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ABSTRACT OF DISSERTATION 

AGENT-BASED MOVEMENT MODELS AND LANDSCAPE CONNECTIVITY 

Human-caused changes in landscapes typically result in the loss, degradation, 

and fragmentation of animal habitats. One consequence of habitat fragmentation is 

changes in functional landscape connectivity, which, for animals, refers to their ability 

to move through a landscape among areas of suitable habitat. Our ability to anticipate 

the consequences of human-caused landscape change on connectivity depends in part 

on how well we are able to incorporate both animal movement behavior and landscape 

structure into predictive models for connectivity.

In my dissertation research, I have explored various approaches to modeling 

animal movement and how to use such models to evaluate functional connectivity. 

Four chapters are presented. The first chapter presents a simple model for studying 

animal movement response to a single type of landscape feature. We demonstrate the 

model using data from a red diamond rattlesnake. The second chapter describes an 

approach for modeling movement and using individual-based movement models to 

evaluate functional connectivity. Model formulation, computer implementation, and
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application to connectivity evaluation are described and illustrated using a case study 

for puma in southern California. The third chapter presents a distance-weighted 

anisotropic detector model for perception that can be used in agent-based movement 

modeling. Modeling results suggest that increased anisotropy in the detection space 

leads to increased directional persistence and decreased use of the most suitable 

transition habitat. The fourth chapter describes a general approach to agent-based 

movement modeling and illustrates how to parameterize and evaluate these models 

using radio-tracking data. Forty-one models for three different puma were fit to data, 

and model selection was performed using AICc. The best models produced patterns 

that were consistent with observed data at the move level, but the patterns of nightly 

net displacement predicted by the best models were not consistent with the observed 

patterns at this scale; however, this nightly net displacement pattern may be produced 

by extending the current models to use spatial and temporal covariates. This work 

improves our ability to model individual-based movement and use such models to 

study functional landscape connectivity.

Jeff Alfred Tracey 
Graduate Degree Program in Ecology 

Colorado State University 
Fort Collins, CO 80523 

Fall 2006
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A Set of Nonlinear Regression Models for 
Animal Movement in Response to a Single 

Landscape Feature

J. A . T racey , J. Z hu , and K. C rooks

The study of individual animal movement in relation to objects in a landscape is 
important in many areas of ecology and conservation biology. Yet, many of the models 
used by ecologists do not account for landscape features and thus may not be conducive to 
analysis of animal movement data. This article develops a set of nonlinear regression models 
for both move angles and move distances in relation to a single object in the landscape. 
Our models incorporate the concept of perceptual range from theories of animal movement 
behavior. We describe numerical methods for obtaining the maximum likelihood estimates 
of the model parameters. For illustration, we show results from both computer simulated 
data and real movement data collected for a red diamond rattlesnake (Crotalus ruber) via 
radio telemetry field techniques.

Key Words: Animal ecology; Circular data; Gamma distribution; Perceptual range; von 
Mises distribution.

1. INTRODUCTION

In spite o f its im portance in many areas o f behavior, ecology, and w ildlife conserva­
tion, the movem ent o f individual anim als in space rem ains a poorly understood process 
(M arsh and Jones 1988; Turchin 1998). O f particular im portance is movement in relation 
to objects in a landscape, a process that has been called object orientation (Jander 1975). 
Objects include a wide range o f  point features such as prey o r den sites, linear features such 
as rivers o r roads, and polygon features such as an urban developm ent o r lake. Behavioral 
theory asserts that an anim al m ay respond, through m ovem ent, to objects that are w ithin its 
perceptual range, defined as the distance from which an anim al can perceive a particular 
landscape elem ent (Lim a and Zollner 1996). The m ovem ent response to the object (or land-

J. A. Tracey is Research Assistant, Department of Fishery and Wildlife Biology, Colorado State University, 
Ft. Collins, CO 80523. J. Zhu is Assistant Professor, Department of Statistics and Soil Science, University of 
Wisconsin-Madison, 1300 University Avenue, Madison, WI 53706 (E-mail: jzhu@stat.wisc.edu). K. Crooks is 
Assistant Professor, Department o f Fishery and Wildlife Biology, Colorado State University, Ft. Collins, CO 
80523.
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Journal o f  Agricultural, Biological, and Environmental Statistics, Volume 10, Number 1, Pages 1-18
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2 J . A. T r a c e y ,  J. Zhu, a n d  K. C r o o k s
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Figure 1. A map o f  rattlesnake habitat and movement paths. The unfilled polygons are patches o f rattlesnake habitat. 
The two largest habitat patches are separated by a two-lane road. The hatched areas are urban development or 
roads. The boundaries between habitat and urban development are shown as solid lines. The move paths for the 
rattlesnake are shown as solid lines in the central habitat patch.

scape feature) may be qualitatively described as attractive, repulsive, or neutral. However, 
it rem ains a challenge to describe object orientation quantitatively based on empirical data.

M ovem ent data are collected, for example, in behavioral ecology to study habitat use, 
and in conservation biology to study how animal behavior is affected by human-caused 
changes to a landscape. Data on the m ovem ent o f individual animals are often collected 
using field techniques such as radio-telemetry, snow tracking, or continuous observation, 
where anim al positions are taken at regular or irregular tim e intervals. Animal movement 
is inherently an individual-level process because it is the result o f the capabilities, needs, 
experience, perception, information processing, and activity o f individual animals. Further, 
due to considerations o f time, effort, and cost in such studies, oftentimes there are many 
observations for an individual anim al, but only for a very sm all number o f individuals. Data 
on landscape features, in contrast, are m ore abundant and are collected via rem ote sensing 
or ground m easurem ent using a global positioning system  or other techniques.

In this article, w e focus on an example o f  such m ovem ent and landscape data shown in 
Figure 1. The data were collected to study the effects o f roads and housing developm ents on 

the m ovem ent o f  red diam ond rattlesnakes (Crotalus ruber) in San Diego, CA (Tracey 2000;

2
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N o n lin ea r  R egression  M odels for  A nim al M o v em ent 3

Tracey and C ase 2005). The figure shows the boundaries between two habitat patches and 

regions of urban developm ent (hereafter referred to as patch boundaries). W ithin the central 

patch is a m ovem ent path o f an individual adult male rattlesnake formed by jo in ing observed 
locations with straight line segments (Figure 1). Even though there was an equally suitable 

habitat patch (Figure 1, upper part) that could have been reached by crossing a paved road 

approximately 20 meters in width, the anim al did not use this neighboring patch. Within 
the used habitat patch, the rattlesnake was found in areas further away from  the patch 
boundary m ore often than areas close to the patch boundary. There are a t least two plausible 

conservation im plications o f such m ovem ent responses to the patch boundary. First, even 

narrow paved roads can act as barriers to movement, so there may be little m ovem ent o f the 

rattlesnake betw een patches o f habitat. Second, because areas near patch boundaries along 
urban developm ent tend to be avoided, the am ount o f suitable habitat available within a 

habitat patch may depend on how much o f  its area is a sufficient distance from the patch 
boundary.

In practice, individual-based approaches are increasingly used in the fields o f ecology 
and conservation (DeAngelis and Gross 1992), but movement and landscape data are rarely 

used together to quantitatively analyze movem ent responses of animals to landscape fea­
tures. Recently, em pirical studies have begun to focus on movement response o f insects 
(Haddad 1999) and small mammals (Zollner 2000) to landscape features, but models and 

statistical methods for analyzing such data are not well developed. Here, we develop a 

set o f statistical models for the analysis o f individual animal movement data in relation to 
landscape feature data. O ur intent in developing these models is to support individual-based 

models that w ill be used for conservation applications. The movement models we develop 
have several useful applications. First, the qualitative response o f an individual animal to 
landscape features can now be inferred from the model parameters. Second, the models can 
be used to identify specifically which properties o f movement change to produce attraction 

or avoidance as an animal approaches an object in the landscape (such as a patch boundary). 

Third, they can be used to quantify the distance from the object at which changes in an indi­
vidual’s movem ents first occur. That is, we incorporate into our models the notion of object 

orientation and perceptual range as in the ecological theories. Thus, the proposed models 
and methods will equip ecologists and biologists with more adequate tools for studying 

animal m ovem ent across the landscape and, hence, can impact future research in areas such 

as behavioral ecology and conservation biology.
In previous ecological studies that involve movement models, move angles have been 

m odeled as a von M ises random variable with a constant mean angle and concentration 

param eter (Siniff and Jensen 1969; Batschelet 1981). Siniff and Jensen (1969) used gam m a 
distributions to model rate of movem ent for an individual animal, and provided examples of 

empirical distributions o f distance traveled per minute for red foxes and snowshoe hares to 
support their choice. O ther studies, for example, o f the butterfly Danaus plexippus  (Zalucki 

and Kitching 1982), also have found that move distance distributions are consistent with the 
shape o f gam m a distributions. Unfortunately, most models o f individual m ovem ent found

3
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4 J. A. T r a c e y ,  J. Z h u , a n d  K. C r o o k s

in the ecological literature, for exam ple, simple random walk, correlated random  walk, and 

directional bias models (Batschelet 1981; Kareiva and Shigesada 1983; Turchin 1998), do 

not describe movement in relation to landscape features, but rather model m ovem ent in a 
featureless landscape.

In order to model the response o f  an individual animal, through movement, to objects in 

the landscape, we let the param eters o f the von M ises distribution and/or gam m a distribution 
change based on the anim al’s location relative to the location o f the object. In particular, 
for move angles, the von M ises distribution has a  concentration param eter that changes as 

a function o f the anim al-to-object distance and a mean angle that changes as a function of 

the anim al-to-object angle. For move distances, the gam m a distribution has a mean move 

distance that changes as a function o f the anim al-to-object distance. O ur approach bears 
similarity to generalized linear m odels, but we allow for more general nonlinear models 
which are sometimes necessary for the complex biological and ecological system s under 
study. Statistical inference herein is likelihood based and we use methods sim ilar to those 
for generalized linear models to obtain the maximum likelihood estim ates (M LE) (see, e.g., 
Thisted 1988; M cCullagh and N elder 1989). For move angle models, we also use results for 

circular statistics in Fisher (1993) and M ardia and Jupp (2000). In particular, C hapter 6  of 
Fisher (1993) provides regression models for von M ises distributions, which we specialize 
for modeling move angles in relation to landscape features, but also generalize to include 

intrinsically nonlinear models for the concentration parameters.
In Section 2, we propose the m odels and provide biological interpretation of the model 

param eters. In Section 3, we describe statistical inference via maximum likelihood. In 

Section 4, we demonstrate applications o f the model using sim ulated data and the rattlesnake 

data. Finally, we provide a sum m ary and further discussion in Section 5.

For the ith  observation, where i =  1 ,2 , . . . , n  +  1, we let s i =  ( s i j ,  s ^ Y  denote 
the location o f an anim al and let x , =  (x , , i , Xi,2)'  denote the location o f an object. We 

let =  ||s j — x , | | 2 denote the anim al-to-object distance and D t =  js, — Si+ i ||2 denote 

the move distance between animal locations s , and s !+ i , where i =  1 , . . . , n  (Figure 

2). Further let B i  =  an g (s j,S j+ i)  denote the v'th move angle, and let C j =  ang(Sj, x ,)  

denote the anim al-to-object angle at the ith move (Figure 2), where for u  =  (m i, U2Y  and 

v  =  { v i , v 2Y:

2. MODEL

tan 1 ((v2 -  u 2) / ( v i  -  « i) )  
tan -1  ((v 2 -  u 2) / { v { -  mi)) +  ?r

Vi — Mi >  0,
V\  — M j <  0,

ang (u , v )  =  n / 2

—7r / 2

Vi — Mi =  0  and v 2 — u 2 > 0 ,
Vj — Mi =  0  and v2 — u 2 < 0 ,
Vi — M| =  0  and v 2 — u 2 =  0 .undefined

(2.1)

4
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N o n u n e a r  R eg ressio n  M odels for A nim al M ovem ent 5

animal location
a u e r  m o v eobject location

0 radians
animal location

Figure 2. Diagram illustrating movement in relation to an object in the landscape. The animal location (Si), the 
animal location after a move ('Sj+j), and the object location ( x j  are shown as open circles. The animal-to-object 
angle in radians is Ci and the animal-to-object distance is T*. The move angle is B{ and the move distance is 
D i. The response angle is A i.

Thus, the ith  move can be modeled as

s i+l ~  $i + Di
cos (B i  
sm(Bi]

(2 .2)

where i =  1 ,n .  We assum e independence between { B , }  and {D i}  conditional on (7)}  
and {C i};  therefore, we m odel {B t } and {D i}  separately.

2 .1  B a s ic  M o v e  A n g l e  M o d e l

T he basic move angle model does not incorporate the information on the object, but 

we describe it as a foundation for the responsive model in Section 2.2. We m odel the ith 

move angle, B i,  as a von M ises random variable:

{Bi\n,  k] ~  vonm ises(/z,k) ,  Bi  €  ( —i t , 7r], (2.3)

where i =  l , , . . , n , / t €  ( —7r, 7r] and n  >  0. The probability density is given by:

f { B i \ n ,  k)  =  [27t/0(/«)]_ i exp(«-.cos(Si -  /./.)), (2.4)

where [27r/0(«:)] is the norm alizing constant and I q{k ) is a modified Bessell function o f the 

first kind and zero order.
T he von M ises distribution is a circular analogue to the normal distribution; it has two 

param eters, a mean angle fi, and a concentration param eter n  (M ardia and Jupp 2000). The 

mean angle is the angle o f m aximum probability density and the concentration param eter 
controls the dispersion o f the distribution about the mean angle. The distribution is sym ­
metric about the mean angle //.. W hen the concentration param eter k  =  0, the distribution 
is uniform  on (—zr, n}. As k increases, the distribution becomes more concentrated about 
the mean angle.

5
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6 J. A . T r a c e y , J . Z hu , and  K . C rooks

2.2 R esp o n s iv e  M o v e  A n g l e  M o d e l

To model move angle in response to the object, we modify the basic move angle model 
(2.3) and (2.4) as follows. We define the response angle  as A , =  ( B t — C i)m o d (—7r , 7r], 
recalling that 77, is the ?.th move angle and C j is the Ah anim al-to-object angle. We model 
A i  by a von M ises distribution with a constant mean p  and a m ove-dependent concentration 
param eter Kj. Here p  is the mean response angle that the anim al prefers to move in relation 
to the anim al-to-object angle. For example, if the anim al is attracted to the object, then p. 
m ight be 0  radians, which indicates a tendency to move directly toward the object. On the 
other hand, if the animal is strongly repelled by the object, then p  m ight be 7r radians, w hich 
would indicate a tendency to move directly away from the object. The mean response angle 
could depend on the anim al-to-object distance T), but we assum e a constant p  to yield a 
sim pler but still realistic model. Next, we assume that the concentration param eter o f A, 
depends on the anim al-to-object distance T). We set k z =  g (T p O ) ,  where the “sw itch” 
function g(Tp, 9 )  >  0 for all 7) >  0 with param eters 9. The resulting probability density 
function is

f { A i \ T i - p ,  0) =  [27r/o(<7(Ti; 0 ))] exp (g(T i; 0)  cos(A* -  p ) )  . (2.5)

We assume that Ki — g (T p  9)  is a decreasing function o f 1\.  If  an anim al responds to 
the object, then we expect the strength of the anim al’s response to increase as it gets closer 
to the object so that the anim al has a greater tendency to move in the mean response angle 
p. Furthermore, we assume that as 7', —> oo, g (T t ; 6 ) —» 0. That is, as the anim al-to-object 
distance increases, the von M ises distribution becomes m ore uniform , and the anim al moves 
in angles that depend less on the anim al-to-object angle.

We consider two types o f switch functions, namely, an exponential function and a 
logistic function (see, e.g., Seber and W ild 1989, chap. 7). The exponential function for 
g ( T p 9 )  is

g ( T f , 6 ) =  0 , e x p ( - 0 2Ti ) ,  (2 .6 )

where 6  =  (0 1 , 02 )', O \,0 i  >  0. The exponential function (2.6) is monotone decreasing 
from 0\ to 0, at a rate o f Oj. As —* 0, g (T p  6 ) —> 0 p  and as 7") —> oo, g ( T i \ 6 ) —> 0.

The logistic function for g (T p  6 ) is

g (T i -9)  =  0 { [1 +  exp (02(Ti -  f t ) ) ] -1  , (2.7)

where 9  =  (0 \ , 0 2 , Oj)', 9 \ , 9 i J h  > 0. The logistic function (2.7) is m onotone decreasing, 
where the param eter 02 controls the rate o f decrease o f the logistic function and 0 3 is 
the inflection point. Thus, as T, —> 0, g ( T p 9 ) —> 0 \ [ 1 +  ex p (—̂ 2^3)]— 1; and as T t —»
o o ,g ( T p 0 )  -> 0.

2.3 B a sic  M o v e  D ist a n c e  M o d e l

We describe a basic move distance model as a foundation for the responsive move
distance model in Section 2.4. We model the ith move distance, 79,, as a gam m a random

6
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N o n linear  R eg ressio n  M odels for  A n im al  M ov em en t 7

variable:

[ D i \ a ,a 2] ~  gam m a(a , <r2), D* >  0 , (2.8)

where i  =  1 , . . . ,  ti, the mean move distance a  > 0  and the variance in move distance 
a2 >  0 .

We w rite the gam m a distribution in terms o f the mean and the variance because the 
meaning o f  these param eters is m ore intuitive. However, both the mean and variance o f the 
move distance can be expressed in terms o f the shape param eter /, and the inverse scale (or 
rate) param eter A. The relations are: a  =  i / X  and a 2 =  t/A 2, where t  > 0  and A >  0.

2 .4  R e s p o n s iv e  M o v e  D is t a n c e  M o d e l

To m odel move distance in response to the object, we modify the basic move distance 
model (2 .8 ) by letting the mean move distance a  depend on the anim al-to-object distance. 
For the ith move, we set a » =  h (T i \r i ) ,  where the switch function >  0 for all
Tj >  0 w ith param eters rj. For simplicity, we assum e a constant variance <x2 for move 
distance. The resulting probability density function is

f  l»2(r,;T)) N

Unlike the switch functions <7(7); 0) for move angle, we assume that the mean move
distance a l =  h {T t \ r/) can either increase or decrease as the anim al approaches the object.
Again, we consider an exponential and a logistic function for The exponential
function for h(Ti; rf) is

^ (Ti ; 7?) =  (Vi ~  i7 2 )ex p (-7 j3Ti) +  ??2, (2-10)

where r) =  (?7i , Vi,V 2 ,V 3 > As T { -> 0 , -+ r a n d  as Tj -♦  oo,
h(Ti\ r]) —> r/2. The param eter r/3 controls the rate o f changes. The logistic function for
h(Ti\r})  is

h(Ti,T}) =  (771 -  772) [l +  exp (rj3{Ti -  774))]'"' +  nt, (2.11)

where rj =  (771,772,7/3,7/4)', 771,7/2,773,7/4 >  0 . As -> 0 , h{Ti\r]) -> (77, -  7/2)[ l +
exp(—773774)]“ ' +  772; and as 7 , —» 00, /i(7 ',; 77) —» 7/2. The param eter 773 controls the rate
of change, and 774 is the inflection point. Both the exponential and the logistic function are 
m onotone increasing if rji < 772 and monotone decreasing if  77! >772.

2 .5  A p p a r e n t  P e r c e p t u a l  R a n g e

Lim a and Zollner (1996) defined perceptual range as the distance from which an 
animal can perceive a particular landscape feature. Based on the responsive m odels for

7
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8 J. A. T r a c e y ,  J. Z h u , a n d  K. C ro o k s

move angles and move distances in Section 2.2 and 2.4, we now propose an appar­
ent perceptual range (A PR) as follows. Let 5 6  (0 ,1 ) . We define two APRs: T A and 
T d . For the move angle, T A is such that g (T A \ 0 ) =  Sg(0; 0 ). For example, suppose 
S =  .05 and the sw itch function is exponential, the APR T A is the distance at which the 
switch function achieves 5%  o f  6 1, which is the total range o f the switch function g(-; 0). 
The specific form ulas are T A (Q) — —(lo g S ) j0 2 for an exponential sw itch function and 
T a (6 ) — [log ( l  +  (1 — (5) exp(02(h)) — log(d')] / 0 2 for a logistic switch function.

Similarly, for the move distance, Tj[> is such that h (T D; r]) =  5(h(0; r]) — g2) + r}2. The 
formulas for T o  are the sam e as those for T A, with 02 replaced with %  and 03 replaced with 
774. W hen the anim al responds to  the object through both the move angles and the move 
distances, we define an overall APR as max {T A , T o }. The proportion <5 serves as a threshold 
for identifying perceptual range and is user-specified. O ur APR should be sm aller than the 
theoretical perceptual range, since the animal may perceive the object at a greater distance 
than the distance at which the m ovem ent starts to respond to the object. Nevertheless the 
APRs provide a reasonable way to quantify the theoretical perceptual range.

3. STATISTICAL INFERENCE BY MAXIMUM LIKELIHOOD

In this section, we use m aximum likelihood to estim ate the param eters o f the responsive 
models for move angles and move distances.

3 .1  R e s p o n s iv e  M o v e  A n g l e  M o d e l

Let A  =  ( A i , A 2 ) . . . ,  A n )'  denote the vector o f observed response angles (i.e., move 

angle relative to the anim al-to-object angle) and let T  =  (T ), T21 • • •. T n )'  denote the vector 
o f anim al-to-object distances. Let =  (//,, 0 ') ' denote the parameters o f the responsive 
move angle m odel (2.5), where recall that p  is the constant m ean angle and 0 are the 
param eters o f  a sw itch function <j(Ti\6 ). A ssum ing conditional independence am ong all 
A i  given Tj and C j and by (2.5), the log-likelihood function for £ A is:

n n

f ( ^ ; A , T )  =  —nlog(27r) -  £  log I0 (g (T u  0))  +  ^ ( T ^ c o s ^  -  p )  . (3.1)
i — 1 i —!

M axim ization o f the log-likelihood function (3.1) can be performed using a Newton- 
Raphson type o f  optim ization algorithm. In particular, the first partial derivatives o f I  (£ 4 ; A , 
T )  are

§  =  ±  [ c o s ^ ,  |  .  ± a l T , e ) s i « ( A .  -
i - 1 ^  i = 1

where /W ( « )  =  d lo g  (/o(/^)) / d n  ~  I\ (k ) / I q(k ) and / i ( « )  is the modified Bessell 
function o f the first kind and first order. Furthermore, the second partial derivatives of 
f ( ^ ; A , T ) a r e

8
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N o n lin ea r  R egression  M odels for  A n im al  M ov em ent 9

d 2e
dOdQ'

d 2l
dOdfj,

d 2£
dfi .2

= £ [ c o s (> U - A * ) - / (,)(s(?i;0))]
P g i T g e )

dede'

^ dg(T i- ,6 ) . , A 
2 ^ ---- 55— sin(i4j — (i),d9

=  ]T ) - g ( T i \ 9 )  cos(A ; -  fi),
i = i

where I ^ ( k )  =  d 2 Iq (k ) / d n 2 =  [/<>(«) (^o(n) ~  A (« ) /« )  — M K)2] A o ( K)2-
Because £J[cos(Aj — fi)j =  I^x\ g { T i \ 9) and J5[sin(y4» — /z)] =  0 (M ardia and Jupp 

2000), one can apply the Fisher scoring algorithm to obtain the M LE 9  and p. with relative 
ease (see, e.g., Thisted 1988). The asym ptotic variance for the M LE 9  is

,i= i ^
and the asym ptotic variance for the M LE fi is

n

0 ) c o s ( A j  -  n )

A— 1

For an exponential switch function, the expressions can be further simplified (see, e.g., 
Fisher and Lee 1992; Fisher 1993).

The von M ises distributions belong to the exponential family and under mild regularity 
conditions (including the smooth condition for the switch function), sim ilar arguments as 
in Section 5.3 o f M ardia and Jupp (2000) ensure the asym ptotic norm ality o f the MLEs. 
Sim ulation was conducted and verified the asymptotic properties o f the MLEs as the sample 
size increased. To save space, we om it presenting the standard simulation results.

3 .2  R e s p o n s iv e  M o v e  D ist a n c e  M o d el

Let D  =  {D \ , Z?2,. . . ,  D„Y  denote the vector o f observed move distances and again 
recall that T  =  (Xj , T2 , . . .  , T n )' denotes the vector o f anim al-to-object distances. Let 
£d  =  ( i j ',  cr2) ' denote the param eters o f the responsive move distance m odel (2 .9), where 
recall that rj are the param eters o f a switch function h ( l \ \  rf) and cr2 is the constant variance 
o f the move distances. Assuming conditional independence among all Di given 7j  and by 
(2.9), the log-likelihood function for £D is

^ ( £ d ; D ,T )  =  Y2 ~ ^ I ^  (log h(Ti;r}) -  log a 2 +  log A )

-  t  r  ( )  -  ±  ,og A  -  ±  0& . D i  . (3 .2) 

9
= 1 v 7 i = l  i = l
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10 J. A. T r a c e y ,  J. Z h u , a n d  K. C r o o k s

We om it presenting the standard results o f the first and second partial derivatives o f  the 
log-likelihood function D , T ) ,  but note that the expectation o f the second derivative 
does not have a closed form. Thus, it w ould be easier to use the observed information 
matrix instead o f the Fisher inform ation matrix in the iterations o f a Newton-Raphson 
algorithm. Because the gamm a distribution is in the exponential family and under the usual 
regularity conditions (Shao 1999), the M LEs are asym ptotically normal. Sim ulation was 
also conducted and verified the asym ptotic properties o f  the MLEs as the sample size 
increased.

3 .3  S t a r t in g  V a lu es

We obtain initial param eter estim ates using descriptive statistics and visual inspec­
tion o f data figures. For the responsive move angle m odel, we plot the observed response 
angles { A i}  versus the anim al-to-object distance For the exponential function, first 
visually estim ate 7jnax, the anim al-to-object distance where the response angles appear 
to becom e uniform. Then using the observations at the small anim al-to-object distances, 
estim ate the mean angle and concentration param eter Finally, calculate 0 ^  =  
[ lo g (0 ^ )  — lo g (s)] /T max where s is a small number such as .1. For the logistic function, first 
visually estim ate Tmm, the anim al-to-object distance at which the dispersion of response 
angles appears to stop changing as the anim al-to-object distance is further decreased. Then 
visually estim ate Tmax, the anim al-to-object distance at w hich the dispersion of response 
angles appears to become uniform. Now, make point estim ates for the mean angle fA0'1 

and concentration 0 ^  for moves where the anim al-to-object distance is sm aller than 7 mm. 
Finally, calculate =  4 /[T max -  Tmin] and ( j f ] =  .5(T max +  7jni„). For the responsive 
move distance model, sim ilar techniques as for the move angle model can be applied. We 
omit the details.

4. APPLICATIONS

This section illustrates the methods developed in Sections 2 and 3 with both simulated 
data and the rattlesnake data introduced in Section 1. By using simulated data we dem on­
strate the behavior o f the models under different param eters and assess properties of the 
param eter estim ates. By using data from a biological system we dem onstrate the usefulness 
o f the models and some o f the practical issues involved in actual application.

4 .1  S im u l a t e d  D ata

We produced simulated datasets by modeling m ovem ent in relation to a point, a line, 
and a polygon. The point object is defined by spatial coordinates (100,100). The line feature 
is defined by a line segm ent connecting (80, 80) and ( 1 2 0 , 1 2 0 ), in which case the location 
o f the object was determined as the point on the line feature closest to the anim al’s location.

10
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Figure 3. Examples o f  simulated movement paths. Movements were simulated in relation to point ((a), (d), (g)), 
line ((b), (e), (h)), and polygon ((c), (f), (i)) features. The landscape features (or objects) are shown as black solid 
lines. The location o f  the point object is shown as “cross-hairs." Parameters were selected to produce attractive 
((a)-(c)), neutral ((d)-(f)), and repulsive ((g)-(i)) responses. In the polygon case, attraction was to the polygon 
boundary, and the simulation was terminated when the simulated animal left the polygon. Conversely, repulsion 
was to the polygon boundary. The simulated animal locations are shown as filled circles joined by gray lines to 
show the movement order. Numbers above some locations also indicate movement order.

The polygon feature is delineated by a closed set o f eight line segments defined by the 
sequence o f vertexes (80, 130), (120, 130), (130, 120), (130, 80), (120, 70), (80, 70), (70, 
80), (70 ,120), (80 ,130). Again, the location o f the object was determined to be the point on 
the polygon boundary closest to the animal location. M ovem ent in relation to these objects 
was sim ulated according to the responsive models for move angles (2.5) with a logistic 
switch function (2.7) and for move distances (2.9) with a logistic switch function (2.11).

Examples of the sim ulated m ovem ent paths are shown in Figure 3. For m ovem ent that 
is attracted to an object (Figure 3(a)—(c)), we selected the following param eter values for 
the response angle model: fi =  0 , 6 \ =  4, d2 =  1.2, #3 =  10; and the following param eter 
values for the move distance: rj\ =  1 ,772 =  5 , 773 =  1 .2 ,774 =  5, a2  =  2. Starting far from 
the object at (70, 100) (Figure 3(a) and 3(b)) and at the center o f the polygon (100, 100) 
(Figure 3(c)), the simulated m ovem ent tends toward the object. The clear tendency to move 
toward the object is because o f the zero mean response angle fi =  0. For m ovem ent that 
does not relate to an object (Figure 3(d)—(f)), we selected the following param eter values

1 1
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12 J. A. T r a c e y ,  J. Z h u , a n d  K. C r o o k s

for the response angle: /x =  0 , 6 \ =  0 ,0 2  =  1 -2 , 0 -$ =  10 ; and those for the m ove dis­
tance T/i = 5 , r f i  — 5,773 =  1.2, r/4 =  5 , a 2 =  2. Starting at (90, 100) (Figure 3(d) and 
3(e)) and at (100, 100) (Figure 3(f)), the sim ulated m ovem ent wanders around the object,
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Figure 4. Display ofthe simulated movement data. Subfigures (a)-( i) show the simulated response angles versus the 
animal-to-object distance, and subfigures (j)-(r) show the simulated move distances versus the animal-to-object 
distance. Simulated movements were in relation to point ((a)-(c), (j)-(l)), line ((d)-(f), (m)-(o)), and polygon 
((g)-(i), (p)-(r»  features. The relation was attractive ((a), (d), (g), (j), (m), (p)), neutral ((b), (e), (h), (k), (n), (q)), 
and repulsive ((c), (f), (i), (1), (o), (r)) responses. The simulated observations are shown as circles joined by solid 
lines to show movement order. Numbers above some observations also indicate movement order.

12

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



N o n lin ea r  R eg ressio n  M odels for  A n im a l  M ovem ent 13

w ithout an obvious tendency toward or away from the object. Finally, for m ovem ent that 
is repelled by an object (Figure 3(g)—<i)), we selected the follow ing param eter values for 
the response angle: fi  =  it, 0\ =  4 ,6 2  =  1 - 2 , =  10; and those for the move distance 
Vi — 9 ,%  =  5, %  =  1.2 ,774 =  5, a 2 =  2. Starting near the object at (99, 100) (Figure 
3(g) and 3(h)) and at (71 ,100) (Figure 3(i)), the sim ulated m ovem ent moves away from the 
object. The clear tendency to move away from the object is produced by setting the mean 
response angle //  =  it.

For both the attractive and repulsive move angle response, the concentration param eter 
increases as a function o f  the anim al-to-object distance from 0  at a large distance to approxi­
mately 4  at a  distance o f 0. For the move distance response, we set the mean move distance at 
large anim al-to-object distances as 172 =  5. For the attractive case, the mean move distance 
declines as the anim al approaches the object, as would be expected if  the anim al prefers to 
be near the object. In contrast, for the repulsive examples, the mean move distance increases 
as the anim al-to-object distance decreases, because the anim al could avoid the object more 
effectively if it moves m ore quickly away when the object was nearby.

C orresponding to these m ovem ent patterns, we plotted the response angles { A i } versus 
the anim al-to-object distances { T J  (Figure 4(a)—(i)). For m ovem ent attracted to an object, 
the response angles are m ore concentrated around 0  radians as the anim al-to-object distances 
are decreased, w hereas the response angles are m ore concentrated around 7r radians for 
movem ent repelled by an object. No obvious pattern is seen for movem ent nonresponsive 
to an object. In the polygon case, the m ovem ent response is to the nearest point on the 
polygon boundary. In the attractive case, the animal tends to move toward the boundary and 
quickly leaves the polygon (Figure 3(c) and Figure 4(g)). For the repulsive case the animal 
tends to move away from the polygon boundary, and its movem ents are confined to within 
the polygon (Figure 3(i) and Figure 4(i)).

In addition, we plotted the move distances {/?,} versus {T;} (Figure 4 (j)-(r)). For 
the repulsive cases (Figure 4(1), (o), and (r)), the tendency to avoid the object is increased 
by larger move distances for small anim al-to-object distances. In the neutral cases (Figure 
4(k), (n), and (q)), the mean move length does not depend on the anim al-to-object distance. 
In the attractive cases (Figure 4(j), (m), and (p)) the tendency to remain near the object is 
increased by sm aller move distances for sm all anim al-to-object distances.

The models produced the desired behavior in all cases. One im portant point is that 
for the simulations with a repulsive response, shorter anim al-to-object distances are under­
represented in the simulated data. It is reasonable to expect this from  real data where the 
anim al is repelled by the object, which can pose difficulties in param eter estim ation for a 
sm all sam ple size.

4 .2  R a t t l e s n a k e  M o v e m e n t  D ata

We return to the rattlesnake data presented in Section 1 to dem onstrate the application 
o f our models to real m ovem ent and landscape data. T he data were obtained using radio­
telem etry for a single adult m ale red diam ond rattlesnake (Crotalus ruber; Tracey 2000;
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Figure 5. Display o f  the rattlesnake movement data. The top figure shows the observed response angle versus the 
animal-to-object distance in meters. In this case, the location o f  the object is the nearest point on the habitat patch 
boundary. The bottom figure shows the move distance in meters versus the animal-to-object distance in meters. 
In both figures, the observations are shown as filled circles joined by gray lines to show their movement order. 
Numbers above some observations also indicate movement order.

Tracey and Case 2005). Red diam ond rattlesnakes, a  species o f pit viper, can be found only 
in coastal southern California and the Baja California, and are primarily active in spring 

and summer. They are referred to as mobile ambush predators because they move to a 
suitable ambush site, wait until a  small mam mal comes within striking range, and then 
strike the prey delivering venom  through retractable fangs. M uch o f its habitat in the United 
States is being severely im pacted by urban and agricultural development, but few studies of 
this species have been conducted by ecologists. The objective of the radio-telemetry study 
was to improve our understanding o f  the effects o f  urban developm ent on the habitat use, 
movement, and home range sizes o f red diam ond rattlesnakes (Tracey 2000; Tracey and 
Case 2005).

The particular anim al that is the focus of this analysis inhabited a fragment o f natural 
vegetation isolated by roads and urban developm ent (Figure 1). The rattlesnake was radio­
tracked by surgically im planting a sm all transm itter in the snake’s body, and then locating 

the transm itter by a receiver attached to a directional antenna. The study animal was located 
at two- to three-day intervals during the late spring and sum mer months o f 1999 and 2000, 
the seasons when rattlesnakes are m ost active. Because the relocation tim e intervals were 
fairly regular, w e m ay assume that the move duration (i.e., the time interval between two 
consecutively sam pled locations) did not influence move distance. Universal Transverse 
M ercator (U TM ) coordinates accurate to w ithin 1.7 meters were obtained using a  Global 
Positioning System receiver and differential correction techniques. A total o f n  =  49 moves 
were observed (Figure 1). Data for relocation intervals during which the anim al did not move

14
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Table 1. Maximum Likelihood Estimates of Model Parameters From Rattlesnake Movement Data

Model

Move angle models

p, K 0, ez h

basic 2.77 .45 _ _ —
responsive (exponential) -2 .7 4 — 17.25 .06 —
responsive (logistic) - 3 .0 9  —

Move distance models

4.14 .53 74.19

Model & a-2 Vi V2 V3 V4

basic 65.45 3198.70 _ — — —
responsive (exponential) — 3101.58 96.07 61.70 .017 —
responsive (logistic) — 2767.29 109.51 59.52 1.92 101.42

were excluded from this analysis. D uring the study, the animal was not observed moving 
beyond the boundary between the natural vegetation and urban development.

The boundary of the habitat fragm ent was digitized from high-resolution aerial imagery 
(U.S. G eological Survey DOQQs), resulting in a polygon defined by a closed set o f line 
segments (Figure 1). We computed the distance T, and angle C\ from each anim al location 
to the nearest point on the habitat patch boundary, the distance the animal moved D t , the 
angle the anim al moved B i,  and the response angle A t for each observation i. In Figure 5, 
we plotted the response angles { }  and the move distances {D i}  versus the animal-to- 
object distances {T,}. The plot o f the response angles (Figure 5) are rem arkably sim ilar to 
the sim ulated data for repulsion to a polygon boundary (Figure 4(i)). M ost notably, in both 
plots the distribution o f response angles becomes more uniform as 'L\ increases and there 
are relatively fewer observations for small values o f 7\.

We analyzed the response angle data {A i}  using a basic move angle model (i.e., von 
Mises distribution with constant mean and concentration), a responsive move angle model 
with an exponential switch function of the anim al-to-object distance {T ,} for the von M ises 
concentration parameter, and a response move angle model with a logistic switch function 
(Table 1). Sim ilarly we analyzed the move distance data { D t } using a basic move d is­
tance model (i.e., gam m a distribution with constant mean and variance), a  responsive move 
distance model with an exponential switch function of the anim al-to-object distance {T)} 
for the mean move distance, and a responsive move distance model with a logistic switch 
function (Table 1). We used likelihood ratio tests (LRT) and A kaike’s information criterion 
(AIC) for model selection (Table 2). All data were analyzed using functions written by the 
authors in R (R Development Core Team 2003). These functions can be obtained from the 
authors upon request.

For the move angles, the LRT for the basic model versus the responsive model with 
an exponential switch function had a x 2 =  4.22 on 1 df with a p  value of .04. Similarly, 
the LRT for the basic model versus the responsive model with a logistic switch function 
had a x 2 =  5 .64 on 2 d f with a p  value o f .06. Thus, there is som e evidence that the basic 
model is not adequate and the anim al’s response to the patch boundary did change with the 
anim al-to-boundary distances. Between the two switch functions, the AIC values were close
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Table 2. Model Selection for Move Angle and Move Distance Models. Likelihood ratio test is used to 
compare a basic model and a  responsive model, whereas Akaike’s  information criterion (AIC) 
is used to compare a responsive model with an exponential switch function and that with a  
logistic switch function.

Full model

Move angle models 

AIC Reduced model X2 df p value

basic 179.25 _ _ _ _
responsive (exponential) 177.04 basic 4.21 1 .040
responsive (logistic) 177.61 basic 

Move distance models

5.64 2 .060

full model AIC reduced model X2 df p value

basic 509.40 _ _ _ _
responsive (exponential) 511.97 basic 1.43 2 .488
responsive (logistic) 509.11 basic 6.30 3 .098

with 177.04 for the exponential switch and 177.61 for the logistic switch. N onetheless, we 
selected the exponential function because o f its simplicity. Given the final exponential re­
sponsive angle model, the param eter estim ates and their standard errors (in the parentheses) 
a r e / i =  —2.74 (.050), Q\ =  17.25 (8.10), 02 =  .056 (.0081). The estimated mean response 
angle p, — —2.74 indicates that the anim al tends to move away from the nearest point on 
the habitat patch boundary. Recall that 6 1 is the concentration o f the von M ises distribution 
when Ti  =  0. Because the estim ate Q\ is large, the tendency to move away from the patch 
boundary becam e very strong as the anim al approached the boundary. The strength o f the 
tendency decreased exponentially at a rate o f 02 =  .056 as the animal moved away from the 
patch boundary. These results indicate that this rattlesnake had a strong repulsive response 
to the patch boundary.

In contrast, for the move distance models, the LRT for the basic model versus the 
responsive model with an exponential switch function had a y 2 =  1.43 on d f — 2 with a 
p  value o f .49; whereas the LRT for the basic model versus the responsive m odel with a 

logistic switch function had a x 2 =  6.30 on d f =  3 with a p  value of .10. For both types 
o f switch functions, there is no evidence against the basic unresponsive model. Given the 
final basic move distance model, the param eter estimates and their standard errors (in the 
parentheses) are a  =  65.45 (.78). a 2 — 3198.70 (106.32). The results indicate that the 
animal did not alter the move distance deliberately as it approached the patch boundary. 

In summary, altering the move angles rather than the move distances was the primary 
mechanism that this particular rattlesnake used to avoid approaching the patch boundary 
and possibly crossing into roads or urban areas, thereby avoiding the risks involved in 
moving through the hum an-dom inated landscape elements.

Furthermore, based on the final move angle model, we could compute the apparent 
perceptual range (APR) TU for this individual as defined in Section 2.5. With the threshold 
set at <5 =  .05, the estim ated APR is =  53.57 meters, the distance from the patch 
boundary where the rattlesnake showed avoidance o f the patch boundary. Using a param etric 
bootstrap, we further com puted a  95% confidence interval for the APR, w hich ranged 
between 40.47 meters and 72.37 meters (see, e.g., Manly 1997). From a conservation
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perspective, this means that habitat within at least 40,47 m eters and as much as 72.37 
meters o f the nearest roads and urban developm ent is avoided by this rattlesnake. This kind 
o f  information can be taken into account in designing reserves (e.g., buffer zones) and is 
useful in determining how much habitat is available.

A nalysis based on our models yield useful results even though the num ber o f obser­
vations in this exam ple were moderate. We determined that the rattlesnake responded to 
the habitat patch boundary and the response was one o f avoidance. Moreover, the changes 
in the move angle as the animal approached the boundary were the primary m echanism  of 
avoidance and the avoidance response was evident at roughly 53.57 meters from  the patch 

boundary. We have obtained a param eterized model for how the angular response changed 
with distance to the boundary. The results are consistent w ith the visual inspection o f the 
data (Figure 5) and are sensible from a biological and ecological perspective.

5. CONCLUSIONS AND DISCUSSION
This article proposes a set o f statistical models for individual anim al m ovem ent in 

response to a single type of landscape feature. The models are useful for simulating ani­
mal m ovem ent in response to a landscape feature and for statistical analysis o f m ovem ent 
path data such as the kind obtained through a  radio telemetry study. We defined apparent 
perceptual range, and provided form ulas to calculate this quantity based on the model pa­
rameters. We dem onstrated the application of the model to sim ulated data for m ovem ent 
in response to point, line, and the boundary o f polygon features. Further, w e applied the 
m ethods to analyze a radio telem etry dataset collected from a rattlesnake in relation to a 
boundary between natural habitat and urban development.

The methods presented in this article also serve as a basis for further work on modeling 
anim al movement. In our analysis o f the rattlesnake data, we assum ed that the move distance 
was not dependent on the move duration, because the relocation tim e intervals w ere fairly 
regular. In general, regular relocation time intervals can be incorporated into the study 
design. However, when this assum ption is not met, a correction should be applied to the 
move distance by calculating, for example, a move rate based on both move distance and 
move duration. We also assumed conditional independence am ong the sequence o f move 
angles and among the sequence o f move distances given the anim al-to-object angles and 
distances. M ore com plicated dependence structures m ight som etimes arise in practice. For 
example, temporal autocorrelation may still be present in the move angle o r move distance 
data even after the anim al-to-object relations have been accounted for. Such dependence 
can be detected by plotting the auto-correlation among “residuals” at different tim e lags 
(Turchin 1998). Further, we assumed conditional independence between the response angle 
and move distance within a move given the anim al-to-object angles and distances. It is 
possible that residuals in response angle and move distance are cross-correlated within 
a move, which can be tested using, for example, circular-linear correlations (Batschelet 
1981). The present models can be extended to account for more com plicated dependence 
structures. Finally, our methods for an individual animal can be extended to population-level 
inference based on data from a set o f  individuals. Random-effects type o f m odels w ill be
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suitable. We are currently investigating this and the other possible extensions o f our current 
models.
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Individual-based modeling as a tool 
for conserving connectivity

J E F F  A.  T R A C E Y

I N T R O D U C T I O N  

Anim al m ovem en t

Functional (or behavioral) connectivity has been  defined as " the  degree to 
w hich  the landscape facilitates or im pedes m ovem ent am ong resource 
patches” (Taylor et al. 1 9 9 3 ; Form an 1 9 9 7 ; Taylor et al. Chapter. 2 ). W hen 
an  an im al moves, it m u s t expend energy and  it m ay take risks such as 
be ing  m ore visible to predators. So why should  an  anim al move a t all? T he 
reason is th a t the landscape in  im m ediate  proxim ity to an anim al m ay no t 
satisfy its p resen t o r anticipated needs. Therefore, we would expect 
m ovem en t to  have som e purpose for anim als; in o ther words, it is a goal- 
orien ted  and  behavior-m ediated search. Bell (1 9 9 0 ) suggests three factors 
th a t d e term ine  search ing  behavior; the characteristics and  abilities o f  the 
anim al, the  resources and  risks in  th e  external env ironm ent, and resource 
requ irem en ts  as de te rm ined  by the in te rna l state o f  the anim al. We could 
th in k  o f  m ovem ent as an  activity th a t allows an  an im al to  m atch  its 
in ternal needs to its external environm ent: if  it is th rea tened  it finds safety, 
i f  it is hungry  it finds food, if  it is cold it finds w arm th, and  i f  it is ready 
to  reproduce it finds a m ate. A n anim al, however, m u s t w eigh all o f these 
needs sim ultaneously  each tim e it m oves based on  w hich needs are 
m ost im portan t an d  w hat it know s about th e  landscape. A n ordered set 
o f  these  decisions, w hich results in  a m ovem ent path , determ ines in  large 
p a rt the success o f  th e  individual. A nd the set o f  m ovem ent pa ths for 
all individuals in  a landscape at a given po in t in  tim e  determ ines the 
functional connectivity o f  th a t landscape.

Individual-Based Modeling as a Tool for Conserving Connectivity, eds. Jeff A. Tracey. Published by 
Cambridge University Press. €> Cambridge University Press 2 0 0 6 .
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Background

Functional landscape connectivity is directly related to an im al m ovem ent 
responses to landscapes. M ost approaches for evaluating functional 
connectivity focus on  th e  landscape, and  only im plicitly consider anim al 
m ovem ent. I believe th a t an im al m ovem ent behavior w arran ts equal and  
explicit evaluation in  studies o f  functional connectivity. From  th is perspec­
tive, w e consider th e  in teraction  o f  individual an im als w ith th e  landscape; 
th a t is, how  it is perceived by and  affects m ovem ent behavior o f  ind i­
viduals, and  the  costs and  benefits the local landscape provides to  them .

Before proceeding further, 1 will define som e term inology and  p resen t 
som e basic concepts related to landscapes and  an im al m ovem ent. First, we 
are in terested  in  two kinds o f  spatial variation: discrete and  continuous. 
We conceptualize discrete landscape variation in  term s o f  d istinct entities 
in  space, such as an individual anim al o r a highway. I will refer to  these 
entities as objects, b u t they are som etim es referred  to as landscape features 
or landscape elem ents. O bjects are often rep resen ted  via vector-based 
m odels in w hich the geom etry o f  objects are described by points, lines, 
or polygons. For example, we m ay rep resen t an im al locations as points, 
rivers o r roads as lines, and  u rban  developm ent o r lakes as polygons. 
Several im portan t concepts related to the perception  o f objects by anim als 
have been developed. M ovem ent in relation to objects in  a landscape has 
been called object orientation (Jander 1975). Further, Jander {19 7 5 ) defined 
detection space as “ the area around  the searcher w ith in  w hich it detects 
objects.” Later, Lima and  Z ollner {1 9 9 6 ) defined perceptual range as the 
d istance from  w hich an an im al can perceive a particular landscape ele­
m ent. M ore recently, O lden and  o thers (2 0 0 4 } discuss concepts perta in ing  
to the relation  betw een the streng th  o f  environm ental s tim u lus and 
com ponents o f perceptual range. In the absence o f  spatial learn ing, we 
assum e th a t an  object m u s t be w ithin an  an im al’s detection space before 
it will respond  to it th rough  m ovem ent. T hese m ovem ent responses to 
objects (or landscape features) m ay be qualitatively described as attractive, 
repulsive, o r neutral. A nim als also respond  to continuous landscape 
variation, often referred to as fields, and  represented  by raster (e.g., grid- 
based) m odels. Examples o f  landscape variables tha t m igh t be represented  
w ith  raster m odels are elevation and  tem perature. M ovem ent in  response 
to con tinuous landscape variation, depending  on the m echan ism  o f 
orientation, has been described by taxis and kinesis m odels (Jander 19 7 5 ; 
B enham ou and Bovet 1 9 9 2 ; T urchin 1 9 9 8 ).

T he effects o f  hum an-m ade  (or built) objects on anim al m ovem ent 
are the prim ary focus o f  m ovem ent-based evaluation o f  landscape
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connectivity. For som e species, hum an-m ade objects m ay be attractive, 
such  as newly sprou ted  corn fields to feeding sandh ill cranes or trash  b ins 
to  foraging racoons. In  som e cases hum an-m ade structures can provide 
shelter; for example, rattlesnakes m ay overw inter in  piles o f  concrete 
debris left b eh in d  following housing  construction. But for m any species 
and  in  m any  cases, hum an-m ade objects are avoided or hazardous. Some 
objects, such as u rban  developm ent and  its associated n ight-tim e illum ina­
tion, m ay have no natu ral analogue. Objects such  as freeways can reduce 
connectivity by restricting  m ovem ent due to behavioral avoidance as 
well increasing m ortality due  to vehicle collisions w hen  an im als do risk 
a crossing (Clevenger and  W ierzchowski C hapter 2 0 ).

T he effects o f  a particular type o f object on functional connectivity may 
no t necessarily be inferred  from  habita t utilization studies. For example, 
suppose an  anim al encounters an  urban  developm ent th a t it w ants to 
avoid. Such avoidance can be achieved in  m any  ways:

•  the an im al m ay avoid crossing the boundary in to  th e  u rb an  area 
(and perhaps have to c ircum vent it),

•  it m ay im m ediately leave the u rban  area if  it is entered,
•  it m ay decrease tim e in  the u rban  area by m oving m ore often, m oving 

at a greater rate, or m oving in  straighter paths, or
•  som e com bination o f  the above.

Each o f  these  responses can produce low utilization o f  the u rban  develop­
m en t. However, the different kinds o f avoidance responses can have 
d ifferent effects on  landscape connectivity, in  the first two responses, the 
u rb an  developm ent acts as a barrier to m ovem ent, and  therefore, may 
reduce connectivity o r alter connectivity by redirecting  m ovem ent to  other 
areas. In  the th ird  response, due to the rapid m ovem ent th rough  u rban  
developm ent, could actually prom ote connectivity am ong core habitat 
areas i f  the risk  o f  m ortality in  th e  u rban  area is no t too high.

A nim al m ovem ent is poorly understood (M arsh and  Jones 1 9 8 8 ; 
T urchin 1 9 9 8 ; Van V uren 1 9 9 8 ), and in  spite o f  som e prom ising 
conceptual and  em pirical w ork (Jander 19 7 5 ; Lima and  Zollner 1 9 9 6 ; 
H addad 1 9 9 9 ; Zollner 2 0 0 0 ), there  is a notable lack o f  m odels tha t are 
useful for analyzing m ovem ent in  relation to objects. In  general, it is 
im portan t no t to construct m odels that are m ore  com plicated than  
necessary for a particular application. But i f  the m odel leaves ou t essential 
features o f  th e  system, it will no t be useful. A nim al m ovem ent m odels 
(often w ith m u ch  biological realism ) are frequently u sed  in  sim ulations 
em ployed for conservation purposes, bu t they are generally based on rules

21

R eproduced  with perm ission of the copyright owner. Further reproduction prohibited without perm ission.



346  I Je ff A. Tracey

o f  m ovem ent and param eter estim ates that seem  reasonable (this has 
been  called a standard o f  plausibility: Lima and Z ollner 1 9 9 6 ), rather than  
those that have are based on  analysis o f  m ovem en t data. O n the other  
hand, very sim p le  m o d els o f  m ovem ent (e.g., s im p le  or correlated random  
walks: Turchin 1998} are not usefu l by them selves because they do not 
inc lu de  the responses to objects and fields that are central to functional 
connectivity. A n im portant part o f  m y research is to develop anim al 
m ovem ent m od els that are sufficiently biologically realistic and yet sim ple  
e n o u g h  that their param eters can be estim ated from  em pirical data.

In the m odels I describe, I consider m ovem ent occurring in  discrete  
(but potentially sm all) tim e intervals w h ich  can be conceptualized  as an  
iterative process in  w hich the anim al cycles through three basic steps:
(1) collecting inform ation on the anim al’s needs and the landscape,

(2) inform ation processing, and (3) usin g  the processed inform ation to 
m ake a m ovem ent. N otice here that the anim al is the system  under  
consideration: in form ation  is input to the system  (the anim al), it is  
processed (which is a form  o f  com putation), and the output is a m ovem ent 
and /or other actions such  as feed ing. T hese processes occur w ith in  
individual an im als, and so I take an individual-based approach (H uston  
et al. 1988) to m od elin g  m ovem ent.

Preview

In th is section  I have presented a background o n  the relation o f  anim al 
m ovem ent to functional connectivity. T11 the rem ainder o f  this chapter, 
I give a brief introduction  to statistical m odels o f  an im al m ovem ent that 
m y colleagues and I have developed, and an overview o f  a com puter  
program  that I have constructed for sim ulating  anim al m ovem ent on  
data layers derived in a geographic inform ation system  (GIS). We are 

applying these m od els to the evaluation o f  landscape connectivity for large 
carnivores, and I provide a case study for pum as (P u m a  concolor) in  coastal 
southern  California. I conclude w ith a b r ief sum m ary and recom m en da­
tions for future m odelin g , em pirical, and applied work.

G E N E R A L  A P P R O A C H

T he approach I describe involves three general areas o f  research. First, 
I develop alternative m athem atical m odels o f  m ovem ent in  relation to 
landscape features and develop statistical procedures for param eter esti­
m ation  and m odel selection . Second, I construct program s for sim ulat­
ing  anim al m o vem en t 011 GIS m odels o f  landscapes u sin g  the m odels

22

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



Individual-based m odeling  as a tool for conserv ing  connectivity  | 347

w e have developed. Third, I develop the application o f  the statistical 
m odels and sim ulation  program s so that they can be used  to quantify and  

visualize  connectivity from  sim ulation  output and  to evaluate landscape  

connectivity in  support o f  reserve design  and other conservation efforts. 
Sim ulations can b e  run o n  current or alternative landscapes. M ovem ent 
can even be sim ulated  o n  m odels o f  potential future landscapes, su ch  as 
th ose  produced by urban growth m odels, providing proactive gu idance to 

conservation planning. Therefore, th is approach provides a fram ework for 
data supported evaluation o f  connectivity u s in g  m odels that include the  
essen tia l features o f  connectivity. In the rem ainder o f  this section  I w ill 
describe each o f  these  areas o f  research in  m ore detail, and in  the next 

section  I w ill present a case study that illustrates our approach.

Animal m ovem ent data

T he m odels I present are designed  for data on the m ovem ent paths o f  
individual anim als such  as the type collected via radiotelem etry, global 
position in g  system  (GPS) tracking, sn ow  tracking, direct observation, and  

other m ethods in w h ich  locations are sam pled at d iscrete tim e intervals. 

Ideally, these  tim e intervals should  be regular. T hese data con sist o f  spatial 
coordinates (x, y) and a tim e at w hich the location w as sam pled  (Fig. 14.1). 
From these data w e can calculate the m ove d istance and m ove angle  
betw een each pair o f  consecutive locations. T he tu rn  angle can also be  
calculated as the d ifference betw een consecutive m ove angles. T hese  
m easurem ents serve as dependent variables in  our statistical m odels.

Data on  objects are required to quantify the relation o f  the anim al 
locations to the landscape. T hese data are usually  in  the form  o f  GIS layers 
(Fig. 14.1). For polygon data (e.g., land cover), w e  identify the type o f  
polygon that each anim al location falls w ithin and the type o f  the nearest 

neighb oring  polygon. T his allows us to identify the type o f  patch boundary  

to w h ich  the anim al m ay be responding. We com b in e  the m ovem en t and  
landscape data to obtain m easurem ents o f  the angle  and distance from  

each anim al location to the nearest point on  the boundary o f  each type o f  

object in  the landscape (Fig. 14.1). I refer to th ese  as anim al-to-object 
angles and distances. For continuous landscape variation, su ch  as 
elevation, w e m ight calculate the slope (w hich con sists o f  the gradient, 
or steep ness, and the aspect, or orientation) o f  the terrain at the an im al’s 
location. T hese m easurem ents are related to tire an im al’s perception o f  the  
landscape, and are predictor variables (or covariates) in  our statistical 
m odels.
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A T \f%
m J itX  Sampled location

Urban landscape element,
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urban element

Fig. 14.1. U sing  radio  o r G PS telem etry  data  an d  geographic in fo rm ation  
system  layers we can  quan tify  an im al m o v em en t in relation  to landscape 
fea tu res (or objects). T he gray polygons re p re se n t u rb an  landscape e lem ents . 
T he th ick  dark  gray line is the an im al's  tru e  m o v em en t path , and  the  th in  black 
lines show  the  approx im ated  m ov em en t p a th  fo rm ed  by jo in ing  th e  sam ple  
locations (white-filled circles) w ith  s tra ig h t line segm en ts. The anim al-to-object 
angle  for one  o f  the locations is show n as an  arrow. In  th is  case th e  object 
is the closest po in t on  the  u rban  boundary  to each an im al location. This 
exam ple w as produced  by sim ulation .

For each anim al location, w e  a lso  subtract anim al-to-object ang les and  
aspects from  the m ove angle  to obtain  angle  o f  m ovem en t relative to each  
object and  field, w h ich  I refer to as a response angle  (Fig. 14.2). For exam ple, 
i f  the an im al m oves directly toward an  object, its response angle  is 
0 .0  degrees; alternatively, i f  it m oves directly away from  the object its 
response angle  is 1 8 0 .0  degrees. T he resp on se  angle is  also  considered  
a d epend en t variable in  the statistical m odels.

Careful consideration  sh ou ld  be g iven  to the k inds o f  m ovem ent  
and landscape data that are analyzed, la rge-sca le  m ovem en ts m ight  
be m ore im portant to connectivity than sm all-scale m ovem ents. Ranging,

24

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



Individual-based m odeling  as a tool for conserving  connectivity | 349

object r e s p o n s e
a n g l e

l o c a t i o n  
> a f t e r  m o v e

a n i m a l
t o o b j e c t
a n g l e

m o v e
a n g l e 0  d e g r e e sc u r r e n t  v  

l o c a t i o n

Fig. 14.2. R esponse angle. We calculate th e  animal-to-object- angle from  the  
an im a l's  c u rre n t location to the  n eares t po in t 011 the object, an d  th e  move angle 
from  the  an im a l’s c u rre n t location to its location after th e  m ove (the next 
observed location). T he response angle for a m ove is the  m ove angle m in u s 
th e  anim al-to-object angle  co nstra ined  to the  in terval from  o  to 360 degrees 
(or in  rad ians, o  to 271).

topographic orientation  (Jander 1975), m igration, and dispersal probably 
contribute m ore  to connectivity am on g  core areas in  a reserve network than  
m o st other k inds o f  m ovem ents. W e m ay also w ant to narrow our focus to 
particular k inds o f  anim als. It m ay be reasonable to a ssu m e that newborn, 
dispersing, or relocated an im als are m oving prim arily in  response to their 
im m ed ia te  perceptions rather than spatial m em ory. Furtherm ore, not all 
types o f  landscape features need  to be included. T he num ber o f  categories 
in  landcover layers m igh t be reduced to a sm aller num ber o f  m ean ingfu l 
classes based on  the particular application and the results o f  previous 
habitat u tilization  stu d ies and analysis o f  m ovem en t data. Som e data, 
su ch  as the d istribution o f  prey, m igh t be im portant to determ ine w here  

anim als m ig h t estab lish  h o m e  ranges, but m igh t be less im portant 
to u n derstand in g  m ov em en t across a landscape betw een  core areas. O ne  
sh ou ld  se lect data that m atch es the assu m p tion s o f  the statistical m odels  
used  for analysis and  that m atches the connectivity evaluation objectives.

Statistical m od els o f  anim al m ovem ent

T he statistical m od els o f  m ov em en t I present in  th is section  are a m athe­
m atical descrip tion  o f  h ow  the depend en t variables (e.g., m ove distance, 
and m ove turn, and resp on se  angles) are related to the predictor variables
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(e.g., anim al-to-object d istance and angle, slope). A s such , they represent 
inform ation processing and  decision-m aking w ith in  individual anim als. 
For this reason, the m od els are designed to m ake in ferences about 
individual anim als, not a population  o f  anim als. Parameters are estim ated  
for each alternative m odel and the best m od el is  selected  separately for 
each  individual. Since the an im al m ovem ent sim ulation  program  I 
describe (see p. o o o )  is a lso  individual-based, th is is all w e  need. For so m e  
applications, population-level in ference m ay be desirable, and the m odels  
I present in  th is section  can be extended to do so, but an explanation is 
beyond the scope o f  this chapter. Here, I briefly describe two distinct 
approaches for m odelin g  an im al m ovem ent in  relation to landscapes: 
non-linear regression m odels and finite m ixture m odels. In general, rather 
than m odelin g  m ovem ent on  a grid, we allow  the anim als to draw  
response angles and distances from  continuou s distributions.

O ur first approach to m od elin g  anim al m ovem ent in  relation to 
landscape features is  a non-linear regression model fram ework (Tracey et al. 

2 0 0 5 ). We first propose a theoretical distribution for both the response  
angle  and the m ove distance. For the response angle m odel, w e  assu m e  
that an anim al has a fixed m ean response angle for m ovem ent in relation to 
a particular type o f  ob ject For exam ple, i f  the anim al tends to m ove away 

from  the object it w ill always do so  “on average.’’ However, w e a ssu m e that 
the strength o f  the response (which depends on a distribution param eter  
called concentration  and can be thought o f  as the inverse o f  the variance) 
increases as the anim al gets c lose  to the object. In other words, w h en  the  
anim al is  far from  the object, the response angle distribution is less  
clustered  about the m ean  response angle, and the anim al is  m ore free to 
ch o o se  response angles far from  the m ean. I f  the anim al is very far e n o u g h  
from  the object, the response angle w ill becom e un iform , and the anim al 
w ill n o  longer m ove in  relation to the object at all. But as the anim al 
approaches the object, the distribution becom es m ore clustered about 
th e  m ean  response angle, and  the anim al w ill be  m ore likely to ch oose  a 
response angle d o s e  to the m ean. W e fit the m odel by estim atin g  the  
m ea n  response angle and regressing the concentration  param eter on  the  
anim al-to-object d istance u s in g  a non-linear function . For the m ove  
distance m odels, w e a ssu m e that the variance o f  the theoretical m ove  
distance distribution rem ains constant, but that the m ean m ove len gth  
o f  the distribution m ay potentially change as the anim al approaches 
th e  object. For exam ple, i f  the anim al is repulsed by the object then  
its m ean  m ove len gth  m ay increase, but i f  the anim al is  attracted to 
th e  object its m ean  m ove len gth  m ay decrease. Again, the m ean  m ove
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len gth  is m odeled  as a non-linear function  o f  the d istance to the object. 
T he assum ptions m en tion ed  above m ay be relaxed by extending the  
m odel structure; for exam ple, w e can m ake the m ea n  m ove distance  
dependent up on  the response angle. W e are currently exten d ing  these  n o n ­
linear regression m odels to account for m ovem ent in  relation to m ultip le  

types o f  objects and fields in  the landscape, and to allow  population-level 
inference.

Our second approach to m odelin g  anim al m ov em en t in  response to 
landscapes m igh t be called decision tree models, bu t statistically they are 
called f in ite  m ixture  models (M cLachlan and Peel 2 0 0 0 ) .  In these m odels, 
an anim al is  confronted w ith o n e  or m ore objects or fields. It also has  
on e or m ore possib le responses to each object or field. For each m ove, 
the anim al m akes a series o f  decisions that eventually lead to selection  
o f  on e  type o f  m ovem ent response to on e  o f  the objects or fields. T he  

probability o f  m aking each choice  is a non-linear fun ction  o f  the predictor  
variables such as d istance to each object or the slope o f  a field. For each  
possib le choice, there is a corresponding response angle distribution and  
m ove distance distribution w ith  fixed param eters. A m ovem en t is m ade  
by selecting the response, and th en  drawing a response angle  and m ove  
distance from  the corresponding distribution.

In both approaches, w e  m u st account for cases w h en  the anim al 
does not respond to any  o f  the types o f  objects or fields that w e include in 
the m odel. W hen th is occurs, w e a ssu m e that the anim al m oves according  
to a default rule. T he default rule acts as a null m odel. For exam ple, in  the 
non-linear regression response angle m odels, the response angle becom es  
uniform  (flat) as the anim al-to-object distance b ecom es large and the  
anim al m oves according to a s im p le  random  walk w here all directions o f  
m ovem ent are equally likely. In the finite m ixture m odels, an anim al m ay 
"decide” not to respond to any o f  the objects or fields. For the finite  

m ixture m odels, m ore types o f  default rules can be used , inclu d ing  
a sim ple  random  walk, a correlated random  walk, and directional bias. 
In a correlated random  walk, w hich m odels the distribution o f  turn angles  
described above (p. 0 0 0 ) ,  an anim al has a tendency to m ove in  a direction  
that is related to its previous direction o f  m ovem ent. A n  anim al w ith  
directional bias has a higher probability o f  m oving  in  a fixed com pass  
direction. In both the non-linear regression approach and the finite  
m ixture approach, w h en  certain m odel param eter estim ates are c lose  to 
0 .0 , the entire m odel reduces to the default rule, w h ich  su ggests that an 
individual anim al m ay not be respond ing to the types o f  objects or fields 
w e have included in  the m odel.
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Above, 1 have presented two general approaches to m odelin g  anim al 
m o vem en t in  response to landscape variation. W ithin each o f  these  
approaches, w e  can  propose m any specific  alternative m od els for 
m o vem en t that vary in  term s o f  the types o f  objects and fields included, 
the functional relation betw een response and predictor variables, and  
w h eth er or not to include tem poral autocorrelation in  m ovem ents. W hen  
u sin g  the finite m ixture approach, w e can also vary the num ber o f  possib le  
responses to each type o f  field or object, and the type o f  default rule used. 
G iven su fficien t real-world m ovem ent data for each individual, param eters 
can  be estim ated  for each m odel for each anim al u sin g  num erical 
optim ization  o f  the corresponding likelihood  functions, and th en  the best 
alternative m odel for each anim al can be selected  u sin g  likelihood ratio 
tests (LRT, for nested  m odels) or Akaike inform ation criterion (AIC, 
for non-nested  m odels). T hen w e can use th ese  param eterized, selected  
m od els to evaluate connectivity.

Individual-based m ovem ent sim ulations

In order to u se  th ese  statistical m odels to evaluate connectivity, w e  m u st  
have com putational tools that can extract data from  anim al locations and  
GIS data layers and that can  sim ulate anim al m ovem en t on GIS landscape  
m odels. T he structure o f  the individual-based m ovem ent sim ulation  
program  I have developed has four basic parts: (a) a m ain  function  that can  
be thought o f  as the final executable program , (b) a landscape component, 
(c) an animal component, and (d) a simulation control component. H ere I w ill 
review  th ese  parts o f  the sim ulation  program .

T he landscape com p on en t o f  the sim ulation  program  reads GIS data 
files in to  spatial data structures that support efficient search and retrieval 
and provides functions that query the spatial data structures. It can  handle  
both raster-based data for continuou s variation and vector-based data for 
discrete objects. T his com ponent is u sed  both in  the sim ulations and in  
program s that extract covariates that quantify the relation betw een an im al 
locations and landscape elem en ts from  m ovem ent data and GIS data 
layers. T he landscape m odel com ponent perform s queries that are used  by 
the individuals in  the anim al com ponent o f  the m odel. Two types o f  GIS 
data are m anaged  by the landscape com ponent: landscape data and core 
habitat data. The landscape data (for landcover, roads, terrain, and so  on) 
represent the landscape variation to w h ich  the anim als respond through  
m ovem ent. T he core habitat specify w here individuals begin  their s im u ­
lated paths and also  play a role in  the stopping conditions for a m ovem ent 
path (see below ). T he core habitat data does not play a role in  how  the
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anim al m oves across the landscape; rather, w e are concerned  w ith  
predicting connectivity am on g  th e  core habitat areas.

T he an im al com p on en t keeps track o f  the state and m ov em en t history  
o f  each individual and is  responsib le for s im u la tin g  m o v em en t behavior. 
Each individual in  the sim ulation  corresponds to o n e  o f  th e  real ind i­
viduals in  our data set, and its m ovem en t behavior is  specified  by the  
statistical m od el that has b een  selected  and param eterized u s in g  field  data 
from  that individual. For each m ovem ent m odel there is a perceive fun ction  
that calculates anim al-to-object distances and  angles and  th e  gradient 
and aspect o f  the fields u s in g  landscape com p o n en t query fun ctions, and  
a move  fun ction  that u ses th is inform ation to generate a m ove angle  
and distance according to the individual’s statistical m ov em en t m odel. T he  
sim ulation  generates m ovem ent paths for each  individual by iteratively 
applying the perceive and m ove functions.

Interactions betw een  individuals and the landscape are coordinated  
by the sim ulation  control com ponent. T his com p on en t also se ts  the initial 
state o f  the sim ulation , controls the ordering o f  events w ith in  a tim e  step  
and the num ber o f  realizations and tim e steps that the m od el w ill be  
run, and initiates the w riting o f  output files at the end  o f  th e  sim ulation .

R unning a m ovem en t sim ulation  consists o f  three basic steps, w h ich  
are orchestrated by the m ain function. First, w e set up the landscape and  
individuals. T he GIS data layers are read by the landscape com ponent, 
w h ile  the individual com p o n en t creates a fixed nu m ber o f  each type  
o f  individual in  each core area (each “type” o f  individual corresponds to 

a m odel that has b een  selected  and param eterized from  data from  a real 
anim al). Second, w e sim ulate m ovem en t by a llow ing each individual to 
m ake on e  m ove per tim e step. A n  individual’s m ovem ent path  term inates  
w h en  on e  o f  three stop ping  conditions is met: (a) the sim ulated  anim al 
m oves outside the boundary o f  the landscape, (b) the sim ulated  an im al 
reaches a m ax im u m  num ber o f  m oves (based on  a realistic upper bound  
on  dispersal path length), or (c) it successfu lly  reaches another core area. 
Third, a p a th  sum m ary  file  and a move sum m ary file  are written. T he  path  
sum m ary file contains inform ation on  each sim ulated  m o vem en t path. 
Each record in  this file inclu des the individual identification num ber, 
initial core, stop p ing  condition , num ber o f  m oves, total path length , 
final core. The m ove sum m ary file contains inform ation o n  each location  
occupied by each individual. Each record in th is file inclu des the ind i­
vidual identification  num ber, path num ber, m ove num ber, landcover type 
occupied, anim al-to-object d istances and angles, slope and aspect o f  fields, 
m ove distances and angles, and response angles. Records in  the path
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su m m ary file can  be m atched to records in  the m ove sum m ary u s in g  
the identification  num bers. W e can u se  th is output to  evaluate functional 
connectivity.

Evaluating functional connectivity

W e u se  the m o v em en t sim u la tion  outp ut to evaluate functional landscape  
connectivity by com parin g  alternative landscapes, determ in in g  h ow  each  
alternative landscape m eets specified  connectivity objectives, an d  identify­
in g  functional corridors (m ovem ent routes b etw een  core habitat areas). 
W hen preparing to evaluate connectivity, w e  first se lect the focal sp ecies  
b ased  o n  conservation status, ecological role, or other factors. W e also  take 
data availability into account. W e se lect and param eterize m od els u s in g  
m ov em en t data from  the focal sp ec ies according to the m eth ods ou tlined  
above (pp. o o o —o o o ) .  W e m u st se lect the alternative landscapes up on  
w hich  w e w ill run the sim ulations; for exam ple, w e  m igh t be interested  

in  how  the current landscape com pares to landscapes that m ig h t result 
from  im p lem en tin g  different reserve network d esig n s or future land  use  
patterns. For each alternative, w e  develop GIS data layers con ta in in g  
in form ation  needed  for each m o v em en t m odel u sed  in the sim ulations. 

It is u sefu l ( if  not essential) to develop clear objectives for conserving  
connectivity for the focal sp ecies. Core habitat areas m ust b e  identified; 
for the sake o f  com parison, the sa m e core habitat areas sh ou ld  be used  
w ith  all o f  the alternative landscapes. T he role o f  connectivity betw een  
each  pair o f  core areas in  sp ec ies conservation (based o n  genetics, d em o ­
graphics, and other considerations) sh ou ld  be described and prioritized. 
W e could  even  u se  population  viability analysis (PVA) m odels to specify  
dispersal rates betw een core areas that w ill be likely to ensu re  sp ecies  

persistence. T his provides a basis for d eterm in ing  h ow  w ell each  alterna­
tive landscape satisfies our conservation objectives. O nce w e have fin ish ed  
preparing the m od els and alternative landscapes, w e  run the m ovem en t 

sim u la tion s on  each  alternative landscape as described above (p. o o o ) .
We u se  the output produced from  the m ov em en t sim u la tion s to 

quantify and v isualize  functional connectivity. We quantify connectivity  
betw een  pairs o f  core habitat areas in  term s o f  success, risk, and cost and  

w e m ay com bine  these  quantities into  a sin g le  pair-wise connectivity  
m easure. I f  a sim ulated  an im al reaches a core other than th e  one  
from  w hich  it began, it is considered  a successful disperser. O therw ise, 
it is considered  unsuccessful. W e can th ink  o f  su ccess as the probability 
that an individual w ill find its way from  o n e  specific  core habitat 
area to another specific  core area given that it survives the journey.
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T he probability o f  survival is related, in  part, to the anthropogenic risks it 
encounters a long  its path and h o w  m u ch  energy it m u st expend during  

dispersal. We quantify risks due to hum an-caused m ortality in  term s o f  

nu m bers o f  road crossings (perhaps categorized by types o f  roads) and  

nu m b ers o f  encounters w ith urban areas. W e quantify cost as the len gth  
o f  th e  m o vem en t path  outside o f  core habitat areas. A ll o f  the inform ation  
w e n eed  to determ ine these  quantities is  contained in  the path  su m m ary  

files output by th e  m ovem en t sim ulations. W e m ay com b in e  su ccess, risk, 
and co st for each  sim ulated  m o vem en t path into a s in g le  probability o f  

dispersal betw een  a pair o f  core habitat areas:

P r(su ccessfu l a n d  survives)

=  P r(su ccess g iven  survives) Prfsurvives risks and  survives cost)

w h ere the event that an anim al su ccessfu lly  m oves from  on e core area to 
another and survives the journey is a Bernoulli random  variable; that is, 
it takes o n  a value o f  either su ccess (1) or failure (o). Here, w e a ssu m e that 
m ortality from  natural causes, o ther than those related to m ovem ent costs, 
are neglig ib le. For each pair o f  core areas, w e  can add up  the nu m ber  

o f  sim ulated  paths betw een the pair with a path connectivity value o f  1, 
and divide each result by the total num ber o f  sim ulated  paths to obtain  

a final pair-wise connectivity m easure.
M ethods for v isualizing  connectivity from  sim ulation  output are 

varied, and the m eth od  w e sh ou ld  use depends o n  our objectives. I f  w e  

w ant to get a general sen se  o f  connectivity across a landscape or visually  

com pare alternative landscapes, w e  can use connectivity graphs. A graph 
con sists o f  nodes that are connected  by edges (see Fagan and Calabrese 

C hapter 12; T heobald Chapter 17). In our case, the nodes correspond to 
core habitat areas, and m igh t be visually represented as circles or polygons  

dep ictin g  the shape o f  the core area. T he edges correspond to connectivity. 
C onnectivity is directional (G ustafson and Gardner 1996); therefore, these  
edges can be depicted  by arrows (one in  each direction) betw een  each pair 

o f  core areas. W e can visually depict the degree o f  connectivity betw een  

pairs o f  core areas by plotting num erical values (for success, risk, cost, 

or pair-wise connectivity m easure) next to the corresponding edges, or by 

varying the w idths o f  the arrows according to these  values. In order 

to v isualize  m ovem en t routes through fu n c tio n a l corridors b etw een a  pair o f  
core areas, w e  can plot the m ovem en t paths betw een them  u sin g  the infor­
m ation  in  th e  m ove sum m ary files. However, not all o f  the m ovem ents  

in  a su ccessfu l m ov em en t path, su ch  as m oving in to  and back out o f
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cul-de-sacs, contribute equally to connectivity and m ay detract from  
identifying functional corridors. Therefore, an im portant area o f  future  
work w ill be to develop techniques to identify functional corridors from  
sim ulation  output. A s a final exam ple, i f  w e  are interested  in  areas o f  h igh  
risk, w e  can plot locations w here sim ulated  m o vem en t paths intersect 
roads and urban areas (see C levenger and W ierzchow ski (Chapter 20) for 
an exam ple for roads).

W e can directly com pare connectivity b etw een pairs o f  core areas w ithin  
or a m o n g  alternative landscapes and how  w ell an alternative landscape  
satisfies our connectivity conservation objectives usin g  the quantities 
described above. Further, w e  can gain an overall se n se  o f  patterns o f  
connectivity at broad scales, w here land ough t to be protected (as predicted  
from  th e  sim ulations) in  order to preserve connectivity at finer scales, 
and how  differences in  the alternative landscapes alter predicted patterns 
o f  m ovem ent b etw een  core habitat areas by v isualizing  connectivity in  
different ways. W e can u se  these  results as a basis for selectin g  alternative 
reserve design s, identifying w eakness in  ex istin g  or future landscapes, 
and for identify ing and prioritizing areas for protection to help ensure the 
conservation o f  connectivity.

C A R N I V O R E  M O V E M E N T  IN S O U T H E R N  C A L I F O R N I A  

Background

In areas w ith  increasing urbanization, the lo ss  and fragm entation o f  
habitat is  virtually inevitable (Soule 1991; Beier et al. Chapter 22). 
In coastal sou thern  California, intensive d evelop m en t over the past 
century has fragm ented the landscape and has helped create a “hotspot” o f  
endan germ ent and extinction in the region (Myers 1990; D obson et al. 
1997). Pum as (P um a concolor) are the largest predator rem ain ing  in  the  
region and are particularly sensitive to habitat fragm entation  (Beier 1993; 
Crooks 2 0 0 0 ,  2 0 0 2 ). P um as are an “area-dependent” species, requiring  
large areas for h o m e  ranges and dispersing lon g  distances. For exam ple, 
fem ale p u m as in  the Santa Ana M ountains o f  sou thern  California occu­
p ied  m in im u m  convex polygon h o m e ranges that average an estim ated  
218 km 2 (Beier and Barrett 1993), and juveniles had an average estim ated  
dispersal d istance o f  63 km  (Beier 1995). B ecause fragm entation o f  

the natural landscape o f  coastal southern California is co n tin u in g  at 
a rapid rate, large-scale a ssessm en ts o f  regional connectivity are critical. 
I conducted  a p ilot study, w h ich  used  the m eth ods outlined  above 
(pp. 0 0 0 —0 0 0 ) ,  to evaluate landscape connectivity for pum as in  relation
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to an existing landscape, a habitat conservation plan landscape, and a 
w orst-case landscape in  the Southern California Ecoregion (Tracey and 

Crooks 2 0 0 4 ) . H ere 1 u se  results for th e  ex istin g  and worst-case  
landscapes to illustrate the approach described above.

Alternative lan d scap es

For the m ovem en t sim ulations, I constructed GIS land cover layers for 

an ex istin g  landscape and a worst-case landscape scenario (Fig. 14.3). 
T he ex istin g  landscape layer serves as a baseline for com parison. This layer 
w as constructed  from  Southern California A ssociation  o f  G overnm ents  
(SCAG) an d  San D iego A ssociation  o f  G overnm ents (SanDAG) land-use  
layers, w h ich  w ere created in approxim ately 1995. Landcover in  the  
existing landscape layer (and all other alternative landscape layers) was 
categorized into four types: habitat, disturbed, urban, and  water. So-called  
“vacant” areas, undeveloped local and regional parks, and open space  

preserves w ere classified as habitat landcover. H ousin g , com m ercial, 
industrial, developed military, and other such  areas w ere classified  as urban  
landcover. Water con sists o f  lakes, reservoirs, and the Pacific Ocean. 
All other land u se  types w ere classified as disturbed landcover, and  
inclu de su ch  areas as roads, rural residential areas, local developed parks, 
and agricultural lands. I constructed the w orst-case landscape layer by 
regarding all public land as "protected” and a ss ig n in g  it to the habitat 
landcover type (Fig. 14.3). I u sed  polygons for bod ies o f  water from  

the ex istin g  landcover layer, and all private lands w ith in  the Southern  
California Ecoregion w ere a ssu m ed  to be com pletely  converted to the urban  
landcover type.

I constructed  a GIS layer for pum a core habitat areas from  a protected  
lands data layer and a m oun ta in  lion  w ild life  habitat relation data layer. 
Protected lands layers w ere obtained from  the California Spatial Inform a­
tion  Library and T he Nature Conservancy. I a ssu m ed  all governm ent land  
w as adequately protected, although this is  probably overly inclusive. I 
selected  th e  two highest-quality habitat categories from  layers for m ountain  

lion  w ild life  habitat suitability (H unter et al. 2003). T he protected  
lands and suitable habitat layers were intersected to produce a layer o f  
potential m oun ta in  lion  core areas. From this layer, I selected  polygons  

larger than  9 0  km 2, w h ich  is  about 2 0  k m 2 less than the sm allest fem ale  
m in im u m  convex polygon h o m e  range reported by Beier and Barrett 

(1993). T he result w as a layer o f  12 core habitat polygons (Table 14.1, 
Fig. 14.4).
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Fig. 14.3. A G IS rep resen ta tion  o f the  existing (A) an d  w orst-case (B) lan d  
cover scenarios u sed  in  the s im ulations. W hite areas indicate habitat, 
ligh t gray ind icates d istu rbed , dark  gray ind icates u rban , and  black 
indicates water. T he black boundary  delineates the  Southern  California 
Ecoregion.
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Table 14,1. A list o f  core areas used in the simulations

N um ber N am e Area (km 2)

1 Los Padres NF 1 xnS
2 Los Padres NF 2 102

3 San B ernadino NF 213

4 Santa Ana M ountains 508

5 Palom ar M ountains 583
6 Los Coyotes 301
7 Cleveland NF U 43
8 M iram ar 98

9 Otay M ountain 122
10 A ngeles NF 1791
u Santa Monica M ountains 1 116
12 Santa M onica M ountains 2 273

Data

For the p ilot study, I estim ated  m od el param eters u s in g  radiotelem etry  
data from  two subadult d isp ersin g  m ale  p u m as and landcover data. 
T he m ovem ent data w ere collected  by Paul Beier and h is  colleagues  

in  the Santa Ana M ountains o f  coastal sou th ern  California (Beier  
1995) betw een October 1 9 9 0  and Septem ber 1 9 9 2  (anim als M 8 and  
M io ). In the analysis, I u sed  data from  143 m ovem en ts m ade by M8 
and 2 6 0  m ovem ents m ade by M ro. T h ese  data w ere collected  during 12-h 
or 24-h  m onitor in g  se ss io n s during w hich  an im als w ere located every 
15 m in , and the locations w ere rounded to th e  nearest 100 m eters  
in  a U niversal Transverse M ercator (UTM) coordinate system . 1 used  
landscape data for the existing landscape to analyze m o vem en t in  
response to landcover polygons. Therefore, w e had to test m odels for six 
boundary types: habitat—disturbed, habitat—urban, disturbed—habitat, 
disturbed—urban, urban—habitat, and urban—disturbed. 1 u sed  a co m p u ­
ter program  that 1 constructed , w h ich  u tilized  th e  landscape com p o n en t o f  
the sim ulation  program  (p. 0 0 0 ) ,  to derive the response (dependent) 
variables and covariates (independent variables) from  the m o vem en t and  
landscape data (p. 0 0 0 ) .  T he anim al-to-object ang les and distances w ere  
the poin ts on  the land cover polygon boundary c losest to the an im al 
locations (Fig. 14.1). I assu m ed  that the an im al responded to the nearest 
boundary type.

I proposed a total o f  30 alternative fin ite m ixture m od els for m ovem en t  
in  each landcover type for response to each boundary type. Each m odel 
varies the k ind  o f  default m odel (sim ple  random  walk, correlated random
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0%  < su c c e s s  < 1%
1% <  su c c e ss  <  10%

10%  < su c c e s s  < 100%

Fig. 14.4. C onnectivity o f  existing  (A) an d  w orst-case (B) so u th e rn  
C alifornia  landscapes. Connectivity, as m easu red  by successfu l sim u la ted  
d ispersa l am o n g  pairs o f  p u m a  core areas (in gray), is depicted  by arrow s. 
T he w idth  o f  the  arrow  ind ica tes th e  category derived from  th e  n u m b er 
o f  successfu l s im u la ted  paths. T he absence o f  an  arrow  betw een a pair 
o f  core areas ind icates th a t no  successfu l sim u la ted  d ispersal occurred  
betw een them .

36

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



Individual-based m odeling  as a tool for conserv ing  connectivity  | 361

walk, and  directional bias), w hether there is no response, a s in g le  
response, or two responses to a boundary type, and w hether the probability 
o f  response w as a constant, exponential, or logistic  function  o f  the d istance  
to the boundary. In the sing le-resp onse m odels, the an im al has a tendency  
to m ove in  o n e  m ean  angle in  relation to the boundary type (e.g., toward  
or away). In the tw o-response m odels the anim al can m ove in  two m ean  
directions in  relation to the boundary type, w ith  each m ea n  direction  
selected  w ith  so m e probability; for exam ple, a rule m ight be to  m ove  
parallel to the boundary to the left w ith  probability Pr(left) and to the  
right w ith  probability Pr(right). I also included two variations o f  the two  
response m odels, each w ith  the two responses b e in g  either sym m etric or 
asym m etric about a 0 .0  degree response angle. I estim ated  the param eters 
for each m od el for each pum a u sin g  program s that I have w ritten in  the  
R statistical language (R D evelopm ent Core Team 2 0 0 4 ) , and then  
selected  the b est m odel for each anim al u sin g  AIC or LRTs.

T he analysis o f  the data u s in g  the m odels indicated that the two pum as  
generally m oved according to a correlated random  walk w h en  they w ere in 
habitat. W hen they w ere in  habitat near the urban edge, they tended to 
m ove parallel to it (either left or right), probably in  an  attem pt to circum ­
vent an urban area. T hey did  not seem  to avoid the habitat—disturbed  
boundary, but i f  they entered a disturbed area they tended to m ove back  
toward the habitat. Param eters w ere estim ated and m od els w ere selected  
for two pu m as, but s in ce  the results were very sim ilar, sim ulations for only  
o n e  pu m a (M io) are presented  below. Recall that the statistical m odels  
I described above (p. 0 0 0 )  are d esigned  to m ake individual-level infer­
ences; hence, the num ber o f  individuals for w h ich  w e have data is not 
relevant to m aking su ch  inferences. W hen evaluating connectivity, 
however, w e w ould  like to have data from  m any anim als so that w e  
have a sam p le o f  m ov em en t behaviors representative o f  the anim al 
population in  our region. O ur o n go in g  m odelin g  efforts are incorporating  

data from  m ore radio-collared anim als in the region, inc lu d ing  anim als 
fitted w ith  GPS collars.

Sim ulation results

W e started w ith  250 individuals in  each o f  the 12 core areas, for a total o f  
3 0 0 0  sim ulated  individuals. We allow ed th em  to m ake a m axim um  
o f  7 2 0 0  m oves, w h ich  (at 15-min tim e  steps) translates to 75 days o f  
con tin u ou s m ovem ent. However, i f  a sim ulated  anim al left the boundary  
o f  the Southern California Ecoregion or successfu lly  reached another core 
area, that individual’s d ispersal w as term inated.
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In  the existing landscape, 1471 individuals (49% ) left the Southern  
California Ecoregion, 7 9 2  individuals (26.4% ) reached the m axim um  
num ber o f  m oves, and 737 individuals (24.6% ) successfu lly  reached  
another core area. O f the 132 p ossib le  linkages betw een  cores ((num ber o f  
cores)2 — num ber o f  cores), 35 w ere realized in  the sim ulations o n  the  
existing landscape. O f these , n in e  o f  the linkages had < 2  su ccessfu l paths, 
seventeen  had from  3 to 24  su ccessfu l paths, and n in e  o f  the lin kages had  
> 25 su ccessfu l paths. In the worst-case landscape, 1238 individuals (41.3%) 
left the Southern California Ecoregion, 1518 individuals (50.6% ) reached  
the m axim um  num ber o f  m oves, and 2 4 4  individuals (8.1%) su ccessfu lly  
reached another core area. O f  the 132 p ossib le  linkages, tw elve w ere  
realized in  the sim ulations on  the worst-case landscape. O f these , tw o o f  

the linkages had < 2  su ccessfu l paths, eigh t had from  3 to 24  su ccessfu l  
paths, and two o f  the linkages had >25 su ccessfu l paths. A landscape  
connectivity graph sh ow in g  the num ber o f  su ccessfu l sim ulated  m ove­
m en t paths betw een core areas in  each landscape is sh ow n in  Fig. 14.4. 
By com paring the connectivity graphs for the existing and w orst-case  
landscapes, w e  can see  that the m odel predicts a near-com plete breakdow n  

in  connectivity sh ould  the worst-case landscape be realized in  coastal 

southern  California.

O bjectives for connectivity conservation

It is  constructive to interpret the sim ulation  results in  light o f  a clear set o f  
objectives for conserving connectivity. Below, I su ggest five connectivity  
objectives for the Southern California Ecoregion and u se  the m odel output 
to identify vulnerabilities and to provide gu idance for im proving and  

conserving connectivity. T he con nection s associated w ith each objective

Table 14.2. A  list o f connections related to each connectivity strategy goal

Goal nu m b er” Linkages11

1 14410 , 3445 , 3 - 4 6 ,  34410 , 5447 , 6 4 4 7

3 1=411, 1=412, 3=44 , 5= H .  10=411, IO = » I2

4 1442, 5 4 * 6 , 7-t=>9 , TT<412

5 4 = 4 3 . 4 = 4 5 , 4 = 4 1 0 , 5 < 4 8 , 7 4 4 8 , 11=41, 11=410, 12=41, 12=410

“Each goal is described in detail in the  text. Goal 2 is om itted  from  this table because 
it depends on  evaluation o f  connectivity in ne ighboring  regions. 

bA  double arrow  (44) indicates connectivity in both directions is  related to the  goal. 
A single arrow  (=4) indicates connectivity only in one direction is related to the 
goal. The num bers connected by arrow s are the  core area num bers in  table 14.1.
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are listed  in  Table 14.2. C on nections betw een  a pair o f  core habitat areas 
can contribute to m ore than o n e  objective.

O bjective t:  C on serv e  co n n ec tiv ity  a m o n g  large  co re  a reas

Description I f  w e  are to en su re  that m ountain  lion s have a continued  
presence in  coastal sou thern  California, th en  it w ill be essential to m ain ­
ta in  connectivity a m o n g  the larger core areas in  the eastern parts o f  the  

Southern California Ecoregion. T his includes connectivity betw een pairs 
o f  large habitat core areas (cores 1, 3, 5, 6 , 7, t o )  in  both directions.

Results In the existing landscape, the sim ulations predict low  to 
m ed iu m  connectivity a m o n g  large cores. Several critical w eaknesses exist, 
m o st notably m ovem en t in  the sou thern  direction from  core 10 to core 3 
and from  core 3 to core 5. In the w orst-case landscape, connections am ong  
the large core areas in  the northern part o f  the study area were predicted to 
be lost, essentia lly  fragm enting the landscape at a regional scale.

O bjective  2: C onnectiv ity  th ro u g h o u t California

Description By m ain ta in in g  connectivity betw een large core habitat 
areas in  the Southern California Ecoregion and large core habitat areas 
in  adjacent ecoregions, w e  can help  conserve connectivity at larger spatial 
scales. Im portant benefits o f  this connectivity are dem ographic and  
genetic exchange a m on g  m ou n ta in  lion  populations in  neighboring  
ecoregions, and preserving opportunities for range sh ifts for m ountain  
lion s and other sp ecies in  the face o f  regional or global clim ate change. 
A chieving th is goal is also dependent upon successfu lly  conserving  
connectivity am on g  large core habitat areas.

Results This goal can not be addressed directly w ithout conducting  

connectivity evaluations in  neighb oring  regions. U sin g  inform ation from  
the m ove sum m ary files, w e can identify areas on the boundary o f  the  
Southern California Ecoregion w hat were encountered by sim ulated  
anim als. We also note  that m ore individuals left the confines o f  the  
Ecoregion in  the ex istin g  landscape scenario com pared to the worst-case  
scenario, su g g estin g  that exchange o f  individuals w ith adjacent ecoregions  
w ould  be reduced in  the w orst-case landscape.

O bjective  3: C onnectiv ity  fo r im p o rta n t co a s ta l co re  a reas

Description Several coastal core areas, m ost notably the Santa Ana' 
M ountains (core 4) and tire Santa M onica M ountains (cores 11 and 12), can  
still support m ou n ta in  lion s. However, for these  populations to persist,
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Fig. 14.5. S im ulated  locations for low est-cost successfu l d ispersal locations 
fro m  the  Palom ar M ounta ins (core 5) to th e  Santa A na M oun ta ins (core 4). 
T he core areas are show n in  ligh t gray, w ater in  dark  gray, an d  the  
sim u la ted  low est-cost successfu l d ispersa l p a th s are show n in  black.

connectivity from  larger eastern cores into  the  coastal cores m u st be  
m aintained. O n the other hand, the coastal core habitat areas, due to the  
relatively sm all pu m a populations they contain, probably w ill m ake little  
contribution to the long-term  viability o f  the larger core areas (but see  
O bjective 5), so su ccessfu l d ispersal from  th ese  areas to the larger eastern  
cores is less essential.

Results In  the existing landscape scenario, connectivity from  larger 
in land  cores to the coastal core areas is low. Therefore, it is critical to 
protect su ch  connectivity im m ediately. In Fig. 14.5, w e  sh ow  predicted low- 
cost m ovem en t paths from  the Palom ar M ountains (core 5, an in land  core) 
to the Santa A na M ountains (core 4, a coastal core). Such predictions can  

help  identify areas that should  be im m ediately  protected to conserve  
connectivity. In the worst-case landscape scenario, all connectivity from  
in land  to coastal core areas is predicted to be lost.

O bjective  4: C onnectiv ity  fo r nearby  sm all co res

Description By connectin g  sm all nearby core habitat areas to other core 
habitat areas (large or sm all) w e  can increase the effective area o f  both  core
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areas. Som e sm aller core habitat areas, su ch  as the two protected reg ions  
o f  the Santa M onica M ountains (cores xi and  12), w ill require connectivity  
w ith  each  other in  order to form  a sin g le  larger core habitat area. Som e  
sm all core habitat areas can add to the effective area o f  larger, nearby core 
habitat areas. For exam ple, th e  C hino H ills  (not listed  as a core) are in  very 
c lose  proxim ity to the Santa A na M ountains (core 4), and can  m ake  

additional habitat available to p u m as in  the Santa Ana M ountains (this 
particular corridor is  d iscu ssed  further in Beier et al. Chapter 22). O ther  
sm all core areas are strategically im portant b ecause they  help  ach ieve  
other connectivity objectives; for exam ple, Otay M ountain  (core 9) is  
im portant in  ach ieving O bjectives 1 and  2.

Results In the ex istin g  landscape, m any o f  the sm all core habitat areas 
sh ow  h ig h  connectivity to nearby large core habitat areas, and this 
connectivity changes little in  the w orst-case landscape.

Objective 5: Create redundant connections

Description In so m e  cases, connectivity betw een  pairs o f  core habitat 
areas m ay create redundancy in lin kages am on g  other core areas. The  
coastal core habitat areas, su ch  as Santa A na M ountains, Santa M onica  
M ountains, and Otay M ountain, can play a role in  m ain ta in ing  alternate, 
albeit less  viable, conn ection s am on g  the large cores.

Results M ost o f  the redundant con n ection s occur through coastal 
areas (except for con n ection s from  core 5 to 8  and from  core 7  to 8) so  the  
results for Goal 3 also pertain to th is objective.

C O N C L U S I O N

M odeling is  by nature an  iterative process in w hich m o d els are proposed, 

evaluated, and th en  revised or replaced. Therefore, th e  existing m od els  
need  to be applied to data for a range o f  species and  landscapes and  
then  evaluated. W e need  to develop variations and exten sions o f  existing  
m odels, and propose n ew  types o f  m odels. A nother im portant area 
o f  w ork is to develop better m eth ods for v isualizing  connectivity from  
the large vo lum es o f  output produced by the m ovem en t sim ulation  
program s.

In field  studies, careful consideration  m u st be given  to the scale (both  
grain and extent) o f  landscape chan ge w ith  w h ich  w e are concerned. T he  
scale o f  landscape ch an ge  and the scale o f  m o vem en t behavior o f  the focal 
anim als w ill dictate the frequency at w h ich  w e  sh ou ld  sam p le  m ovem ents.
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Additionally, there m u st be correspondence betw een  the grain o f  the  
landscape data and  the frequency o f  sam p lin g  locations. In general, m o st  
tracking stu d ies relocate an im als too infrequently to give u sefu l infor­
m ation  about local m o vem en t resp on ses to landscape variation. W ith new  
G PS tracking collars, however, it is practical to obtain this inform ation for 
larger sp ecies. A nother advantage o f  GPS m eth ods is that w e often  obtain  
m any m ore anim al locations, w h ich  can perm it u s to u se  m ore  detailed  
m o v em en t m odels. For other species, field  sess io n s  involving m ore  
frequent relocations can be conducted  u s in g  traditional radiotelem etry  

tech n iq u es (sim ilar to Beier et al. 1995). It is also im portant to try to collect 
m o v em en t data that occur in  a variety o f  landscape contexts, and over 
a range o f  th e  covariates su ch  as d istances to objects. O therw ise, w e  m ay  
n o t b e  able to fit m od els that inclu de responses to all o f  the landscape  
variation w e judge im portant to our specific application. Finally, it m ay be 
help fu l to collect behavioral inform ation associated w ith  m ovem en ts or 
seg m en ts  o f  individual m o v em en t pathways.

C onservation practitioners sh ou ld  prepare to u se  th is approach in  
several w ays. First, im portant focal species for connectivity studies sh ould  
be identified . Second, G 1S data for the region o f  interest, inclu d ing  
elevation, roads, vegetation and  landcover, stream s or riparian zones, 
bridges and road undercrossings, and other relevant inform ation should  
be acquired, evaluated for accuracy, and prepared for use  in  m ovem ent 
sim u la tion  m odels. Third, in form ation  on projected land-use trends and  
conservation  plans sh ou ld  be acquired and studied . In so m e  cases, 
G IS layers for projected land u se  can be obtained from  local governm ents, 
resource agencies, or un iversities. T his inform ation sh ould  be used  to 
create GIS layers for p ossib le  future alternative landscapes. It is im portant 
that the alternative future landscapes are sim ilar to the GIS data u sed  to 
analyze the m ovem en t data (for exam ple, w ith  respect to spatial resolu­

tion, landcover categories, and ranges o f  con tin u ou s spatial variation). 
Finally, objectives for conserving connectivity for each focal sp ecies sh ould  
b e  developed to gu ide interpretation o f  the sim ulation  results. T he u se  o f  
data-supported, individual-based m ovem ent m odels has the potential to be 
a u sefu l addition to our conservation toolkit.
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Animal Perception in Agent-based Models

Jeff A. Tracey

1 Introduction

Although it is poorly understood, understanding how animals move through a land­

scape is essential to conservation efforts in increasingly reduced, hazardous, and frag­

mented habitats (Van Vuren, 1998; Zollner and Lima, 2005). Through movement, 

animals gather information and find resources that are essential to their survival and 

reproduction. During movement, animals are also more vulnerable to risks such as 

predators (Zollner and Lima, 2005) and may traverse unknown or hazardous areas. 

This individual-level behavior affects higher-level population dynamics, population 

genetics, and community interactions (Wiens et al., 1993; Ims, 1995; Zollner and 

Lima, 19996). In fragmented landscapes, the interaction between movement behavior 

and the landscape determines functional connectivity (Taylor et al., 1993; Forman, 

1997), which may be critical to a species’ persistence (Soule and Terborgh, 1999; 

Crooks and Sanjayan, 2006). Animal perception of its surrounding environment is an 

essential process in movement-landscape interaction because it is the means by which 

an animal obtains information about its local environment (Olden et al., 2004). A 

greater understanding of the interaction among animal behavior, perception, and 

landscape structure, and the ability to incorporate this knowledge into models, will 

benefit our ability to conserve biodiversity and ecological complexity in the face of 

anthropogenic change (Zollner and Lima, 2005).

Agent-based models (Grimm et al., 2005) have been used in many fields including 

conservation and resource management (Gimblett, 2002; Weigand et al., 2003), and 

may continue to be more useful in the future as such models improve. Although
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there is no generally accepted definition of what constitutes an agent (d’Inverno and 

Luck, 2001; Jiang and Gimblett, 2002), at minimum an agent is an entity situated 

in an environment which it may perceive and to which it may react and possibly 

act upon. In ecological models, agents often represent individual organisms and 

are therefore referred to as individual-based models (DeAngelis and Gross, 1992). 

Many advantages of individual-based models have been described (Huston et al., 

1988; Judson, 1994), and they are consistent with the notions of individual variability 

and local interactions that are typically violated by state variable models (Huston 

et al., 1988). Their usefulness, however, may be limited by our understanding of 

individual-level perception and movement and empirical support to guide modeling 

efforts (Zollner and Lima, 19996; Weigand et al., 2003).

In an agent-based model, stimuli from a simulated environment must pass through 

some kind of perceptual component before the agent can respond. These stim­

uli are translated to a corresponding response by a response function (Enquist and 

Ghirlanda, 2005). This response function may be as simple as a look-up table (En­

quist and Ghirlanda, 2005) and as complicated as classifier or neural network systems 

with adaptive capabilities (Holland, 1992; Strand et al., 2002; Enquist and Ghirlanda, 

2005). More potential stimuli are available in a real or simulated environment than 

can be detected by an animal or agent, and information conveyed by the stimuli that 

are detected must be reduced before a response can be made. When we build a model, 

we implicitly filter out some of this information when we decide what constitutes the 

simulated environment and how it is represented. Further, many of our ideas about 

perception serve to filter out information that is assumed to be unimportant to ani­

mal decisions. In the ecological literature attention has been devoted to delineating a 

region in space within which an animal (or agent) perceives its environment (Jander, 

1975; Lima and Zollner, 1996; Schooley and Wiens, 2003; Olden et al., 2004). By 

delineating such a space, we ignore what falls outside of it.

The aim of this paper is to address perception in ecological agent-based models
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and consequences for movement that arise from the manner in which perception is 

modeled. My specific objectives in this paper are to (1) synthesize some concepts 

important in modeling perception within agent-based models, (2) provide a mathe­

matical description of a perception model that can be used in studies and simulations 

of animal movement, (3) explore some properties of the model, (4) demonstrate the 

use of the perception model as part of an agent-based movement model, and (5) 

present computer experiments that show some of the consequences of how we model 

perception on simulated dispersal in different landscapes.

2 C oncepts

Jander (1975), in his paper on spatial orientation, describes object orientation as 

spatial orientation in relation to objects. Objects are resources or stress sources 

restricted to a point or area (patch) in space (Jander, 1975). The term object has 

also been applied to passive entities in agent-based models that do not react to stimuli 

(Jiang and Gimblett, 2002). When modeling perception, objects are often assigned 

to types. Objects of the same type are assumed to be similar with respect to how 

they are perceived and responded to by animals. Jander (1975) defines detection 

space as “the area around the searcher within which it detects objects.” Later, Lima 

and Zollner (1996) define perceptual range as the distance at which an animal can 

perceive or detect a given type of landscape feature. Although this definition does 

not explicitly refer to a region about the animal, this distance implies a radius and 

hence a circular detection space, while detection space seems to be a more general 

concept because it refers to any region surrounding the animal. Lima and Zollner’s 

definition also indicates that perceptual range is dependent upon the type of object 

being perceived (Lima and Zollner, 1996). This is a critical point, because perception 

depends on both the capabilities of the observer and properties of the object being 

observed. I acknowledge Jander’s (1975) earlier contribution and use the more general 

term “detection space” to refer the the region around the animal within which it
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perceives objects, while recognizing that the detection space is specific to the type 

of objects being perceived, environmental conditions, and the observing animal (or 

agent). The original definition of “perceptual range” identified a maximum distance 

from an animal to an object rather than an area about the animal (Lima and Zollner, 

1996), so I will retain this meaning of perceptual range.

In subsequent work (Zollner and Lima, 1997, 1999a; Schooley and Wiens, 2003), 

effects of environmental conditions on perceptual range were explored. Hence, percep­

tual range is dependent on conditions intrinsic and extrinsic to the animal. Recently, 

others extended the idea of perceptual range to an anisotropic case in which the per­

ceptual range depends on direction (Schooley and Wiens, 2003; Olden et al., 2004). 

Olden et al. (2004) proposed three properties of a detection space: perceptual dis­

tance, perceptual horizon, and perceptual breadth. The term “perceptual distance” 

is redundant with perceptual range, and will not be used in this paper. Since the 

detection space is not necessarily circular, the perceptual range will depend on the 

angle from the animal, and I will operationally define perceptual range as the distance 

from the animal to the boundary of the detection space at a given angle (Figure la). 

The term “perceptual horizon” (Olden et al., 2004) refers to an angular range of the 

detection space. This range may be dependent on the distance from the observer, 

depending on the shape of the detection space, so I suggest that the definition of per­

ceptual horizon take into account the dependence of this quantity on distance (Figure 

lb). Finally, the meaning of “perceptual breadth,” the area of the detection space, is 

clear as originally stated (Olden et al., 2004).

Objects initiate signals that are propagated through the environment (Reiners and 

Driese, 2001). These signals are potential stimuli that may consist of, for example, 

light waves, sound waves, or chemical compounds and may provide information to 

an animal about its environment. The strength of a signal will generally decrease as 

the distance between an animal and the source of a signal increases. For example, 

light and sound waves emitted from a point source decrease in intensity as distance to
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the source increases by an inverse-square relation (Serway, 1990), and concentration 

of chemicals diffusing from a point source decrease with distance as described by 

diffusion equations (Berg, 1993). Characteristics of the environment will further alter 

(attenuate) the propagation of the signal (Reiners and Driese, 2001). There are 

more opportunities for the environment to obscure detection as distance between the 

animal and the object increases. Terrain, for example, can obscure some areas from 

view, delineating a “viewshed” that contains all visible points on a terrain surface 

from a given observation point (Lee and Stucky, 1998). Vegetation can also reduce 

visibility; for example, white-footed mice are able to detect forest habitat at greater 

distances in barren fields than in soybean fields (Zollner and Lima, 1997). Terrain 

and vegetation will also affect how sound waves are propagated across a landscape 

(Reiners and Driese, 2001). Wind and water may convey chemical cues from a source, 

so wind direction and velocity, for example, may affect the ability of animals to detect 

signals from objects (Schooley and Wiens, 2003).

Many conceptual models for perception treat all points in the detection space 

equally; however, the processes of signal propagation, environmental attenuation, and 

constraints on attention suggest that this is not realistic. I propose a fourth property 

of a detection space that I call perceptual weight, which I define as the relative effect of 

an object, compared to other objects in the detection space, on behavioral decisions 

made by a particular animal as a function of its location in the animal’s detection 

space. In other words, objects with a lower perceptual weight will have less effect 

on animal responses than other objects in the animal’s detection space with higher 

perceptual weights. In this paper, I account for perceptual weight by making the 

effect of an object a function of its distance from the perceiving agent, relative to the 

distances of other objects from the agent.

With visual perception, an animal’s field of view is defined by Gibson as the “solid 

angle of the ambient light that can be registered by its ocular system” (1986). The 

field of view limits the perceptual horizon, while decreasing strength of visual signals
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increasing distance from the object to the observer limits perceptual range (eventu­

ally, the strength of the signals decline until they are below the threshold needed to 

excite visual receptors in the eye). Together, we should expect these limitations to 

form a detection space that is, in two dimensions, shaped roughly like a sector of a 

circle (Figure 2). However, environmental attenuation, perspective (Gibson, 1986), 

constraints on attention (Duncan, 1984; Yantis, 1992), integration of perceptions over 

recent movements of the eyes, head, and body (Gibson, 1986) indicate that this is 

not necessarily the only shape to consider in a model. A detection space consisting 

of a sector of a circle with its center at the location of the animal (Figure 2) excludes 

the possibility that knowledge of objects behind the animal can be used in decision 

making, which may be unrealistic because these objects may have been viewed from 

locations that the animal has recently occupied and it can turn its head or body to 

view objects behind it if it decides to do so. From a modeling point of view, this 

can lead to situations in which an agent (representing an animal) may reach the end 

of a cul de sac, for example, and have no information that it can use to reverse its 

direction to back-track out of it (see section 4.1). In this paper, I assume that per­

ceptual range is greater in the direction of the agent’s previous move angle which 

corresponds to the angle the agent is facing. I use an elliptical detection space with 

the agent location at one of the foci because this will include some information about 

the environment behind the animal, the degree of anisotropy can be controlled by 

changing distance between the foci, and the detection space reduces to the isotropic 

case when the distance between the foci is zero (Figure 2).

3 M odel Formulation

I present a model for perception in agent-based ecological models, which I refer to as a 

distance-weighted anisotropic detector model (or detector for brevity), that quantifies 

the relation between an agent location and a set of objects of the same type. The 

model is motivated by visual perception of its surroundings by an agent and is guided
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by the conceptual and modeling work described above. I assume that any object 

outside of the elliptical detection space cannot be perceived by the agent, is ignored 

by the agent, or that its influence on movement is so small that it is negligible. Besides 

the biological justifications, a detection space has practical computational benefits. 

With a detection space an agent need only take into account a subset of the objects in 

the landscape each time it makes a movement or other response. The computational 

investment needed to generate a single move is related to the number of objects the 

detection space contains. Without a detection space, on the other hand, the agent 

would have to consider every object in the landscape each time it moves, so the 

computational investment is related to the number of objects in the entire landscape.

Typically, spatial information is stored as a raster-based (e.g. grid cell) or vector- 

based (point, line, and polygon) representation, which correspond to fields and ob­

jects, respectively (Bian, 2003). For convenience, and because they are handled in the 

same way by the detector, I will consider a grid cell in a raster-based representation 

an object, just as I do each point, line or polygon in a vector-based representation. 

Conceptually, however, there is no advantage in regarding grid cells as objects since 

they do not correspond to a real-world entity (Bian, 2000, 2003). Each of these ob­

jects will have a location and belong to a category, and may also have a size and 

continuous value associated with it. Objects are weighted in their effect based on 

their distance from the agent in relation to other objects of the same type according 

to the idea of perceptual weight. The influence of all objects of a given type are com­

bined to produce a distance-weighted mean vector (DWMV) with two components 

that can be passed into the response function of an agent-based model. The angle 

component of the DWMV provides information on the central weighted direction to 

objects of a given type, and the length component of the DWMV provides informa­

tion on their relative distances and whether they are concentrated or dispersed within 

the detection space.
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3.1 E llipse E quations

First, I describe the equation for the ellipse. Let C  = (xc, yc)' be the center of an 

ellipse with foci F\ = {xFi,yp\)' and F2 — ( i ^ , Vf2 )'■ In this model, I consider 

F\ to be the location of the agent that is observing its environment. We let a  > 0 

be the length of the semi-major axis of the ellipse. Let 5p be the distance and (pp 

be the angle between F\ and F2, where 0 <  Sp < 2a. The angle <j)p is considered 

to be the direction toward which the detection space is oriented; for example, it 

might be the angle the agent moved at the previous time step, or a biased direction 

movement. In implementation of the detector, the derived properties of the detector 

(F2, C, and 0) can be determined from the states and parameters of the detector 

and hence do not need to be explicitly represented. The focus F2 can be determined 

from Xp2 = xpi + 6fcos(4>) and yp2 — V f \  + Sp sin((p). The center of the ellipse can 

be calculated by xc — |(xpi + xp2) and yc = \{v fi  + Uf'i)- The length of the semi­

minor axis of the ellipse is (3 = \Ja 2 — 0.25<52.. The focus F\ and the angle cJ)F are 

considered states of the detector. When used in a movement simulation, the states of 

the detector may be updated from one time step to another. The distance between 

foci (df), the semi-major axis length (a), and a distance-weighting parameter (A, see 

below) are considered parameters of the detector. We consider the parameters to be 

fixed, but the model could be extended to allow them to change as with conditions 

internal or external conditions to the agent.

In general, let dist(a, b) be the Euclidean distance from a to b and ang(a, b) be 

the angle from point a to point b in radians. The distance from C to some point p 

on the ellipse (that is, dist(C, p)  is

dist(C, p) = a0 [p2 cos2(ang(C,p) — <f>p) + a 2sin2(ang(C,p) — (pir)] (1)

which can be used to delineate the boundary of the detection space. Note that if 

Sp = 0, then a = P, and the perceptual range is isotropic.
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3.2 W eigh t C alcu lations

In this detector, each object within the detection space is assigned a perceptual weight 

based on up to five factors: (1) whether the object falls within the detection space or 

potentially a viewshed or other region, (2) the type, such as a set of land cover types, 

to which the object belongs , (3) the distance from the animal location to the center 

of or nearest point on the object, (4) the size of the object, and (5) a continuous 

attribute, such as elevation or temperature, associated with the object. Depending 

on the representation of the objects in the simulated environment, some or all of these 

factors may be used.

Let i and j  index objects and qt be the location of the iih object. For reasons 

presented above, objects outside of the boundary of the detection space are given no 

weight; that is, they are given a weight of 0 or simply excluded from all calculations. 

Thus, we have the following indicator function:

viewshed, soundshed, or other region. Equation (2) serves to exclude objects that are 

not in the detection space for a given detector. An object is in the detection space if 

dist(Fi,<ft) + dist(F2, g*) < 2a.

Each object may be assigned to a type z based on its attributes. A given detector 

will have the task of calculating the DWMV to objects belonging to type 2 . Thus, I 

include the following indicator function in our weighting:

Equation (3) serves to exclude types of objects that are not perceived by a given 

detector.

Objects are weighted based on how far they are from the animal based on an 

inverse-distance weighting function commonly used in spatial analysis (Fortin and

UJ, 0 , if the object is outside of the detection space
1 , otherwise. (2 )

Note that this indicator function can be extended to exclude objects outside of a

1 , if object i belongs to category 2

0 , otherwise. ( 3 )
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Dale, 2005). Let p; quantify the distance relation between the animal location (Fi) 

and the object location g,. The value of p, is given by:

PifelFi; A) = [1 +  dist(Fu qi)]~x . (4)

The distance-weighting parameter A, where —oo < A < +oo, controls the distance 

effect. If A =  0, then p, = 1, and the model is reduce to the case where there is 

no distance-based perceptual weight (Figure 3). However, if A > 0 objects near the 

agent are weighted more, and if A < 0 objects further from the agent are weighted 

more.

Each object i may have a size, vit associated with it. The size of the object is 

conceptually related to the number of visual receptors stimulated when an animal 

observes the object or the number of objects, so we multiply by size in the distance 

weighted mean vector equation (below). However, in a raster landscape representa­

tion, the size of all objects are equal, and because the weights are normalized, the 

size can be ignored. Thus, we can scale the weight by the size of the object in the 

following way:

_  j Vi , to take the size associated with each object into account , .
T̂' \  1 , to disregard size, or if all objects are equal in size.

Finally, each object i may also have a continuous attribute, iq, which is accounted 

for by:

_  ( U{ , to take a continuous attribute associated with each object into account 
1 \  1 , to disregard the continuous attribute

(6 )

The continuous attribute comes into the final calculation of the components of the 

distance weighted mean vector.

3.3 D istan ce-W eigh ted  M ean V ector

A mean vector is a resultant vector from a sum of unit length vectors and scaled by 

dividing by the number of unit length vectors (Batschelet, 1981). Hence, each unit
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vector is weighted by 1 over the number of unit length vectors and the sum of the 

weights is equal to one. If many unit vectors are arranged at uniformly distributed 

angles the length of the mean vector will be near zero. A zero length mean vector 

will also be produced if for every unit vector, there is another unit vector in the 

opposite direction. As the angles of the unit vectors become more clustered in one 

direction, the length of the mean vector increases. If all the unit vectors are at the 

same angle, the length of the mean vector will be one. When the angles are non- 

uniformly distributed, the angle of the mean vector will be oriented toward the center 

of mass of the unit vector angles {Batschelet, 1981). In the DWMV, the unit vectors 

are the angles to the objects, and the weights are based on the size of and distance to 

the objects. Thus, more heavily weighted unit vectors will have a larger contribution 

to the resultant mean vector. Like a mean vector, the distance-weighted mean vector 

will have a length between zero and one, unless continuous attributes of the objects 

are taken into account.

Each object i is assigned a perception weight given by:

Uii'ir)ipi(qi\Fi] A)
Wi L V w > / # v ,A )  • u

If no objects in category z are detected, then we set = 0 for all i.

The mean vector is calculated by taking a weighted sum of the cosine

Ax = Wiii cos(ang(Fi, <&))
i

and the sine

Ay = J 2 w^ sin^ n^ Fuqi))
I

of the of the angles to each object. Then, the length of the mean vector is given by r = 

[Aj: + A))] and the mean angle is given by 6 = atan2(Ay,A x) (Batschelet, 1981; 

Mardia and Jupp, 2000). Thus, information about objects belonging to categories 

5 within the detection space are summarized as a distance weighted mean vector 

(DWMV) which has a length (r) and angle (6) component, or alternatively, an A x
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and A y component. The two vector components are passed into the response function 

of an agent-based model.

The weighted mean vector has a mean angle on (—i t , 7r], If no continuous attributes 

are taken into account, the mean vector has a length on [0,1]; otherwise, the length 

of the mean vector depends on the values of I.

The three parameters (a, 5F, and A) control the size and shape of the detection 

space. The length of the semi-major axis (a) and the distance between foci (5F) 

determine the shape of the detection space. The length of the major axis of the 

detection space is 2a. As SF increases from 0.0 to 2a, the detection space becomes 

more elongated and goes from circular, to elliptical, to linear. Therefore, 5F deter­

mines if the detection space is isotropic or anisotropic. Perceptual range increases in 

all directions with increasing a, perceptual breadth increases with increasing a and 

decreasing 6F, and perceptual horizon decreases with increasing 5F and increasing 

distance from the agent.

The distance-weighting parameter (A) determines how objects within the detection 

space are weighted by distance. When A = 0, distance has no effect on the weight 

given to each object in the detection space (Figure 3). As A increases from 0.0 to 

+oo, the weighting of objects within the detection space goes from weighting all 

objects in the detection space equally to increasingly weighting objects nearer to the 

animal location. As A increases from 0.0 to — oo, the weighting of objects within 

the detection space goes from weighting all objects in the detection space equally 

to increasingly weighting objects farther from the animal location. Again, note that 

this formulation does not allow higher weighting of objects at intermediate distances 

within the detection space.

By altering the detector parameters, we can produce four basic types of detection 

spaces: (1) an anisotropic detection space with distance weighting of all objects, (2) 

an isotropic detection space with distance weighting of all objects, (3) an anisotropic 

detection space with equal weighting of all objects, and (4) an isotropic detection
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space with equal weighting of all objects. Hence, the shape of the detection space can 

reduce to the isotropic detection space consistent with Lima and Zollner (1996) and 

an anisotropic detection space as proposed by Olden et al. (2004). This allows us to 

explore the consequences of the different types of detections spaces, and if the detector 

model is fitted to data, to identify the one that is most supported by observations.

4 Exam ples

4.1 D istan ce  W eighted  M ean V ector C alcu lations

An infinite number of arrangements of objects within a detection space is possible. 

Here, I provide some illustrative examples to highlight the effects of object arrange­

ment and distance-weighting parameter (A) on DWMV calculations. These examples, 

in conjunction with the explanation in the previous section, serve as building blocks 

to understand path-level consequences of detection space properties in the next sec­

tion. In the examples, objects are grid cells that are assigned to category 1 (low-risk 

transition habitat; Wiens et al., 1993) and category 2 (high-risk transition habitat). 

The detector calculates the DWMV for the low-risk transition habitat grid cells (that 

is, z =  {category 1}). All objects are equal in size and have no continuous attribute 

associated with them. The location of the object is taken to be the center of the grid 

cell.

For a first example, consider a single object or single tight cluster of objects. In 

this case mean vector calculations are similar with varying distances and angles to 

the object or cluster, and across values of A. This is because objects are weighted 

relative to the other objects within the detection space, and if object properties and 

locations are very similar, the detector will yield similar DWMVs regardless of A. For 

a single object or single tight cluster of objects, the angle of the DWMV is oriented 

toward the cluster of objects.

As a second example, if objects are regularly distributed in space, density of the 

objects has little effect on the mean vector calculated by an object. However, the dis-
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tance between foci (8p) and distance-weighting parameter A does affect the resulting 

DWMV (Figure 4). This is because for an anisotropic elliptical detection space the 

perceptual horizon, and hence the range of possible angles to objects, decreases with 

increasing distance from the agent (Figure 1). Because the angles to objects at greater 

distances are closer together, the DWMV is longer. The shape of the detection space 

determines the range of possible angles to objects at different distances.

When objects are more clustered in space, the DWMV will be longer (Figure 5). 

However, the effect of clustering is greater for nearer objects with A > 0.0 than for 

distant objects when A < 0.0. Again, this is due to the decreasing perceptual horizon 

with increasing distance from the agent to the object. Also, because the objects are 

arranged symmetrically about the major axis of the detection space, the resulting 

DWMV points in the direction of the major axis In this case, if an agent moves

in the direction of the DWMV, there is no random component to movement, and 

there are no other objects in the landscape, then there would not be a way to break 

this symmetry and the agent would continue to move between the clusters of objects.

When two objects or two clusters of objects are present in the detection space, 

the shape parameter becomes much more important for the resulting DWMV (Figure 

6). As one might expect, the nearer object or cluster has a greater effect on the 

DWMV when A > 0.0, the more distant object or cluster has a greater effect on the 

DWMV when A < 0.0, the effect of each cluster is equal when A = 0.0. When the 

objects are of different sizes, or the clusters have a different number of objects, the 

larger object or cluster will have a stronger influence on the resulting DWMV, but 

the effect depends on the distance to the cluster and the value of A.

In a final example, imagine that an agent is moving toward the end of a linear cul 

de sac composed of low-risk transition habitat and surrounded by high-risk transition 

habitat. In this case, what might be perceived as a movement corridor by an agent 

turns out to be a dead end (Figure 7). When A > 0.0 the agent pays attention 

mostly to its immediate surroundings (Figure 7a-c) which consists primarily of low-
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risk habitat and so the resulting mean vector is short. It is not until it reaches the 

end of the cul de sac (Figure 7c) that the mean vector reverses direction and the 

agent may tend to backtrack out of it. However, if A < 0.0 the mean vector is more 

directed toward the end of the cul de sac (Figure 7g,h), which may (depending on the 

agent’s response function) result in more directed movement toward the dead end. 

However, the DWMV starts getting shorter as the agent approaches the end of the cul 

de sac (Figure 7h), and reverses direction when it reaches the end (Figure 7i) because 

there is no longer any low-risk transition habitat in the direction toward which the 

detection space is oriented. In this case (under the movement model described in the 

next section) the agent would more rapidly explore and backtrack out of this dead 

end cul de sac.

In summary, the effect of the objects on the DWMV in this detector model will 

depend on the shape of the detection space, how the objects are arranged within 

the detection space, and how they are weighted (controlled by the distance-weighting 

parameter A). The perceptual horizon at different distances from the agent and the 

perceptual range at different angles from the agent are determined by the shape of 

the detection space.

4.2 A p p lica tion  to  M ovem en t M od elin g

4 .2 .1  M e t h o d s

In this section, I demonstrate how to use the detector in a simple model of individual- 

based animal movement and illustrate the consequences of detector and landscape 

properties on simulated dispersal ability. The model is implemented in C ++ and 

compiled with GNU GCC version 3.4.3. The results are visualized using the R statis­

tical software package Linux version 2.2.0 and the lattice graphics package (R Devel­

opment Core Team, 2003). In this model, I generate moves at discrete regular time 

steps with a fixed move distance and a continuous, von Mises distributed move angle. 

The von Mises distribution is a circular analogue to the normal distribution commonly
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used for linear quantities (Mardia and Jupp, 2000). The distribution has two param­

eters: a mean angle (/z), and a concentration parameter ( k ) .  It is symmetric about 

the mean angle, which is the angle of highest density. The concentration parameter 

controls amount of dispersion in the distribution. When k =  0 the distribution is 

uniform; hence, every angle is equally likely. As k increases the distribution becomes 

increasingly clustered about the mean angle. In this simple movement model, the 

mean angle of movement is the mean angle of the vector calculated by the detector 

plus a mean response angle (Tracey et al., 2005), which is a parameter of the move­

ment model. The mean response angle is the mean angle the animal moves relative 

to the angle of the DWMV returned by the detector. The concentration of the von 

Mises distribution is the product of the length of the weighted mean vector and a 

second move model parameter called the response factor, which scales the length of 

a DWMV returned by the detector to control how influential it is on the mean an­

gle and concentration parameter of the von Mises distribution. After the von Mises 

distribution parameters have been calculated, a move angle is drawn from the von 

Mises distribution using a rejection method (Lang, 1999; Mardia and Jupp, 2000). I 

used the ran2() algorithm seeded from the system clock as the underlying uniform 

pseudo-random number generator (Press et a l, 1992). During each simulated move, 

the new agent location is calculated from its current location, the fixed move length, 

and the randomly drawn move angle. The detector state is updated by setting F\ 

to the new agent location and <fp to the move angle; thus, if the detection space is 

anisotropic (A > 0) it is oriented in the direction of the previous move.

I ran a set of simulations to explore the effects of perceptual weight (via the 

distance-weighting parameter A), anisotropy (through the distance between foci Sp), 

and landscape properties on simulated dispersal ability. In the landscape layer, ob­

jects are grid cells (as in the examples in the previous section) with cells assigned 

to category 1 (“low-risk” transition habitat) and category 2 (“high-risk” transition 

habitat). Conceptually, I am simulating dispersal between patches of suitable habi-
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ta t (not represented) through a landscape consisting of transition habitat which is 

less hazardous and transition habitat which is more hazardous, where both types are 

devoid of resources required for long-term survival. The low-risk transition habitat is 

attractive to the agent. Therefore, the risk the animal takes when moving through 

the landscape depends on the proportion of time it spends in low-risk versus high-risk 

transition habitat and the total path length. Each landscape was a 320 x 320 cell 

neutral landscape generated using an algorithm by Tischendorf (2001). The neutral 

landscape algorithm allows the proportion and the amount of clustering of low-risk 

grid cells to be set by the user. The proportion of low-risk cells is determined by the 

parameter Pcov, where 0.0 < Pcov < 1.0. The clustering of low-risk transition habitat 

cells is controlled by the parameter FRAG, where 0.0 < FRAG  <1 .0  and clustering 

increases with decreasing FRAG  (Tischendorf, 2001).

Simulations were run over a range of parameters. The neutral landscape parame­

ters used are Pmv with values of 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9 and FRAG  

with values of 0.01, 0.03, 0.05, 0.07, and 0.09. Values for A were 2.0, 1.5, 1.0, 0.5, 0.0, 

-0.5, -1.0, -1.5, and -2.0. The distance between the foci was expressed as a fraction 

of the major axis length (Sp/2a) for which I used values of 0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 

0.6, 0.7, 0.8, and 0.9. The length of the semi-major axis (a) is held constant at 4.0 

and the move distance was held constant at 1.0. The response angle is set to 0.0, 

which produces “on average” movement toward the low-risk habitat. The response 

factor was set to 10.0, which results in concentration parameters ranging from 0.0 to 

10.0. For each combinations of the parameters, 500 movement paths of 150 moves 

were generated. Therefore, the agent never reached or perceived the boundary of the 

landscape. For each simulated movement path, a new neutral landscape layer was 

created using the appropriate landscape parameters. The initial agent location for 

each path was at the center (xinit — 160, yinit = 160) of the landscape and the initial 

<Pf  was randomly drawn from a uniform distribution over the interval of —7r  to 7i \

The path-level behavior of the model is quantified in terms of the maximum net

61

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



displacement achieved during a path (iV.Dmax), and the number of simulated locations 

in a path that fall within low-risk transition habitat grid cells (i/count)- The maximum 

net displacement (N D max) is simply the Euclidean distance from the agent’s initial 

location to the most distant location 011 the simulated move path. I interpret ND max 

to be a measure of the permeability of the landscape to the agent and Hcxmnt is a 

measure of the safety of the movement path. As NDmax declines, we expect mortality 

to increase due to starvation since more movement is required to reach patches of 

suitable habitat and more time is spent in transition habitat. As Hcount declines, we 

expect mortality to increase due to increased use of the more hazardous parts of the 

landscape. For each combination of parameters, I recorded the minimum, maximum, 

mean, and variance of N D max and Hcount from the 500 simulated paths.

4 .2 .2  R e s u l t s

When the detection space is isotropic (that is, dp =  0.0) the fragmentation and pro­

portion of coverage of the landscape and the distance-weighting parameter (A) matter 

relatively little to mean maximum net displacement (N D Max, Figure 8). However, 

when 5p > 0, N  Dmax increases with increasing anisotropy, increasing proportion of 

low-risk transition habitat, and decreasing shape parameter. The variance in max­

imum net displacement shows a similar pattern to the mean for the range of pa­

rameters considered (not shown). The effect of A on mean N D max diminishes as A 

decreases. Increasing mean maximum net displacement results from straighter (less 

sinuous) movement paths (Figure 8 and 9). Fragmentation in the neutral landscape 

appears to work in interaction with other parameters to influence mean net maxi­

mum displacement (Figure 8) although this simple movement model under the given 

parameters does well in finding a path through patches of low-risk cells regardless of 

the degree of fragmentation (Figure 9).

The number of locations in the low-risk transition habitat can range from zero to 

the number of simulated locations (in our case 150). If we were to randomly assign 

locations to the landscape, the expected value of / /count would be 150 x Pcov. When
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Pcov = O.o there is no alternative but that mean Hcount =  0 and when Pcov =  1.0 

there is no alternative but that mean Hcount =  150. At intermediate values of 

observed mean Hcount can deviate from what is expected from random. In general, 

the detector model used within the simple movement model described above, with 

the given parameters, performs remarkably well in generating movements that are 

attracted to the low-risk transition habitat regardless of the degree of fragmentation 

(Figure 9) performing much better than expected at random (Figure 10).

Increasing anisotropy and decreasing distance-weighting parameter (A, that is, 

more weight on more distant objects) reduces the mean number of locations in low-risk 

habitat (Figure 10), with anisotropy having the greater effect. The distance-weighting 

parameter has little effect when the detection space is isotropic (8p — 0), and its 

effect is reduced for certain combinations of landscape fragmentation (FRAG) and 

anisotropy. There is an interaction between FRAG  and Sp that is most evident when 

comparing the subplots in Figure 10 on the diagonal from the lower-left (FRAG — 

0.01, SF = 0.0) upward (to FRAG = 0.07, Sp = 0.9). For these plots, mean Hcount 

is lowest (Figure 10) and the variance is the highest. Hence, in this model there are 

some degrees of anisotropy that perform poorly at particular intermediate levels of 

fragmentation.

There is a tradeoff between maximum net displacement and the number of loca­

tions that fall within the low-risk transition habitat (Figure 11). As Sp increases the 

detection space becomes more anisotropic. With increasing anisotropy, mean net max­

imum displacement (mean ND max) increases and mean number of locations in low-risk 

transition habitat (Hcount) decreases (not considering the anisotropy-fragmentation 

interaction described above). Distance weighting shows a similar, but weaker, effect 

where mean N D max increases and mean Hcount decreases with decreasing A.
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5 D iscussion

Few previous modeling studies have explored the consequences of detection space 

shape and other properties in movement modeling. In this paper, I have proposed 

a distance-weighted anisotropic detector model with three main properties: (1) an 

elliptical detection space, (2) weighting the influence of objects based on distance 

from the agent, and (3) summary of the relation between the agent and objects of 

a given type as a distance-weighted mean vector (DWMV). The DWMV provides 

information on the angles to objects and their dispersion within the detection space. 

Further, the model can reduce to an isotropic case and/or to an equal-weighted case. 

I have illustrated behavior of the detector model, and illustrated its use and behavior 

in an agent-based movement model.

The concepts and models I have presented have several implications for animal 

movement and modeling animal movement. One important consideration is the shape 

of the detection space. I have argued that at an instant in time, there is a bound­

ary that encloses objects in the environment from which signals can be detected. A 

reasonable simplification of the shape of this space for vision in the absence of envi­

ronmental attenuation should be “fan shaped,” or the sector of a circle. However, the 

animal will also posses knowledge of its local environment from recent eye and head 

movements, and recent displacements in its environment -  all of which will affect the 

shape of the detection space. I have used an ellipse to approximate this space, but 

other shapes should be considered.

The shape and size of the detection space will determine which objects are in­

cluded and excluded when making movement decisions by both real animals and in 

agent-based models. The shape of the detection space constrains the perceptual hori­

zon at different distances, and hence the angles to objects to which an animal will 

move in response. The shape will also determine the length of an arc that intersects 

the detection space at a given distance. This determines the representation of each 

distance within the detection space which will influence distance-weighted calcula-
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tions. A sector of a circle whose center is at the animal location will have the same 

perceptual horizon at every distance within the detection space. It is also possible to 

construct detection spaces that have constant arc lengths at each distance for some 

range of distances. Other than a line, which is not a useful detection space, there is 

no detection space in two dimensions that preserves both perceptual horizon and arc 

length over a range of distances from the observer.

The models I have presented predict that increased anisotropy of the detection 

space tends to produce increased directional persistence when moving in response to 

attractive objects. In fact, this may be an explanation for directional persistence (or 

serial autocorrelation in move angle) observed in many animal movement paths. In 

the models, most of the area of a highly anisotropic detection space is ahead of the 

animal (oriented toward its previous direction of movement), so if low-risk transi­

tion habitat was present in this area the agent would tend to move toward it. This 

tends to create autocorrelation in the direction of movement, but does not preclude 

a change of movement direction if no low-risk habitat is ahead of the animal. When 

the shape parameter is small (the smallest values I considered as A =  —2.0), distant 

objects are weighted more than nearby ones. If an agent perceives a distant object 

and moves toward it, the object will become less weighted if there are other attractive 

objects in the detection space (a negative-feedback). This can result in a behavior 

where the agent can “hop-scotch” from one attractive object (or cluster of attractive 

objects) to another while simultaneously tending to move in a directionally persis­

tent manner. This interpretation is consistent with the results that mean maximum 

net displacement increases with increasing anisotropy and increased weight on more 

distant objects.

The model I have presented is flexible enough to produce other behaviors. For 

example, it can produce “object orientation” consistent with the description given 

by Jander (1975). If nearby objects are weighted more heavily (A is large), when 

an agent detects and orients toward an attractive object, the weight placed on this
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object will increase as the agent approaches it, resulting in stronger attraction (a 

positive feed-back). In this case, the animal may be drawn to an attractive object 

(or cluster of such objects) and remain in the same vicinity for many moves. In the 

simple movement model used in this paper, low-risk transition habitat was attractive 

because the response angle was 0.0 radians. Once the object is detected and the 

agent moves toward it, the detection space is re-oriented toward the object, and 

hence the orientation of the detection space is modified by environmental stimuli as 

suggested by Olden et al. (2004). If the response angle was 7r radians, then the low- 

risk transition habitat would have been repulsive and the agent would have avoided 

it. In this case, when A is large, the strength of this avoidance would increase as the 

agent approaches the object, provided that there are other such objects within the 

detection space. However, if A was small the strength of repulsion would diminish as 

the agent approached the object under the same conditions.

The results of the simulations also predict a tradeoff between mean maximum net 

displacement and the number of locations in low-risk habitat. In the model, mean 

ND max increased and Hcounl decreased with increasing anisotropy (Sp) and decreasing 

distance-weighting parameter (A). This tradeoff may be a real one faced by animals 

dispersing between patches of suitable habitat. For example, animals may have to 

chose between moving rapidly but more recklessly through transition habitat, or mov­

ing more slowly and cautiously. Zollner and Lima addressed tradeoffs associated with 

dispersal behavior (2005), but these tradeoffs were linked to dispersal speed and built 

into the model. In the models I have presented, this tradeoff is a consequence of 

anisotropy or perceptual weight of the detection space. Increasing the dispersal path 

length (related to decreasing N  Drnax) will increase the cost of dispersal and will in­

crease risk because the animal will spend more time in transitional habitat (whether 

it is high-risk or low-risk). Spending more time in low-risk habitat (related to increas­

ing Hcount) will result in increased safety. This provides a link between properties of 

the detection space and survival of the individual while dispersing. Since attention,
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body orientation, head and eye movements, and fine-scale exploratory movements 

are under behavioral control, the animal has some control over the size and shape 

of its detection space, and it may make adjustments depending on its objectives and 

the environment. The best perceptual strategy will depend on the structure of the 

environment, mortality in each type of transition habitat, environmental constraints 

on perception, perceptual capabilities of the animal, the arrangement of patches of 

suitable habitat, and possibly other factors.

The predictions I have described above are available for empirical study; however, 

the detector model is proposed primarily as a component of an agent-based model. 

In an agent-based model, an agent can have an array of such detectors for each type 

of object in the environment that we chose to allow it to perceive. For categorical 

raster-based or vector-based spatial data, we use one detector for each category. For 

continuous raster-based and vector-based data (e.g., a set of point objects with a 

continuous attribute), we use one detector for each type of continuous variation. A 

collection of such detectors forms a perception component of an agent-based model. 

In this case, the problem is designing a response function for the agent that can 

incorporate information from an array of detectors to yield a movement.

It will benefit us in our efforts to improve agent-based models to develop a solid 

theoretical foundation for perception and clear, consistent terminology. Further, we 

must formulate models for perception and evaluate them. I have proposed one such 

model, and it is my hope that it is explored, tested, and eventually replaced with bet­

ter ones. Detection spaces of different shapes and different object weighting schemes 

can be explored. In these models, I assume that the environment remains fixed during 

the simulated movement path, but the model I have presented can be extended to 

change with the agent’s internal state and external environment. Further, animal’s 

may possibly employ “composite perception” strategies. For example, an animal 

might look far ahead to select a heading, and then focus on its immediate surround­

ings as it negotiates its way through its environment in that general direction. Clearly,
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the study and modeling of perception is fertile ground and there is much work to be 

done.
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Figure 1: Perceptual range (a) and perceptual horizon (b). I define perceptual range 
as the distance from the agent (or animal) location at a given angle to the boundary 
of its detection space, and perceptual horizon as the angular range of the detection 
space at a given distance from the agent. In both subplots, the location of the animal 
(or agent) is shown as a solid point and the boundary of the ellipse as a solid line. 
With an elliptical detection space, perceptual range depends on the angle from the 
animal (or agent) to the object (subplot a). The perceptual range for a smaller 
angle from the major axis of the ellipse is shown as a dotted line, and the perceptual 
range for a larger angle from the major axis of the ellipse is shown as a dashed line. 
Perceptual horizon for an elliptical detection space depends on the distance from the 
animal (subplot b). In this example, the perceptual horizon (dotted lines) is smaller 
at a greater distance than at a smaller distance (dashed lines).
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Figure 2: An isotropic detection space (a) and two types of anisotropic detection 
spaces (b, c and d, e; following (2004)). In all subplots the animal (agent) location is 
show as a filled point. Subplot a shows the “traditional” circular isotropic detection 
space. An anisotropic detection space can be formed from the isotropic case by 
taking a sector of the circle (subplots b - c) or treating the circle as the special case 
of an ellipse and increasing the distance between the foci (subplots d -  e). Using 
the “sector approach” we can vary the perceptual horizon from larger (subplot b) 
to smaller (subplot c). Within the sector of the circle the perceptual range will not 
change with the angle from the agent and perceptual horizon will not change with 
distance from the agent. If the angle forming the sector of the circle is 27r the result 
is an isotropic detection space. In subplots d and e, the animal location is the first 
focus of the ellipse, which is shown as a filled point. The second focus is shown as 
an open point. The degree of anisotropy is determined by the distance between the 
foci (subplot d and e). If the distance between foci is 0, the results is an isotropic 
detection space. For an elliptical detection space, perceptual range will change with 
angle from the agent and perceptual horizon will change with distance from the agent.
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Figure 3: An example of an ellipse and calculations associated with an elliptical 
detection space. The ellipse delineating the detection space and the major and minor 
axes of the ellipse are shown as black lines. The animal location (Fi) is shown as a 
large point, and the center and second focus of the ellipse (C and F2, respectively) are 
shown as smaller points. The lighter areas are weighted higher. In the left subplot, 
A = 1.0. In the center subplot, A = 0.0. In the right subplot, A = —1.0. Notice that 
when A = —1.0 (right) , much more of the area within the detection space is given a 
higher weight compared to when A = 1.0 (left).
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Figure 4: The effect of the distance-weighting parameter (A) on the distance-weighted 
mean vector in an environment filled with regularly distributed objects. In each sub­
plot, the objects are grid cells. The cells are shaded according to distance weighting, 
where darker cells are weighted more. The agent location is shown as a filled point 
and the distance-weighted mean vector (DWMV) is shown as an arrow (scaled by a 
constant for illustration). In subplot a, A = 2, so nearby cells are weighted more. 
In subplot b, A = 0, so all cells are weighted equally. In subplot c, A = —2, so 
distant cells are weighted more. As distance from the agent increases, perceptual 
horizon decreases. When more distant objects are more heavily weighted (subplot c) 
the length of the DWMV increases because there is less variation in the angles to the 
more heavily weighted objects.
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Figure 5: The effect of object clustering on the distance-weighted mean vector 
(DWMV). The agent location is shown as a filled point, the DWMV as an arrow, 
and the elliptical detection space as a black line. The objects are grid cells shaded 
according to how much they are weighted. Darker grid cells are weighted more. The 
top row of subplots (a -  c) corresponds to a distance-weighting parameter of A = 2.0 
which weights nearby objects more heavily. The middle row of subplots (d — f) cor­
responds to A =  0.0 which weights all objects equally. The bottom row of subplots 
(g -  i) corresponds to A = —2.0 which weights distant objects more heavily. The left 
column shows an arrangement of two clusters of objects at near and far distances. 
In the middle column the distant cluster is separated into two smaller clusters. In 
the right column the nearby cluster is separated into two smaller clusters. The effect 
of clustering is greater for nearby objects because of the greater perceptual horizon 
at shorter distances. In addition, the effects of changes in clustering at near and far 
distances depends on the distance-weighting parameter.
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Figure 6: The effect of object cluster size, angle, and distance on the angle of the 
distance-weighted mean vector (DWMV). The agent location is shown as a filled point, 
the DWMV as an arrow, and the elliptical detection space as a black line. The objects 
are grid cells shaded according to how much they are weighted. Darker grid cells are 
weighted more. The top row of subplots (a -  c) corresponds to a distance-weighting 
parameter of A = 2.0 which weights nearby objects more heavily. The middle row of 
subplots (d -  f) corresponds to A = 0.0 which weights all objects equally. The bottom 
row of subplots (g -  i) corresponds to A — —2.0 which weights distant objects more 
heavily. The left column shows an arrangement of equal-sized clusters of objects with 
the nearer cluster to the right of the agent and the more distant cluster to the left 
of the agent. The middle column shows the same arrangement as the left column 
but the number of objects in the nearer cluster is reduced. The right column shows 
the same arrangement as the left column but the number of objects in the distant 
cluster is reduced. The angle of the DWMV is a weighted mean angle to all of the 
objects in the detection space. When the number of objects in a cluster is reduced, 
that cluster has less effect on the angle of the DWMV. The effect in changing the 
number of objects nearby or distant from the agent on the angle of the DWMV also 
depends on the distance-weighting parameter.
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Figure 7: The distance-weighted mean vector (DWMV) as an agent travels to the end 
of a cul de sac. The agent location is shown as a filled point, the DWMV as an arrow, 
and the elliptical detection space as a black line. The objects are grid cells shaded 
according to how much they are weighted. Darker grid cells are weighted more. The 
top row of subplots (a -  c) corresponds to a distance-weighting parameter of A = 2.0 
which weights nearby objects more heavily. The middle row of subplots (d -  f) 
corresponds to A = 0.0 which weights all objects equally. The bottom row of subplots 
(g -  i) corresponds to A = —2.0 which weights distant objects more heavily. As we 
go from the left most to the center to the right column, the agent gets progressively 
closer to the end of the cul de sac. In the right column, the DWMV reverses direction 
at the end of the cul de sac. When A is larger, the agent weights nearby objects more 
heavily, so the DWMV is short and does not change much until the agent reaches 
the very end of the cul de sac. If a short DWMV translates to a weak influence on 
move angle, then the agent may take a more sinuous path through the cul de sac, and 
will take a longer time to explore and backtrack out of it. On the other hand, when 
A < 0.0, more distant objects are weighted more and the resulting DWMV is longer. 
If a longer DWMV translates into a strong influence on move angle, the agent will 
quickly move to the end of the cul de sac and then backtrack out of it. This will tend 
to reduce the time it takes for the agent to explore the cul de sac.
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Figure 8: Effect of landscape and detector properties on mean maximum net dis­
placement. Rows correspond to a value of FRAG  and columns correspond to a value 
of 8p/2a, which is a measure of anisotropy. These values are indicated in the gray 
bar above each panel (left value is FRAG  and the right value is 5p/2a). Hence, 
each panel in this Trellis plot corresponds to a particular combination of FRAG  and 
8p/2a. Each line in each panel corresponds to a value of A and a key is given at the 
top of the figure (L refers to A). The x-axis in each panel is the value of Pcov, the 
proportion of low-risk habitat in the neutral landscape, and the y-axis in each panel 
is the mean maximum net displacement. See the text for a description of the results.
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Figure 9: Simulated paths on three different neutral landscapes with two different 
degrees of anisotropy. Each neutral landscape has 50 percent “low-risk transition 
habitat” (in white, Pcov =  0.5). In sub-figures a-b, FRAG = 0.05, in c-d FRAG = 
0.03, and in e-f FRAG = 0.01. As FRAG  increases, clustering of low-risk transition 
habitat decreases. In the left column of figures Sp — 2.0 (lower anisotropy) and in 
the right column 5p = 6.0 (higher anisotropy). For all figures, A =  0.0, which means 
all low-risk transition habitat cells are weighted equally, and all other parameters are 
as described in section 4.2.1. Increased anisotropy of the detection space (b, d, and 
f) results in greater correlation between move angles in adjacent time steps.
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Figure 10: Effect of landscape and detector properties on mean low-risk transition 
habitat use. Rows correspond to a value of FRAG  and columns correspond to a 
value of 5F/2a. Hence, each panel in this Trellis plot corresponds to a particular 
combination of FRAG  and 5p/2a. These values are indicated in the gray bar above 
each panel (left value is FRAG  and the right value is Sp/2a). Each line in each panel 
corresponds to a value of A and a key is given at the top of the figure (L refers to A). 
The x-axis in each panel is the value of Pcov, the proportion of low-risk habitat in the 
neutral landscape, and the y-axis in each panel is the mean number of locations in 
low-risk transition habitat. The gray line shows the expected mean low-risk transition 
habitat use if agent locations are assigned randomly on the landscape. See the text 
for a description of the results.
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Figure 11: Tradeoff between mean NDrnax and mean Hcounl with anisotropy and 
distance weighting. The top subplots a and b correspond to the effect of the distance- 
weighting parameter A. In these figures Pa,v = 0.5 and 6F/2a = 0.6. The bottom 
subplots c and d correspond to the effects of anisotropy (SF/2a). In these figures 
Pcov — 0-5 and A =  0.0. Each line in the plots correspond to a different value of 
FRAG , and a key is given in subplot a. In subplot a, net displacement decreases 
with increasing A. In subplot b, use of low-risk habitat increases with increasing A. 
In subplot c, net displacement increases with increasing anisotropy. In subplot d, 
use of low-risk habitat decreases within increasing anisotropy of the detection space. 
In some cases (depending on other model parameters), the best distance weighting 
and degree of anisotropy will depend on the degree of habitat fragmentation in the 
neutral landscape.
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Agent-based models for animal movement in 
landscapes

Jeff A. Tracey Jun Zhu Paul Beier Kevin Crooks 

1 Introduction

Animal movement is an individual-level process with individual, population, and 

community-level consequences. Movement is based on animal decisions in response 

to stimuli from the local environment and internal state (including memory), and 

constrained by perceptual, cognitive, and physical capabilities of an individual (Bell, 

1990). A movement decision, in turn, determines which local environment of those 

available to it the animal will experience next. This new location will present the 

animal with new information about the landscape it inhabits, threats, and resources 

that it may require to maintain its internal state. A sequence of movement deci­

sions over the lifetime of the animal determines, in part, its success in survival and 

reproduction. Movement decisions of many animals leads to the redistribution of or­

ganisms in space, exchange of genetic material, transfer of pathogens from one area to 

another, recolonization of vacant suitable habitat, discovery of new resource patches 

in dynamic landscapes, demographic rescue in small populations, and predator-prey 

interactions (Wiens et ah, 1993; Ims, 1995; Caro, 1999; Zollner and Lima, 1999).

Human-caused landscape change removes natural habitat, fragments remaining 

habitat, and introduces new types of landscape features that animals respond to at 

an individual level. Often, these changes are hazardous to wildlife and may elicit 

individual-level behavioral responses that alter individual survival, reproduction, and 

movement across a landscape. Connectivity, which has been defined as “the degree 

to which the landscape facilitates or impedes movement among resources patches”
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(Taylor et al., 1993), is believed to ameliorate these effects when maintained at ap­

propriate levels (Crooks and Sanjayan, 2006). Wildlife movement corridors have been 

advocated as a means of maintaining functional connectivity among core areas or re­

source patches in a reserve system (Beier and Noss, 1998; Soule and Terborgh, 1999). 

How animals use corridors depends on how animals move through a landscape and 

respond to local spatial variation (Beier and Noss, 1998; Haddad, 1999). Thus, move­

ment behavior of individuals in response to landscapes has important consequences 

for wildlife conservation.

In order to prevent local extinction of wildlife populations, we require tools for 

making useful predictions of individual and population responses to landscape change 

(Pettifor et al., 2000). We can use such predictions to evaluate alternative choices 

for reserve design, land use planning, and other decisions that ultimately direct land­

scape change. Ecological modeling provides a means to apply knowledge to land­

scapes that we cannot study empirically, such as future landscapes that do not yet 

exist. Individual-based modeling is a type of agent-based modeling in which software 

agents represent individual organisms (Huston et al., 1988; DeAngelis and Gross, 

1992; Grimm et al., 2005). It is a “bottom-up” approach in which explicit represen­

tation of mechanisms at lower levels of hierarchical organization interact to produce 

behaviors (emergent or otherwise) at higher levels (Railsback, 2001). Agent-based 

models can incorporate individual-level processes and allow agent behavior to emerge 

from them, rather than being imposed upon them (Railsback, 2001). As a conse­

quence, agent-based models may be more useful for predicting responses to changing 

landscape and environmental conditions, and may produce more robust predictions at 

the individual or population level (Pettifor et al., 2000; Railsback, 2001). Individual- 

based models have been used to study and predict movement paths of animals across 

space by iteratively applying movement rules that permit responses to the local envi­

ronment and possibly internal state (Gustafson and Gardner, 1996; Westervelt, 2002; 

Gardner and Gustafson, 2004; Kramer-Schadt et al., 2004; Morales et al., 2005).
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Our objective is to construct individual-based movement models for use in evaluat­

ing functional landscape connectivity. Animal movement is an inherently individual- 

level process that often depends on an animal’s internal state, history, and objectives. 

Individuals may potentially have different strategies for orienting in their environ­

ment. Further, animal movement is based in part on local interactions between an 

animal and its environment. Using an individual-based approach, we can directly 

account for individual differences and local interactions between an individual and its 

environment (Huston et al., 1988). Our current focus is on functional connectivity 

for low density, wide-ranging species such as mountain lions (Puma concolor) which 

are prone to human-caused mortality beyond the boundaries of protected areas due 

to the extent of their ranging, migration, or dispersal movements (Beier and Barrett, 

1993; Woodroffe and Ginsberg, 1998, 2000). Thus, our models focus on dispersal and 

ranging movements and movement response to landscape variation, rather than move­

ment in response to other organisms and details of internal physiological processes. 

For our intended applications, our models have several requirements.

The first requirement is that the agents in our models must be able to operate in a 

spatially complex environment. When evaluating functional connectivity, we may be 

interested in simultaneous response to land cover, roads, terrain, and other landscape 

features. Thus, the agent-based models we develop must be able to respond to a wide 

range of environmental contexts. In order to operate in such an environment, the 

models required several essential features. First, the agent must have some ability 

to collect information from the landscape surrounding its location. Second, this in­

formation and information on internal state must be reduced to a single movement 

response consisting of a continuous move angle and move distance. In the absence 

of external information to guide movement decisions, the agents base decisions on 

“default” rules of movement that depend on internal states or recent move history.

The second requirement is that we have the capability to evaluate models with 

data. These models are intended to guide conservation decisions, so we require the
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model predictions to be informative about real target species moving in real or po­

tential future landscapes. Individual-based models have been criticized on the basis 

of a lack of empirical support, and many suggestions have been made to remedy this 

situation (Bart, 1995; Weigand et al., 2003; Grimm et al., 2005). With respect to 

movement, the usefulness of individual-based models may be limited by our under­

standing of individual-level perception and movement responses (Zollner and Lima, 

1999; Tracey, 2006). But there are several advantages to an individual-based ap­

proach. Individual-based models are often more directly related to field data (Huston 

et al., 1988), as is the relation between our movement models and data collected by 

radio or global positioning system (GPS) telemetry. Further, individual-based move­

ment models can produce patterns at different scales or hierarchical levels such as 

the move level, daily path level, seasonal path level, seasonal utilization distribution, 

habitat utilization, and others (Kramer-Schadt et al., 2004; Morales et al., 2005). 

These patterns can be used to evaluate alternative models using a pattern-oriented 

approach (Weigand et al., 2003; Grimm et al., 2005). We took advantage of these 

benefits by proposing a range of alternative models, designing the models so that 

they can be fit to observed data by a likelihood-based approach, and evaluating the 

models within information-theoretic and pattern-oriented modeling frameworks.

Third, we must be able to implement a range of alternative models and alter 

and extend existing models based on what we learn from them. Individual-based 

models are closely related to their computer implementation and are typically more 

difficult to implement and communicate than traditional ecological models (Lorek 

and Sonnenschein, 1999; Pettifor et al., 2000; Railsback, 2001). Because of the effort 

involved in designing and coding agent-based models, re-usability of code or model 

components and the ability to alter programs to implement different kinds of agent 

behaviors is desirable. We want the models to be easily modified to accommodate 

new model structures. This consists of exchanging some of the model components 

controlling agent behavior with new components, with minimal re-writing of the code.
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In addition, we want the models to be extensible; that is, to be able to add other 

processes in the future such as response to conspecifics, spatial learning, or internal 

physiological processes. Finally, some of the parts of the software implementation 

might be useful in completely unrelated applications, so we want them to be a stand­

alone software component. >

Our specific goals in this paper are two-fold. First, we will describe the agent- 

based movement models we have constructed and address several important aspects 

of modeling animal movement. We will provide details on model formulation and im­

plementation, demonstrate how they can be evaluated with data, and show how fitted 

models behave in simulations. Second, we will explain how we address issues of em­

pirical support and implementation in agent-based modeling. In order to implement 

a wide range of alternative models, we utilize a modular or loosely component-based 

software design (Bian, 2000), and maximized the range of possible configurations each 

component can assume. This allows a range of alternative models to be configured at 

run time. We specify a likelihood function for each alternative model, which allows us 

to fit model parameters by optimizing the likelihood function and apply likelihood- 

based statistical methods. It became apparent to us during this research that the 

two issues of implementation and empirical support are related, since the ability to 

instantiate a range of alternative models within a program also facilitates statistical 

procedures such as model selection.

2 M odel form ulations and software im plem enta­
tion

2.1 M od el O verview

The models we designed are composed of three major components that represent the 

spatial environment, movement agents, and interactions between agents and their 

environment (Maley and Caswell, 1993; Figure 1). The spatial component contains 

integer grid objects for representing categorical spatial data and floating-point grid
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objects for representing continuous spatial data (Figure 1). The move agent compo­

nent, which is the focus of this paper, is constructed from a perception component, 

information processing network, move effector, and genetic algorithm (Figure 1). The 

agent component also contains data on the agent state, an interface for interacting 

with the agent component, and functions to set up and coordinate the activities of 

the smaller components. The perception component consists of an array of detector 

objects. Each detector collects and summarizes information on a particular type of 

spatial information (Tracey, 2006). The agent state and the outputs from the percep­

tion component constitute motivational variables which are passed into the agent’s 

response function, also called a behavioral map (Enquist and Ghirlanda, 2005). In 

our models, the response function consists of an information processing network and 

a move effector. We have implemented two types of networks: fully-connected, feed­

forward neural networks (FF-ANNs) and a second type network of our own design 

that we call structured networks (SNs). The FF-ANN and SN information processing 

networks, due to the component design, can be “swapped out” during construction 

of an agent object. These networks map the motivational variables to move effector 

inputs. The move effector component allows one or more move response states. It 

converts the effector inputs into parameters for the move angle and move distance 

distribution for each response state, and parameters for selecting a response. Se­

lection of a response state is done using either a finite mixture model (FMM), or a 

hidden Markov model (HMM). The move effector draws a movement move angle and 

distance from the appropriate distribution (using pseudo-random number generators, 

Figure 1) or calculates a likelihood for a set of observed movement responses (using 

probability density functions, Figure 1); hence, the effector is the “stochastic part” 

of the models. A genetic algorithm (GA) is a stochastic search algorithm inspired by 

the mechanisms of evolution by natural selection (Mitchell, 1996). We use the genetic 

algorithm component to fit the agent’s movement model to observed data; however, it 

can also be used to model learning and behavioral adaptation (Holland, 1992; Strand
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et al., 2002; Enquist and Ghirlanda, 2005). Finally, the interaction component relays 

data between the spatial component and agent component of the model. Its main 

purpose is to facilitate perception of the local environment by an agent.

From the major components, we constructed two programs in C++. The first is 

used to fit models to observed data yielding a set of model parameters for a given 

model and data set, and the second is used to simulate movement from a parameter­

ized model to produce simulated data. The design of the agent component and its 

sub-components facilitates both model fitting and simulation by altering the flow of 

information within the agent and between the agent and a data set (Figure 1) and 

using the move effector to either iteratively draw move angles and distances from 

the appropriate distributions (for simulation) or to calculate log-likelihood values for 

a parameter set given a model and observed data (for model fitting). Whether in 

fitting mode or simulation mode, the flow of information within the agent is always 

from perception to information processing network to effector, but information flows 

from the agent state to the effector when in fitting mode, and in the reverse direction 

when in simulation mode (Figure 1). The GA component is only used in the fitting 

program, but could easily be used to simulate adaptive movement behavior. In the 

following sections, we will describe the spatial component, move agent component, 

and interaction components in greater detail.

2.2 Spatial com p onent

In most agent-based ecological models, the process of object recognition is too “low- 

level” to be represented in detail. We often assume that the agent can recognize 

objects that we chose to include in the spatial component of the model; thus, we make 

decisions about agent perception and object recognition. In our implementation, 

continuous spatial data is represented by a grid-based model with a floating-point 

value in each cell, and categorical spatial data is represented by a grid-based model 

with an integer value in each cell. Each type of grid is implemented in a separate grid
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class that contains a 2-dimensional array for the grid data, spatial attributes of the 

grid, and member functions that provide an interface and additional functionality such 

as raster file input/output, spatial calculations, and neutral landscape generation. 

The software design can be extended to accommodate vector-based spatial data.

2.3 M ove agent com p onent

In this sub-section, we will describe the agent state and perception, the move effector, 

how the information processing network maps the motivational variables to effector 

inputs, and the genetic algorithm component.

2.3.1 A gent s ta te

We let st be the vector of agent state variables, where t indexes the observation 

when in fitting mode, or the time step when in simulation mode. The agent state 

may include the initial location (.x0, i/o), the current location (,xt, y(), previous move 

angle (a4_i), previous move distance {k-i), and the previous move effector response 

state (rt~i). These state variables provide information needed by the default rules of 

movement to set detector states (Tracey, 2006) and for response state transitions in 

the move effector. When fitting data, the agent state is set from observed data, except 

for the previous move effector response state, which is “hidden.” When simulating 

movement, the agent state is updated from the previous agent state and the response 

state, move angle, and move distance generated by the move effector.

2.3.2 P erception  com ponent

The perception component of the model collects and summarizes information from 

spatial data structures that describe the agent’s local environment. The percep­

tion component is an array of detector objects, where the detector class implements 

a distance-weighted anisotropic detector model (Tracey, 2006). In this perception 

model, agents detect objects within an elliptical detection space, weights the effect of 

each object within the detection space based on distance from the agent, and sum-
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marizes the information. Since perception is an interface between a real animal and 

its environment, it is natural to expect that part of the interface of the agent com­

ponent serves to pass data directly into the perception component. Each detector in 

the perception component corresponds to either a single field (such as elevation or 

temperature) represented as a grid of floating point values or a single type of object 

(for example urban land cover, a particular category of road) represented as a set of 

categories in an integer grid. Thus, the maximum number of detectors an agent may 

have is limited by the spatial data used in the model, but an agent may have fewer 

detectors and thus ignore some spatial information.

Each detector has three parameters (see Tracey, 2006 for more detail): the semi­

major axis length (7 h,n,g), the distance between foci (Sh,n,g), and the distance-weighting 

parameter (Ah,n,g), where h indexes the detector, n indexes the member of the G A ' 

population containing the nth set of parameters, and g indexes the generation of the 

GA population. The three parameters are contained in the segment of the nth mem­

ber of the GA population designated as 0Detxn,g = ( 7 M,s> Ah,n,g), where dDet,ri,g 

contains the parameters for all of the detectors in the model, which may be fitted to 

data. When in simulation mode, the GA is not used and the indexes n and g can 

be dropped. In the software implementation, each detector may have its own set of 

parameters, or all detectors may have the same parameters. If all detectors have the 

same parameters, the index h can be dropped from the notation. Further, we can set 

5... = 0, forcing the detection spaces to be isotropic (circular).

Each detector performs some data reduction functions by selecting only those 

objects or grid cells that belong to a particular type and fall within its detection space, 

and by summarizing all of the information for the objects or grid cells it detects within 

its detection space as a distance weighted mean vector (DWMV, Tracey, 2006). Let L 

designate the spatial data used in the model. Let Dh be the detector function for the 

hth detector. The outputs of detector h at time t, are (A.th,t, &Vh,t, ang(AXh,t, &yh,t), 

dist(Axftif, Ayh,t)) = Dh(L\st,8h,n,g), where A xh,t is the x-axis component, Ayh,t is
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the y-axis component, ang(Ax^t, Ayw ) is the angle, and dist(Ax/l>f, Ay/lit) length of 

the DWMV (Tracey, 2006). Some of these outputs are passed into the information 

processing network. We let d t be the vector of all detector outputs passed into the 

information processing network at time t.

2.3.3 Move effector

The move effector allows one or more move responses under the same inputs, and 

accounts for uncertainty in the movement responses. Hence, it models a choice be­

tween one or more possible movement response states and allows variation in move 

angle and distance within each state. The move effector may be configured to allow 

only one movement response under a given set of conditions. Alternatively, it may 

be important to allow the agent to select one of several possible movement responses. 

For example, a move agent may approach the boundary of urban land cover, but 

may not want to move into the urban area. It may chose to move away from the 

urban area. Alternatively, it may attempt to move around the urban area by moving 

parallel to the urban boundary in either a left or right direction. In this example, 

there are three possible responses an agent might make when encountering an urban 

area. For this reason, we postulated that it may be important in some cases to allow 

the agent to have more than one possible response under the same conditions. In 

this case, the effector models the selection of one response state from among a set of 

R available responses using either a finite mixture model (FMM) or hidden Markov 

model (HMM). In the HMM, selection of a movement response state in the current 

time step depends on the response state selected at the previous time step and current 

conditions. The FMM is a reduced case of the HMM in which the selection of the 

response state in the current time step depends only on current conditions.

The effector uses the network outputs Uj, vf, and w* as inputs and parameters 

0Eff,n,g = («iiA ) • • • , art, Pr) from the nth GA chromosome at the gth generation 

(see below) to calculate either a log-likelihood value (£(st, L\8ritg)) when in data fitting 

mode or a simulated move angle and distance (at, It) when in simulation mode. We
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simplify our models by having fixed move distance parameters (ar > 0 and (3r > 0) 

for each of the r € 1, • • • , R  responses.

Move angle and distance d istributions Move angles are assumed to come from 

a von Mises distribution and move distances are assumed to come from a gamma 

distribution. These distributions were used by Siniff and Jensen (1969) in one of the 

earliest individual-based movement simulations in ecology, and subsequently in other 

animal movement models that simulate continuous move angle and distance. We 

assume independence in move angle and distance, conditional on the move effector 

state.

The von Mises distribution is a circular analogue to the normal distribution; it has 

two parameters, a mean angle [ir (from — n to n) and a concentration parameter Kr > 0 

(Batschelet, 1981; Mardia and Jupp, 2000). The mean angle is the angle of maximum 

probability density and the concentration parameter controls the dispersion of the 

distribution about the mean angle. The distribution is symmetric about the mean 

angle /ir . When the concentration parameter Kr = 0, the distribution is uniform on 

(—7r, 7r], As Kr increases, the distribution becomes more concentrated about the mean 

angle. In the effector, von Mises parameters are computed as fiT = atan2(w!/)r, wx<r) 

and Kr = -y/fyfy + w?j r. Von Mises random variables we generated using the ran2() 

algorithm (Press et al., 1992) and a rejection method described by Mardia and Jupp 

2000 .

Gamma random variables are positive and the gamma distribution has a flexible 

shape that is similar to many empirical move length distributions. The distribution 

has a shape parameter ar and an inverse scale parameter /?r (Rice, 1995). The gamma 

distribution parameters are “evolved” directly for each response in the GA when 

fitting models to data, and are fixed when simulating movement. Gamma random 

variables we generated using the ran2() algorithm (Press et al., 1992) and an algorithm 

by Ahrens and Dieter (1974) when ar < 1.0 and the GKM3 algorithm by Cheng and 

Feast (1979) when ar > 1.0.
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R e s p o n s e  s t a t e  t r a n s i t i o n s  We model selection from a set of alternative responses 

is using a hidden Markov model (HMM) approach (McLachlan and Peel, 2000). The 

HMM approach allows us to model dependence of the current response state rt at 

the current time t on the previous response state rt- i  at the previous time t — 1 

(McLachlan and Peel, 2000). In the HMM, we replace the mixing proportions with

</V(t) ^  X / r ( t - l )  ^ r ( t - l ) , r ( t ) ^ r ( t - l ) -

We can incorporate the transition probabilities from the r(t — l) th state to the 

r(t)ih state by computing elements of the state transition matrix <ht as follows:

i   f  Pr(t)  T  $ r ( t  — l ) ( l  Pr( t ))  i f t  ■ f t —l i

Here, pt = (pi(i), ■ ■ ■ , Pr{i.))' arc additional parameters where 0 < pr(t) < 1- We 

calculate the parameters from the network outputs by pr(t) — [1 + exp(-ty)] W If all 

p r [t) go to 0, the HMM model reduces to the simpler FMM. In this case, the response 

state at the current time step is independent of the previous response state. When 

r(t — 1) = r(£), the probability of the rth response is increased by — pr(t))-

When r(t — 1) ^  r(t) the probability of the rth response is decreased by pT{t)(^r{t-\)- 

Since the HMM may increase the probability of selecting a response if it has 

been chosen before, our formulation may promote “stability of behavior” (Enquist 

and Ghirlanda, 2005, p. 106). Referring back to the urban response example above, 

under the FMM mode an animal might chose to respond to the urban edge by moving 

parallel to it in the left direction in one time step, then move parallel to it in the right 

direction in the next time step, and so on, which would lead to a lack of progress in 

circumventing the urban area. However, under the HMM mode, once the move agent 

decided to go around the urban area by following the boundary in the left direction, 

it would have a higher probability of making the same decision in the next time step.

2.3.4 Inform ation processing networks

The information processing networks take detector outputs df and agent state vari­

ables st as inputs (Table 1) and produce vectors of outputs u t , vt, and wf (Table 2).
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The outputs u t are used to calculate mixing proportions, vt are used to calculate 

state transitions, and wt are used to calculate von Mises distribution parameters in 

the move effector component. Therefore, both uf and v( will be empty if there is only 

one response state in the move effector, and v t will be empty if there is more than 

one response state in the move effector if the effector implements an FMM (Table 

2). The segment of the nth GA chromosome containing the network parameters is 

designated as @ N e t , n ,g - We designate the network mapping of inputs to outputs as 

(ut,Vt,Wt) =  M (st,d t\0 N e t , n , g ) -

As introduced above, we use two general types of networks: a feed-forward neural 

networks (FF-ANNs) and structured networks (SNs). Each type of network is im­

plemented as its own component that can be “swapped” with each other within the 

agent component. This arrangement affords us the opportunity to try different types 

of networks and create new types of response functions that can be easily “plugged 

into” the agent class. Each network can be configured to accept a range of inputs 

and produce outputs required for the move effector.

Feed-forward neural networks Artificial neural networks (ANNs) are computa­

tional systems with a structure that is motivated by biological neural networks in 

animals (Hassoun, 1995; Reed and Marks, 1999). ANNs consist of nodes, analogous 

to neurons, that are often arranged into input, hidden, and output layers (Hassoun, 

1995; Reed and Marks, 1999; Figure 2). The nodes are linked to each other by di­

rected connections. Associated with each connection between a pair of nodes is a 

weight (uji’s or w ^’s below) that scales the “from” node output as it is passed into 

the “to” node (Hassoun, 1995; Reed and Marks, 1999; Figure 2). Our models use 

fully-connected feed-forward neural networks that have an input, hidden, and output 

layer. The term feed-forward refers to the “forward direction” of the connections in 

the network from input to hidden to output layers (Figure 2). Let i index the input 

nodes, j  index the hidden nodes, k index the output nodes of the network. Let z* be 

an element of (st, d<) and the ith input into the network. The output of the j th hidden
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node is Zj =  [1 + exp(— this equation, the summation in the 

exponential emulates the integration of inputs from other neurons, and the logistic 

function acts as a nonlinear “threshold gate” that mimics “all-or-nothing” firing of 

the neuron (Campbell, 1993; Reed and Marks, 1999). The kth element in the vector 

of network outputs is zk = u>k0 + Y2ju kjVj, where zk is an element of the outputs 

(ut, v t, wt). The sum in the output node is not passed through a threshold function. 

Instead, the effector applies the appropriate functions to convert the network outputs 

to parameters for the move angle and distance distributions.

Neural networks have many advantages. One advantage of neural networks is their 

ability to “learn” by example (Hassoun, 1995; Reed and Marks, 1999). With a training 

data set consisting of inputs and outputs, the weights of the network (0Net,n,g — w) 

can be adjusted to improve the input-to-output mapping by the network (Reed and 

Marks, 1999). Neural networks can also effectively combine many different kinds of 

inputs (Enquist and Ghirlanda, 2005). Another advantage of neural networks is their 

“universal approximation” capability (Hassoun, 1995; Reed and Marks, 1999). An 

ANN with one hidden layer is often sufficient to approximate a continuous function 

(Reed and Marks, 1999). Thus, neural networks are very useful for modeling complex 

systems for which we have input and output data, but that are poorly understood 

(Reed and Marks, 1999).

Network architecture influences the movement capabilities of the model. The 

input and hidden layers typically have a bias node, which simply contains a value 

of 1 rather than an input (Figure 2). The activation threshold in a node its set by 

the weight associated with its connection to the bias node (Reed and Marks, 1999). 

When a neural network is used to generate parameters for the von Mises distribution, 

as we do, the bias node creates the potential for (appropriately) directionally biased 

(DB; Marsh and Jones, 1988; Turchin, 1998) movement. In some models, we pass the 

previous move vector in sf_i into the network which results in a recurrent network (an 

exception to the feed-forward architecture) which is capable of producing a correlated
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random walk (CRW; Kareiva and Shigesada, 1983; Turchin, 1998). In conjunction 

with the directional bias effect of the bias node, the recurrent network is capable 

of producing a directionally-biased correlated random, walk (BCRW) behavior in the 

models. Under BCRW movement, the agent has a tendency to move both in the 

direction of the previous move and in a particular compass direction.

In addition to the previous move vector, we can pass several types of inputs into 

the network, depending on the specific model formulation. If we pass the agent’s 

spatial location or its displacement from its initial location into the network (Table 

1) the agent has an ability to move in response to its location in space (we might call 

this “spatially structured behavior”). Depending on the data used to parameterize 

the model, this can result in a limited spatial memory that generates home range­

like movement behavior (Morales et al., 2005). Furthermore, by passing time inputs 

into the network (Table 1) the agent can respond to the time of day or time of year, 

respectively. When d t, the detector outputs, are feed into the input nodes of the 

neural network the agent may respond to the landscape features detected by the 

perceptual component. This latter capability is critical to the application for which 

these models are designed.

In our implementation of the feed-forward neural network component, the numbers 

of inputs nodes, hidden nodes, and output nodes can be any positive integer. When 

used in the agent class, the numbers of inputs are dictated by the number of detectors 

and agent state variables used in a specific model. The number of output nodes is 

determined by the number of response states in the move effector. The number of 

hidden nodes is allowed to vary, and determining the number of hidden nodes is a 

part of the model selection process.

S tru ctu red  networks There are two disadvantages of the feed-forward neural net­

works we describe above: they often have many parameters and the parameters do 

not have an obvious biological interpretation. Thus, we developed a second type of 

network called structured networks (SNs). These SNs have fewer parameters than a

98

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



comparable fully connected feed-forward ANN, and it is easier to interpret the mean­

ing of the parameters at the expense of being less adaptable to observed movement 

behavior. SNs retain some of the network properties, but we impose some structure 

on the network by replacing some of the weights with functions. The SNs have only 

an input and output layer of nodes.

In an SN, we distinguish between “scalar inputs” consisting of a single value and 

“vector inputs” consisting of an x-component and a y-component input pair (Table 

1). The scalar inputs are used to calculate the elements of ut and vt (used to calculate 

mixing proportions and transition probabilities, respectively, by the move effector) by 

multiplying each scalar input by a weight associated with the connection between the 

scalar input and the output node (Figure 3). Within each output node corresponding 

to u t and v t the weighted scalar inputs are summed to produce the output value for 

the node (Figure 3).

The vector inputs are used to calculate the elements of wt, which correspond to 

the von Mises move angle distribution parameters, and are also x-component and a 

y-component output pairs. Input vectors may be, for example, the cosine and sine 

of the previous angle of movement or a DWMV from a detector. The length of the 

input vector is interpreted to be correlated with the relative strength of the agent’s 

response. The SN rotates these angles by a response angle (from —7r to 7r) and scales 

the length of the vectors by a response weight (> 0). The response angle is the 

agent’s mean angle of movement in relation to the input vector for a given move 

response, while the length of the input vector times the response weight relates to 

the tendency to move in that direction. For example, if one detector calculates a 

DWMV to urban land cover within the detection space, we might rotate the angle 

of the DWMV by a response angle of n radians (180 degrees) to produce a tendency 

to move away from urban areas. Further, we might scale the length of the vector 

by a large response weight which increases the strength of the avoidance response 

to urban land cover. Once we have rotated and scaled all of the input vectors, the
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vectors are added together to yield a resultant vector. The angle of the resultant 

vector is the mean angle of the von Mises distribution for movement in response to 

all of the input vectors, and the length of the resultant vector is the concentration 

parameter of the von Mises distribution. If the move effector permits more than one 

response, the input vectors can be rotated and scaled in different ways to produce a 

different resultant vector for each response. For the outputs related to move angle 

parameters, we make the bias node optional, which allows us to remove directional 

bias from the model.

Let zs,i be the ith scalar input, and zx be the x-axis component and zVii be the y- 

axis component of the ith input vector (Figure 3). Let ur be the rth output in ut, and vr 

be the r th output in v t. Finally, let (wXir,wVtr) be the x-axis and y-axis components 

of the output vector in wt that are used to calculate the von Mises distribution 

parameters for the rth response in the move effector. The output ur = wmix,r,o + 

where r = 2, • • • , R. The output vr = wtran^r.0 + zs,i^tranS,r,i, where 

r — 1, ■ • • , R.. Finally, (wx<ri wy>r)\ where r = 1, •••,/?., is given by:

response r. For SN networks, the parameters evolved by the GA are dNet,n,g —

2 .3 .5  G e n e t i c  a lg o r i t h m  c o m p o n e n t

Genetic algorithms belong to the domain of evolutionary computing (EC), which is 

characterized by “evolving” populations of solutions (Eiben and Smith, 2003). Ge­

netic algorithms have been used in many applications to train weights in neural 

networks (Mitchell, 1996; Reed and Marks, 1999). GAs may be used with ANNs in 

agent-based modeling to fit ANN weights to a data set (set of training patterns), to 

model agent learning in response to its environment (Holland, 1992), or to model the 

evolution of agent behavior among generations (Strand et al., 2002; Morales et al.,

which rotates, scales, and sums the input vectors to produce the output vector for

( b J m i x  j k * t r a n s  i ) •
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2005). Strand et al. (2002) proposed the ING (Individual-based Neural network Ge­

netic algorithm) concept as a general approach to predict behavioral and life-history 

traits that are most fit in a particular environment given the physiology of a species.

Many algorithms, such as back-propagation, are available to train neural network 

weights (Reed and Marks, 1999). These methods have many advantages; however, 

they are more prone to being trapped by local minima and less useful for recurrent 

networks than random search procedures like GAs (Hassoun, 1995; Reed and Marks, 

1999; Enquist and Ghirlanda, 2005). Genetic algorithms are useful for other model 

formulations, because we can use them to model learning within agents and evolution 

among generations of agents. Furthermore, back-propagation is an unrealistic rep­

resentation of both evolution and learning (Enquist and Ghirlanda, 2005), whereas 

“trial-by-error” approach of genetic algorithms is a more realistic representation of 

learning and evolution (Holland, 1992; Strand et al., 2002; Enquist and Ghirlanda, 

2005).

In a genetic algorithm, a solution is encoded as an array of bits, integers, floating 

point numbers, or other data type, depending on the nature of the problem. Each 

array representing a solution is referred to as a “chromosome” (Mitchell, 1996). In 

our model, a chromosome is designated by 6rhg = (0Det,n,g,@Net,n,g> $£//,«,<?), where 

n = 1, ■ • • , N  is an index identifying the nth chromosome in the population, and g — 

0, • • ■ , G is the generation. Thus, each chromosome is an array of double-precision, 

floating-point numbers containing the parameters of the agent’s movement model. At 

generation g, the entire set of solutions is:

©* = :
& N ,g

At g =  0, the parameter values are assigned by taking random draws from a 

normal distribution. At each following generation, fitness is calculated for each 

chromosome, and the population of chromosomes for the next generation is cre­

ated from the current generation (Figure 4). We calculate the fitness of a chro-
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mosome from its corresponding log-likelihood. Let tg = (G,s, • ■ • , P,Nt9) be a vector 

of log-likelihood values for each chromosome in the GA population at generation g. 

We calculated a vector of fitnesses for each chromosome F3 =  (F1)3, • • • , FN<g) as 

Fs = [£g — min(£s)]/[max(£s) — min(f?9)] + 0.001. In our algorithm, we use a selection 

procedure called “elitism” (Mitchell, 1996) which takes the best lVeate chromosomes 

in the current generation and adds them to the next generation without modification 

(Figure 4). Elitism guarantees that we retain the best solutions from one generation 

to the next. Thus, highest fitness in the population will never decrease. The remain­

ing N  — Neute members of the next generation are created by a process of selection, 

recombination (or cross over), and mutation (Figure 4). We create two new chromo­

somes by first selecting two “parent” chromosomes from the current generation. Our 

program implements three selection methods: fitness-proportional, Boltzmann, and 

tournament selection (Mitchell, 1996). In this paper we used tournament selection 

when fitting the models. In tournament selection, two chromosomes are selected at 

random with equal probability. The higher-fitness chromosome is selected to be the 

first parent with probability ptournament', otherwise, the lower-fitness chromosome is 

selected to be the first parent. This process is repeated to select the second parent. 

Next, a recombination operator is applied to the parent chromosomes with probability 

Pcross to produce two “offspring” chromosomes; other wise, the offspring are copied 

directly from the parents.

Recombination operators were inspired by cross over between chromosomes during 

meiosis. Again, our program implements three recombination operators: one-point 

cross over, two-point cross over, and parameterized uniform cross over (Mitchell, 

1996). In this paper we used parameterized uniform cross over when fitting the 

models. If the recombination operator is applied, “alleles” at a given locus in the 

chromosomes are exchanged with probability p uni f \  otherwise, they are not exchanged. 

Next, a mutation operator is applied to each locus in the two “offspring” chromosomes. 

With probability pmut, a normal random variable with mean 0 and variance a is drawn
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and added to the current value at the locus. This procedure is applied to each locus 

in the two offspring chromosomes. After mutation, the two offspring chromosomes 

are added to the population for the next generation. The selection-recombination- 

mutation process is repeated until all N  — Neiite members of the next generation are 

created.

This process is repeated for a maximum number of generations, or until some other 

stopping condition is met. We allowed model parameters to evolve for G — 50,000 

generations, or until 500 (= G&) generations passed without decrease in the lowest 

negative log-likelihood. The parameters controlling the operation of the GA are 

called algorithm parameters (Eiben and Smith, 2003). The parameters we used are 

given in Table 3, and were selected by trail-and-error experimentation. Alternatively, 

algorithm parameters can also be evolved (Eiben and Smith, 2003). We must qualify 

our results by stating that we cannot guarantee that the solutions we arrive at using 

this procedure are maximum likelihood estimates (MLEs), but we hope to achieve 

solutions that are near MLEs.

2.4 In teraction  com ponent

The interaction component of the model relays data from the grid objects to the 

agent object through the interface of each class. The interaction component acquires 

a minimum bounding box for the detection space of each detector in an agent’s 

perception component. Next, it determines the rows and columns in each grid object 

that contains data that must be relayed to the detectors through the agent interface. 

Then it passes the information for each grid cell to the agent, including the grid 

object’s identification number, the cell attribute, and the center coordinates of the 

grid cell. This information must be collected by the perception component for every 

observation during model fitting, or during every move during simulation.
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3 Exam ples

3.1 R ed  d iam ond rattlesn ak e m ovem ent

In this first example we fit a simple neural network to data for movement of a red 

diamond rattlesnake (Crotalus ruber, animal M04) in response to an urban boundary 

(Tracey, 2000; Tracey et al., 2005). The snake lived in a small fragment of habitat 

42 hectares in size in the City of Chula Vista, California. The habitat fragment was 

completely surrounded by paved roads and housing developments, and no observa­

tions suggested that the rattlesnake ever crossed these features (Tracey, 2000). The 

rattlesnake was tracked during seasons with high movement activity (spring and sum­

mer) of 1999 and 2000 by VHF radio telemetry using a small transmitter that was 

surgically implanted in its peritoneal cavity (Tracey, 2000). The snake was located at 

2 or 3 day intervals using a receiver with a directional antenna. Spatial coordinates 

for each snake location was acquired using a GPS receiver and differential correction 

techniques to increase accuracy to within a two meters. The boundary of the habitat 

fragment, which occurred at the edge of roads or urban developments, was digitized 

from high-resolution aerial imagery (US Geological Survey DOQQs; Tracey et al., 

2005). We computed the distance and angle from each rattlesnake location to the 

nearest point on the habitat patch boundary, the angle the rattlesnake moved, and 

the response angle for each observation. Data for relocation intervals during which the 

animal did not move were excluded from this analysis, leaving a total of 49 observed 

moves.

This example is useful because we can visualize the function fitted to the data, 

which is much more difficult for models with larger neural networks and many net­

work inputs and outputs. In the model used in this example, rather than using the 

detectors, we simply passed the distance from the rattlesnake location to the nearest 

point on the urban boundary into the neural network. Thus, the network had one 

input node, plus a bias node, in the input layer. The response variable was the re­

sponse angle (angle of movement minus the angle from the rattlesnake location to the
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nearest point on the urban boundary). The neural network output the mean angle 

(fi) and concentration parameter (k) of a single von Mises distribution; therefore, the 

network had two output nodes. The network also had two nodes, plus a bias node, 

in the hidden layer. Therefore, the network had a total of ten weights.

The function fit to the data is shown in Figure 5 (the negative log-likelihood 

is 81.29). The figure shows the von Mises distribution for the response angle (in 

radians) as a function of distance to the urban boundary (in kilometers). The response 

angle indicates whether the movement response is one of attraction or avoidance. 

For example, if the mean response angle (//) is 0.0 radians, the animal would tend 

to move toward the urban boundary. However, as this rattlesnake approached the 

urban boundary (within approximately 80 meters), the mean response angle was 

close to ±7r radians (or equivalently, ±  180 degrees) which indicates a tendency to 

move away from the urban boundary. Furthermore, the concentration of the von 

Mises distribution increases dramatically as the rattlesnake approaches the urban 

boundary, which suggests that the strength of its move angle response increases since 

it is less likely to move in a response angle far from the mean. In summary, this 

neural network model captures much information about the rattlesnake’s move angle 

response to urban development surrounding its habitat and suggests that human 

alteration of the landscape affected its behavior.

3.2 M ou n ta in  lion  m ovem ent
3.2.1 B ackground

Mountain lion (Puma concolor) populations in coastal California have been impacted 

by human-caused habitat loss and fragmentation, mortality from vehicle accidents, 

and direct killing as a result of conflicts between lions and humans or livestock (Beier 

and Barrett, 1993). Mountain lions populations are under threat of local extinction 

in southern coastal areas due to habitat fragmentation (Beier, 1993; Crooks, 2002). 

Paul Beier and colleagues conducted a VHF radio-telemetry mountain lion study in
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the Santa Ana Mountains of coastal southern California, southeast of the City of Los 

Angeles, from 1986 to 1993 (Beier and Barrett, 1993; Beier, 1995). We fit models 

to data for three dispersing mountain lions (a female, F I7 and two males, M6 and 

M8) from this study to demonstrate application of our models. These animals were 

selected because they were dispersers, had the largest numbers of observed movements 

after the data was prepared for fitting, and had many encounters with urban areas. 

All animals dispersed from their natal home range while they were radio-tracked. 

We used data from “diel” sampling sessions during which animals were located at 15 

minute intervals during eleven 12 to 24 hour long periods using radio telemetry field 

methods (Beier, 1995). Observations were omitted if an animal did not move during 

a 15 minute intervals. We also used the move angle and distance of the previous 15 

minute time interval in the models, so if no such previous observation was available we 

also omitted an observation. This resulted in 100, 160, and 95 observations for F17, 

M6, and M8, respectively. Land cover was represented as categorical grid with 100 

meter square cells. Each cell was assigned to one of eight categories (1 = urban, 2 — 

rural residential, 3 = agriculture, 4 = orchards and vineyards, 5 = freeways, 6 = parks 

and open space, 7 = habitat, and 8 = water). These data were derived from land cover 

data collected around 1995 by the San Diego Association of Governments (SanDAG) 

and the Southern California Association of Governments (SCAG). Because we had 

relatively few observations per animal (compared to the numbers often collected using 

newer GPS tracking devices), we fit relatively simple models to the data.

3 .2 .2  A l t e r n a t i v e  m o d e ls

Our objective was to test our approach by fitting several models to the data for 

each mountain lion based on minimizing the negative log-likelihood function for each 

model, selecting the best models using an information-theoretic approach (Burnham 

and Anderson, 2002), and further evaluating the results using a limited pattern- 

oriented modeling approach (Weigand et al., 2003). We considered 41 alternative 

models for each mountain lion data set (Table 4). Five models, referred to as “default-
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only” models, used structured networks with only correlated random walk default 

movement rules and no response to land cover (Table 4, models 1-5). For the default- 

only models, alternatives were based on the number of effector response states and 

whether the effector used an FMM or HMM. The remaining models may be collec­

tively referred to as “response models” since they include some capability to respond 

to land cover. Sixteen of the response models, referred to as “SN-based” models, were 

base on structured networks, a CRW default movement rule, and response to one or 

more land cover types (Table 4, models 6-21). For the SN-based models, alternative 

models were based on the types of land cover to which the response was modeled, 

the number of effector responses, and whether the effector used an FMM or HMM. 

Twenty of the response models, referred to as “NN-based” models, were based on 

neural networks, with BCRW default movement rules, and response to one type of 

land cover (Table 4, models 22-41). For the NN-based models, alternative models 

were based on the types of land cover to which the response was modeled, the number 

of effector responses, whether the effector used an FMM or HMM, and the number 

of hidden nodes in the network. In all versions of the models, we set the detectors to 

be isotropic (that is, circular, because 5 = 0) and all detectors within a model to use 

the same parameters. These models by no means exercised the full range of models 

that we are capable of implementing in the programs we developed.

3 .2 .3  R e s u l t s

3 .2 .4  M o d e l  f i t t i n g  a n d  s e l e c t i o n

The lowest negative log-likelihood values achieved by the GA when fitting the models 

decreased approximately linearly with an increasing number of model parameters. 

When fitting a model to data using a GA, the log-likelihood rapidly increased during 

the first several thousand generations, and then improvement was gained more slowly 

in subsequent generations. This is the typical behavior of evolutionary algorithms 

(Eiben and Smith, 2003). Models were selected using an information-theoretic ap­

proach using Akaike’s Information Criterion adjusted for bias when sample sizes are
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small (AICc] Burnham and Anderson, 2002). The negative log-likelihood for the five 

models with the smallest AICc values for each mountain lion are given in Table 5. 

For all animals, there were at least two landscape response (SN-based or NN-based) 

models that out performed the best default-only model based on AIC c.

For the female mountain lion F17, the best model used a neural network with 

three hidden nodes and a move effector with one response (Table 4 and 5). This 

model included a single detector that collected information on land cover classified 

as vegetation, and produced an attractive response to this land cover type. The best 

model had a bias correlated random walk default rule of movement. The second best 

model used a structured network and a two-response, FMM move effector. This model 

had a single detector that collects information on land cover classified as urban or 

water, and produced an avoidance response to these land cover types. The remaining 

two SN-based models that included response to land cover had AIC c values that were 

not very different from the fifth-ranked default-only model.

For the male M6, the top two models had similar AICc values (Table 4 and 5). 

Both were structured network models. One had a 3-response, FMM effector and the 

other had a 2-response, FMM effector. Both had a single detector that collected 

information on vegetation land cover, produced attractive movement responses to 

vegetation cover, and had a correlated random walk default rule of movement. The 

third-ranked model was an NN-based model with an AICc that was < 2 away from 

the fourth-ranked default-only model. The NN-based model also had a 2-response, 

FMM effector and a detector that collected information on vegetation land cover.

The male M8 also had a top-ranked model that out-performed all others based on 

AICc values (Table 4 and 5). It was an SN-based model with a two-response FMM- 

based move effector. Like the other male M6, the top model for M8 had a single 

detector that collected information on vegetation land cover, produced attractive 

movement responses to vegetation cover, and had a correlated random walk default 

rule of movement. The second ranked model had similar characteristics as the top-
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ranked model, but had an HMM-based move effector. The third-ranked through 

fifth-ranked models consisted of two default-only models and a structured network 

model with AICc values within 2.16 of each other.

Considering the five models with the lowest AIC c values for each mountain lion, 

for a total of fifteen “top-ranked models” , ten of these models included land cover 

response, and the remaining five were default-only models. Seven of the ten land cover 

response models in the top ranking models for these animals included a single detector 

for response to vegetation, and all of the “best” models for each animal included this 

type of response. Only two neural network-based models were among the top-ranked 

models. This is most likely due to the number of observations we had available for 

each animal compared to the number of parameters in the FF-ANN models. Four out 

of five default-only models in the top-ranked models had three effector response states, 

and one had two response states. For the land cover response models among the top- 

ranked models, one had an effector with one response state, five had an effector with 

two response states, and four had an effector with three response states. Three of five 

default-only models had a HMM effector, while only one in ten response models had 

an HMM effector. This suggests that these default-only models compensated for a 

lack of landscape response capability by having more move response states and being 

more likely to have temporal autocorrelation in the response states.

3 .2 .5  O b s e r v e d  a n d  s im u la t e d  m o v e m e n t  p a t t e r n s

We compared simulated and observed patterns at two scales, the move level and 

nightly move path, in a limited pattern-oriented modeling approach to model evalua­

tion (POM; Weigand et al., 2003; Grimm et al., 2005). We simulated 40 movements 

paths of 1500 move steps each using the best model for each mountain lion. Each 

simulated mountain lion started at the same initial location, just south of an impor­

tant movement corridor called “Coal Canyon” which connects the larger Santa Ana 

Mountains to the Chino Hills area (Beier, 1993; Beier et al., 2006). After simulating 

the moves we visually compared simulated and observed move-level patterns of (a)
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move angle, (b) turn angle, and (c) move distance. If the model has a capability for 

directional bias (as is the case for F I7, due to the effect of the bias node in the neural 

network model that had the lowest AICc), then we expect the simulated move angle 

distribution to be similar to the observed move angle distribution. Otherwise, we 

expect the simulated move angle distribution to be fairly uniform. Turn angle, which 

is related to first-order temporal autocorrelation in move angles, is the difference be­

tween the move angle at the current time step and the move angle at the previous 

time step (Turchin, 1998). Hence, if an animal is moving according to a correlated 

random walk (which was included in all of the models we considered), we expect the 

distribution of turn angles to be non-uniform (Turchin, 1998).

We compared simulated and observed mean net displacement over the diel sessions. 

Each diel session occurred over a 12 or 24 hour period. Since mountain lions rarely 

moved during the day and zero length moves were omitted, and the 12 hour sessions 

occurred from one hour before sunset to one hour after sunrise (Beier and Barrett, 

1993), each diel session roughly corresponds to a mountain lion’s movement path over 

a single night. Thus, this is a pattern at the nightly path level. Net displacement 

(sometimes calculated in the form of net squared displacement) is the distance from an 

animal location after a given number of move steps (usually at regular time intervals) 

to its initial location. It is regarded as a path-level measure of movement (Turchin, 

1998). For observed move paths, mean net displacement was calculated by averaging 

the net displacements across each diel session for each mountain lion at each move. 

Some diel sessions had more observed movements than others, so as the number of 

move steps increase the mean is based on fewer diel sessions. For simulated mean net 

displacement, we used the bootstrap algorithm described by Turchin (1998), except 

that we bootstrapped the 95 percent confidence intervals from our simulated data 

separately for each mountain lion, and presented the results as mean net displacement 

rather than mean net squared displacement. The simulated confidence intervals were 

created in the R statistical language (R Development Core Team, 2003) by randomly
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selecting segments of simulated paths equal in number and length to the number of 

observed diel sessions and number of observed moves in each diel session, taking the 

mean at each move step, and repeating the process 5000 times.

The best model for F17 was a neural network with response to vegetation land 

cover and a directionally-biased, correlated random walk as the default rule of move­

ment. The simulated distributions of move angle, turn angle, and move distance were 

similar to the observed distributions (Figure 6). Because the bias nodes in the neural 

network permits directionally biased movement, the simulated data has a move angle 

distribution similar to the observed data. Notice that the simulated bimodal move 

angle distribution was created with a neural network-based model and a move effector 

with only one response state (Figure 6). The best models for M6 and M8 (which, 

incidentally, were the same model) were structured network-based models with re­

sponse to vegetation land cover, and a correlated random walk (no directional bias) 

default rule of movement. For these mountain lions, the simulated turn angle and 

move distance distributions are similar to the observed distributions (Figures 7 and 

8). However, since these models lacked directional bias capability, as expected the 

simulated move angle distributions are uniform whereas the observed distributions 

are not. For all mountain lions, the turn angle distributions in both the observed and 

simulated data indicate a tendency to move in a angle similar to the previous move; 

therefore, a correlated random walk is an appropriate part of the default movement 

rule.

Results for comparison of the nightly path-level pattern of net displacement is 

illustrated in Figure 9. An interesting pattern in comparing the simulated mean net 

displacement to the observed mean net displacement for all animals is that during the 

middle of the diel session the observed mean was above the simulated mean, while 

near the end of the session the observed mean was generally below the simulated 

mean. This suggests that the mountain lions, on average, went further from their 

starting location than predicted during the middle of the evening, and then returned
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to a location closer to their initial location at the beginning of the evening than 

expected from the simulations. This suggests that the observed movements of these 

mountain lions over the diel sessions were more structured in time and space than the 

formulations of the best model we fit (or only of the other 40 models we considered) 

for each animal allowed.

We provide an example of a simulated movement path from the best model for 

each mountain lion (Figure 10). Since the best models only include response to 

vegetation, which is attractive based on the parameter estimates from the data, they 

only demonstrate a tendency to move toward vegetation, which provides the only 

mechanism to avoid urban areas or other land cover types (Figure 10). Therefore, 

if there is no vegetation land cover that intersects the move agent’s detection space, 

which would occur for example if the agent was surrounded by urban land cover, 

then no useful information can be acquired from the spatial component to guide 

movements. The effect of directional bias is clearly visible in the move path for F I7 

(Figure 10, left), and the simulated move paths tended to be roughly parallel to 

the major axis of the Santa Ana Mountains. Simulations of this type are useful for 

evaluating functional connectivity in landscapes not accessible to empirical study.

4 D iscussion

Our objective in this research is to develop agent-based movement models for large- 

scale movements of wide-ranging, low-density species such as mammalian carnivores 

in response to landscapes that have been altered by humans. We have presented 

our framework for agent-based movement modeling, described an implementation 

strategy that allows us to instantiate a very large number of alternative models, and 

demonstrated how to fit and evaluate alternative models using data from mountain 

lions in the Santa Ana Mountains of coastal southern California. The models we have 

developed allow for agent perception of its external environment, can take into account 

internal states and perceptual information, and permit multiple movement responses
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under given conditions. In addition to continuing to develop and improve these 

models, we intend to use these models to evaluate functional landscape connectivity.

We have taken a less common “vector-based” movement approach where the agent 

is able to move freely in space by drawing move angles and distances from continuous 

distributions. Many individual-based movement models represent agent movement 

between adjacent cells in a raster (for examples, see Gustafson and Gardner, 1996; 

Gardner and Gustafson, 2004; Kramer-Schadt et al., 2004; Morales et al., 2005). We 

might think of these types of movement models as drawing moves from a multino­

mial distribution in which the probability of each outcome (movement into a par­

ticular adjacent cell) is dependent on environment and agent state. However, the 

vector-based approach that we have used to model movement is a more natural fit to 

movement observations at discrete, regular time intervals using methods such as VHF 

radio or GPS tracking. This correspondence between model and data facilitates the 

likelihood-based approach to fitting models that we adopted in this research. Using 

log-likelihood as a basis for calculating fitness, we used a genetic algorithm to fit mod­

els to observed data at the move level for each mountain lion. Overall, the likelihood- 

based approach worked very well in combination with the genetic algorithm. After 

fitting 41 alternative models for each mountain lion, we used Akaike’s Information 

Criterion (AICc) to select models that performed best at the move level. Land cover 

response models were selected over default-only models for each mountain lion, even 

though we made an effort to construct default-only models that had a chance of out 

performing the response models; that is, they were not “straw man” null hypotheses. 

We are unaware of any other move models that have been fit to movement data in 

this way, or to this degree. Thus, our approach permits an unprecedented ability to 

fit and simulate models for movement response to landscapes.

We further evaluated the models using a limited pattern-oriented modeling ap­

proach, which we found very useful. The move-level patterns we used to evaluate the 

models were turn angle, move angle, and move distance. All of the models included a
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correlated random walk as part of the default movement rule. This was incorporated 

into the model by passing the previous movement vector back into the network, creat­

ing a recurrent connection. This “first-order autocorrelation” in move angles can be 

described as a distribution of turn angles. In the observed data, mountain lions had 

non-uniform turn angle distributions that were clustered around 0 radians, indicating 

a tendency to move in an angle similar to the previous move (a similar pattern was 

found in previous work (Dickson et al., 2005)). For each mountain lion, the simulated 

and observed turn angle distributions were similar. Further, the simulated distribu­

tions of move distances were similar to those observed for each animal. Thus, the 

simulated data from the best fitted models were very consistent with the observed 

move-level patterns that we considered.

When directional bias is included in the model (for example, the AlC-selected 

model for F17), the simulated and observed move angle patterns are fairly similar (as 

judged by quantile plots, not shown). If directional bias is not included (as in the 

best models for M6 and M8), there is no mechanism in the model to generate bias in 

particular directions, so it is incapable of matching empirical move angle distributions. 

In the observed data, F I7 showed a clearer pattern of directional bias than the males 

M6 and M8 (Figures 6, 7, and 8). However, we may not always want to include 

directional bias in a model. For example, directionally biased movement may result 

from orientation in relation to site-specific distant cues or spatial learning. It may 

not be appropriate to transfer this pattern of directionally biased movement may to 

other locations when we use the model to simulate movement to evaluate landscape 

connectivity. For this reason, future models will allow us to have the option to remove 

the effect of the bias node of neural networks on move angles.

We detected inconsistencies between the simulated and observed nightly path-level 

pattern of net displacement for each mountain lion. These inconsistencies suggest 

that dispersing sub-adult mountain lions may organize their movement activity in 

time and space to a greater extent than the models we evaluated permit. In the
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diel sessions during which data was collected, they tend to move further from their 

initial location during the middle of the evening and then return to a location nearer 

their initial location than predicted by the best models. This pattern suggests that 

spatial memory plays an important role. A possible next step in improving the 

models is to permit spatial and temporal referencing by passing displacement from 

the initial location at the beginning of the evening and time of day into the information 

processing network. We already have implemented the basic means to do this, but 

we may want to consider mechanistic explanations for how mountain lions spatially 

and temporally reference their movements.

An important point is that when adopting a pattern-oriented modeling approach, 

some patterns may be more relevant to the modeling objectives than others. Other 

researchers have used a pattern-oriented approach with movement models. For exam­

ple, Kramer-Schadt et al. (2004) used the percent of dispersal habitat used, average 

maximum distance from the starting point of dispersal, whether or not simulated 

paths crossed a heavily human populated plain, and move step distribution as pat­

terns. Morales et al. (2005) used daily displacement, turn angle distributions, net 

squared displacement, and redistribution kernels as patterns to evaluate movement 

models. Utilization distributions and utilization of different habitat types or land­

scape elements (e.g., topographic features) may also be useful patterns. Further work 

should include development of patterns to use in evaluating movement models ac­

cording to the modeling objectives and the spatial and temporal scales addressed by 

the models.

As a result of a component-based implementation strategy that includes flexible 

and exchangeable components, we can instantiate a very wide range of alternative 

models. Component flexibility means that a component in a model can take on a 

wide range of configurations. For example, the number of response states in our 

move effector is only limited by data and computational resources, and the neural 

and structured networks can be configured to take a wide range of inputs, and the
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number of hidden nodes in the neural network can be any natural number (again, only 

limited by data and computational resources). Component exchangeability refers to 

the ability to replace one component with another, as we did with the neural network 

and structured network components. We can implement models that have been re­

vised based on what we have learned from model evaluation in the current iteration 

of the modeling process due to the exchangeability of the components and extensi­

bility of the software design by linking new components into the agent. Therefore, 

an important conclusion from this work is that there is a strong connection between 

model implementation and evaluation. The ability to instantiate many alternative 

models facilitates model selection and evaluation, and exchangeable components and 

extensibility facilitates model alternation based on what we learn from the model 

evaluation.

On theoretical grounds, we expect that the ANNs will probably prove more useful 

in the future than the structured networks. Fully-connected, feed-forward neural net­

works have many parameters, and given the size of the data sets we used this worked 

against them in the model selection process in this paper. However, newer global po­

sitioning system tracking methods allow large numbers of observations to be collected 

per animal, making the neural networks a more viable option. Furthermore, in future 

work we will implement neural networks capable of instantiating a broader range of 

network architectures, rather than just the fully-connected, feed-forward topology. 

This will allow us to create networks with fewer strategically chosen connections be­

tween nodes that more directly reflect hypotheses about information processing in 

animals (Enquist and Ghirlanda, 2005), and therefore have fewer parameters. Still, 

the structured-network models may be useful in cases where we have fewer obser­

vations for each animal, or when we want a more biological interpretation of model 

parameters.

In general, we believe agent-based modeling approaches are useful in ecological 

studies and conservation applications. Over the past two decades, the initial hype
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over individual-based modeling has given way to a more mature understanding of 

the strengths and weaknesses of these approaches and development of techniques to 

address the challenges in using them. The models we have presented here have drawn 

on these developments, and have confronted the important challenges of agent-based 

model implementation and evaluation. As a result, we have movement models that 

can produce realistic movement responses to objects in the landscape and move-level 

patterns. Further, the results provide guidance for the next iteration in working with 

these models. Thus, we have developed models that are useful in ongoing studies of 

animal movement behavior and as a tool for evaluating functional landscape connec­

tivity and other processes.
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Table 1: Network inputs. R is the number of response states in the effector. For 
categorical spatial data (land cover, roads, and land form, there is one detector per 
type, where a type is a set of categories. For continuous data (elevation), there is one 
detector per layer. For elevation, elevation is calculated as the difference between the 
elevation of each grid cell in the detection space minus the elevation at the agent’s 
location. All distance inputs are rescaled to kilometers. “Daytime” is the time of 
day in decimal format (from 0.0 to 1.0), and ’’yeartime” is the day of year divided by 
the number of days in the year. The neural net column lists inputs for models that 
use the feed-forward neural network, and the structured net columns list scalar and 
vector inputs from the models that use structured networks. Each model may use a 
subset of the sources of input listed in this table.

input source neural net structured net
scalar vector

internal state (st)
previous move xi -  Xt-l h - i cos(at_i)

Vt ~ Vt-i sin(at_i)
spatial location x t -  x0 dist(xt -  x0, yt -  ?/o) x t -  .x0

1 o Vt ~  2/o
time

of day cos(27rdaytime)
sin(27rdaytime)

of year cos(27ryeartime)
sin (27ryear time)

detector outputs (dt)
land cover ^ x,i,t dist(Aa. j j, Ay j^) ^ x,i,t

road &x,i,t dist(AI]fit, Ay,itt) ^x,i,t
Ay,i,t

land form ^x,i,t dist(AX]i]t, Ay j () ^x,i,t

elevation change AX ' i ' t dist(AX j j, Ay .; t) Ax,i,t:
^y,i,t
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Table 2: Number of network outputs. The number of outputs produced by an in­
formation processing network depends on R, the number of response states in the 
effector, and whether the move effector is in finite mixture model (FMM) or hidden 
Markov model (HMM) mode. Values used by the move effector to calculated mixing 
proportions are returned by the network as ut, values used by the effector to calculate 
transition probabilities are returned as vt , and values used by the effector to calculate 
von Mises (move angle) parameters are returned by the network as wt.

Effector Output Number of network outputs for
response vector mixing transition von Mises total

mode proportions probabilities parameters
single u t 0 0 2 2

multiple-FMM Vt R - 1 0 2R 3R - 1
multiple-IfMM Wt. R - 1 R 2R 4R - 1
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Table 3: Genetic algorithm parameters. When we fit the models to data, we kept 
most algorithm parameters fixed. However, we increased the mutation rate (pmut) and 
decreased the variance in the mutation (a) linearly as the number of generations since 
improvement (gA) progressed toward the maximum number of generations allowed 
without improvement (GA).

parameter description value
G max. generations 50000
g a max. generations without improvement 500
9 current generation 50000
9 a generation since improve 500
N GA population size 60
Nelite number elite chromosomes 10
Ptournament tournament selection parameter 0.7
Pcross probability of cross over 0.95
P u n if uniform cross over param. 0.7
Pmut probability of locus mutation 0.001 +  [gA 0.004]/Ga
a variance in locus mutation 1.0 -  [gA 0.9375]/Ga
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Table 4: Forty-one alternative models for puma data. Model is an identification 
number for the models, param is the number of parameters in the model. Network 
gives the network type where SN = structured net and NN =  neural net. Hidden gives 
the number of hidden nodes. Responses gives the number of effector responses. HMM 
indicates whether the model used an HMM (T) or FMM (F) to select response states 
in the effector. Default gives the default movement rule where CRW =  correlated 
random walk, and BCRW = directionally biased correlated random walk. Detectors 
gives an identification number for the detectors used in the model where detector 1 
detects vegetation in the land cover layer (category 7), detector 2 detects urban and 
water in the land cover layer (categories 1 and 8), and detector 3 detects disturbed 
land cover (categories 2, 3, 4, 6).

lodel param network hidden responses HMM default detector
1 24 SN - 3 T CRW -
2 18 SN - 3 F CRW -

3 16 SN - 2 T CRW -

4 12 SN - 2 F CRW -
5 6 SN - 1 F CRW -
6 35 SN - 3 T CRW 1
7 26 SN - 3 F CRW 1
8 23 SN - 2 T CRW 1
9 17 SN - 2 F CRW 1
10 8 SN - 1 F CRW 1
11 35 SN - 3 T CRW 2
12 26 SN - 3 F CRW 2
13 23 SN - 2 T CRW 2
14 17 SN - 2 F CRW 2
15 8 SN - 1 F CRW 2
16 77 SN - 4 T CRW 1, 2, 3
17 57 SN - 4 F CRW 1 ,2 ,3
18 57 SN - 3 T CRW 1, 2,3
19 42 SN - 3 F CRW 1, 2,3
20 37 SN - 2 T CRW 1 ,2 ,3
21 27 SN - 2 F CRW 1, 2,3
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Table 4 continued.
model param network hidden responses HMM default detectors

22 83 NN 4
23 68 NN 4
24 61 NN 4
25 51 NN 4
26 34 NN 4
27 67 NN 3
28 55 NN 3
29 49 NN 3
30 41 NN 3
31 27 NN 3
32 83 NN 4
33 68 NN 4
34 61 NN 4
35 51 NN 4
36 34 NN 4
37 67 NN 3
38 55 NN 3
39 49 NN 3
40 41 NN 3
41 27 NN 3

3 T BCRW 1
3 F BCRW 1
2 T BCRW 1
2 F BCRW 1
1 F BCRW 1
3 T BCRW 1
3 F BCRW 1
2 T BCRW 1
2 F BCRW 1
1 F BCRW 1
3 T BCRW 2
3 F BCRW 2
2 T BCRW 2
2 F BCRW 2
1 F BCRW 2
3 T BCRW 2
3 F BCRW 2
2 T BCRW 2
2 F BCRW 2
1 F BCRW 2
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Table 5: The five best models for each mountain lion based on A IC c • The model 
column corresponds to the model column in Table 4 which describes the models. The 
column —I gives the negative log-likelihood values. The top five models for each 
mountain lion are ranked in ascending order of AICc.

mountain lion rank model type - I AICc Ai
F17 1 31 NN 60.554 196.11 0.00

2 14 SN 80.370 202.20 6.09
3 12 SN 70.474 212.18 16.07
4 7 SN 70.690 212.61 16.5
5 3 default 87.049 212.65 16.54

M6 1 9 SN 102.602 243.51 0.00
2 7 SN 90.541 243.64 0.13
3 30 NN 69.046 249.28 5.77
4 2 default 105.115 251.08 7.57
5 1 default 98.730 254.35 10.84

M8 1 9 SN 72.592 187.13 0.00
2 8 SN 68.229 198.01 10.88
3 2 default 78.147 201.29 14.16
4 1 default 68.878 202.90 15.77
5 12 SN 65.401 203.45 16.32
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Figure 1: Model components and their interactions. The arrows with solid lines show 
directions of information flow that occur in both the model fitting program and the 
simulation program. The arrows with dotted lines show directions of information flow 
in the fitting program. The arrows with dashed lines show directions of information 
flow in the simulation program. The components used to construct the move agent 
are shown as rectangles shaded in gray.
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Figure 2: An example of a three layer, fully connected, feed-forward neural network. 
This example corresponds to a model with outputs from one detector (dX]2 and dy^) 
and the previous agent move vector (sXii and sy>i) as network inputs, and a move 
effector in finite mixture model mode with two response states. Since the effector 
uses a FMM, there are no network outputs in v t. The nodes are illustrated as gray 
circles, and the connections, each with an associated weight parameter, are illustrated 
as arrows connecting the nodes.
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Figure 3: An example of a structured network. This is a structured network that 
is similar (but not identical) to the FF-ANN illustrated in Figure 2. The nodes 
are illustrated as gray circles. The thin solid lines between nodes show connections 
from the bias node and scalar input nodes to the output node corresponding to the 
mixing proportion. The scalar inputs in this case are simply the lengths of the vector 
inputs. The thin dashed lines from the bias node show optional connections that, if 
used, allow the structured network model to incorporate directional bias. The thick 
solid lines show connections linking vector inputs to outputs used by the effector 
to calculate von Mises distribution parameters. The weights associated with these 
connections are determined by functions of the input, and have response angle and 
response weight parameters (see text for equations). Since the effector uses a FMM, 
there are no network outputs in vt.
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Figure 4: Operations in a genetic algorithm. This figure illustrates the creation of a 
new population of solutions (top right) from the population in the prior, parent gen­
eration (top left). In this small population, we select the highest fitness chromosome 
and copy it without modification into the new population, which is called “elitism.” 
The remaining three members of the new population are created by selecting two 
parents based on their fitnesses (shaded chromosomes in the upper left). The parents 
are recombined using, in this example, a two-point crossover operation, In the lower 
left, the shaded loci will become part of the second (bottom) “offspring” chromosome 
in the lower right, and the unshaded loci will become part of the first offspring chro­
mosome. The offspring chromosomes (lower right) created by recombination of the 
parent chromosomes are then subject to mutation, which will occur in the shaded 
loci. The resulting chromosomes are added to the population in the next generation 
(top right). This process of selection-recombination-mutation is repeated until all 
members of the new population are created. In this example, we only have one more 
member to create (top right, chromosome with “-”s), so we will only the first offspring 
created from one more iteration of the selection-recombination-mutation process.
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Figure 5: A simple artificial neural network for move angle response to urban edge fit 
to data for a red diamond rattlesnake Crotalus ruber. In this model, the distance to 
the urban boundary is the covariate. The neural network fitted the mean angle and 
concentration parameter of a von Mises distribution for response angle to the urban 
boundary as a function the the covariate. In the figure, the response angle directs 
the rattlesnake away from the urban boundary with increasing concentration as the 
distance to the boundary decreases.
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Figure 6: Observed and simulated move angle, turn angle, and move distance distri­
butions for mountain lion F17. The best model for F17 allowed directional bias, so 
the simulated move angle distribution was able to match the observed distribution. 
Move angles and turn angles are in radians, and move distance is in meters.
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Figure 7: Observed and simulated move angle, turn angle, and move distance distri­
butions for mountain lion M6. The best model for M6 did not allow directional bias, 
so the simulated move angle distribution is uniform, unlike the observed move angle 
distribution. Move angles and turn angles are in radians, and move distance is in 
meters.
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Figure 8: Observed and simulated move angle, turn angle, and move distance distri­
butions for mountain lion M8. The best model for M6 did not allow directional bias, 
so the simulated move angle distribution is uniform, unlike the observed move angle 
distribution. Move angles and turn angles are in radians, and move distance is in 
meters.
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Figure 9: Observed and simulated mean net displacement (meters) for each mountain 
lion (from left to right F17, M6, and M8). The black points jointed by gray lines are 
the observed net displacements at each move step (in meters). Net displacement is 
the distance from the initial location, in this case at the beginning of a diel sampling 
session, after a given number of move steps. A single move step corresponds to 
a 15-minute time interval. The thick black line is the mean simulated mean net 
displacement, and the dashed lines enclose the 95 percent confidence region. For each 
mountain lion, note that the observed mean net displacement tends to exceed the 
simulated simulated mean net displacement for intermediate numbers of move steps 
and fall below the simulated mean for larger numbers of move steps.
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10 K ilom eters

Figure 10: Examples of a simulated move path for mountain lion F17 (left), M6 
(center), and M8 (right). The black points joined by black lines is an example of a 
simulated movement path. The dark gray regions are urban development or water, the 
light gray regions are vegetation, and the white areas are other land cover types. The 
best model for F I7 was a neural network that was capable of producing directionally 
biased movement, which is evident in the observed move angles, simulated move 
angles, and in the simulated paths. The best model for M6 and M8 was a structured 
network model with a correlated random walk default rule. Each model allows an 
attractive response to vegetation, and does not respond to other land cover types.
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Figure 10 center.
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Figure 10 right.
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