioural states based on similarities of patterns of movement. Proportions of time 

spent in each behavioural state by the penguins and the numbers of state changes that occurred 

per hour were then calculated. To determine which of the two movement metrics best 

differentiated the three behavioural states, a linear discriminant function analysis (DFA) was 

conducted for each penguin’s trajectory (in Statistica version 9 (StatSoft, 2009)) using speed 

and RTAs of all observed locations as predictor variables. These values were then transformed 

to standard ‘z’ scores (i.e., the signed number of standard deviations from means), so that the 

two movement metrics were weighted equally in subsequent analyses. This analysis is reported 

in terms of the mean variance explained by the predictor variables and the mean number of 

observations of each behavioural state that were correctly classified by their movement metrics. 

Unless otherwise stated, all statistical values are reported as means ± standard errors (SE).  

 

To assess how accurately the modelling procedure classified behaviour, eight synthetic 

movement trajectories were generated that represented by multiphasic random correlated walks 

(in NetLogo v 5.0.4 (Wilensky, 1999)). Each of these tracks contained 1000 observations, and 

were comprising three known states of behaviour that were parameterised from the means of 

empirical distributions of the penguins’ inter-fix speeds and RTAs (S1 Text). BCPA and k-

means analyses were applied to these trajectories, and the actual states of behaviour at each 

location were compared to those inferred from the modelling procedure. This approach enabled 

us to determine the proportions of all observations that were correctly classified.  

 

To visualise spatial variation in patterns of behaviour, probability-density surfaces of the 

locations of the state 3 behaviour (foraging) were constructed (using the Spatial Analyst 

extension in ArcMap v. 10.2 (ERSI, 2013)), and examined relationships between these surfaces 

and those of a number of environmental factors (see Appendix B.2).   
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3.4 Results 

3.4.1 Simulated tracks 

Application of the modelling procedure to the eight synthetic movement trajectories showed 

that a mean of 93.2 ± 1.2% of State 1 observations, 92.5 ± 0.8% of State 2 observations, and 

90.2 ± 0.2% of State 3 observations were correctly classified (overall accuracy: 92.5 ± 0.8%; 

see S1 Text), indicating that the method performed reasonably well in discriminating the 

different behavioural modes. On average, there were 197 ± 12.8 behavioural change points per 

trajectory identified by BCPA. Following k-means cluster analysis and thus grouping of the 

bouts, this number fell to 51.5 ± 4.3 behavioural change points per trajectory.  

 

3.4.2 Real penguin tracks     

Movement trajectories of the eight penguins are shown in Figure 3.2, and summary 

characteristics of these data are reported in Table B.3 in Appendix B. All trajectories were 

incomplete in the sense that no bird had returned to its nest box before the batteries of its GPS 

logger expired, so that the last fixes of all trajectories were recorded when the penguins were 

away from the colony. Operational periods of the GPS loggers ranged between 9.9 and 13.3 h 

(mean = 12.0 ± 0.4 h), the numbers of position fixes recorded during foraging trips ranged 

between 266 and 506 (mean = 398.3 ± 31.6), and the maximum distance from the nest site 

observed for each bird ranged between 3.5 and 27.4 km (mean = 9.5 ± 3.0 km). 

 



57 

 

Figure 3.2. Foraging trajectories of eight little penguins (Eudyptula minor) as recorded by GPS data-loggers. 

The nominal sampling interval of the loggers was 1 fix per min-1.  Colours represent tracks of different 

individuals. The location of the island study colony is indicated by red/yellow hatching. Sources of the 

background satellite images: Esri, DigitalGlobe, Earthstar Geographics, CNES/Airbus DS, GeoEye, USDA 

FSA, USGS, Getmapping, Aerogrid, IGN, IGP, swisstopo, and the GIS User Community. 
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All of the study penguins exhibited three distinct modes of behaviour in their movement 

trajectories (Figure 3.3), except M07, which had only two modes. State 1 was characterised 

by fast (median speed = 1.1 ms-1) and comparatively straight (median RTA = 21.8°) movement 

trajectories (Figure 3.4), suggestive of ‘persistent travelling’ or ‘commuting’ behaviour. State 

2 was defined by slow swimming speeds (median speed = 0.4 ms-1) and moderately low 

variation in direction (median RTA = 24.9o). This mode of behaviour typically was observed 

soon after individuals left the colony or immediately following highly tortuous segments of 

trajectories. Such behaviour can be interpreted as ‘resting’, and appeared to be due to passive 

displacement on the ocean surface by wind and/or water currents. State 3 was classified by 

comparatively slow (median speed 0.5 ms-1) and highly tortuous (median RTA 87.6o) 

movements, coupled with frequent gaps of missing locations, indicative of diving behaviour 

during which the GPS data-loggers were unable to operate. In this state, movements of the 

penguins were highly localised and restricted in area; such behaviour most likely represents 

active searching or foraging (Mattern, 2001).  

 

 

Figure 3.3. Statistical definitions of behavioural states inferred for the location observations comprising eight 

penguin foraging trajectories. Behaviours were classified through sequential use of behavioural-change-point 

and k-means cluster analyses, based on combinations of inter-fix speeds (open circles, black lines) and relative 

turning angles (grey triangles and lines). Circles and triangles represent grand median values of all observations 

of all penguins, and the vertical bars represent the corresponding inter-quartile ranges.   
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Figure 3.4. Examples of individual movement trajectories for which GPS-derived location estimates have been 

classified into discrete behavioural states, penguins A12 and M02. Locations assigned as States 1, 2, and 3 are 

indicated by blue, red, and yellow points, respectively. Plots above the trajectories show observed inter-fix 

speeds (ms-1; black lines with axis values at the left side of M02 plot) and relative turning angles (degrees; grey 

lines with axis values at the right side of A12 plot) over time of day. Narrow bars above the plots denote the 

corresponding inferred states of behaviour.  

 

Within individual penguin tracks, the proportion of time spent in each of the three behavioural 

states in most cases were roughly evenly distributed. Excluding penguin M07, State 1 

behaviours (travelling/commuting) accounted for  between 32.0 – 43.7% of all observations 

(mean = 38.5 ± 1.6%), State 2 (resting) between 19.7 – 38.2% (mean = 30.0 ± 2.1%) of all 

observations, and State 3 behaviours between 25.3 – 38.3% (mean = 31.4 ± 2.0%) of all 

observations. On average, there were 1.1 ± 0.1, 1.0 ± 0.1, 0.9 ± 0.1 bouts per hour of State 1, 2 

and 3 behaviours, respectively. The grand mean rate of change of all behaviours was 2.9 ± 0.3 

events per hour. The DFA results suggest that speed and RTA accounted for, on average, 75.4 
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± 5.4% and 24.6 ± 5.4% of the between-group variability of behavioural-state membership, 

respectively. The DFA correctly classified, on average, 87.6 ± 9.7%, 92.3 ± 4.5%, and 91.4 ± 

5.5% of the behavioural bouts of State 1, 2 and 3, respectively. Overall, 90.5 ± 1.4% of all 

behaviours were correctly classified.  

 

Time series from the combined BCPA/k-means clustering procedure demonstrate how the 

penguins’ patterns of behaviour differed among individuals (Figure 3.5). Except for bird A01, 

which initially undertook a sustained period of mixed State 1 and State 2 behaviours, and bird 

M07, which began its foraging trip in State 1, initial observations of most study animals were 

classified as State 2 (‘resting’), beginning at ca. 03:00 when the GPS devices first became 

operational. After several hours, all birds switched from State 2 to State 1 roughly 30 min 

before sunrise. Following this period, behaviours varied mostly between bouts of State 1 (rapid 

travelling) and State 3 (‘slow/area-restricted’), suggesting occurrence of a consistent 

alternating pattern of searching/commuting and intensive foraging.  

 

 

Figure 3.5. Time series of behavioural states inferred during foraging trips. Colours of vertical bars denote the 

different states – see Figure 3.4 for interpretation; black bars denote missing data.  
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Probability-density surfaces of the locations of inferred states show how patterns of behaviour 

varied spatially during foraging trips (Figure 3.6). Compared to State 1 (‘travelling’) and 2 

(‘resting’) behaviours, locations classified as State 3 (‘foraging’) were more densely distributed 

over smaller areas. Locations of State 3 behaviours generally were concentrated in shallow 

water near the eastern coastline of Wellington Harbour and around river mouths (S10 Fig.), 

suggesting areas where foraging occurred.   

 

 

Figure 3.6. Kernel-density surface of inferred behavioural states superimposed on a map of the study area. 

Vertical height represents the relative areal density of locations classified as particular behavioural modes. The 

colours of the behavioural states are the same as those in Figure 3.3 and Figure 3.4. 

 

3.5 Discussion 

My study demonstrates application of a simple yet effective framework, based on a novel 

combination of well-known and computationally tractable statistical procedures, for 

categorising location observations comprising the movement trajectories of animals into 

discrete modes of behaviour. The method extends the utility of BCPA, by objectively grouping 

inferred behavioural bouts into standardised classes, thus facilitating interpretation of 

biological signals. Applied to simulated movement trajectories, the method correctly 

classified >90% of the ‘true’ modes of behaviour of most individual location observations. 
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Performed on real trajectories of little penguins, the method provided new insights into at-sea 

behaviour that previously have not been reported.    

 

3.5.1 Evaluation of the method 

The combined BCPA/k-means cluster method correctly classified the majority (92.5%) of 

individual location observations in synthetically generated movement trajectories of known 

behavioural states (see Appendix B.1). The few misclassifications of location observations by 

the BCPA/k-means cluster procedure mostly were located at ‘transitional phases’ of bouts (i.e., 

where behavioural states changed). Similar misclassifications have been reported for other 

inferential models, and most likely were due to overlapping distributions of movement 

parameters between the different behavioural modes (Bilmes, 1998). Some incorrect bout 

classifications also may have resulted simply from the difficulties of discretising continuous 

movements below the resolution of the observational model (Jonsen et al., 2005, Patterson et 

al., 2008).  

 

Benefits of combining BCPA with k-means clustering to infer states of behaviour within 

individual movement trajectories include the broad familiarity of the statistical procedures, as 

well as their comparative conceptual and computational simplicity. K-means cluster analysis is 

the standard method for grouping objects or events into discrete classes.  Open-source code for 

both analytical procedures is readily available (Hennig, 2010, Gurarie et al., 2013, Maechler, 

2014). Many other inferential models of animal movement require extensive data pre-

processing and model training, such as the removal of large outliers, standardisation of intervals 

between observations, and estimation of the ranges of parameter distributions (Dean et al., 

2012); BCPA is robust to these constraints (Gurarie et al., 2009). 

 

3.5.2 Case study: interpretation of the movement patterns of little penguins  

Application of the BCPA/k-means clustering procedure provides new insights into the at-sea 

behaviour of little penguins. The movement patterns of most study birds generally followed a 

consistent chronological sequence that suggested response to changes in ambient light levels. 
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Before sunrise, most individuals exhibited prolonged bouts of the resting/slow-swimming state, 

suggestive of a reluctance to move at commuting or active-foraging speeds without being able 

to visually identify their surroundings, as foraging little penguins rely mostly on visual cues 

(Marchant & Higgins, 1990, Cannell & Cullen, 1998). Penguins also use this pre-dawn period 

for preening and self-maintenance (Chiaradia, 1999). Finally, the timing of departure from their 

colony by the penguins may represent evolutionary adaptations to avoid diurnal predators such 

as skuas (Stercorarius spp.) and giant petrels (Macronectes spp.) (Klomp et al., 1991). The 

abrupt increase in proportion of State 1 observations that occurred for most birds ca. 30 min 

before dawn is indicative of a shift to sustained commuting behaviour associated with travel to 

preferred foraging areas (Petersen et al., 2006). Following this period, behaviour varied more 

among individuals, as the penguins alternated between area-restricted bouts of foraging and 

commuting/active-searching bouts of movement to foraging areas, similar to what has been 

reported by others (Wilson & Wilson, 1990, Petersen et al., 2006). Patterns of the penguins’ 

behaviour also appeared to be related to the spatial heterogeneity of their environment. State 3 

observations representative of bouts of area-restricted foraging regularly occurred in nutrient-

rich shallow waters near coastlines and especially in the vicinity of river mouths, consistent 

with the foraging patterns of other neritic seabird species (Wilson & Wilson, 1990, Petersen et 

al., 2006, Ropert-Coudert et al., 2006).  

 

3.6 Conclusion 

The BCPA/k-means clustering method I describe shows promise as a simple exploratory 

procedure for objectively classifying the individual location observations comprising animal-

movement trajectories into discrete modes of behaviour. I recommend further evaluation of the 

procedure, especially comparison of the accuracy of behavioural-state classification with other 

available approaches, on both real and simulated animal-tracking data sets.    
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4.1 Introduction: 

Individual-based models (IBMs) have become a popular framework for studying the 

emergence of behavioural patterns in the field of movement ecology (Avgar et al., 2013a; Potts 

& Lewis, 2014; Schlägel & Lewis, 2014; Bastille-Rousseau et al., 2015; Bracis et al., 2015). 

An understanding of the interactions between animals and the heterogeneous environments 

they inhabit can provide insights into the mechanisms underpinning their movement (cause), 

and the formation of space-use patterns (consequences) (Nathan et al., 2008; Smouse et al., 

2010; Nathan et al., 2012). More specifically, animal-environment interaction in the form of 

movements integrates the processes that organisms use to internalise environmental stimuli, 

and respond to dynamically changing information by movement (i.e., decision-making) (Fagan 

et al., 2013). Statistical methodology that has been widely applied to characterise behaviour 

from movement data assumes that the probability of obtaining the observed data/patterns can 

be calculated from the patterns themselves, and ignores stochastic interactions between 

contributing variables. In addition, statistical inferential approaches tend to overlook factors 

that cannot be measured directly (e.g., animal cognition) or assume them to be constant (e.g., 

wind fields and ocean currents) (Fagan et al., 2013). IBMs bypass some of these limitations by 

explicitly simulating the interplay between individual movements and information-gathering 

processes, and they provide a flexible framework for quantitative estimation of the influences 

of behavioural traits of interest (Hartig et al., 2011). In IBMs, the interactions among 

individuals and their surroundings are explicitly simulated, and all individuals have their own 

characteristics and make movement decisions accordingly. These features make IBMs well 

suited to explore the movement patterns emerge from individual’s behavioural responses across 

time and space (Grimm et al., 2005; Avgar et al., 2013a). 

 

A key concern in the implementation of any complex simulation model is its parameterisation 

and evaluation against existing empirical information (O’Sullivan & Perry, 2013). Many IBMs 

tend to be complex, which means that their parameterisation is challenging (Augusiak et al., 

2014). Another major obstacle in IBM design and application is assessing whether a given 

model represents the real world sufficiently well for its intended purpose, which is reinforced 

by a lack of transparent criteria for assessing a model’s realism (Rykiel, 1996). Moreover, 

constructing biologically realistic models is especially difficult as often only some components 

of the modelled system are understood or even observable in many ecological contexts (Avgar 

et al., 2013a). For example, when study animal movements, even if data are available, they 
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may not be collected at spatio-temporal scales that match those at which the behaviours of 

interest occur (Patterson et al., 2008; Avgar et al., 2013a; Benhamou, 2014). Sensitivity 

analysis, when conducted on IBMs in a thorough structured manner, can identify parameters 

of major influence to the model outcomes, and provides information on how to make IBMs 

more reliable (Cariboni et al., 2007; Marcot et al., 2015). Model (structural) uncertainty arises 

from the many assumptions about process representation that underlie IBMs, and these are 

beyond the assessment of normal sensitivity analysis (Marion et al., 2012; Marcot et al., 2015). 

If parameter and structural uncertainty are not considered, further projections based on model 

results may be made with unwarranted confidence (Grimm & Railsback, 2013).  

 

The ‘pattern-oriented modelling’ framework described by Grimm et al., (2005) and Grimm and 

Railsback (2012) provides a way to develop IBMs of appropriate structural complexity. A key 

component of the pattern-oriented approach is the use of multiple patterns as ‘filters’ to identify 

adequate model structures among potentially very large candidate pools.  This selection process 

requires an efficient and objective way to assess model performance. A number of different 

strategies have been developed to make likelihood-based inferences for stochastic simulation 

models, and approximate Bayesian computation (ABC) (Beaumont, 2010; Csilléry et al., 2010; 

Hartig et al., 2011) is one that has received considerable attention. ABC has begun to be applied 

to the calibration and evaluation of IBMs (Beaumont, 2010; van der Vaart et al., 2015a). The 

most accessible class of ABC algorithms is the rejection ABC. Rejection ABC consists two 

steps: 1) generate large numbers of simulated data using parameter values sampled from ‘prior’ 

probability distributions with little information; and 2) the data generated by each simulation 

are then reduced by comparing to empirical summary statistics, and the parameterisations either 

get accepted or rejected on the basis of distance between the simulated and the observed 

summary statistics. The posterior density of the parameter can then be built up from the 

accepted parameterisations without an explicit likelihood function (see Csilléry et al. (2010) 

for technical details of the implementation of this approach). In this way, the outcomes of IBMs 

can be compared with empirically collected data at a more aggregated level to reject unsuitable 

IBM structures or parameterisations (Beaumont, 2010; Hartig et al., 2011). The accepted 

simulations contain the fitted parameter values, and also provides an estimate of parameter 

uncertainty given the observed statistics (Csilléry et al., 2010). These steps allow stochastic 

simulation models to be analysed using well-established statistical theory, and reduce the 

uncertainty around parameter estimation in complicated IBMs (Hartig et al., 2011). 
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In this study, I applied rejection ABC to an IBM that represents the at-sea foraging of the black 

petrel (Procellaria parkinsoni), which is threatened in New Zealand (Marchant & Higgins, 

1990). Developing an understanding of the at-sea behaviour of pelagic seabirds is essential 

because of their elusive lifestyles, and also because of their vulnerability to changes in the 

marine environment and their status as indicators of ocean health (Einoder, 2009). However, 

explicitly modelling foraging behaviours of pelagic seabirds using a statistical inferential 

movement model (IMM) from movement data is difficult, as the latent behaviours classified 

from such models cannot be verified by direct observation. Movement data are becoming 

increasingly available with the advances of tracking technologies, but collecting fine-resolution 

movement data can be expensive and impact fitness of the animals, and the resulting data are 

often under-used (Wakefield et al., 2009; Dean et al., 2012, Campbell, et al., 2015). To my 

knowledge, this type of movement data have not been used in pattern-oriented design and 

evaluation of IBMs, nor have empirical summary statistics extracted from movement data been 

used to parameterise IBMs been applied in movement ecology.  

 

The aim of this study was to understand the processes driving space-use patterns in black 

petrels. The black petrel was used as a case study to evaluate whether the individual traits 

commonly incorporated in statistical inferential models (such as speed, turning angles and 

maximum dispersal distance from the colony) are actually important drivers of behavioural 

patterns observed. I also investigated the extent to which environmental factors (such as prey 

abundance, prey spatial distribution, and sea-surface wind), commonly assumed to be constant 

and hence ignored in many IMMs, contributed to behavioural and space-use patterns. This 

study has implications for our understanding of the movement ecology of black petrels, and 

can inform the development of conservation strategies. A more biologically realistic IBMs be 

used to predict foraging patterns and at-sea distribution of this species and its group, or to 

evaluate their adaptability to climate change or prey reduction. In general, the goal of this study 

was to investigate how effective the ABC method is in the pattern-oriented design of IBMs of 

animal movements, especially in the parameterisation phase. 
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4.2 Methods 

4.2.1 Data collection  

Study species  

The black petrel is a medium-sized (c. 700 g), burrow-nesting seabird that breeds during the 

austral summer in colonies on Great Barrier Island and Little Barrier Island in the Hauraki Gulf, 

Auckland, New Zealand. Highly pelagic, black petrels forage near or beyond the continental 

shelf break edge over deeper oceanic waters, ranging out to more than a thousand kilometres 

(Freeman et al., 2010). Outside the breeding season, the species migrates to eastern tropical 

waters off Central and South America (Agreement on the Conservation of Albatrosses and 

Petrels, 2009). Black petrels forage both on the surface and underwater during shallow dives, 

preying mostly on squid supplemented with tunicates, crustaceans, cyclostomes and fish 

(Imber, 1976). Breeding-stage seabirds are central foragers, which means that their foraging is 

restricted in space by the need to return to their nests (Ropert-Coudert et al., 2004). They are 

also well known to frequently scavenge around fishing vessels, and are considered to be the 

New Zealand endemic seabird most at risk of incidental captures in commercial fisheries 

(Richard & Abraham, 2013). Black petrels are sexually dimorphic, with males larger than 

females in several morphometric features (Mischler et al., 2015). 

 

Study site 

Our study was conducted using previously marked burrows in an established study area 

(c. 35 ha) on Mount Hobson (Hirakimata), Great Barrier Island (36 o 11′11.9″S, 175 o 25′ 7.3″E). 

The Mount Hobson colony, which comprises over 400 study burrows, has been the focus of an 

intensive demographic study since 1996 (Mischler et al., 2015).  

 

GPS telemetry 

The GPS units used in this study were modified commercially available i-gotU GT-120 GPA 

archival data loggers (Mobile Action Technology Inc., Taipei, Taiwan). These units were 

modified to make them suitable for tracking black petrels by removing their plastic outer 

casings and replacing them with a single layer of polyethylene terephthalate (PET) heat-shrink 

wrap (0.5-mm wall thickness; Dongguan Anpry Pipe Co. Ltd.). The total weight of the loggers, 

including the tape used to attach them to the birds, was c. 19 g, with physical dimensions of 
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c. 44 mm × 28 mm × 10 mm. The GPS units were configured to record position estimates at a 

nominal sampling interval of 5 minutes; at such an interval, the GPS loggers had an expected 

battery life of around 5 days. 

 

The GPS data loggers were deployed on 11 breeding adult black petrels during January and 

February 2014. Individuals to be fitted with GPS devices were chosen from study burrows if 

they had been successful breeders for at least one season and had been in the same pair for two 

seasons, and with the restriction that all study birds weighed at least 649 g, to ensure that the 

data loggers did not exceed 3% of body weight (Freeman et al., 2010). GPS units were attached 

between the wings using five to seven strips of waterproof TESA tape (Wilson et al., 1997). 

Following deployment of the loggers, the birds were returned to their burrows and thus initiated 

their foraging trips at their own discretion. Burrows were checked daily to recover the tracking 

units. Individuals were re-captured with the aid of one-way plastic gates fitted at the entrance, 

and the GPS devices removed to retrieve the data stored in the loggers’ on-board memory. The 

mean weight of the birds was 7.2% lower after deployment of the GPS units (mean = −55.0 ± 

18.4 g; paired t-test, df = 10, p = 0.01), and there was no observed damage caused by the loggers 

to the birds’ feathers, skin or physical condition.  

 

4.2.2 MCMC model and summary behavioural patterns 

Maximum likelihood and MCMC 

Prior to analysis, location data obtained from the GPS loggers were converted from latitude 

and longitude (World Geodetic Survey 1984) to New Zealand Transverse Mercator coordinates 

using the PROJECT function in ArcMap v. 10.3 (ESRI, 2012).  

 

Patterns of behaviour within the petrels’ individual movement trajectories were inferred 

through use of a switching Monte-Carlo Markov-Chain (MCMC) model implemented on 

sequential step lengths and relative turning angles in WinBUGS 1.4 (Lunn et al., 2000). The 

MCMC model identifies bouts of discrete states of behaviour in time series of locational data 

that comprise geospatial lifelines. The probability that each observation belongs to a particular 

behavioural state can be estimated by deriving state transition and exit probabilities (Patterson 
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et al., 2009). The MCMC method is well suited to revealing variation in patterns of behaviour 

in animal-tracking data that typically are highly temporally auto-correlated (Dean et al., 2012). 

A maximum-likelihood method, as in Dean et al. (2012), was used to determine the number of 

discrete behavioural states in each petrel’s foraging trajectory. MCMC parameters were 

initialised using k-means clustering (Leggetter & Woodland, 1995), and optimised through 

unsupervised training using the BaumWelch algorithm (Rabiner, 1989). Detailed descriptions 

of the MCMC method are available in Morales et al. (2004) and Postlethwaite and Dennis 

(2013). 

 

Summary statistics for the rejection algorithm 

Summary statistics of the behavioural information inferred from the MCMC model were 

calculated (Table 4.1). Because this study focused on the movement of the petrels as they move 

within and between different foraging grounds, observations belonging to obvious commuting 

trips between the bird’s colony and its foraging area (from the start of the trip to the first bout 

of foraging state, and from the last bout of foraging state back to the colony) were removed. 

To use the observed movement data in the ABC parameterisation, the data needed to be 

summarised in a way that provided an adequate description of the birds’ foraging ecology 

(Wiegand et al., 2003; Grimm et al., 2005). Summary statistics that captured both temporal and 

spatial characteristics of the petrels’ movement behaviour were selected to provide sufficient 

statistical information; multiple statistics were used in an effort to avoid the equifinality 

problem of different models producing the same pattern (Fisher, 1922; Grimm et al., 2013). 

Following the guidelines described by Rasmussen and Hamilton (2012), 19 summary statistics 

were selected and calculated in a consistent way from the empirical movement data (the values 

are listed in Table 4.1) and model outputs. The details of, and rationale for, the selection of 

each summary statistics are described in Table C1.2 of Appendix C.1 but I describe them 

briefly here. Statistical models of foraging behaviour often examine the average distance (or 

time) travelled between successive prey detections because it is believed to be inversely 

proportional to foraging efficiency (Viswanathan et al., 1999; Benhamou, 2007). I calculated 

summary statistics relating to the displacement distances of both foraging and searching bouts 

(mean Euclidean distance between the bird’s colony and the location observations in the same 

behavioural bout) from the movement trajectories. The temporal ordering of behavioural 

sequences is believed to be closely related to, and influenced by, the spatial structure of the 

prey field (Miramontes et al., 2012). The temporal patterns of the foraging movements were 
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summarised as the ratio between the sum durations of movement bouts in the two states. The 

numbers of bouts in both foraging and searching states were counted, as they provide insights 

into the processes underpinning variations in foraging efforts by central place foragers (Boyd 

et al., 2014). Individual variations in each summary statistic were calculated as the ratio of the 

standard deviation of the summary statistics between individuals (SD) to its range from the 

empirical movement data. This ratio quantifies the extent to which each pattern varied between 

individuals, and whether the observed pattern was individual-dependent or consistent across 

individuals. This suite of summary statistics aimed to represent the maximum amount of 

information in the simplest possible form and so avoid exact likelihood estimation from the 

GPS data (Csilléry et al., 2010). For statistical simplicity, it was assumed that each parameter 

has an independent prior distribution (van der Vaart et al., 2015a). 

 

4.2.3 IBM of foraging movements of black petrels 

I presented the IBM of black petrel foraging movements following the ODD (Overview, 

Design concepts, and Details) protocol (see Appendix C.1; Grimm et al., 2010). Individuals in 

the IBM represented foraging black petrels with two distinct behavioural states (foraging, 

searching) in their movements. In the model individuals interacted with the landscape by 

consuming resources and constructing cognitive memory maps as they moved. The location 

that individual decided to move for each time-step was influenced by both its individual traits 

(speed, relative turning angle, site fidelity, energy gain from foraging, maximum distance it 

can travel) and the environmental condition of its current location (prey abundance, prey 

distribution, wind), and each parameter’s prior was drawn from uniform distribution. For 

example, the energy gain from foraging was controlled by energy consumption rate, which 

simply represented the proportion of resource getting depleted by the individual after arriving 

a ‘foragable’ cell at a particular time-step). The Random Latin hypercube sampling is 

commonly used to explore high-dimensional parameter spaces (Stein, 1987). The IBM has ten 

input parameters, and 1 × 106 simulations were conducted using uninformative/minimally 

informative prior distributions sampled via a Latin hypercube to ensure sufficient sampling of 

the parameter space (Csilléry et al., 2012; Gelman et al., 2014).  

 

4.2.4 ABC model 
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The ABC model evaluation was implemented using Csilléry et al.’s (2012) ‘abc’ R package in 

R version x64 3.0.1 (R Core Team, 2015). The IBM parameters chosen for ABC calibration 

were the ones that are commonly considered as input variables in IMMs when characterising 

animal behaviour (Jonsen et al., 2005; Börger et al., 2008; Patterson et al., 2009; Breed et al., 

2012) (Table C1.1 of Appendix C.1). By comparing the parameters’ marginal posterior 

distributions with their prior distributions, the importance of the parameters were assessed as 

their relative contributions to the observed movement patterns (Beaumont et al., 2002). The 

summary statistics derived from the simulations were calculated after each simulation in the 

same way as they were calculated from the empirical movement trajectories of the petrels.  

 

A rejection-tolerance algorithm was applied to estimate the parameters’ posterior distributions. 

An acceptance rate of 0.0001 under rejection sampling was chosen, which means that of the 1 

x 106 simulations pool, the 100 simulations closest to the empirical data summary statistics 

were retained. The distance (ρ) between the model outputs of run (i) and the empirical data (D) 

was computed as defined in Prangle et al. (2014): 

𝜌(𝑚𝑖, 𝐷) = √∑ (
𝑚𝑖,𝑗−𝐷𝑗

𝑚𝑗
)2

𝑗                                     (Equation 4.1) 

where: mi,j is the modelled value in realisation i for data point j, Dj is the empirical estimate for 

data point j, and mj is the median absolute deviation from the median of summary statistic j 

across all simulations. 

 

Two factors that might affect the movement patterns of animals are commonly ignored in 

models representing movement behaviours in fluid environments: (i) the extrinsic fluid 

environment (sea-surface wind) that might act as a force of physical displacement (Tarroux et 

al., 2016), and (ii) site fidelity as an intrinsic element that drives the attraction or repulsion of 

individuals to or from previously visited areas (Kotzerka et al., 2011). A structural analysis was 

also performed on the IBM by removing the sea-surface wind and site fidelity functions. To do 

this, 1 × 106 simulations of the simplified (no wind displacement and no site fidelity) model 

were conducted, and a rejection filter with a tolerance of 0.0001 across the combined pool of 

simulations from the two models (i.e., 2 × 106 runs; 200 simulations accepted) was applied. 

The pool of acceptable simulations were used to compute the Bayes factor, which was used to 

select between the two model structures (Lenormand et al., 2013). The Bayes factor (Bf,s) 
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expresses the degree to which the available empirical data support model f (full) over model s 

(simplified). In the context of ABC, assuming that model f and model s have equal prior 

probability, the Bayes factor is: 

𝐵𝑓,𝑠 =
acceptance of model 𝑓

acceptance of model 𝑠
                                              (Equation 4.2) 

 

Unless otherwise stated, all statistical values are reported as means ± one standard error of the 

mean (SEM). 

 

The accuracy of the ABC analysis were assessed using standard methods, including a cross-

validation test following Csilléry et al. (2012) and a coverage test following Prangle et al. 

(2014). The purpose of the cross-validation was to evaluate the accuracy and robustness of 

parameter estimates by testing whether the ABC approach could identify parameter values 

using ‘pseudo-empirical data’ generated by the IBM itself. The coverage test used the summary 

statistics from the best 100 runs of the IBM to diagnose the level of approximation error in the 

ABC parameterisation, based on assessment of the coverage property.  

 

4.3 Results 

4.3.1 Summary statistics from the empirical movement data 

In the maximum-likelihood test of the MCMC model, the iterative addition of states favoured 

over-fitting of complex models with many states, with each additional state explaining fewer 

observations with less error (Durbin & Koopman, 1997). However, for all individuals the 

increase in log-likelihood was greatest between the two- and three-state models, which 

suggested that the at-sea behaviour of black petrels was mostly parsimoniously described by 

three principle behavioural modes (Durbin & Koopman, 1997, Dean et al., 2012). Behavioural 

patterns calculated from the inferred latent behavioural states (Figure 4.1) from the MCMC 

were used as the ‘target’ summary statistics for the ABC model. For simplicity, the three states 

were described as: (1) slow and torturous foraging, (2) slower, more torturous flight, and (3) 

faster, straighter flight. State 1 is characterised by a low mean speed (1.02 ± 0.02 m/s) and a 

high relative turning angle (31.65 ± 0.67o), and represents sitting/foraging on the sea surface. 

State 2 has a mean speed of 5.19 ± 0.11 m/s, and a relative turning angle of 33.10 ± 0.73o, and 
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was associated with less directed flying behaviour. State 3 has a movement mean speed of 8.42 

± 0.16 m/s and a relative turning angle of 21.71 ± 0.42o, which is suggestive of directed 

‘commuting’ behaviour. Emission probabilities represent the probability that an observation 

stayed in the same behavioural state as the previous observation in time sequence (Dean et al., 

2012). For all 11 birds, the emission probability were invariant within individual bouts of same-

state behaviour (0.80 ± 0.03, 0.70 ± 0.05, 0.92 ± 0.01 for State 1, State 2 and State 3, 

respectively). Because State 2 and State 3 are flying states, the observations from these states 

were combined into a single ‘searching’ state in the subsequent analyses. The summary 

statistics describing the movement behaviours were calculated from the outputs of the MCMC 

model (Table 4.1). 

 

Figure 4.1. Statistical definitions of behavioural states inferred for the location observations comprising 11 black 

petrel foraging trajectories. Behaviours were classified through sequential use of the MCMC model based on 

combinations of inter-fix speeds (black squares and lines) and relative turning angles (black triangles and lines). 

Square and triangles represent grand mean values of all observations of all petrels, and the error bars represent the 

corresponding standard error of means. 

 

 

 

 

Table 4.1. Summary statistics for the 11 black petrels’ movement trajectories, with the ratio between the standard 

deviation (SD) and the range of each variable representing the variation between individuals. SEM = standard 

error of the mean. 

Name of the variable mean  SD : range  

Temporal variables   
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Number of behavioural switches 28.16 0.36 

Proportion of total time spent in state 1 0.48 0.32 

Proportion of total time spent in state 2 0.52 0.32 

Mean time spent in each foraging behavioural bout 12.27 0.33 

Mean time spent in each searching behavioural bout 15.33 0.29 

SEM time spent in each foraging behavioural bout 2.97 0.30 

SEM time spent in each searching behavioural bout 4.68 0.27 

Ratio between mean length of foraging bout and searching bout 1.06 0.35 

Spatial variables 
  

Distance displaced 114.06 0.30 

Mean displacement 110.01 0.27 

SEM displacement 1.47 0.35 

Mean displacement of state 1 observations 116.66 0.26 

Mean displacement of state 2 observations 111.78 0.26 

SEM displacement of state 1 observations 3.31 0.24 

SEM displacement of state 2 observations 3.04 0.31 

Distance travelled in foraging behaviour 38.81 0.31 

Distance travelled in searching behaviour 722.66 0.37 

Mean distance travelled in each foraging bout 2.93 0.29 

Mean distance travelled in each searching bout 53.75 0.32 

4.3.2 Parameter estimation for the IBM 

Posterior distributions for the model’s parameters, as estimated by ABC, are shown in Figure 

4.2. Six of the 10 input parameters had marginal posterior distributions significantly narrower 

than their prior distributions (Levene’s test, p < 0.01 after correcting for multiple testing using 

Holm’s method), and there was weak evidence that two input parameters had marginal 

posterior distributions narrower than their priors distributions (Levene’s test, p < 0.05 after 

correcting for multiple testing using Holm’s method). The single most strongly constrained 

parameter was the consumption rate.  
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Figure 4.2. Prior and posterior distributions of the 10 parameters including the critical statistic values of F-test. 

The blue curves represent the kernel density with bandwidth estimated via a Gaussian kernel density estimator 

(Silverman, 1986). Asterisks mark significant narrowing (for Levene’s test, *** for p < 0.001, ** for p < 0.01, 

and * for p < 0.05).  

 

4.3.3 Cross-validation test 

To carry out cross-validation, 100 of the 1 × 106 model outputs were selected at random and 

then the remaining runs used to generate posterior parameter distributions using ABC. The 

cross-validation test showed that most of the parameters with narrowed posteriors – especially 

speed in the foraging state, speed in the searching state, total displaced distance, and 

consumption rate (Figure 4.3) – were adequately estimated; the site fidelity parameter was the 

key exception. The cross-validation also showed that estimates for three parameters with un-

narrowed posteriors – turning angles of the searching state, resource abundance, and resource 

distribution – did not correlate with their true values at all. This lack of correlation means that 
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these parameters could not be estimated even when using ‘pseudo-empirical data’ generated 

by the model itself. The turning angle of the foraging state, although it did not have a narrowed 

posterior, was reasonably correlated (r = 0.22) with its true value; conversely, site fidelity 

posterior distribution was narrowed by the ABC, but cannot be estimated from the pseudo-

empirical data simulated by the IBM. 

 

Figure 4.3. Cross-validation for parameter estimation of the ABC results. Parameter values are estimated by 

ABC in relation to ‘true’ values from each of the model’s 10 parameters. Correlation coefficient values (r) are 

shown at the top of each panel; asterisks denote significance (F-test, p < 0.01). 

 

4.3.4 Coverage test of ABC  

Following Prangle et al. (2014), coverage was estimated by taking the model outputs of the 50, 

100 and 500 best runs (i.e., lowest distances from observed data) as pseudo-data and then using 

the remaining runs to generate posterior parameter distributions using ABC. The outcomes of 
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the coverage test were consistent across these three sample sizes so I used the outcomes of the 

test based on 100 simulation samples as the threshold rejection rate (0.01%; Figure 4.4) for the 

ABC with ε = 19.23 (the Euclidean distance between the true value and the 100th simulation 

value). For each posterior parameter distribution, the frequency of values (p) that were less 

than the true value in ABC analyses was calculated. For the mean speeds of the two behavioural 

states, total distance travelled, and wind displacement, the distributions of p-values from the 

coverage tests were skewed to the left (as shown in the histograms in Figure 4.4), which 

indicated that the ABC generally underestimated these parameters. In contrast, the coverage 

plot for the energy consumption rate was strongly skewed to the right, indicating that these 

posterior estimates were overestimated. The p-value distribution of site fidelity was uniform, 

indicating that the corresponding posterior distribution was accurately estimated; therefore, 

‘coverage’ was said to hold. However, this does not mean that the empirical data were 

necessarily informative with respect to estimating this parameter, because when empirical data 

are not informative, the ABC model returns the prior distributions as the posterior distribution, 

and so will produce uniform coverage plots. In the coverage analyses, mean direction 

correlation of the two behaviours, the quality percentile of the foraging patches, and foraging 

patch aggregation had uniform coverage, but the posterior distributions of these parameters 

were not narrowed from their prior distributions, and could not be estimated from the data. This 

analysis showed that the data were uninformative for these four parameters.  
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Figure 4.4. Coverage for parameter estimation. Relative frequency p of accepted parameter values that were 

less than the true value in ABC analyses using the 50, 100, and 500 ‘best runs’ as ‘pseudo-data’, and ε is a scale 

parameter value that indicates the Euclidean distance between the true value and the nth simulation value; 

asterisks mark significant departures from uniformity (Kolmogorov−Smirnov test, p < 0.01, corrected for 

multiple testing using Holm’s method). 
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4.3.5 Interactions between parameters 

The speed of the searching state and total distance travelled, and speed of foraging state and 

consumption rate were correlated with each other/other parameters in the accepted 

parameterisations (Figure C2.1 in Appendix C.2). These parameters affect the motion capacity 

and energy consumption of the individual. 

 

4.3.6 Model structure analysis 

To evaluate the ABC’s ability to distinguish correctly between the full and simplified versions 

of the model, a cross-validation test between the two model versions was conducted (Csilléry 

et al., 2012). 100 simulations from each of the two models (200 simulations in total) were 

randomly selected; the ability of the ABC to distinguish the two model structures was estimated 

by cross-validation using the remaining simulations. ABC was able to distinguish between the 

two models, with the full model confused for the simplified model only 16 times, and the 

reverse happening just 18 times (Figure 4.5). 

 

Figure 4.5. Cross-validation for model selection. The y-axis shows how often each model version was classified 

by ABC as the full or simplified model, respectively. The light grey boxes represent the accepted runs of the 

simplified model, and the dark grey boxes indicate the accepted runs of the full model. 

 

To assess which model structure yields movement patterns most similar to empirical summary 

statistics, 200 model runs (from the pool of 2 × 106) with the lowest distance to the empirical 

data (equivalent to an acceptance rate of 0.0001) were accepted. Of these 200 accepted runs, 
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138 were of the full model and 62 of the simplified model. Thus, the simplified model was 

strongly rejected in favour of the full model (Bf,s = 2.23), even though the overall fit of the 

simplified model was reasonable. 

 

4.4 Discussion 

Using a rejection ABC model, I found that many factors included in the IBM can explain the 

formation of patterns observed in the black petrels’ movement trajectories. Movement speeds 

(for both behavioural states), total distance travelled, energy consumption rate, wind 

displacement, and site fidelity were the primary drivers of the foraging patterns, and their 

inclusion in the IBM was justified as the posterior distributions of these six parameters were 

significantly narrowed via ABC (Gelman et al., 2014). The accuracy of these posterior 

distributions was diagnosed using cross-validation, and all narrowed parameters, with the 

exception of site fidelity, were deemed to have been accurately estimated. The coverage test 

showed that most parameter ranges need to be adjusted further to improve their estimation 

(Csilléry et al., 2012; Prangle et al., 2014; Nunes et al., 2015). Results of the structural analysis 

suggested that factors commonly ignored by IMMs, such as environmental displacement force 

and individuals’ cognitive ability, need to be considered when describing behaviours from 

movement data for black petrels and potentially other seabirds. Together, the findings from this 

study illustrate how ABC can be used to improve our understanding drives of animal 

movements in IBM parameterisation, and to help guide the collection of relevant empirical 

data.  

 

4.4.1 ABC as a pattern-oriented model design tool 

My study showed that ABC offer advantages for pattern-oriented IBM design, by linking 

stochastic simulation, statistical theory and movement ecology in a general framework for 

parameter estimation, model selection and uncertainty evaluation (DeAngelis, 2003; Wiegand 

et al., 2003; Grimm et al., 2005). Using high-resolution movement data from 11 black petrels, 

the ABC approach effectively parameterised the IBM developed in this study. Most of the 

parameters with posterior distributions narrowed by ABC can be estimated by the ‘best 

performing’ ‘pseudo data’ generated by the IBM itself, suggesting that these parameters could 

affect the time sequence of behaviours and space-use patterns of the black petrels in the IBM. 
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I used uninformative or minimally informative prior distributions in the IBM, and such an 

approach is representative of the many ecological studies where the available biological and 

environmental data are limited and patchy (Patterson et al., 2008; Hartig et al., 2011). The 

coverage test (Prangle et al., 2014) showed that for the narrowed parameters, the movement 

speed of the foraging state, wind displacement and site fidelity were likely to be overestimated, 

while movement speed of the searching state and total distance travelled might be 

underestimated, and the ‘true’ value for the consumption rate should be higher. Such 

information can assist in improving the parameterisation of complex IBMs, especially in the 

face of high epistemic and parameter uncertainty (van der Vaart et al., 2015a; van der Vaart et 

al., 2015b; Grimm & Berger, 2016) 

 

This research also demonstrates how ABC can be used for model selection in pattern-oriented 

design of IBM for animal movement. Model selection traditionally relies on analytical 

likelihood-based information theoretic or Bayesian approaches and has most commonly been 

applied to regression-type models (Burnham & Anderson, 2003, 2004). Such approaches are, 

however, usually intractable for simulation models. The aim in using a rejection filter was not 

to directly approximate the likelihood of the probability distribution of the parameters, but to 

divide model structures or parameterisations into two classes – likely and unlikely. The 

advantage of using multiple independent filters is central to pattern-oriented modelling (Grimm 

& Railsback, 2012), and in the context of ABC the use of multiple filters requires fewer ad hoc 

assumptions, supports statistical rejection tests, and provides robustness against inter-

dependencies and correlations between individual summary statistics. 

 

In the pattern-oriented modelling context, the model selection used here is conceptually simple 

because the Bayes factors, derived from a rejection approach, automatically accounted for 

differences of the model complexity (Beaumont, 2010; Csilléry et al., 2010; van der Vaart et 

al., 2015a). In the case study, ABC model selection rejected more simulations of the simplified 

model than of the full model version (Figure 4.5). This outcome indicates that the black petrels’ 

movements were influenced by physical displacement of wind and foraging site fidelity (i.e., 

the factors omitted from the simpler model), and incorporating these parameters will increase 

the predictive power of the IBMs as to where and when these seabirds forage. The model 

selection approach has broader application in modelling movement behaviours of organisms, 
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as modellers can construct several possible IBMs, or alternate sub-models, to represent the 

system of interest and then use ABC to select between them.  

 

4.4.2 Summary statistics and inferential movement models (IMMs) 

The ABC-based assessment of how well an IBM captures empirical patterns relies on summary 

statistics, which, it is hoped, capture the maximum (or at least a sufficient) amount of 

information possible about the features of the movements represented in the IBM (DeAngelis, 

2003; Marjoram et al., 2003; Grimm & Railsback, 2005; Csilléry et al., 2010). In movement 

ecology, one criticism of the use of IBMs is that they struggle to reproduce biologically realistic 

movements due to a reliance on overly complicated and hypothetical decision rules (Railsback 

& Harvey, 2002). My study demonstrates that the latent behavioural states IMMs infer from 

movement data can, by providing summary statistics, be a vital component in the ABC-based 

IBM parameterisation and structural design. Animal movements are typically characterised by 

changes of speed and relative turning angle in space and time (Codling et al., 2008; Patterson 

et al., 2008). Patterson et al. (2008) suggested that state-space models, as one of the most-used 

IMMs by researchers, are ideal for extrapolating the information from movement data for use 

in simulation models (Sibert et al., 2006). Statistical IMMs assume the underlying behavioural 

processes can be described from movement metrics, and such assumption enable IMMs to 

summarise movement patterns on a more aggregated level without losing information with 

respect to behavioural inferences. However, a summary statistic will never capture all of the 

information contained in the original data, and the use of summary metrics always carries with 

it the risk of equifinality (i.e., the same pattern being generated by different processes; Beven, 

2006); a ‘sufficient’ summary should capture those components of the data informative for 

parameter estimation (Pawitan, 2013). In this case, even though the full IBM outperformed the 

simplified one, it cannot be concluded that the full model predicts the movement patterns of 

the black petrels ‘better’ than the simple model does. Instead, the structural analysis shows that 

the full IBM fitted the empirical statistic output better than the simple one did. Importantly, 

ABC can also compare models of different complexity, as it automatically penalises models 

with many parameters (Beaumont, 2010).  
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4.4.3 Ecological applications 

Biological systems are more dynamic and contain more nonlinear interactions than pure 

physical systems, so it is harder to construct models and make biological inferences from them. 

Questions such as individual differences also need to be appropriately incorporated into 

movement models (Detto & Muller-Landau, 2013). The IBM in this study was designed to 

include parameters that were considered to be ecologically important in modelling seabird 

movements, and the ABC approach for parameterisation provided new insights into the 

foraging ecology of black petrels. The differences in speeds between the two states (foraging 

and searching) was found to be important for the emergence of movement patterns, but the 

difference in relative turning angles between the two state were found to be not important in 

the model. The IBM did not detect the effects of abundance and distribution of prey on the 

movement patterns of the black petrels. The energy consumption rate distribution selected by 

ABC was centred near the low values of in its parameter range, indicating that individuals did 

not deplete the prey while visiting a foraging ground in the IBM. Together with site fidelity, 

the ABC results suggest that black petrels tend to return to previously foraged areas. 

Displacement by external environmental forces, such as wind, also shaped the movement 

patterns of the petrels. The new insights that this study provide are potentially useful for 

conservation management. For example, from the ABC analysis, the speed of the birds is more 

significant than the turning angle information when predicting the spatial distribution of black 

petrels using my IBM. Tracking data are rare for animals, in general, and expensive to collect. 

The IBM developed here can incorporate individual differences, and could be modified to 

represent the movement behaviour of other seabird species, again taking advantage of the ABC 

approach. The empirical data used in this study has a relative small sample size (11 birds), but 

the estimation of posterior distribution of parameters and uncertainty around them was 

effective. Depending on how much individual-level variability there is within the movement 

behaviours of black petrels, more or less movement data might be sufficient to summarise their 

movement patterns. 

 

4.4.4 Limitations and recommendations 

A brute force comparison of the summary statistics of the observed data with the model at a 

fixed parameter combination would involve compiling more and more simulation results, until 
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sufficient certainty about the parameters’ posterior distributions producing outcomes matching 

the observed summary statistics is achieved. Such an approach might produce better parameter 

estimates, but is extremely computationally expensive. The coverage tests conducted in this 

study might be improved by using different distance from model results to empirical summary 

statistics thresholds (ε) (Csilléry et al., 2010). However, I chose to use a low distance threshold 

to improve the accuracy of the ABC estimations. For more computationally expensive models, 

this may be unnecessarily inefficient. An alternative way to improve the pattern-orientated IBM 

parameterisation procedure is to use a subset of summary statistics (i.e., ‘filters’) as in Jakoby 

et al. (2014), or question-dependent ‘targets’ (e.g., only use spatial distribution ‘filters’ in 

estimating the distribution of the population). 

 

4.5 Conclusion 

This research has shown, using black petrels (Procellaria parkinsoni) as a case study, that ABC 

can be applied as a standard tool in the pattern-oriented design of IBMs of animal movements. 

I applied a rejection ABC to reduce the uncertainties associated with parameterising an IBM 

for foraging petrels, using movement data collected with high-resolution GPS devices. The 

ABC-based model selection demonstrated that the full IBMs that include representations of 

cognition and external displacement forces better mimics the observational data. The rejection 

ABC analysis can be used to inform future iterations of the model, especially in 

parameterisation and model selection, and ultimately enable us to produce biologically realistic 

inferences about animal movement and behaviour. 
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5 

Detecting the effects of spatial cognition and dynamic 

information on animal movement decisions 

CHAPTER 5: Detecting the effects of spatial cognition and dynamic information on animal 

movement decisions 
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5.1 Introduction: 

Animals live in spatially heterogeneous environments, and their movements reflect how they 

perceive and react to intrinsic and extrinsic information (McIntyre & Wiens, 1999; Johnson et 

al., 2002; Barraquand & Benhamou, 2008). A primary focus for movement ecology is to 

understand the relationship between movement of the animals and the environment (Getz & 

Saltz, 2008; Patterson et al., 2009; Skarpaas et al., 2011; Jacoby et al., 2012). Individual 

movement patterns emerge from an organism’s internal state, capacities to move and to 

navigate, and the external environment (Nathan, 2008). Nathan (2008) proposed a ‘movement 

ecology’ framework that integrates the random, biomechanical, cognitive and optimality 

paradigms to studying organism movement. The cognitive component focuses on the 

mechanisms of gathering, processing and responding to the environment in a way that produces 

non-random movement in time and space, which links the focal individual to the external 

environment (Nathan et al., 2012). Cognitive processes are fundamental to the behaviour–

environment interface, and are assumed to underpin numerous ecological processes such as 

foraging, navigation, migration and dispersal (Di Fiore & Suarez, 2007; Avgar et al., 2015). 

Understanding how animals internalise external environmental signals (i.e., sensory perception) 

and subsequently use them (i.e., memory) to make movement decisions will provide insights 

into how space-use patterns emerge (Schlägel & Lewis, 2014).  

 

Optimal foraging theory seeks to predict the behaviour of animals in environments where food 

is concentrated in patches of varying value (MacArthur & Pianka, 1966). Foraging efficiency 

is affected both by an animal’s behaviour and the geometry of the landscape it inhabits; 

furthermore, the landscape is itself affected by the foraging of animals (Sandstrom, 1994). 

Increased sensory perception and spatial memory should benefit organisms by increasing their 

foraging efficiency (Fagan et al., 2013). From an eco-evolutionary perspective, these cognitive 

functions have developed to optimise decision-making, and so enable organisms to cope with 

environmental heterogeneity in time and space (Grove, 2013). Many studies have demonstrated 

that animals use memory while foraging (see review in Kamil and Roitblat (1985)). For 

example, Boyer et al. (2011) conclude that capuchin monkeys’ (Cebus capucinus) movements 

are non-random and arise from the interplay between spatial memory and environmental 

conditions. However, when simulating movement behaviour in heterogeneous environments, 

it is commonly assumed either that animals are randomly searching for resources, and therefore 

have no prior knowledge of resource location (Grove, 2013), or that their foraging is informed 
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by perfect knowledge of their habitat (Morales & Ellner, 2002). Models at both extremes of 

this spectrum have provided valuable insights into animal foraging patterns, but few 

representations occupy the middle-ground of ‘incomplete information’ (e.g., Klaassen et al., 

(2006)), and few focus on the formation and value of spatial memory or spatial knowledge for 

optimal foraging (Fagan et al,. 2013). Inferring behaviour from empirical data is difficult 

because of the challenge of quantifying the contribution of cognitive function to the observed 

movement patterns (Moorcroft, 2012).  

 

Models of animal movement have begun to consider the influences of memory on movement 

decisions (Fagan et al., 2013). New technologies allow fine-grained movement and 

environmental data to be obtained, and the signature of animal-environmental interactions is 

embedded in these (Fleming et al., 2016). Cognitive ability is central to these interactions but 

very few studies have tried to quantify how perception and memory traits affect an individual’s 

ability to optimise energy consumption and reduce uncertainty in decision-making (but see 

Avgar et al. (2013b); Schlägel and Lewis (2014) and Bracis et al. (2015)). Cognition, as an 

internal state of the animal, cannot be measured directly, and varies among species and 

individuals, not just as a function of physiological attributes but also with an individual’s life 

history (Schlägel & Lewis, 2014; Bracis et al., 2015). Spatially-explicit individual-based 

models (IBMs) provide a way to investigate hypotheses that involve direct measures or 

manipulation of perception and memory (Grimm & Railsback, 2005). Prior works indicated 

that cognition-informed, rather than random, movement is advantageous when organisms are 

foraging in predictable landscapes (Mueller et al., 2011).  Fagan et al. (2013) argued that the 

conditions under which spatial memory is most valuable is when animals travel in landscapes 

with moderate levels of spatio-temporal complexity. The usefulness of cognitive function 

should also reflect the uncertainty of the environmental information, and may, therefore, be 

negatively correlated with the rate of environmental change (Avgar et al. (2013b)). Improved 

representation of perception and memory, and a better understanding of when they need to be 

included, would improve simulation models of animal movement (Morales et al., 2004; 

Patterson et al., 2008).   

 

In this study, I developed a flexible, continuous-space and continuous-time individual-based 

model (IBM) representing animals moving through heterogeneous landscapes. I used the model 
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to assess the extent to which an organism’s cognitive capacity influenced its foraging success. 

The model contains individuals – representing foraging animals – on a heterogeneous 

landscape that characterises the resource surface. Individuals interact with the landscape by 

perceiving local information about the landscape, constructing memory maps as they move, 

and making movement decisions based on their ‘knowledge’. Using this IBM as a virtual 

laboratory, three experiments were conducted to evaluate the effects of perception and memory 

on the energy consumption of foraging animals, across a range of landscapes that characterised 

by their resource abundance, spatial auto-correlation and resource-replenishment rate. First, the 

best-performing cognitive parameter combinations were assessed for individuals travelling 

through landscapes of varying resource levels and distributions. This experiment allowed 

evaluation of whether animals develop specific movement strategies in landscapes with 

different resource structures, with implications for the evolution of memory (Grove, 2013). 

Second, relative contribution of each individual component of cognition, as represented in the 

model, to the optimisation of energy consumption were investigated. Finally, energy 

consumptions and space-use of individuals employing a random correlated walk were 

compared with individuals using cognition to inform their decision-making. 

 

5.2 Method: 

5.2.1 Individual-based model 

The interest of this study was to understand the movement decision-making processes, 

especially how perception and memory affect individuals’ energy consumption and space-use 

patterns. I draw upon a modelling framework that bridges the gap between statistical resource-

selection analysis and spatially explicit IBMs (DeAngelis & Mooij, 2005; Rhodes et al., 2005; 

Moorcroft & Barnett, 2008). My IBM was grounded in theories of movement ecology and was 

informed by previous studies that incorporated the ideas of random correlated walk, step 

probability and site-preferences (Morales et al., 2004; Nathan et al., 2008; Breed et al., 2012; 

McClintock et al., 2012). The details of the IBM was described in in Appendix D1 following 

the Overview, Design concepts and Details (ODD) protocol (Grimm et al. (2010), and so only 

a summary is provided here. The model was implemented in NetLogo version 5.2.1 (Wilensky, 

1999) and BehaviorSearch version 1.01 (Stonedahl & Wilensky, 2010) and R version x64 3.1.1 
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(R Core Team, 2015), including the RNetLogo (Thiele et al., 2012), lhs (Carnell, 2012), and 

gbm (Ridgeway, 2013) libraries. 

 

Individual animal movement through landscapes comprised of habitats of varying ‘benefit’ or 

resource quality were simulated to assess their energy consumption and space-use as a function 

of cognitive ability (Figure 5.1). The aspects of cognitive ability represented in the IBM are 

perceptual range, memory capacity, memory persistence, memory accuracy and site fidelity 

(see Appendix D1 for details). An individual’s perception of the local environment and their 

memory of the area at each time-step informed their movement decisions. Discrete-space 

landscapes were generated on which the resource value varied continuously between each cell. 

The landscapes were generated with a Gaussian random field technique (as described by 

Forester et al., (2009)) with various levels of total resource (low, intermediate and high; 

summed across the entire grid), spatial auto-correlation of resource (low, intermediate and 

high), and regeneration (with or without) (see Table 5.1 for parameter values, and Appendix 

D1 for the model design). Cells with resource values higher than a pre-set determined threshold 

were considered to be ‘foragable’ cells and defined as ‘foraging cells’, in which individuals 

forage for food resources based on their parameter-dependent individual tendency to do so. 

Thus, 18 (3 × 3 × 2) types of landscape were evaluated; each type included 100 independent 

landscape simulated by the same set of parameters. The resource level of a grid cell at time t 

depends on both consumption by the animal and the regeneration of the cell following the 

consumption. As the animal moves across the landscape it observes the resource availability in 

its neighbourhood (defined by a circle whose radius is the perceptual range of its position, see 

Palmer et al. (2011) for detail), and builds up a memory map. For the simulated individual, the 

perceptual range parameter represented the radius of an area (number of cells) around the 

individual over which it could detect the landscape resource values. The design of the 

perception kernel followed the algorithm described by Palmer et al. (2011). Three parameters 

determined the nature of an individual’s memory: memory capacity set the maximum number 

of cells that the individual could remember at any one time-step, memory persistency 

determined how rapidly the individual’s memory faded with time as an exponential function 

of time since the cell resource information has been stored in individual’s memory  (e.g., if the 

parameter value of memory accuracy equals to 0.9, the cell resource values stored in 

individual’s  memory (i.e., knowledge) will become 0.9n of the original perceived resource 

values, and n indicates the number of time-steps since the last visit of the individual), and 
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memory accuracy set the rate of incorrect recall or loss of information in the individual’s 

memory (e.g., if the parameter value of memory accuracy equals to 0.9, 90% of the cell 

resource values stored in individual’s  memory will retain, and 10% will become random for 

each the next time-step). Site fidelity was reinforcement of an individual’s previous foraging 

experiences and knowledge of the landscape, which induced by the success foraging experience 

of the individuals, and represented as the preference of returning to a previously foraged area 

(Kotzerka et al., 2011, Arthur et al., 2015). The time-step in the model was not explicitly 

defined, but given the spatial grain, each tick represents about one minute in real time, 

constituting a typical movement speed during foraging of approximately 0.8 m/s at a 100-m 

grid-cell resolution. 

 

Figure 5.1. An example of individual animal movement simulated by the IBM on a landscape of intermediate 

resource abundance, intermediate resource spatial auto-correlation, and without resource regeneration. Blue 

shading indicates the resource quality of non-foraging cells from low (pale blue) to high (dark blue), and red 

shading indicates resource quality of foraging cells from low (light red) to high (dark red). The grey triangle and 

square indicate the start and end location of the individual. The cognitive parameter values of the individual are 

6 for perceptual range, 50 for memory capacity, 0.96 for memory persistence, 0.96 for memory accuracy, and 

0.1 for site fidelity. 
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5.2.2.Model experiments 

Three simulation experiments were conducted to evaluate how animals’ movement decisions 

affect their energy consumption and space-use: 

1) To search the parameter space for the optimal combination of cognitive parameters 

in each landscape type, I used genetic algorithms (GA) and heuristic techniques. 

2) To evaluate the relationships between cognitive parameters and energy 

consumption rate in each landscape type, I analysed a Latin hypercube sweep of the 

parameter space with boosted regression trees (BRT). 

3) To explore the effect of perception and memory on movement processes, I 

compared the energy consumption rate and space-use patterns produced by 

individuals that performing Correlated random walks (CRW) and cognitive walks 

(CW)  

 

5.2.3 Experiment 1: The best performing cognitive parameter combination 

I used GAs (Goldberg & Holland, 1988) to identify the ‘optimal’ combination of the cognitive 

parameters in each of the 18 types of landscape; these analyses were conducted in 

BehaviorSearch (Stonedahl & Wilensky, 2010). The parameter ranges evaluated are listed in 

Table 5.1., and 1000 fitness evaluations were simulated for each landscape type using a 

standard GA with population size of 50, tournament selection (tournament size = 3), and a 

replacement strategy in which a random individual in the population was replaced. I used a 1-

point crossover with a 70 % crossover rate, and a mutation chance of 5% per locus. For each 

simulation, I ran 10 repeated searches using the standard GA for each calibration function, as 

described above, for each type of landscape. After the standard GA evolution process was 

finished, the best search result across each of the 10 repeated searches were selected, yielding 

18 cognitive parameter sets in total. The final best-set of input parameters was collected, and 

the parameters rescaled in the range 0–1 enable their comparison. 

 

Table 5.1. Parameter ranges used in searching for ‘optimal’ parameter sets (Experiment 1) and Latin hypercube 

sampling (Experiment 2). 
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Parameter Range or values 

Landscape  

Quality threshold (%) for ‘foraging’ cells 20% (low), 30% (intermediate), 

40% (high),  

Spatial auto-correlation (range of the semi-

variogram model) 

1 (low), 50 (intermediate), 99 (high) 

Regeneration rate of resource after consumption 

(regeneration rate) 

0 (without), 0.05 (with) 

Individual traits  

Perceptual range 3–8 cells 

Memory capacity  10, 20, 30, 40, 50 , 60, 70, 80, 90 

Memory persistence 0.9 – 1.0   

Memory accuracy 0.9 – 1.0 

Site fidelity  -1 – 1 

 

5.2.4 Experiment 2: Contribution of cognitive parameters 

I evaluated how relationships between the biological traits and landscape attributes influenced 

the foraging success of the agents by an exploration of the model’s parameter space with Latin 

hypercube sampling (LHS) (Helton & Davis, 2003), using the ‘lhs’ package in R (Carnell, 

2012). One thousand unique parameterisations were simulated for each landscape type (Table 

5.1) and analysed with BRTs (Elith et al., 2008; James et al., 2013; Elith & Leathwick, 2015) 

using the ‘gbm’ package in R (Ridgeway, 2013). BRTs allow the exploration of relationships 

between cognitive parameters (predictors) and the energy consumption rate (outcome) under 

different landscape scenarios. The learning rate of each BRT model was chosen such that final 

number of trees was around 1000 (distribution family = ‘Gaussian’; tree complexity = 5; bag 

fraction = 0.75) following the rule-of-thumb described by Elith et al. (2008). Because I was 

interested in cognitive traits, when some individuals did not gain any energy over an entire 

simulation, sufficient simulations were generated to ensure that all BRTs were based on 1000 

simulations, each with a positive energy consumption. This problem was most acute in the 

landscapes with low resource, low spatial auto-correlation, and without regeneration. In this 

landscape condition, the effect of the landscape overwhelmed the effects of cognitive 

parameters, and resulted in zero energy consumption for individuals in 13.5% of the original 
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1000 runs. The relative contribution scores (a measure of how much model performance is 

degraded by the omission of that parameter) were then calculated as a measure of each 

parameter’s contribution to the agents’ energy consumption using BRT analysis (Elith et al., 

2008; Elith & Leathwick, 2015). 

  

5.2.5 Experiment 3 Effect of cognition on movement processes 

To evaluate the benefits of cognition on energy consumption during animal movements, two 

versions of the movement processes were compared: a correlated random walk (CRW) and a 

cognitive walk (CW). CRW model provided a useful null model to set against the CW model 

on assessing influence of cognitive functions. This experiment was performed on landscapes 

with intermediate levels of resources because I wanted to investigate under which landscape 

structures (i.e., the spatial arrangement of resources) any benefit of cognitive function was 

highest, assuming the total landscape resource amount were the same. For the CW simulation, 

individual cognitive parameter sets were chosen based on results from Experiment 1 (see 

Appendix D2), and 1000 trajectories were simulated for each landscape type. The distributions 

of speed and relative turning angles (RTAs) between sequential locations from the CW 

trajectories were calculated, and used to parameterise the CRW and simulate the CRW 

movement trajectories. For the CRW, a single set of speed and relative-turning-angle 

parameters entirely determined the movement process. Energy consumption for the 1000 CRW 

simulations was calculated by sampling the landscape’s resource values at each point along the 

simulated tracks. For example, a CRW trajectory generated using the distributions of CW 

movement metrics in landscapes with low resource spatial auto-correlation was super-imposed 

on a map of landscape with low resource spatial auto-correlation, and the energy consumption 

from this CRW trajectories was calculated as if the individual was actually moved on this 

landscape, and obtain energy from the foraging cells it visited. Energy consumption rates were 

compared between the individuals employed CRW and CW strategies. To assess whether 

cognition influences the spatial patterns of agents’ movements, dispersal distances (i.e., the 

Euclidean distance between the initial and final locations) were also compared for the CRW 

and CW trajectories. I did not apply frequentist statistical hypothesis tests in this experiment 

because ultimately the statistical significance of such tests depends on the number of 

simulations performed, which means the results of the tests have little biological meaning 
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(Bolker, 2008; White et al., 2014). Thus, only a statistical summary of the results along with 

visual summaries were present. 

 

5.3 Results: 

5.3.1 Cognitive parameters 

The optimal combination of the cognitive parameters were scaled between 0 and 1 based on 

the energy consumption is shown in Figure 5.2 (see Table D2.1 in Appendix D2 for the original 

parameter values). Although there were variations in the parameter sets selected by the GA 

under different environmental conditions, some consistent patterns emerged. When there was 

no resource regeneration, the optimal perceptual range values were higher in landscapes with 

low resource abundance and less spatially auto-correlated resources, but lower in landscapes 

with abundant resources and more spatially auto-correlated resources. However, where 

resources did regenerate, the GA search favoured low perceptual range values where spatial 

auto-correlation was low irrespective of the total resource value (wpr = 0 for all three 

landscapes), and favoured high perceptual range values in more spatially auto-correlated 

landscapes (wpr ranged from 0.6 to 1.0 for the three landscape types). The selected optimal 

memory capacity was highest in landscapes with intermediate resource abundance and 

intermediate resource spatial auto-correlation (wmc = 0.8 for both landscapes, with and without 

regeneration). Higher memory persistence values (wmp = 0.8) were selected for landscapes with 

lower resource abundance values and low resource spatial auto-correlation. I also found that 

the GA model consistently selected high memory accuracy values in the six landscapes with 

low resource spatial auto-correlation (wma= 1), and low resource abundance (wmz ranged from 

0 to 0.3). Other than the landscape with a low resource value, low resource spatial auto-

correlation, and without regeneration (wsf = 0), site fidelity values were consistently high when 

the resource was strongly spatially auto-correlated, regardless of the resource abundance (wsf 

ranged from 0.9 to 1). To summarise, where resources were more spatially auto-correlated, 

higher memory accuracy and persistence were favoured as resource abundance increased, 

while perception showed the opposite trend. In the absence of landscape regeneration, the 

optimal parameter combination shifted from favouring high memory accuracy to favouring 

high perceptual range when resource levels were higher (Figure 5.2); this trend weakened when 

regeneration did occur. 
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Figure 5.2. Radar plots of the optimal combinations of the input cognitive parameters of the agents in the 18 types of landscapes. The scaled values (range between 0 and 1) 

for cognitive parameters presented on the radar plot axes were derived by the GA model. Line colour represents the level of resource spatial auto-correlation. Solid lines 

represent landscape scenarios without regeneration, and dash lines represent landscape scenarios with regeneration. For example, for landscape scenario with low resource, low  

resource spatial  auto-correlation, and no regrow (the blue coloured curve in the top left radar plot),  the optimal cognitive parameter selected by GAs are 0.4 for perceptual 

range, 0.5 for memory capacity, 0.8 for memory persistence, 1.0 for memory accuracy, and 0.6 for site fidelity.  
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5.3.2 Contributions of cognitive factor 

BRT analysis of the simulation outcomes (see Table D3.1 in Appendix D3 for values) 

quantified the relative influence of cognitive parameters on individuals’ foraging efficiency 

across different landscape types (Figure 5.3). Overall, site fidelity was the most important 

model parameter; its relative contribution ranged from 11.4% to 81.3 %, and its mean rank 

among the five parameters in all landscape scenarios ( 𝑟𝑘̅̅ ̅ ) was 1.4, followed by memory 

persistency (relative contribution ranging from 3.3% to 48.8%, and  𝑟𝑘̅̅ ̅ = 2.8) and memory 

capacity (relative contribution: 4.9%–39.4%; 𝑟𝑘̅̅ ̅  = 3.1). Memory accuracy and perceptual 

range were less important, with relative contributions in the range 1.8% to 20.9% (𝑟𝑘̅̅ ̅ = 4.3) 

and 1.6% to 28.3% (𝑟𝑘̅̅ ̅ = 2.4), respectively. The importance of the site fidelity parameter 

increased with resource abundance, other than in the landscape type where resources were 

effectively saturated (high resource abundance, high resource spatial auto-correlation and with 

regeneration: 22.7%). The contribution of site fidelity also increased with spatial auto-

correlation in resources when there was no regeneration (11.0–30.0%, 43.0–70.0% and 67.2–

74.0% for low, intermediate and high spatial auto-correlation scenarios, respectively; see 

Appendix D3). Site fidelity predicted individuals’ energy consumption most in landscapes with 

high resource abundance, low spatial auto-correlation and regeneration (81.3%). The 

importance of memory capacity depended on whether resources regenerated or not. Memory 

capacity became more important as resource spatial auto-correlation increased in landscapes 

with low resource abundance without regeneration, and high resource abundance with 

regeneration. Memory capacity became less important with increase of resource spatial auto-

correlation in landscapes with high resource abundance without regeneration, and low resource 

abundance with regeneration. When resource spatial auto-correlation values were low, memory 

capacity became less important with the increase of the total landscape resource values. When 

resources were spatially aggregated, memory capacity became more important with an increase 

of the total resource values without regeneration, and less important with the increase of the 

total resource value with regeneration (see Appendix D3 for details). 
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Figure 5.3. Relative contribution (%) of cognitive parameters to the energy consumption of the agents in the 18 

types of landscapes assessed. The border colours indicate the spatial auto-correlation of the resource; colour 

scheme as per Figure 5.2. 

 

5.3.3 Comparison between CRW and cognitive walk 

The difference between agents’ energy consumption and space-use patterns in the CRW and 

CW synthetic trajectories were observed. The distribution of energy consumption across 

individuals tended to be right-skewed, except for the CW scenario in landscapes with low 

resource spatial auto-correlation (Figure 5.4). Landscape structure did not influence energy 
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consumption when individuals followed the CRW model. In landscapes where resources were 

only weakly spatially auto-correlated, the mean energy consumption was higher for individuals 

following a CRW (6.9 ± 0.32; mean ± 1 SEM) then those using a CW (2.6 ± 0.04). However, 

there was less variation between CW simulations, and the distribution of energy consumption 

differed between the two walking strategies. When resources were more spatially auto-

correlated, the CW (11.5 ± 0.41 and 15.5 ± 0.51 for intermediate and high spatial auto-

correlations, respectively) out-performed the CRW (5.8 ± 0.28 and 6.1 ± 0.31 for intermediate 

and high spatial auto-correlations, respectively. Movement trajectories of agents following a 

CW reflected the structure of the landscape: where resources were highly spatially auto-

correlated, the agents employing a CW strategy had shorter dispersal distances than those using 

a CRW (71.5 ± 1.96 cells vs. 129.1 ± 2.18). The differences in habitat usage were not 

significantly different between CRW and CW in landscapes with intermediate or low spatial 

auto-correlation (135.9 ± 2.20 vs. 143.6 ± 2.30 cells at intermediate spatial auto-correlation; 

and 135.2 ± 2.25 vs. 139.5 ± 2.16 cells at high spatial auto-correlation). 
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Figure 5.4. Beanplots of the individuals’ energy (top) and distance between the final and initial locations (bottom) 

of 1000 simulations for both correlated random walk (CRW) and cognitive walk (CW) modelson landscapes with 

intermediate total resource availability, and low, intermediate and high resource spatial auto-correlation. The 

colour scheme around each sub-plot is the same as in Figure 5.2; horizontal bars represent distribution means. 

 

5.4 Discussion: 

Understanding the interactions between animal movements and spatial cognition is one of the 

prime challenges of movement ecology (Smouse et al., 2010; Fagan et al., 2013; Schlägel & 

Lewis, 2014; Bracis et al., 2015). Using in silico experiments, I explored the extent to which 

the foraging efficiency of free-ranging animals inhabiting spatio-temporally structured 

landscapes depends on cognitive biological traits and the geometric configuration of the 

landscape. The three experiments suggested that animals with better cognitive abilities perform 

better in patchier landscapes by more quickly locating and more frequently revisiting high-

resource areas. Memory capacity and persistence were important cognitive functions for 

animals travelling on more uniformly structured landscapes, while perception and site fidelity 
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were important in patchier landscapes. This study demonstrated the need to consider cognitive 

processes when modelling animal movement in spatially and temporally heterogeneous 

landscapes, and that such information should be incorporated into locally biased CRWs 

(Blumstein & Bouskila, 1996; Lima & Zollner, 1996). Landscape structure, especially resource 

distribution, was one of the main drivers of animals’ movement patterns (as noted previously 

by With, 2002, 2004), although this is often ignored when modelling movement behaviours 

using statistic inferential models (but see Morales and Ellner (2002), Patterson et al. (2009) 

and Barraquand and Benhamou (2008)).  

 

Understanding animals’ navigational capacities requires information about their perceptual, 

sensory and cognitive abilities (Nathan, 2008; Morelle et al., 2014). In this spatially explicit 

IBM, I implemented a general framework for linking movement with information acquisition 

and use. The results of this study showed that information acquisition (as represented by 

perceptual range) was more important in landscapes with patchy resource distributions and 

rapid resource regeneration, while information storage and usage were more important in 

landscapes with patchy resource distributions and no regeneration. Site fidelity is a complex 

variable that depends on the reinforcement of an individual’s previous foraging experiences 

and knowledge of the landscape condition so combines intrinsic traits and extrinsic knowledge. 

My results demonstrated that site fidelity benefited individuals in landscapes where resources 

were abundant and aggregated in the IBM, and may be a trait under selection in order to reduce 

unnecessary searching (Gautestad & Mysterud, 2010; Boyer & Solis-Salas, 2014; Wakefield 

et al., 2015). 

 

5.4.1 Optimal cognitive parameter combinations for foraging efficiency 

Pathways of information perception and processing are likely to be under natural selection 

(Dukas, 1998). I demonstrated how GA analysis can identify optimal parameter sets for spatial 

decision-making in different landscape types in my IBM. More specifically, perceptual range 

determined the amount of information received per step by the animals, and it was favoured in 

landscapes with high resource spatial auto-correlation. Findings from this study are consistent 

with other research that has suggested that perception increases the adaptive ability of animals 

in more dynamic environments (Pe’er & Kramer-Schadt, 2008; Barraquand et al., 2009; 
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Fletcher Jr et al., 2013). Experiments in my study suggested that large memory capacity and 

high memory persistence were optimal in both homogeneous landscapes with limited resource 

availability, and spatially heterogeneous landscapes with abundant resources. Perhaps 

unsurprisingly, high memory accuracy was selected under almost all landscape conditions, 

which suggests that it is an important component of spatial decision-making under a cost-free 

assumption (Amano & Katayama, 2009). When memory accuracy decreased, the information 

retained eventually degrades to the extent that it becomes uninformative for decision-making. 

Site fidelity was separated from the three memory functions in model design because site 

fidelity does not reply on spatial information. In my IBM, site fidelity allowed the agents to 

slow down and spend more time in resource-rich areas, which was beneficial for the animals’ 

energy consumption, especially in patchy landscapes. Collectively, these results indicated that 

foraging efficiency depended on the balance between perception, memory and site fidelity, 

when costs of cognition, movements and other metabolic processes were omitted; together, 

perception, memory and site fidelity interacted to determine the rate at which individuals 

encountered suitable foraging areas and for how long they remained in those areas (Schlägel 

& Lewis, 2014). 

 

5.4.2 Relative importance of cognitive parameter to movement patterns  

The BRT analyses suggested that the site fidelity parameter was the most influential in 

determining foraging patterns in spatially structured landscapes; similar findings have also 

indicated the importance of this type of behaviour (Davis, 1990; Stevens & Othmer, 1997; Choi 

& Kim, 2012). However, experiments in this study also demonstrated that the self-

reinforcement effects of re-visitation (represented as site fidelity) changed with the spatial 

structure of the landscape. The BRT results also illustrated that memory accuracy and capacity 

contribute to an individual’s foraging success more in landscapes with low resource abundance. 

Thus, the model outcomes suggested that the volume of information that an animal retains 

should be large, but not unlimited, in landscape where resources are rare (see also Fagan et al. 

(2013)). Memory capacity and persistence were less important in landscapes with abundant 

resources because individuals encounter resources more frequently, lowering the benefit of 

retaining information (Fagan et al., 2013). Perceptual range was the least important parameter 

in terms of foraging efficiency and this might indicate that information processing rather than 

acquisition was more important in movement decision-making.  
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5.4.3 Foraging efficiency of different movement strategies  

Experiments in this study demonstrated that the distribution of resources in space shape 

movement patterns (McIntyre & Wiens, 1999; Fahrig, 2007). In landscapes with a relatively 

uniform distribution of resources, individuals’ energy consumption was similar between 

correlated random walk (CRW) and cognitive walk (CW). In landscapes that resource was 

more spatially auto-correlated, with larger areas devoid of resources, the CW consistently out-

performed the CRW. I also found the foraging efficiencies of animals using a CW increased 

with resource spatial auto-correlation. This trends means that cognitive ability is important for 

animals in landscapes with strong resource spatial auto-correlation (or its correlate ‘patch size’; 

Barraquand et al., 2009; Avgar et al., 2013a; Grove, 2013; Bracis et al., 2015) because it 

enables them to quickly locate, and subsequently relocate, resource-rich areas. 

 

In my IBM, the location of foraging grounds (represented by resource) was controlled by both 

landscape resource and resource spatial auto-correlation; this approach is similar to that of 

Avgar et al. (2013a); Grove (2013) and Schlägel and Lewis (2014). Gaussian random fields 

were used to represent continuous landscapes with resource patchiness and heterogeneity that 

mimicked those seen in terrestrial landscapes and seascapes. In the IBM, these parameters 

could be varied systematically, and this approach avoided me having to make unrealistic 

assumptions about patch shape (like in Bracis et al., 2015). The gross availability of resources 

in the landscape is believed to exert a strong influence on animals’ movement patterns (Forester 

et al., 2009). The design of the landscape in the IBM simplified the environment into a single 

information layer/gradient that summarised the stimuli that animals perceive and use to make 

movement decisions. However, animals must always make trade-offs between different 

requirements (e.g., foraging, avoiding predators, defending territory, etc.), and therefore do not 

move through a landscape made up of just a single gradient. Scaling in the IBM was controlled 

by the size of landscape cells and the movement speed of the individual, and the landscape 

types investigated could only represent a limited suite of real-world conditions (Benhamou, 

2014). The landscape can be redesigned to accommodate a range of environmental stimuli (e.g., 

types of habitats, predator distributions, landscape connectivity), or multiple layers of 

environmental stimuli depending on the scales at which they operate (e.g., an animal foraging 
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in a fragmented landscape is influenced by not only connectivity of the habitats but also the 

distributions of their prey, which might be mobile and occur on a different spatial scale) 

(Benhamou, 2014).  Design of individual functions were independent from landscape functions 

in my IBM. This allows incorporating landscape-based empirical data into the IBM to suit 

different research purposes in the future. For example, continuous landscapes generated from 

remotely sensed data as in Avgar et al. (2015), or landscapes of discrete patches as in Van 

Moorter et al. (2009); Nabe‐Nielsen et al. (2013) could be used as landscape layers in my IBM.  

 

5.4.4 Implications for modelling animal movements 

Animal movements are often assumed to be adequately described by CRWs (Van Moorter et 

al., 2009; Mueller et al., 2011). CRWs are highly scale-dependent, with difficulties in both 

reformulating from one interval to another and selecting the step-interval they operate at 

(Turchin, 1998; Codling & Hill, 2005; O'Sullivan & Perry, 2013). Most inferential movement 

models (IMMs) used to infer latent behaviour states from movement data ignore memory and 

site fidelity as they are almost impossible to directly estimate (Avgar et al., 2013a).  Instead, 

most IMMs attempt to describe the behaviours embedded in CRWs from movement metrics 

(such as speed distributions and turning angles between observed locations) informed by 

physical laws (Boyer & Walsh, 2010; Boyer & Solis-Salas, 2014). IMMs struggle to account 

for heterogeneous resource distributions and to allow for non-random walk strategies (Vincenot 

et al., 2015). The outcomes of the model-based experiments indicate that the spatial auto-

correlation structure of animal movement was influenced by the spatial auto-correlation 

structure of the environmental stimuli, with animals moving shorter distances in more patchy 

landscapes. Ignoring spatio-temporal heterogeneity in the environmental structures that 

animals perceive during movement might lead to misinterpretations of auto-correlation 

structures seen in empirical movement trajectories. Understanding the causes of such 

misinterpretation has important implications for inferences about behaviour; for example, 

perception over larger spatial extents would allow the forager to make movements towards 

distant locations, or that large foraging areas might leave a long-lasting and strong signal that 

attracts the animal to re-visit them (Smouse et al., 2010).  
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Models of optimal foraging typically assume static environments, and only recently has the 

need to represent foraging behaviour in spatio-temporally heterogeneous landscapes been 

recognised (Nonaka & Holme, 2007; Amano & Katayama, 2009; Berbert & Fagan, 2012; 

Kranstauber et al., 2012; Schlägel & Lewis, 2014). Movement that is strongly informed by 

memory should give rise to predictable patterns, such as more patch revisiting (Boyer & Walsh, 

2010), local home range emergence (Van Moorter et al., 2009; Spencer, 2012), and differences 

among individuals due to individual-dependent experiences (Fayet et al., 2015; Meier et al., 

2015; Wakefield et al., 2015).  Past experience is important and it is almost impossible to make 

inferences about it from empirical data (Martin-Ordas et al., 2010; Janmaat et al., 2013), but 

spatially-explicit IBMs, as developed here, provided flexible frameworks for incorporating 

such information. My study provided further evidence of the need for context-dependent 

representations of optimal foraging processes that reflect the influences of both biological 

attributes and environmental structures when modelling animal movement behaviour 

(Giuggioli & Bartumeus, 2010; Matsumura et al., 2010; Mitchell & Powell, 2012).  

 

5.4.5 Limitations and recommendations for future research 

Models, by definition, are simplified representations of complex systems (Sterman, 2002; 

O'Sullivan & Perry, 2013). Thus, my findings should not be regarded as, nor are they intended 

to be, entirely realistic depictions of how animals forage in nature, or of the magnitude of 

effects that biological and environmental factors exert on foraging ability. I omitted the costs 

(motional, metabolic, cognitive) of movement for simplicity – adding such details adds one 

more level of realism to the model, but at the cost of adding more complexity. It is possible 

that the utility of cognitive functions is balanced by their cost in more spatially structured yet 

temporally varying landscapes, as Fagan et al. (2013) predict, but this requires further 

exploration.  

 

With the advance of tracking technologies, movement data are becoming available at higher 

spatial and temporal resolutions (Lathan et al., 2015). Statistical inferences derived from such 

data can be used to explore how environmental stimuli influences animal movement using 

pattern-oriented individual-based approaches (Grimm et al. 2005), supported by methods such 

as approximate Bayesian computation and machine-learning methods (Hartig et al., 2011; 
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Avgar et al., 2015; van der Vaart et al., 2015a), or IBM selection and calibration as in Schlägel 

and Lewis (2014). A future direction for the study of cognition in animal movement is to 

explore the role of learning and long-term memory development; for example, there is 

empirical evidence that suggests that animals remember landmarks in the environment and that 

this facilitates them in creating internal maps or route systems (Morelle et al., 2014). Spatially-

explicit IBMs are increasingly being used as tools with which to understand the influences of 

landscape properties on animal distributions (Duchesne et al., 2015) and, ultimately, 

conservation biologists may be able to use them to assess the outcomes of animal movement 

for environmental management. 
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Synthesis 

CHAPTER 6: Synthesis
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6.1 Implications for modelling animal movement 

In this thesis I have provided an overview of two common types of models that are now used 

in the study of animal movement. For statistical inferential models (IMMs), several key 

assumptions were evaluated and tested in Chapters 2, 3 and 4; based on the results of these 

studies, I made suggestions in regard to: (1) the effect of dynamic, non-stationary 

environmental factors on interpretation of inferred behavioural states (Chapter 2); (2) the need 

to incorporate flexibility of spatial and temporal scales into modelling approaches so that actual 

movement behaviours are analysed at the relevant process scales (Chapter 3), and; (3) 

Statistical inferences generated by IMMs can be used as the basis for pattern-oriented design 

of individual-based simulation models in relation to parameter estimation, model selection, and 

estimation of uncertainty (Chapter 4).  I demonstrated that individual-based models (IBMs) are 

powerful tools for exploring the causes and consequences of movements, and developed 

spatially explicit IBMs that permitted exploration of the role of cognition in the decisions 

animals make about where, when, and why to move (Chapter 5), as well as being an effective 

means of studying the emergence of movement patterns in spatio-temporally heterogeneous 

environments (Chapter 4). In terms of its ecological implications, my research provides insights 

into how environmental factors (both static and fluid) contribute to the spatial patterns of 

pelagic seabirds (Chapters 2, 3 and 4), and processes of memory-informed optimal foraging in 

the context of the varying spatial structure of landscapes (Chapter 4, 5).  

 

6.1.1 Conceptual model of factors contributing to animal movement 

Developed by Nathan et al., 2008, the movement ecology paradigm has been accepted as a 

fundamental conceptual framework for understanding animal movement. This framework 

explicitly combines the basic components of movement and the links among them (Nathan et 

al., 2008), and is relevant to all types of movement and taxa that move during at least phase of 

their life cycle (Holyoak et al., 2008). I contributed to this conceptual framework by further 

investigating how animals perceive and process information originating both from external 

stimuli and internal cognitive functions, and how such information can be incorporated into 

movement models.  
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In my thesis I emphasised that the influence of external factors on animal movement fall into 

two general types, and that both of these types should be considered when modelling behaviour 

within individual geospatial lifelines, so that inferred behaviours are more realistically 

interpreted. The first of these external factors represents environmental stimuli that are 

perceived and processed through various sensory modalities, which then contribute to decision-

making as to how and whether/when to move. The intrinsic mechanisms underpinning this 

process are complex, as not all external information will be perceived and responded to by an 

animal, and not all perceived information is of the same spatio-temporal scale as that 

represented by the modelling process. Moreover, the influence of environmental stimuli on the 

movement decisions that animals make also depends on their physical condition, internal state, 

motion and navigational capacity, cognitive ability, as well as possibly individual experience 

and even ‘personality’. For example, in Chapter 5, I investigated how the abundance and 

distribution of important resources in heterogeneous landscapes influenced the development of 

different cognitive abilities (e.g., perception, memory), and how simple behaviours such as site 

fidelity may generate non-Markovian dynamics in the establishment of animal space-use 

patterns.  

 

The second type of environmental influence on animal movement comes from external forces 

that result in physical displacement from intended movement paths. The movements of all 

animals are affected by physical environmental forces, which may (e.g., ocean currents to the 

dispersal of immature marine fish, Fiksen et al., 2007) or may not (e.g., gravity to a terrestrial 

animal when it is moving on a horizontal landscape) effect change in location. Such forces 

either can be actively controlled (e.g., spiders use wind for migration (Bonte & Lens, 2007)), 

or they may displace individuals passively (e.g., movement of green turtles in ocean currents 

(Girard et al., 2006)). The influence of these forces can be constant within observational scales 

(e.g., the influence of sea temperature on the vertical movements of sharks, Patterson et al., 

2009), or change dynamically (fluid) in space and time (Amélineau et al., 2014). In Chapters 2 

and 4, I analysed how dynamically changing wind conditions affect interpretation of the 

behavioural patterns of petrels during foraging trips. I explained that the states of behaviour 

classified by IMMs are best interpreted through consideration of the environmental context. 

Prior to my work, no studies using IMMs to characterise behavioural patterns have considered 

how non-stationary environmental forces may affect the definitions of inferred behavioural 

states. 
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6.1.2 Linking behavioural patterns and processes 

Grimm et al. (2005) defined patterns as ‘… defining characteristics of a system and often, 

therefore, indicators of the essential underlying processes and structures. Patterns contain 

information on the internal organisation of systems, but in “coded” form’ (p.987). Processes 

are the mechanisms that cause a system to change its state and potentially produce 

characteristic patterns (O'Sullivan & Perry, 2013). Animal-movement data are becoming 

increasingly available with the continued advances of remote tracking technologies, but 

collection of such data often is expensive and can have the undesired effect of altering natural 

patterns of behaviour; moreover, the data resulting tracking studies often are underutilised 

(Wakefield et al., 2009; Dean et al., 2012; Campbell et al., 2015). Patterson et al. (2008) 

suggested that the information extracted from movement data via a Markov Chain Monte Carlo 

(MCMC) model can serve as the basis for parameter estimation of simulation models. In 

Chapter 4, the behavioural information inferred for black petrels by the MCMC model was 

used to parameterise a simulation model and for structural analysis. I demonstrated that both 

the top-down approach (statistical inferential model) and bottom-up approach (individual-

based simulation model) can contribute to development of movement models. Bridging these 

two approaches offers exciting opportunities for developing biologically realistic movement 

models.  

 

6.1.3 Observation scales 

The utility of state-space models is limited by the specification of suitable probability 

distributions for the state variables that assumed to be stationary at a given observational scale 

and within a latent state (Benhamou, 2014). The MCMC method failed to adequately 

characterise known behaviours within the synthetic movement trajectories of little penguins 

(Chapter 3 and Appendix B.1), suggesting perhaps assumptions inherent in the state-space 

model (animal movement can be modelled as composite multi-scale multi-mode generalised 

correlated random walks) might not be appropriate. Several methods have been developed to 

identify ‘breakpoints’ in movement paths (i.e., locations where there are discrete changes in 

movement metrics) that require no mechanistic assumptions about the behavioural processes 

generating movement, such as those of Barraquand and Benhamou (2008), Gurarie et al. (2009), 

and Nams (2014). Gurarie et al. (2009) developed a likelihood-based technique (behavioural 
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change-point analysis, or BCPA) to identify breakpoints in the temporal autocorrelation 

structure of movement patterns; the strength of this technique is that it does not rely on 

assumptions regarding movement-generating processes. A major limitation, however, is that 

Gurarie’s method does not group the resulting segments into distinct behavioural states, which 

limits comparison of behaviours both within and between individuals. In Chapter 3, I presented 

a general statistical procedure for how the individual bouts of behaviour identified by BCPA 

can be classified into distinct states using constrained k-means clustering. This method is free 

of assumptions about movement-inducing processes, and proved to be a simple and robust 

means for identifying different states of behaviour within the individual geospatial lifelines of 

animals.  

 

6.1.4 Cognition and movement 

An individual’s choices about where and when to move are shaped by its collective experiences, 

and cognitive ability plays a key, but commonly overlooked, role in the behaviours 

underpinning movement. The importance of perception and memory in driving movement 

processes has received much theoretical attention in recent years, especially in the context of 

foraging efficiency and the establishment of home ranges (Börger et al., 2008; Van Moorter et 

al., 2009). A few studies have analysed the contribution of memory to the decisions animals 

make about how and why to move in varying landscape contexts (Avgar et al., 2013a; Schlägel 

& Lewis, 2014; Bracis et al., 2015). In Chapter 5, I developed a flexible, continuous-space IBM 

that simulates animals moving through heterogeneous landscapes to test the role of perception 

and memory in determination of foraging efficiency and the establishment of space-use 

patterns. Outcomes of my model-based experiments indicate that the foraging patterns of 

animals are strongly influenced by environmental structure as mediated by sensory abilities 

and cognitive function.  

 

6.2 Future directions 

6.2.1 Do animal movements follow mathematical laws? 

Understanding the factors that shape the movement patterns of animals currently is a central 

focus of much ecological and behavioural research. Recent advances in animal-tracking 
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technologies have provided a means of describing the movements of an increasingly larger 

number of animal species. Many movement models have assumptions regarding how animals 

move that can be described by one or more of mathematic ‘rules’. A prominent example is the 

Lévy walk (or flights): a random-walk model in which step-lengths follow a heavy-tailed 

probability distribution; Lévy walks are thought to optimise search efficiency of resources 

heterogeneously distributed in space, and therefore evolution by natural selection should have 

led to behavioural adaptations that generate Lévy-walk foraging strategies. However, for Lévy 

walk and other theoretical movement models, interactions between individuals and their 

environments are ignored. This assumption limits the ability of such theoretical models to 

represent biologically realistic patterns of animal movements, as animals interact with a mix of 

intrinsic and extrinsic factors that hierarchically and dynamically vary over a range of spatio-

temporal scales.  

 

One possible extension of my thesis research would be to use an IBM and ABC approach to 

quantitatively assess the validity of various theoretical models of animal movement under 

different landscape configurations. Adapting the simulation model I constructed in Chapter 5, 

interactions between animals and the spatio-temporal distribution of important resources in 

their environments can be simulated from a ‘bottom-up’ perspective (Grimm 1999). To achieve 

this, theoretical movement models (e.g., Lévy walk) could first be assumed to be valid, and 

then be used as ‘filters’ or ‘targets’ to select or reject simulated movement patterns of interest 

(e.g., dispersal, foraging, exploration/ranging). If the simulated movement data fit the patterns 

expected by the theoretical models, the set of environmental parameters that generated these 

trajectories will be ‘kept’ (or selected) in the defining parameter space; otherwise they will be 

excluded from defining the theoretical movement model. This procedure would permit direct 

assessment of whether theoretical movement models are in fact ‘universal laws’ governing 

animal movement, or whether they are constrained to specific environmental conditions. 

  

6.2.2 Cost of movement 

In this thesis, for simplicity I entirely omitted consideration of the energetic costs of movement 

(e.g., motion, metabolic, cognitive), as while the addition of such detail does introduce another 

level of realism, it comes at the cost of further complexity. Chapter 5 provided insights into 
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how cognitive abilities such as perception and memory improve foraging efficiency in 

heterogeneous environments. However, realistically such benefits most certainly exact 

energetic demands (Fagan et al., 2013). For example, both memory capacity and the processes 

of encoding and retrieving memories incur energetic and material costs (Dukas, 1999; Burns 

et al., 2010). Fagan et al. (2013) predicted that with the increase of landscape spatio-temporal 

complexity levels, the energetic costs of processing and maintaining memory eventually will 

outweigh the benefit of memory to optimising foraging strategies. One means of testing this 

prediction would be to collect empirical information about the metabolic costs of locomotion, 

maintenance of homeostasis, and information processing, and then integrate this information 

mechanistically into IBMs that evaluate optimal foraging dynamics. This approach obviously 

would require a thorough understanding of the physiological constraints on movement, but 

could provide valuable insights on how the intrinsic biological traits of animals influence their 

movement- and space-use patterns. Another method for evaluating the energetic costs of 

movement is ‘trade-off’ analysis, such as use of a ‘broken-stick’ random-number generation 

algorithm (Wilson, 1993) to allocate proportions of a theoretical energy budget to individual 

behavioural traits, which determines the degree of evolutionary specialisation in specific traits. 

Trade-offs among different biological traits can be evaluated over a range of possible landscape 

configurations by varying values allocated to them.  

 

6.3 Concluding remarks 

In this thesis, I have highlighted how internal and external environments shape the complex 

behavioural processes underlying animal movement, and developed methodologies to 

incorporate such processes into movement models. I have endeavoured to form links between 

two common types of movement models: statistical inferential and individual-based simulation. 

Most of the approaches used in my thesis to model movement are not limited to a particular 

species or taxonomic group, which enables them to be applied to a broad range of movement-

related research questions. It is my hope that my work will contribute, in some small way, to 

the set of tools available for ecologists to study animal movement, as well as serve as 

motivation for new studies related to movement ecology.  

 



135 

 

6.4 References 

Amélineau, F, Péron, C, Lescroël, A, Authier, M, Provost, P, & Grémillet, D. (2014). 

Windscape and tortuosity shape the flight costs of northern gannets. The Journal of 

experimental biology, 217(6), 876-885. 

Avgar, T., Deardon, R., & Fryxell, J. M. (2013a). An empirically parameterized individual 

based model of animal movement, perception, and memory. Ecological Modelling, 251, 

158-172.  

Barraquand, F., & Benhamou, S. (2008). Animal movements in heterogeneous landscapes: 

identifying profitable places and homogeneous movement bouts. Ecology, 89(12), 

3336-3348.  

Benhamou, S. (2014). Of scales and stationarity in animal movements. Ecology letters, 17(3), 

261-272.  

Bonte, D., & Lens, L. (2007). Heritability of spider ballooning motivation under different wind 

velocities. Evolutionary Ecology Research, 9(5), 817-827.  

Börger, L., Dalziel, B. D., & Fryxell, J. M. (2008). Are there general mechanisms of animal 

home range behaviour? A review and prospects for future research. Ecology letters, 

11(6), 637-650.  

Bracis, C., Gurarie, E., Van Moorter, B., & Goodwin, R. A. (2015). Memory effects on 

movement behavior in animal foraging. PloS One, 10(8), e0136057.  

Burns, J. G., Foucaud, J., & Mery, F. (2010). Costs of memory: lessons from ‘mini’ brains. 

Proceedings of the Royal Society of London B: Biological Sciences, 278(1707), 923–

929.  

Campbell, H. A., Beyer, H. L., Dennis, T. E., Dwyer, R. G., Forester, J. D., Fukuda, Y., ... & 

Richardson, C. (2015). Finding our way: On the sharing and reuse of animal telemetry 

data in Australasia. Science of The Total Environment, 534, 79-84. 

Dean, B., Freeman, R., Kirk, H., Leonard, K., Phillips, R. A., Perrins, C. M., & Guilford, T. 

(2012). Behavioural mapping of a pelagic seabird: combining multiple sensors and a 

hidden Markov model reveals the distribution of at-sea behaviour. Journal of The Royal 

Society Interface, rsif20120570.  

Dukas, R. (1999). Costs of memory: ideas and predictions. Journal of Theoretical Biology, 

197(1), 41-50.  



136 

 

Fagan, W. F., Lewis, M. A., Auger‐Méthé, M., Avgar, T., Benhamou, S., Breed, G., . . . 

Papastamatiou, Y. P. (2013). Spatial memory and animal movement. Ecology Letters, 

16(10), 1316-1329.  

Fiksen, Ø., Jørgensen, C., Kristiansen, T., Vikebø, F., & Huse, G. (2007). Linking behavioural 

ecology and oceanography: larval behaviour determines growth, mortality and dispersal. 

Marine Ecology Progress Series, 347, 195–205  

Girard, C., Sudre, J., Benhamou, S., Roos, D., & Luschi, P. (2006). Homing in green turtles 

Chelonia mydas: oceanic currents act as a constraint rather than as an information 

source. Marine Ecology Progress Series, 322, 281-289.  

Grimm, V. (1999). Ten years of individual-based modelling in ecology: what have we learned 

and what could we learn in the future? Ecological modelling, 115(2), 129-148. 

Grimm, V., Revilla, E., Berger, U., Jeltsch, F., Mooij, W. M., Railsback, S. F., . . . DeAngelis, 

D. L. (2005). Pattern-oriented modeling of agent-based complex systems: lessons from 

ecology. Science, 310(5750), 987-991.  

Gurarie, E., Andrews, R. D., & Laidre, K. L. (2009). A novel method for identifying 

behavioural changes in animal movement data. Ecology Letters, 12(5), 395-408.  

Holyoak, M., Casagrandi, R., Nathan, R., Revilla, E., & Spiegel, O. (2008). Trends and missing 

parts in the study of movement ecology. Proceedings of the National Academy of 

Sciences, 105(49), 19060-19065.  

Nams, V. O. (2014). Combining animal movements and behavioural data to detect behavioural 

states. Ecology Letters, 17(10), 1228-1237.  

Nathan, R., Getz, W. M., Revilla, E., Holyoak, M., Kadmon, R., Saltz, D., & Smouse, P. E. 

(2008). A movement ecology paradigm for unifying organismal movement research. 

Proceedings of the National Academy of Sciences, 105(49), 19052-19059.  

O'Sullivan, D., & Perry, G. L. W. (2013). Spatial Simulation: Exploring Pattern and Process. 

John Wiley & Sons, Chichester.  

Patterson, T. A., Basson, M., Bravington, M. V., & Gunn, J. S. (2009). Classifying movement 

behaviour in relation to environmental conditions using hidden Markov models. 

Journal of Animal Ecology, 78(6), 1113-1123.  

Patterson, T. A., Thomas, L., Wilcox, C., Ovaskainen, O., & Matthiopoulos, J. (2008). State–

space models of individual animal movement. Trends in Ecology & Evolution, 23(2), 

87-94.  



137 

 

Schlägel, U. E., & Lewis, M. A. (2014). Detecting effects of spatial memory and dynamic 

information on animal movement decisions. Methods in Ecology and Evolution, 5(11), 

1236-1246.  

Van Moorter, B., Visscher, D., Benhamou, S., Börger, L., Boyce, M. S., & Gaillard, J. M. 

(2009). Memory keeps you at home: a mechanistic model for home range emergence. 

Oikos, 118(5), 641-652.  

Van Moorter, B., Visscher, D. R., Jerde, C. L., Frair, J. L., & Merrill, E. H. (2010). Identifying 

Movement States From Location Data Using Cluster Analysis. Journal of Wildlife 

Management, 74(3), 588-594.  

Wakefield, E. D., Phillips, R. A., & Matthiopoulos, J. (2009). Quantifying habitat use and 

preferences of pelagic seabirds using individual movement data: a review. Marine 

Ecology Progress Series, 391, 165-182.  

Wilson, J. B. (1993). Would we recognise a Broken-Stick community if we found one? Oikos, 

67, 181-183. 



138 

 

A 

Supporting information for Chapter 2 

APPENDIX A: Supporting information for Chapter 2



139 

 

A.1 Time series of behavioural states inferred during foraging trips. 

 

Figure A1.1. Time series of behavioural states inferred during foraging trips. Colours of vertical bars denote the 

different states – see Figure 2.2 for interpretation. The total length of each bar represents a full foraging trip, and 

did not scaled to time. 
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B.1 Method used to generate synthetic animal-movement trajectories, for comparison 

between ‘true’ and inferred behavioural states in an example trajectory.  

 

The model description follows an abbreviated form of the ODD protocol of Grimm et al. 

(2006). 

 

Overview 

In this test, I simulated the movements of individuals as they travelling through a spatially 

correlated landscape. The virtual organisms perceive local habitat quality and make movement 

decisions as they travelling through patches (as shown in Figure B1.1). For each trajectory that 

emerges from these individual movements, the behavioural states predicted from modelling 

approach was compared with the recorded ‘true’ state to assess the predictive accuracy.  In this 

test, the movement decision is a function of the landscape value and structure at a given model 

time step, thus it serves a mathematical tool to access the validity of BCPA and k-means cluster 

analysis method, without the claim that it represent the true cognitive mechanism of decision 

making process in animal movement.  Simulation of the synthetic tracks was implemented in 

NetLogo (v 5.0.4) (Wilensky, 1999). Source code for the model is provided at the end of the 

model description. 

 

Figure B1.1. Simulated environment and individual movement trajectory used to evaluate the accuracy of the 

combined behavioural change-point/k-means clustering movement model, as implemented in NetLogo v. 5.0.4. 

Start and end points of the track are indicated by the solid orange circle and open pink square, respectively. The 

underlying colours of the simulated environment represent ‘resource’ values of the grid that influenced the 

movement pattern of the model agent. Within the environment, red and blue represent high and low resource 

values, respectively; in the movement trajectory, colours represent different behavioural states. States 1, 2 and 3 

in the trajectory are indicated in blue, orange and yellow, respectively. 
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Model environment and model scales Each model time step represented approximately one 

minute of real time. The landscape was represented as a 100 × 100 cell lattice (grid), with each 

cell representing approximately 50 - 100 square meters of land or sea. Grid cells on the lattice 

were characterised by state variables as set out below. 

 Resource was the amount of resources of the cell. The resource value was scaled to range 

between 0 – 1. 

 visit recorded the number of time agents visited each cell.  

 Habitat is a categorical parameter, which indicates the resource levels (high, median or low) 

of each of the grid cells. 

Model entities Individual animal movements were represented by mobile agents, which 

changed their behavioural modes according to resource information from the environment (grid 

cell) that they perceived. The current state of an individual was recorded as the following 

variables: 

 xcor recorded the x coordinate of the agent for each model time step; 

 ycor recorded the y coordinate of the agent for each model time step; 

 state was one of three possible behavioural states of the agent, which determined the 

range of parameters of the correlated random walk for the next model step (see details 

below). 

 

Design Concepts 

Landscape structure I generated the landscape with an unconditional Gaussian simulation (in 

R with package ‘gstat’ (Pebesma & Wesseling, 1998)), which is commonly used by spatial 

modellers to generate correlated random field. This method works by first generating a matrix 

with values drawn from a standard normal distribution (N ~ (0, 1)). A covariance model was 

then applied to the matrix raster from a variogram using the parameters specified in Table B1.1, 

so that covariance between values of any two location is a function of distance between the two 

locations. This means values of nearby locations are stronger correlated than values of locations 

that are far apart. The resulting raster constituted one unconditional realization. Values from 

the matrix were then standardized (to the range 0-1) and assigned to each of the grid cells in 

NetLogo (Table B1.1). Details of the unconditional Gaussian simulation method are provided 

by Dietrich and Newsam (1993). 
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TableB1.1. Parameter values for simulating movement trajectories in NetLogo that were used to test the 

accuracy of the BCPA/k-means cluster modelling procedure. 

Parameter/variable  Value/range of values 

Landscape  

Total landscape size 100 × 100  cells 

Quality value of a patch 0.0-1.0 

Landscape spatial autocorrelation variogram model: 

     Type of variogram 

     Sill                                

     Range                                                           

 

Exponential 

0.025 

10 

 

Individual traits 

 

Speed of movement 

State 1 

State 2 

State 3 

 

N (0.3, 0.05) 

N (0.3, 0.05) 

N (0.3, 0.05) 

Relative Turning Angle (RTA) 

State 1 

State 2 

    State 3 

 

N (0, 18 o) 

N (0, 18 o)  

N (0, 36 o) 

 

Population 

 

Initial individuals initialised 1 per run 

Total number of runs 8 

 

Temporal scale 

 

Total number of steps 1000 

 

 

Foraging trips of agent Foraging behaviour was influenced by landscape value and structure. 

If an agent entered a higher-resource grid, it would exhibit area-restricted movement defined 

by lower inter-fix speeds and higher relative turning angles. When an agent exited a high-

resource grid, its movements reverted to relatively straight movement. If an agent entered a 

lower-resource grid, it would display commuting behaviour defined by high inter-fix speeds 

and low relative turning angles. When an agent exited a low-resource gird, its speed would 

decrease. If an agent entered a median-resource grid, it would exhibit resting behaviour, which 

was characterised by low speed and low relative turning angle. Movement ‘emerged’ from the 

interactions between individuals and the landscape. Movement behavioural state of the agent 

at the next model step depended on the resource value of the patch the organism was currently 

located in. The ‘behaviours’ of an individual were driven by landscape structure. Most of the 
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model parameters had stochastic components - some parameters were fixed but represented 

distributions rather than single point estimates and these were used probabilistically.  

 

Details 

Figure B1.2 describes the sequence of events in each model time step.  

 

FigureB1.2.  Flow chart of the simulation process used to generate synthetic movement trajectories in NetLogo 

v. 5.0.4. 

 

Rules of individual movements  At each time-step, the speed and relative turning angle (RTA) 

were drawn from the appropriate normal distribution to mimic three distinct types of correlated 

random walk movements: fast and straight movement (State = 1 travelling/commuting), slow 

and straight movement (State = 2 resting), and slow and tortuous movement (State = 3 

foraging/area restricted behaviour). The three behavioural states had the following parameters: 

 If the resource value of the current grid cell was low (between 0.0 – 0.33; 1067 of the 

possible 10,000 total grid cells), the agent exhibited State 1 behaviour for the next step.  

 If the resource value of the current grid was in median range (between 0.33 – 0.67; 7133 

grid cells), the agent exhibited State 2 behaviour for the next step. 

 If the resource value of the current grid cell was high (between 0.67 – 1, 1260 grid cells), 

the agent exhibited State 3 behaviour for the next step. 
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Model fitting and comparison of results 

For model testing, agent movements were observed, and the model time step, location and 'true' 

behavioural states of individuals were recorded at each step. 

To analyse the synthetic tracks I adopted an identical approach to that applied to the penguin 

trajectories observed in the field. Eight synthetic tracks were generated from the simulation 

model, each with 1000 points. I compared the change points identified by BCPA with the 

changes of recorded ‘true’ states for all tracks. Figure B1.3 shows an example synthetic track 

07, and break points were identified at abrupt changes of autocorrelation structures by BCPA 

(indicated as vertical orange lines), which correlated with positions of behavioural changes 

(represented by background colours).  Figure B1.4 shows differences between the latent states 

predicted by the BCPA and k-means clustering analysis (b), and the true states from the same 

example trajectory (a). I also ran a Hidden Markov model with Bayesian method on this 

trajectory (c). The data-processing time of the method is minimal: the entire procedure when 

executed on a data set of 1000 observations required < 5 min on a standard desktop computer; 

compare this to the several hours needed for a switching Hidden Markov model using a 

Bayesian filter (Morales et al., 2004, Postlethwaite & Dennis, 2013) applied to the same data 

set and run on the same computer, although using a likelihood-based fitting method will require 

much less time.  
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Figure B1.3. Plot of synthetic trajectory 07 and BCPA outputs in relation to ‘true’ behavioural states. 

Behavioural states in the trajectory (a) are represented by the same colour scale as that of the ‘true’ behavioural 

states (b,c): states 1, 2, and 3 indicated by blue, orange and yellow, respectively. The two plots on the right show 

the time series of velocity and turning angles of the synthetic movement trajectory in (a) decomposed into: (b) 

turning (Vt = V sin ψ); and (c) persistence components (Vp = V cos ψ). Heavy black lines in the centre of the 

plots represent running mean values (30-element window), while paired red lines represent one standard 

deviation. Points in the two plots show running means of individual observations in the time series of Vsin(ψ) 

and Vcos(ψ); colours reflect the magnitude of temporal autocorrelation, with blues and yellows indicating low 

and high absolute values (i.e., 0 to 1), respectively. Vertical orange lines indicate change points identified by 

BCPA. Bar charts in the background of (b) and (c) show the ‘true’ behavioural states of the trajectory at each 

time step, as defined by the NetLogo model, using the same colour scale as that of the synthetic track in Figure 

B1.1.
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Figure B1.4. Comparison between predicted and ‘true’ behavioural states of two methods for inferring 

behaviour within individual animal-movement trajectories.(a) histograms of speed and relative turning angles of 

the three ‘true’ behavioural states in the synthetic trajectory. (b) from left to the right: ‘true’ behavioural states 

as defined by the NetLogo movement model; behavioural bouts identified by BCPA, indicated by different 

colours; behavioural states inferred by the combination of BCPA and k-means cluster analysis; and behavioural 

states inferred by a switching Markov Chain Monte Carlo model. Start and end points of trajectories and colour 

scales (except for BCPA output) are the same as indicated in Figure B1.1. 

 

Predictive accuracy was calculated by matching the average percentages of model predicted 

states at each position fix to its ‘true’ states. The average predictive accuracy of the eight 

synthetic tracks was 92.5 ± 0.8 %, and the predictive accuracy values for each behavioural 

states are listed in Table B1.2. I did not consider missing observations or measurement errors 

that are common observed in GPS data, as their effects on the robustness of BCPA have been 

discussed in detail in Gurarie et al. (2009). 



148 

 

Table B1.2. Predictive accuracy of the BCPA/k-means cluster procedure for eight synthetic animal-movement trajectories.

Synthetic track no. 
Overall 

accuracy (%) 

No. of State 1 

obs. 

Correctly 

classified 

State 1 obs. 

(%) 

No. of State 2 

obs. 

Correctly 

classified 

State 2 obs. 

(%) 

No. of State 3 

obs. 

Correctly 

classified 

State 3 obs. 

(%) 

1 90.0 110 90.0 846 90.1 45 86.7 

2 95.3 140 95.0 684 95.3 177 94.9 

3 93.2 287 89.9 534 94.1 180 95.6 

4 93.4 201 93.5 654 95.1 146 84.9 

5 95.1 416 95.4 262 92.4 323 96.6 

6 90.2 77 88.3 653 89.3 270 93.0 

7 89.2 32 96.9 714 92.9 255 77.6 

8 93.4 443 96.2 519 91.1 38 92.1 

Mean Values ±  1 SE 92.5 ± 0.8 213.3 ± 54.6 93.2 ± 1.2 608.3 ± 61.4 92.6 ± 0.8 179.3 ± 36.3 0.90 ± 2.3 
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B.2 Method for construction of kernel-density surfaces of the locations of inferred 

foraging behaviour in relation to locations of environmental features. 

 

To construct the behavioural density surface, I used the ‘kernel density’ tool in the SURFACE 

ANALYST module of ArcGIS 10.1 (ERSI, 2013). Kernel density distributions were calculated 

for each penguin’s movement trajectory, and the probability-density surfaces that describe 

variations in where foraging behaviour occurred were generated. These surfaces were modelled 

at a spatial resolution of 25m (bandwidth of kernel = 46.7m), using least-squares cross 

validation (Smyth, 2000).  

 

I marked areas of several potentially important environmental covariates, including: 1) 

bathymetry of Wellington Harbour; and 2) the main rivers near Wellington Harbour. These are 

shown in Figure B2.1. 



151 

 

 

FigureB2.1. Kernel-density surfaces of the locations of foraging behaviour inferred in the movement 

trajectories of little penguins in relation to water depth and the location of rivers in the study area.Sources of the 

background satellite image: Esri, DigitalGlobe, Earthstar Geographics, CNES/Airbus DS, GeoEye, USDA FSA, 

USGS, Getmapping, Aerogrid, IGN, IGP, swisstopo, and the GIS User Community. 
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B.3 Summary characteristics of deployments of GPS loggers on eight penguins  

Table B3.1. Summary characteristics of deployments of GPS loggers on eight penguins, 6 November 2012. 

Penguin no. 
No. of 

Fixes 

Time of 

First Fix 

Time of 

Last Fix 

Trip 

Duration 

(h) 

Maximum 

Distance 

from 

Colonly 

(km) 

Total 

Distance 

Travelled 

(km) 

 A01 483 03:02 12:58  9.93 17.13 32.93 

A12 383 03:04 13:46 10.70 9.53 24.71 

M01 356 03:02 15:31 12.48 3.54 20.77 

M07 506 03:19. 15:39 12.50 27.36 46.12 

Mo11 266 03:02. 14:26 11.40 6.04 21.37 

Mo12 287 03:02 14:03 11.02 5.78 21.84 

N07 450 03:02 16:21 13.33 4.18 21.36 

N08 449 03:02  15:33 12.52 4.64 24.05 

Mean 

Values (± 1 

SE) 

398.3±31.6 03:04 14:47  12.01±0.4 9.47±3.0 26.93±3.1 
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C.1 Overview, Design concepts and Details 

Model design 

The individual-based model (IBM) was implemented in the open-source programming 

framework NetLogo v.5.2.1 (Wilensky, 1999) in conjunction with R (R Core Team, 2015), 

including use of the RNetlogo (Thiele et al., 2012) and lhs (Carnell, 2012) libraries. The model 

description below follows the overview, design concepts and details (ODD) protocol (Grimm 

et al., 2010). 

 

Purpose 

The purpose of the model was to simulate the foraging movements of animals in heterogeneous 

landscapes, and more specifically to model the foraging and searching behaviours of the black 

petrels (Procellaria parkinsoni) during their at-sea travelling. As a key feature, the model 

incorporated processes of correlated random movement and dynamic interactions between the 

animals and the environment/landscapes. I used the model to generate simulations that served 

as input for parameter evaluation via approximate Bayesian computation (ABC) (Beaumont, 

2010). 

 

Entities, state variables and scales 

Landscape 

The simulation arena comprised a 100 × 100-cell regular lattice (I use the term ‘cell’ to refer 

to what is a ‘patch’ in NetLogo). In each model run, a single individual was initially located at 

the centre of the landscape (Figure C1.1). Each cell was classified as either a foraging patch or 

a non-foraging patch, representing the distribution of the food resource of interest over the 

model space. The landscape was characterised by both the resource abundance (number of 

foraging cells) and resource distribution (level of aggregation) parameters.
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Figure C1.1. Examples of simulated landscapes at different levels of resource amount (i.e., number of foraging 

cells) and arrangement. Black cells represent the foraging cells, and white cells represent the non-foraging cells. 

 

Foragers (individuals) 

Individuals in the IBM represented foraging black petrels with two distinct behavioural states 

(foraging, searching) in their movements. The individual’s movement speed and relative 

turning angle between successive steps were drawn from different empirical distributions for 

the two behavioural states. The model individuals interacted with the landscape by consuming 

resources and constructing cognitive memory maps as they moved. Six parameters – speed of 

foraging state, speed of searching state, directional correlation of foraging state, directional 

correlation of searching state, resource consumption rate, and site fidelity – in combination 
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determined the individual’s movement traits. The speed parameter determined the movement 

speed of the individual, and varied depending on the individual’s behavioural state (foraging 

versus searching). Directional correlation determined how strongly correlated an individual’s 

direction of movement is from step-to-step for each behavioural state, based on empirical 

observations that dispersing animals tend to follow correlated paths (Schultz & Crone, 2001; 

Fahrig, 2007). Resource consumption rate was the amount of resource that the individual 

reduced from the foraging cell in which it was located. Site fidelity represented the preference 

of the individual to return to previously visited area based on its memory, using its knowledge 

of the landscape and the directional bias in the searching behaviour associated with previous 

experience (as described in Kotzerka et al. (2011)). Individuals tended to avoid recently visited 

cells, but were attracted to them over longer time periods (Schlägel & Lewis, 2014; Bracis et 

al., 2015). Both the long-term and short-term memory of the individual decay as a linear 

function of time, and short-term memory decays (10% of the total memory per time-step) twice 

as quickly as long-term memory (5% of the total memory). The individual moved until either 

500 time-steps had elapsed or the maximum distance had been travelled (assigned in the set-up 

processes as a parameter range of between 100 and 500 cell lengths).  

 

Environment and scale 

In the IBM, the movement patterns of each individual were also affected by the sea-surface 

wind parameter (Weimerskirch et al., 2012). The movement speed and direction of the 

individual were calculated as the net vector of its intended movement and the wind, as described 

in Tarroux et al. (2016).  

 

The scheduling of the model is demonstrated in Figure C1.2, and full parameter details are listed 

in Table C1.1. The spatial and temporal grain and extent of the models were estimated from 

knowledge of the foraging ecology of Procellariform species (Phillips et al., 2007; Dean et al., 

2012). Each cell in the landscape represented an area of approximately 500 metres × 500 metres; 

thus the model arena represented 50 kilometres × 50 kilometres. While time-steps were not 

defined explicitly, each represented 100–400 seconds, which was a reasonable estimate for the 

black petrels based on their flight speed (c. 4.9 to 16.7 m/s) (Alerstam et al., 1993). 
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Figure C1.2. Flowchart depicting the scheduling of the full model.Diamond-shaped boxes represent decisions 

made by the dispersing individuals, for which the outcome was either yes (Y) or no (N). The grey boxes show 

the processes excluded in the ‘simplified’ model. 
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Table C1.1. Parameters/variables and their values for the black petrel foraging model. 

Landscape  

Total landscape area 100 × 100 cells 

Nominal dimensions of each NetLogo cell  500 × 500 metres 

Quality value of a habitat patch 0 – 1 

Quality percentile for ‘foragable’ cells 0 – 1 

Habitat amount (as % of total landscape) 0 – 100% 

Habitat aggregation (aggregation or spatial ‘clustering’ of individual patches) 0 – 100% 

Environment (wind)*  

Wind direction  0 – 360o 

Wind speed (influence on bird)  0 – 0.1 cells  

Individual traits  

Correlation of movement directions  

State 1 foraging 0 – 0.5 

State 2 searching 0.5 – 1 

Mean speed of movement (using exponential distribution)  

State 1 foraging 0–1 cells per step 

State 2 searching 0–2 cells per step 

Site fidelity* -1 – 1 

Energy gain from foraging (same as energy lost from the ‘ foraging’ cells) 0 – 1 

Maximum distance individual can travel  100 – 500 cells 

Population   

Initial individual initialised  1 

Temporal Scale  

Maximum number of steps  500 

Length of each time-step  c. 300 seconds (implied)  

* Excluded in the ‘simplified’ model 
 



 

160 

 

Process overview and scheduling 

At the start of each model run, cells were assigned as either foraging or non-foraging cells. The 

aggregation of the foraging cells was defined by the landscape aggregation value and the total 

number of the foraging cells was determined by the amount of ‘resource’ available or resource 

abundance (see landscape generation sub-model for detail). Next, a single individual was 

generated in the central cell of the landscape and allowed to move once per time-step (as per 

Figure C1.2). The state variables affected by the individual’s movements were updated 

immediately following movement. When an individual moved on to a foraging cell, energy 

consumption happened, and the landscape resource value of the foraging cell decreased 

proportional to the energy consumption rate parameter value. Once the maximum travel 

distance (assigned as a parameter when the individual was created, and with a value range 

between 100 and 500 cell lengths for the total distance an individual may travel) or maximum 

time (500 time-steps, implied time period c. 13.9 to 69.4 hours) was reached, the individual-

level and landscape-level (move, energy consumption and update) state variables (Table C1.2) 

were summarised. 
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Table C1.2. Descriptions of the output variables from simulation models. 

Name of the variable  Description 

Temporal variables 
 

Behavioural switch number The total number of behavioural changes between state 1 (foraging) and state 

2 (searching)  

Proportion of total time spend in state 1 (foraging) Proportion of total time spend in state 1 (foraging) as value between 0 and1 

Proportion of total time speed in state 2 (searching) Proportion of total time spend in state 2 (searching) as value between 0 and 1 

Mean time speed in each foraging behavioural bout  Mean number of observations in state 1 bout 

Mean time speed in each searching behavioural bout Mean number of observations in state 2 bout 

Standard error of the mean (SEM) time speed in each foraging 

behavioural bout 

Standard error in the mean number of observations in state 1 bout 

SEM time speed in each searching behavioural bout Standard error in the mean number of observations in state 2 bout 

Ratio between mean time of foraging bout and searching bout  Mean number of observations in state 1 bout/mean number of observations in 

state 2 bout 

Spatial variables  

Distance displaced The distance between initial location of final location of the individual 

Mean displacement The mean distance of all observations  

SEM displacement Standard error in the mean distance of all observations 

Mean displacement of observations of foraging behaviour The mean distance of all state 1 observations 

Mean displacement of observations of searching behaviour The mean distance of all state 2 observations 

SEM displacement of observations of foraging behaviour Standard error in the mean distance of all state 1 observations 

SEM displacement of observations of searching behaviour Standard error in the mean distance of all state 2 observations 

Distance travelled in foraging behaviour Total distance when state number = 1 

Distance travelled in searching behaviour Total distance when state number = 2 

Mean distance travelled in each foraging bout Total distance of state 1/number of state 1 bouts 

Mean distance travelled in each searching bout Total distance of state 2/number of state 2 bouts 
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Design concepts 

The theoretical approach underpinning the model’s design was the correlated random walk 

(Morales et al., 2004). Individuals could ‘sense’ the resource level of the cell as they move 

through it, and also constructed a knowledge map based on the resource abundance of 

previously visited patches. The speed and direction of movement was affected by the combined 

senses of the individual on the local resource and its knowledge of the surrounding eight 

neighbouring cells; i.e., the individual preferentially moved into (one of) the neighbouring cell(s) 

with the maximum remembered resource value. If the individual moved from a cell with no 

resource to a foraging cell with a resource value larger than zero, it switched from searching 

mode (straight and more correlated movement) to foraging mode (tortuous and less 

directionally correlated movements), and vice versa. The individual abandoned the foraging 

area, and so switched from foraging to searching state, when the rate of the energy acquisition 

in the last bout of foraging was less than or equal to the average intake rate over the travelling 

time from the beginning of the model run (Wajnberg et al., 2013). 

  

Stochasticity 

Stochasticity was incorporated into the representation of landscape structure and individual 

movement during two key stages: (i) the assignment of landscape types to cells in the landscape 

generation procedure, and (ii) the individual’s movement procedure, where selection of the 

speed and direction at each step was based on exponential and wrapped Cauchy distributions 

(Zollner & Lima, 1999; Morales et al., 2004; McClintock et al., 2014). 

 

Observation 

The output state variables (Table C1.2) were calculated and collected at the end of each model 

realisation. These data were used as the inputs for an ABC-based model to calculate the 

posterior distributions of the input parameters. 

 

Initialisation and input data 

The individual-based model was initialised with one individual, located in the centre of the 

landscape and facing a randomly selected direction. To sample the model’s parameter space of 

the model (10 variables for the full model and eight variables for the simplified model), a Latin 
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hypercube sampling algorithm (Stein, 1987) was used comprising one million combinations of 

the input parameters across their full range (using the lhs library in R).  

 

To evaluate whether memory and wind were important components of the IBM to generate 

biologically realistic foraging patterns of black petrel, I also performed a structural analysis. 

The parameters and processes related to wind and site fidelity (along with processes of memory) 

from the original model were used to construct a ‘simplified’ model. Data were then simulated 

using the ‘simplified’ model with the same input parameter values as the full model.  

 

Sub-models 

1. Landscape generation 

The composition and structure of the landscape were determined by two parameters 

(Figure C1.1): (i) total resource abundance (equivalent to the number of cells in the foraging 

class), and (ii) the strength of aggregation of the foraging cells. Since the total number of 

foraging cells was assigned as an input parameter, the level of aggregation of the foraging cells 

also determined the number of foraging areas. To determine which parts of the landscape 

represented foraging areas, one randomly selected cell was seeded as a foraging cell and then 

neighbouring cells were sequentially assigning as foraging cells if a uniform random deviate 

(U ~ (0,1)) was less than the resource aggregation parameter value; otherwise another randomly 

selected cell would be assigned as a foraging cell. In this way foraging areas, comprised of 

neighbouring foraging cells, emerged. 

 

2. Movement 

During each time-step, the individual’s movement was characterised by its speed and relative 

turning angle. If the individual moved from a non-foraging cell to a foraging cell then it 

switched into the foraging state, with its speed a random deviate from an exponential 

distribution with mean ~ U(0, 1) and correlation between relative turning angles a random 

deviate from a wrapped Cauchy distribution with scale ~ U(0, 0.5) (Barton et al., 2009). If the 

individual moved from a foraging cell to a non-foraging cell then it switched into searching 

mode, with its speed determined by a random deviate from an exponential distribution with 
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mean ~ U(1, 2) and correlation between relative turning angles a random deviate from a 

wrapped Cauchy distribution ~ U(0.5, 1) 

 

In both the simplified and the full models, as well as the movement rules described above, the 

individual switched from foraging mode to searching mode based on the marginal value 

theorem (MVT) (Charnov et al., 1976) as described: 

𝑑𝐸𝑖

𝑑ℎ𝑖
= 𝐼∗                                                                  (Equation C.1) 

where Ei and hi are energy gain and time spent in patch i, respectively, and I* is mean energy 

intake. 

 

Foraging in an area i ceased when the rate of energy acquisition in that area (the left-hand side 

of equation 1) equals the average intake rate including travelling time (I*).  

 

3. Energy consumption 

An individual consumes energy when it is on a foraging cell. The per time-step energy gain of 

the individual (Et) was: 

𝐸𝑡 = 𝐸𝑡−1 + 𝑅 ∗ 0.05                                             (Equation C.2) 

The energy transformation rate from one trophic level to the next was assumed to be 0.05 

(Lindeman, 1942), and R is the amount of resource the individual reduced from the foraging 

cell per time-step. I did not assess or evaluate the cost of movement, as it was not a focus of 

this study and does not affect the behavioural processes that were of interest in the study. 

 

If the individual entered a foraging patch, the patch resource value was reduced by the amount 

of the resource consumption by the individual and updated as: 

𝑅𝑡 = 𝑅𝑡−1 − 𝑅                                                      (Equation C.3) 
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C.2 Correlation plots for the posterior distributions of the parameter estimates. 

 

Figure C2.1. Pairwise scatter plots with histograms and correlations for the data frame between posterior distributions of the parameter estimates from the best 100 runs selected 

via ABC. Cross-correlation values larger than 0.2 are listed in the boxes, and values smaller than 0.2 are represent by a bar in the boxes. 
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D.1 Overview, Design concepts and Details 

The Overview, Design concepts and Details (ODD) protocol (Grimm et al., 2010, Grimm & 

Railsback, 2012) is a widely used standardised framework for the description and 

communication of individual-based models; our model description follows this structure. To 

implement my model I used the open-source programming framework NetLogo version 5.2.1 

(Wilensky, 1999) and BehaviorSearch version 1.01 (Stonedahl & Wilensky, 2010) and R 

version x64 3.1.1 (R Core Team, 2015), including the RNetLogo (Thiele et al., 2012), lhs 

(Carnell, 2012), and gbm (Ridgeway, 2013) libraries. 

 

Purpose 

The model was designed to explore the conditions under which higher cognitive complexity, 

given its costs, was advantageous to foraging. More specifically, how an individual’s 

perceptual range, memory capacity, memory persistency, memory accuracy and site fidelity 

(preference to return to a previously visited area) influenced foraging success. The individuals’ 

energy consumption rate was measured as the energy intake of the individual from the 

landscape over a pre-determined time interval (i.e., a number of model time-steps). 

 

Entities, state variables and scales  

I developed a spatially explicit, individual-based simulation in which the elements of the study 

are landscapes and individuals. The model represented perception and memory of free-ranging 

organisms moving through spatially complex and heterogeneous landscapes. 

 

Landscape 

The 500 × 500 cell (i.e., the NetLogo ‘patch’) simulation arena depicted a continuous scalar 

field of resource quality that varies across the landscape; each cell representing 100 × 100 

metres, resulting in an areal extent of 50 × 50 kilometres. Cells with resource values higher 

than a pre-determined threshold were considered to be ‘foragable’ cells and defined as 

‘foraging cells’, in which individuals forage for food resources based on their parameter-

dependent individual tendency to do so. For simplicity, I refer to the total value and the 

arrangement (i.e., degree of spatial auto-correlation) of such cells as ‘resource abundance’ and 

‘resource spatial auto-correlation’ in this document. 
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The landscape was generated with a Gaussian random field using the ‘gstat’ R package 

(Peesma, 2004). The aggregation of the foraging cells was controlled by the range of the spatial 

semi-variogram that described the distribution of resources over the landscape. To simulate 

different abundances and spatial distributions of resources, the resource abundance and 

resource spatial auto-correlation were varied systematically over three equal levels for each 

parameter (Figure D1.1), yielding nine landscape structures. The regeneration of the landscape 

controlled whether the resource in the foraging cells regrew after being consumed by the 

individuals. Thus, there were 18 different landscapes based on their levels of resource 

abundance, resource spatial auto-correlation and whether resource regeneration happened. 

 
FigureD1.1. Examples of landscapes with different combinations of spatial auto-correlation  and of foraging cells 

from low(homogeneous) to high (patchy) (left to right; the numbers indicate the range value of the semi-variogram 

model) and number of foraging cells from small to large (bottom to top; the numbers indicate the quality threshold 

of resource level for ‘foragable’ patches). Blue shading indicates the resource quality of non-foraging cells from 

low (pale blue) to high (dark blue) and red shading indicates resource quality of foraging cells from low (light 

red) to high (dark red). Colours are scaled consistently across the nine landscapes. 
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Foragers (individuals) 

The individuals represented foraging animals, who interacted with the landscape by consuming 

resources, and constructing memory maps as they move. The individuals were characterised 

by parameters related to spatial cognition-related biological traits (Table D1.1). The perceptual 

range parameter represented the radius of an area (number of cells) around the individual over 

which it could detect the landscape resource values. The design of the perception kernel 

followed the algorithm described by Palmer et al. (2011). Three parameters determined the 

nature of an individual’s memory: memory capacity set the maximum number of cells that the 

individual could remember at any one time, memory persistency determined how rapidly the 

individual’s memory faded with time as an exponential function of time since the cell resource 

information has been stored in individual’s memory  (e.g., if the parameter value of memory 

accuracy equals to 0.9, the cell resource values stored in individual’s  memory (i.e., knowledge) 

will become 0.9n of the original perceived resource values, and n indicates the number of time 

step since the last visit of the individual), and memory accuracy set the rate of incorrect recall 

or loss of information in the individual’s memory (e.g., if the parameter value of memory 

accuracy equals to 0.9, 90% of the cell resource values stored in individual’s  memory will 

retain, and 10% will become random for every time-step). Site fidelity was reinforcement of an 

individual’s previous foraging experiences and knowledge of the landscape, which induced by 

the foraging success rate of the individuals, and represented as the preference of returning to a 

previously foraged area (Kotzerka et al., 2011, Arthur et al., 2015). The time-step in the model 

was not explicitly defined, but given the spatial grain, each tick represents about one minute in 

real time, constituting a typical movement speed during foraging of approximately 0.8 m/s at 

a 100-m grid-cell resolution. 
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Table D1.1. Parameter values for the foraging simulation model. 

Parameter or variable name Range or values 

Landscape  

Total landscape area 500 × 500 cells 

Nominal dimensions of each NetLogo cell  100 × 100 metres 

Quality value of a habitat patch 0 – 1 

Quality threshold (%) of resource level for ‘foragable’ 

patches 

20% (low), 30% (intermediate), 

40% (high) 

Auto-correlation (range value of the semi-variogram model) 1 (low), 50 (intermediate),  

99 (high) 

Regrow rate of foraging cells after consuming by the 

foragers(regeneration rate) 

0, 0.05 

Individual traits 
 

Perceptual range 3–8 cells 

Memory capacity 10, 20, 30, 40, 50 , 60, 70, 80, 90 

Memory persistence 0.9 – 1 

Memory accuracy 0.9 – 1 

Site fidelity -1 – 1 

Energy consumption rate 0.05 

Population  
 

Initial individual initialised  1 

Temporal Scale 
 

Maximum number of steps  200 

Length of each time-step  approximately 60 secs (implied) 

 

Process overview and scheduling 

Figure D1.2 provides a schematic representation of the model scheduling. At the start of each 

model run, a landscape was generated with a Gaussian random field using parameters for one 

of the landscape types (Figure D1.1). The continuous variation in habitat quality was then 

converted to a discrete value and assigned to each cell as its resource value. Next, a single 

individual was placed near (within 50 cells) of the centre of the landscape and allowed to move 

following the rules depicted in Figure D1.2. The individual continued to move until it hit the 

edge of the landscape, or had moved for 200 time-steps (implying a foraging time of 5.6 hours). 

The total energy consumption of the individual was measured after 200 time-steps, and any 

runs with fewer time-steps were eliminated from further analysis. 
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Figure D1.2. Flowchart depicting model scheduling. Diamond-shaped boxes represent decisions made by the 

dispersing individuals, for which the outcome was either yes (Y) or no (N). The boxes with grey background 

colour are sub-models, and are explained further in Figures D1.3–D1.5. 

 

Design concepts 

The basic principles underpinning the model design were the optimal foraging theorem 

(Sandstrom, 1994) and the principle that animals use spatial memory during foraging (Fagan 

et al., 2013). 

Emergence 

Foraging efficiency (the total energy consumption over the model run) emerged from the model 

via movements of individuals, driven by the biological/cognitive trait values of the individuals 

that determined how they interacted with landscapes with spatial structure. 

Sensing 

Individuals were able to detect, over a specified distance, the location of foraging cells. The 

individuals also were able to construct a ‘knowledge’ map based on the resource abundance of 
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the cells they had previously visited; this map was stored as their memory. The individual’s 

decision as to the speed and direction of movement was affected by the combination of the 

individual’s perceived information, its knowledge of the area from previous experience, and 

site fidelity. 

Stochasticity 

Stochasticity was incorporated into the representation of landscape structure and individual 

movements at two key stages: (i) landscapes were generated as spatially correlated random 

fields, meaning that while the global spatial auto-correlation structure of the landscape was 

fixed, values in each cell differed between model runs, and (ii) during the individual’s 

movement procedure where decisions were made probabilistically. 

Observation 

For evaluation of the model, the energy consumption of the individuals was observed. 

Initialisation 

The model was initialised by placing an individual at a random location within a 100 x 100 cell 

window at the centre of the landscape, facing a randomly selected direction. The landscape had 

a set proportion (amount) of foraging cells and degree of spatial auto-correlation among all 

cells. 

 

Submodels 

Landscape generation 

Spatially correlated random fields were generated using unconditional Gaussian simulation. I 

used an exponential covariance function with variance = 1, and nugget = 0. The spatial auto-

correlation between cells was controlled by modifying the range parameter in the semi-

variogram model; for example, a ‘coarser’ field can be produced by increasing the range and 

vice versa. The landscapes were normalised to sum to 1 so that the total resource availability 

is consistent across all landscapes. Cells with a resource value larger than the percentile of 

foraging cells threshold were deemed to be foraging cells; for example, if the ‘percentile of 

foraging cells’ value = 0.8, then only the top 20% of resource values across the landscape were 

assigned as foraging cells. 
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2. Memory map 

The model was dynamic both in space (z) and in time (t), which can be represented as a function 

f (z, t). 

As the individual moved across the landscape detecting the resource value in the cell it was in, 

it built up a memory map M (z, t). The memory map comprised two components: (i) a long-

term component L (z, t), which decays slowly at a rate set by the memory persistence parameter, 

and (ii) a short-term memory function S (z, t), which decays twice as quickly as the long-term 

memory. The long-term memory map attracted the forager to area with high quality foraging 

cells, and the short-term memory (which was negative) encouraged the individual to avoid 

recently visited areas (Schlägel & Lewis, 2014). The long-term and short-term memory 

components combine linearly to form the total memory map: 

M (z, t) = L (z, t) + S (z, t)           (Equation E.1) 

At each time-step, both L and S were updated via the cells within the current perception kernel, 

and information that remained in the memory kernel of the individual by: (i) adding all the 

resource of foraging cells in the current perceptual range using algorithms as described in 

Palmer et al. (2011), and (ii) updating memory information. If the total number of cells to be 

remembered was less than the memory capacity then all those cells would be memorised. 

However, if the total number of cells to be remembered exceeded an individual’s memory 

capacity, then those cells with the fewest resources would be removed from the list (i.e., 

knowledge) to reduce the memory required to its maximum capacity. All the resource value of 

the foraging cells within the memory decays as an exponential function (controlled by the 

memory persistence parameter p) of the time difference between current time i, and the time 

that they had been added to the memory at time j: 

L (z, i) = M (z, j) – pi-j          (Equation D.2) 

S (z, i) = - M (z, j) + 2pi-j                                            (Equation D.3) 

For each time-step, the resource of a proportion of the memorised cells (which are controlled 

by the memory accuracy parameter ε) was updated by a random number draw from U (0, n). 
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Figure D1.3. Flowchart of the memory sub-model. 

 

3. Movement process 

Individuals moved from their starting location via a correlated random walk (CRW). At each 

step, the individual makes a movement decision according to its knowledge of the landscape 

within its perceptual range and weighting function of site fidelity. The knowledge values of the 

foraging cells were calculated by: (i) multiplying memorised values of these foraging cells by 

the site fidelity value drawn from U (−1, 1), and then (ii) adding the perceived values of the 

foraging cells. The speed of the individual (v) follows an exponential function based on the 

mean knowledge of its neighbouring area derived from its current memory (M(z, t)), and the 

mean resource level of the forging cells (�̅�) as in equation (4). The individual moves more 
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slowly in high resource areas, and more rapidly in low resource areas with a maximum speed 

of 5 (approximately 5 m/s): 

v(z, t) = {0.8
𝑀(𝑧,𝑡)

�̅�  if 0.8
𝑀(𝑧,𝑡)

�̅� < 5 
5 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

                           (Equation D.4) 

The bearing of the individual’s movement were drawn from a probability distribution N (�̅�,90), 

with mean direction ( �̅� ) equal to the direction with highest resource level based on the 

individual’s knowledge. 

 

  
Figure D1.4. Flowchart of the individual movement sub-model. 

 

4. Energy consumptions 

Individuals consume resources when they are on a foraging cell. The per time-step energy gain 

of the individual was defined by: 

𝐸𝑡 = 𝐸𝑡−1 + 0.05𝑅                                               (Equation D.5) 

Energy transformation rate from one trophic level to the next was assumed to be 0.05 

(Lindeman, 1942), and R represented the amount of resource the individual removed from the 

foraging cell per visit. I did not assess or evaluate the cost of movement, as it was not a focus 

of this study and did not affect the behavioural processes of interest. If the individual entered a 

foraging cell, the patch resource would be consumed by the individual (Equation 3), and the 

resource value was reduced to 0. Patches regenerated slowly over time until the resource-
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replenished resource value equalled or became larger than the original cell resource value at t-

x.  

 

𝑅𝑡 = 𝑅𝑡−𝑥 + 𝑟 ∗ 𝑥                                                (Equation D.6) 

where: Rt is the resource of a foraging patch at time t after resource consumption at time t–x 

with the resource regeneration r: 

 

   

Figure D1.5. Flowchart of the energy consumption sub-model. 
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D.2 Optimal combination of the cognitive parameters selected by genetic algorithms (GA). 

Table D2.1. Optimal combination of the cognitive parameters selected by genetic algorithms (GA) without a) or with b) landscape regeneration. 

a)  without landscape regeneration 

resource abundance 20% (low) 30% (intermediate) 40% (high) 

resource spatial 

auto-correlation 
1 (low) 50 (intermediate) 99 (high) 1 (low) 50 (intermediate) 99 (high) 1 (low) 50 (intermediate) 99 (high) 

perceptual range 5 4 4 3 5 6 3 6 7 

memory capacity 50 30 10 30 10 50 70 50 50 

memory persistence 0.98 0.95 0.98 0.98 0.93 0.91 0.90 0.94 0.99 

memory accuracy 1.00 0.95 1.00 1.00 0.92 0.95 0.98 1.00 0.93 

site fidelity 0.1 −0.3 −0.9 0.2 0.5 0.9 0.7 0.9 0.9 

 

b) with landscape regeneration  

resource abundance 20% (low) 30% (intermediate) 40% (high) 

resource spatial 

auto-correlation 
1 (low) 50 (intermediate) 99 (high) 1 (low) 50 (intermediate) 99 (high) 1 (low) 50 (intermediate) 99 (high) 

perceptual range 3 3 6 6 6 8 6 6 3 

memory capacity 50 50 10 70 50 70 10 30 50 

memory persistence 0.99 0.92 0.93 0.94 0.91 0.99 0.99 0.90 0.96 

memory accuracy 0.92 0.94 0.99 1.00 0.98 0.95 0.93 0.94 0.98 

site fidelity 0.9 −0.2 0.9 0.8 0.7 0.9 0.9 1.0 0.5 
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D.3 Relative contribution (%) of cognitive parameters to the energy consumption of the individuals. 

Table D3.1. Relative contribution (%) of cognitive parameters to the energy consumption of the individuals in 18 types of landscapes a) or with b) landscape regeneration. 

a)  without landscape regeneration. 

resource abundance 20% (low) 30% (intermediate) 40% (high) 

resource spatial 

auto-correlation 
1 (low) 50 (intermediate) 99 (high) 1 (low) 50 (intermediate) 99 (high) 1 (low) 50 (intermediate) 99 (high) 

perceptual range 9.0 9.4 25.5 8.1 1.8 6.5 2.8 2.5 7.4 

memory capacity  14.2 15.3 17.3 7.3 19.8 14.1 6.9 6.7 6.2 

memory persistence  48.8 28.3 16.4 7.8 16.4 21.5 11.6 10.2 9.7 

memory accuracy 15.7 10.0 10.8 6.8 13.7 14.8 4.7 13.5 9.2 

site fidelity 11.4 37.1 30.0 70.0 48.4 43.0 74.0 67.2 67.6 

 

b)  with landscape regeneration 

resource abundance 20% (low) 30% (intermediate) 40% (high) 

resource spatial 

auto-correlation 
1 (low) 50 (intermediate) 99 (high) 1 (low) 50 (intermediate) 99 (high) 1 (low) 50 (intermediate) 99 (high) 

perceptual range 5.4 28.3 2.3 1.6 1.7 5.9 2.6 4.5 10.8 

memory capacity  39.4 15.3 4.9 7.1 20.8 9.2 8.6 8.8 37.7 

memory persistence  20.8 10.0 45.8 15.8 17.4 20.5 3.3 8.3 7.9 

memory accuracy  18.8 9.4 12.4 7.4 13.7 9.6 4.3 14.4 20.9 

site fidelity  15.6 37.1 34.6 68.1 46.4 54.8 81.3 64.0 22.7 
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