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FRACTAL ANALYSES OF ANIMAL MOVEMENT: A CRITIQUE!

PETER TURCHIN
Department of Ecology and Evolutionary Biology, University of Connecticut,
Storrs, Connecticut 06269-3042 USA

Abstract. Several recent papers developed and applied a novel approach for the analysis
of animal movement paths, based on calculating the paths’ fractal dimensions. The estimated
fractal dimension is used to describe the pattern of the interaction between animal movement
and landscape heterogeneity, and possibly to extrapolate movement patterns of organisms
across spatial scales. Here, I critically examine the key assumption of the fractal approach:
that the estimated fractal dimension is constant over some biologically relevant range of
spatial scales. Use of a correlated random walk as a null hypothesis for movement suggests
that the fractal dimension should grade smoothly from near 1 at very small spatial scales
to near 2 at very large spatial scales. Several empirical data sets exhibit a qualitative pattern
in agreement with this prediction. I conclude that ecologists should avoid calculating and
using the fractal dimension of movement paths, unless self-similarity (a constant fractal
dimension) for some range of spatial scales is demonstrated. An alternative approach em-
ploying random-walk models provides a more powerful framework for translating individual

movements in heterogeneous space into spatial dynamics of populations.
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INTRODUCTION

How can we meaningfully extrapolate ecological in-
formation across spatial scales? This is one of the cen-
tral issues in landscape ecology (Gardner et al. 1989,
Turner and Gardner 1991, Levin 1992, Wiens et al.
1993a). Ecologists are attempting to understand and
predict processes occuring at landscape, continental, or
even global scales (Turner and Gardner 1991), yet most
experimental data are collected at much smaller spatial
scales (Kareiva and Anderson 1988). This difficulty is
especially acute when we consider studies designed to
quantify movement of organisms in heterogeneous en-
vironments. Movement is the glue that connects local
population dynamics in space, and it is now widely
appreciated that quantitative studies of population re-
distribution in the field are a necessary component of
any research program aiming to understand spatial pop-
ulation dynamics. However, movement studies, and es-
pecially detailed analyses of paths traced by animals,
are typically done at small spatial scales.

It was recently proposed that ecologists can usefully
employ a novel approach, relying on fractals (Man-
delbrot 1983) to describe and extrapolate patterns of
individual movement (Jander 1982, Dicke and Bur-
rough 1988, Milne 1991). A number of empirical ap-
plications and theoretical investigations of this ap-
proach have appeared in the last few years (Crist et al.
1992, Fourcassie et al. 1992, Johnson et al. 19924, b,
Wiens et al. 1993qa, b, 1995, With 1994). Fractal anal-
ysis of paths extends the hope that, by identifying scale-
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independent properties of movement process, we will
be able to use the path data collected at patch or within-
habitat scale to gain insights into the spatial population
dynamics at the landscape level. The key question,
however, is whether or not the fractal dimension of
movement paths is constant over some meaningful
range of scales. Such self-similarity is required if one
wants to extrapolate mechanisms from a small to a large
spatial scale (Sugihara and May 1990). Unfortunately,
many recent articles (see Wiens et al. 1995 for a sum-
mary) simply assume that the fractal dimension of a
movement path is scale-independent. Here, I argue that
before the fractal model is used in an analysis of animal
movement, this critical assumption must be tested.

DEFINING AND ESTIMATING THE
FrRACTAL DIMENSION

The logic of the fractal approach can be intuitively
understood by considering two extreme representations
of organism movement. One extreme is an organism
moving along a perfectly linear path. Since the path is
a line, its spatial dimension is d = 1. No matter what
the resolution at which we measure this path, its mea-
sured length will always be the same. The second, and
opposite, extreme is the Brownian motion of, for ex-
ample, dye particles in a solution. A dye particle traces
a very convoluted path. Depending on how finely we
sample particle positions, we will get different esti-
mates of the path length. Thus, a Brownian path and
the coast of England are alike, in that the smaller our
measuring stick, the longer their apparent length. Ac-
tually, Brownian paths in the plane have the fractal
dimension d = 2, suggesting that such paths visit all
points in a portion of two-dimensional space, leaving
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Fic. 1. Regressions showing the relationship between length of insect path (L) and measurement scale (\) for representative

beetles, grasshoppers, and ants. Beetles: Eleodes hispilabris (squares), E. obsoleta (circles), E. extricata (triangles). Grass-
hoppers: Xanthippus corallipes (squares), Psoloessa delicatula (circles), Opeia obscura adult (triangle) and nymph (cross).
Ants: Pogonomyrmex occidentalis (squares). (From Wiens et al. 1995.)

no areas unfilled. (A very helpful discussion of the
nature of Brownian motion can be found in Segel 1978:
171; see also Mandelbrot 1983 and Hastings and Su-
gihara 1993.)

Linear and Brownian motion are two theoretical
“limiting cases,”” and we might expect that the di-
mension characterizing paths of real organisms will lie
somewhere between the extremes d = 1 and d = 2.
This suggests that the dimension d may provide a mea-
sure of the path ‘‘sinuosity” or ‘‘tortuosity,” with d
near 1 characterizing fairly linear movement, and d
closer to 2 being characteristic of ‘“Brownian-like”’
movement. We will call d the fractal dimension of
movement. The key assumption here, as I have stated,
is that d is a scale-independent parameter. That is, if
we measure d for paths of some organism that are sev-
eral centimetres long, it will be the same as d measured
for paths measured on the scale of metres and hundreds
of metres. Such paths can be modeled as a modified
Brownian process, with appropriately scaled incre-
ments in space and time to ensure a constant fractal
dimension (see Sugihara and May 1990: Box 3). I will
refer to such models as ““fractal Brownian processes.”

In practice, the fractal dimension of a path is esti-
mated by the ‘“‘dividers” method (Sugihara and May
1990), using the following formula:

L(\) = k174, (D

where L(\) is the length measured using a particular
length scale \, d is the fractal dimension, and k is some
constant of proportionality. A range of \ is used, and
fractal dimension is estimated by a log-log regression
of L(\) on A.

An example of a fractal analysis of path data is given
by With (1994). She used estimated d to assess how
different species of grasshoppers may perceive land-

scape structure. Regressions of path length on A\ indi-
cated that movement patterns of smaller species were
characterized by higher fractal dimensions (Fig. 1).
With (1994) suggested that the two smaller species are
interacting with patch structure at a finer scale of res-
olution than the large species.

A similar analysis of paths of three species of Eleo-
des beetles was performed by Crist et al. (1992) (Fig.
1). They found that, although net displacement in-
creased markedly with beetle size and decreased with
habitat complexity, the fractal dimensions of paths
were similar across vegetation types and among spe-
cies. Crist et al. (1992) concluded that the three species
interacted with the heterogeneous landscape in essen-
tially similar ways, despite differences in the overall
scale of dispersal. A third example is the work of Crist
and Wiens (1994) on ant movement (Fig. 1).

Johnson et al. (1992a) investigated the fractal nature
of movement using computer models. They simulated
correlated random walk in a spatially uniform envi-
ronment on the computer, and observed that the slope
of the curve relating net squared displacement to time
(on a double-log plot) changed with time. They inter-
preted this shift as a discrete crossover from one kind
of movement pattern to another. Another model inves-
tigated by Johnson et al. (1992a) was a simple random
walk in a fragmented environment that was modeled
by a percolation process (in which some proportion of
positions was made inaccessible to the random walker).
Again, Johnson et al. (1992a) suggested that a cross-
over is evident. Finally, Johnson et al. (1992a) analyzed
paths of Eleodes beetles and claimed that there was a
discrete shift in the fractal exponent at the spatial scale
characterizing environmental heterogeneity (the size of
grass and bare soil patches), with a second shift at
scales characterizing home range activity.
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Is THE FRACTAL DIMENSION SCALE-INDEPENDENT?

I now turn to a critical examination of the key pos-
tulate on which validity of the fractal analysis is based.
In order to extrapolate ecological information across
spatial scales using the fractal dimension, one has to
demonstrate that paths are characterized by strict self-
similarity; in other words, that there is a scale-inde-
pendent fractal dimension. In practical terms, this
means that we have to show that the data patterns on
various log—log plots are linear: the slope does not
change with scale. The analyses of Crist et al. (1992),
Crist and Wiens (1994), and With (1994) have implic-
itly made this linearity assumption, whereas Johnson
et al. (1992a) assumed that patterns are piecewise lin-
ear, with breaks corresponding to some biologically
meaningful scales. Wiens et al. (1993a) go further and
state this assumption as a conclusion: ‘‘because the
fractal dimension has the desirable feature of being
constant over a finite range of measurement scales, it
is useful in comparing movements of insects that may
respond to the patch structure of the environment at
different absolute scales.”

An alternative hypothesis is that the fractal dimen-
sion is not constant, but changes continuously with
scale. A simple, but very powerful framework for rep-
resenting organism movement is the correlated random
walk (Kareiva and Shigesada 1983, Turchin 1996).
Correlated random walk (CRW) behaves like linear
movement at very small spatial scales (specifically, at
the scale comparable to the organism’s body size), and
like Brownian motion at very large scales (Turchin
1996). Thus, we should expect that the dimension d
estimated from a CRW path would grade smoothly
from 1 to 2 as the spatial scale \ is increased. To il-
lustrate this idea, I used the computer to generate a
CRW path and then applied the fractal analysis to the
simulated path. To generate the path, I assumed that
organisms moved one spatial unit per time step (that
is, with constant speed), and that the distribution of the
turning angle between successive moves was a circular
normal, with the standard deviation of /9 radians
(20°). A strong correlation in the direction between
successive steps was chosen to ensure that the path
would be close to linear at the smallest scale.

The fractal analysis of a path consisting of 10000
steps is shown in Fig. 2. For log ruler lengths <1.0,
the estimated slope is very close to 0, whereas for log
ruler lengths >1.5, the estimated slope is =—1. Thus,
the fractal dimension 4 at very small \ is =1; and at
very large N\, d is =2. It is evident in Fig. 2 that the
gradation is smooth; in other words, there is no scale-
invariant slope for any range of measurement scales.

When working with real data, we are likely to be
limited to a restricted range of A, within which the
degree of curvature will not be very noticeable. We
may confidently estimate a fractal dimension from the
path data, but this measure will have little biological
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FiGg. 2. Calculating the fractal dimension of a simulated
path resulting from a correlated random walk.

meaning. Any particular estimate of d will reflect not
how animals interact with a fragmented landscape, but
rather will be an artifact of the scale at which the in-
vestigator happened to measure paths, and where that
scale fits within the spectrum of d from 1 to 2 for each
species. Moreover, unless the estimated d is already
close to 2, any extrapolation to greater spatial scales
will be in error.

Certain features of data in Fig. 1 suggest that paths
of real organisms may exhibit the patterns predicted
by the CRW model. In particular, in all species but two
(the ants and the top regression for beetles), there ap-
pears to be a slight downward curvature; the data points
at both small and large A\ tend to be below the fitted
line. Similarly, Dicke and Burrough (1988) reported
that the estimated d was affected by the range of ruler
lengths used in their analysis; increasing the maximum
value of A\ resulted in an increased estimate of d (see
Dicke and Burrough 1988: Fig. 4). These qualitative
patterns are suggestive and can be explored graphically
by plotting fractal dimension as a function of scales
(e.g., Krummel et al. 1987), but there is a need for a
formal statistical test to distinguish between the hy-
potheses of a fractal Brownian process and a CRW
process. One possible approach is to test whether or
not adding a quadratic term to the log-log regression
will significantly increase the proportion of explained
variance. The problem with this approach, however, is
that it assumes a fractal Brownian process as the null
hypothesis (it may be argued that, instead, we should
start with CRW as a null hypothesis, since it has already
proved its worth in many applications: see Kareiva and
Shigesada 1983, Cain 1990, 1994, Turchin 1991). If
the power of the test is low (because of high variability
and/or low sample size), then we may accept the null
hypothesis by default. Another difficulty is that data
points in log-log regressions coming from the same
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path are probably autocorrelated, so that standard sta-
tistical tests would be inappropriate. Thus, we should
use each path as a single data point (Turchin et al. 1991,
Wiens et al. 1993a). Based on these considerations, I
propose the following test for downward curvature in
log-log plots. First, a quadratic curve is fitted to the
data, separately for each individual pathway. Next, one
counts the number of negative vs. positive fitted co-
efficients associated with the quadratic term. Finally,
one determines whether or not the number of negative
coefficients is significantly greater than would be ex-
pected under the null hypothesis that negative and pos-
itive coefficients are equally likely.

CONCLUSION

If paths of study organisms are better described by
the CRW framework than by a fractal Brownian pro-
cess, then attempting to estimate a constant fractal di-
mension from such data will not likely lead to mean-
ingful results. Thus, it is imperative to statistically test
the assumption of the constant slope before proceeding
with the rest of the fractal analysis. Which of the two
models, CRW or fractal Brownian, provides a better
framework for analyzing movement paths is an em-
pirical question that can, and should, be resolved using
the data on movements of actual organisms.

Here, my primary focus has been on whether or not
the fractal dimension is constant over some biologically
relevant range of spatial scales. I also have a broader
concern: the fractal analysis of paths is designed to
yield a phenomenological, rather than a mechanisti-
cally-based measure. I completely agree with Wiens et
al. (1995) that translating individual movements in het-
erogeneous space into the spatial distribution of pop-
ulations is a valid goal. Unfortunately, an index of path
sinuosity does not really accomplish this goal. The al-
ternative approach that I advocate (Turchin 1989, 1991,
1996) is based on detailed descriptions of individual
movements as random walks. Although called ‘‘ran-
dom,” these models can be made very complex and
nonrandom, limited only by the capacity of computers
to simulate them and the capacity of the human brain
to assimilate the results. Predictions about spatial pop-
ulation dynamics can be obtained either by computer
simulation or by a more elegant technique, diffusion
approximation, that translates random walks into gen-
eralized population redistribution models. The latter
approach has an advantage in that it connects the de-
tailed descriptions of individual behaviors to a growing
theory of spatial population dynamics based on reac-
tion—diffusion models (this theme is developed in
greater detail in Turchin 1996).

It is interesting to note that theoretical predictions
about what fractal patterns we might expect in nature
(e.g., Crist et al. 1992, Johnson et al. 1992a) are based
on simulations of random walks. I suggest that we
should be applying random walk models directly to
movement data, instead of a more complicated ap-
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proach that first predicts theoretically, and then esti-
mates empirically, the fractal dimension of paths.
Finally, I am pessimistic that any analysis, fractal or
otherwise, will generally be able to identify scale-in-
dependent properties of movement patterns useful for
translating information gathered at smaller spatial
scales into inferences about larger scale phenomena.
In principle, a CRW model can be used to predict move-
ment patterns of organisms at a larger scale of spatial
heterogeneity than was observed. In practice, higher
scale of patchiness is likely to introduce some novel,
unpredictable effects. For example, we may understand
how an individual insect responds to spatial hetero-
geneity in host plant distribution within a field. But
when attempting to predict spatial redistribution of in-
sects in a patchwork of field and forest, can we simply
assume that movement pattern will be unchanged in
the forest, or that insects would not perceive and re-
spond to the field—forest boundary? Thus, I doubt that
simple rules will solve the problem of translating across
the scales. More likely, it will be necessary to do it the
hard way, collecting the data, modeling the processes,
and testing the models at each appropriate spatial scale.

ACKNOWLEDGMENTS

I thank Michael Cain, Ted Case, Tom Crist, and two anon-
ymous reviewers for their comments that greatly improved
the manuscript.

LITERATURE CITED

Cain, M. L. 1990. Models of clonal growth in Solidago al-
tissima. Journal of Ecology 78:27-46.

. 1994. Consequences of foraging in clonal plant spe-
cies. Ecology 75:933-944.

Crist, T. O., D. S. Guertin, J. A. Wiens, and B. T. Milne.
1992. Animal movement in heterogeneous landscapes: an
experiment with Elodes beetles in shortgrass prairie. Func-
tional Ecology 6:536-544.

Crist, T. O., and J. A. Wiens. 1994. Scale effects of vegetation
on forager movement and seed harvesting by ants. Oikos
69:37-46.

Dicke, M., and P. A. Burrough. 1988. Using fractal dimen-
sions for characterizing the tortuosity of animal trails. Phys-
iological Entomology 13:393-398.

Fourcassie, V., D. Coughlin, and J. E A. Traniello. 1992.
Fractal analysis of search behavior in ants. Naturwissen-
schaften 79:87-89.

Gardner, R. H., R. V. O’Neill, M. G. Turner, and V. H. Dale.
1989. Quantifying scale-dependent effects of animal move-
ments with simple percolation models. Landscape Ecology
3:217-227.

Hastings, H. M., and G. Sugihara. 1993. Fractals: a user’s
guide for the natural sciences. Oxford University Press,
New York, New York, USA.

Jander, R. 1982. Random and systematic search in foraging
insects. Pages 28-31 in M. D. Breed, C. D. Michener, and
H. E. Evans, editors. The biology of social insects. West-
view Press, Boulder, Colorado, USA.

Johnson, A. R., B. T. Milne, and J. A. Wiens. 1992a. Dif-
fusion in fractal landscapes: simulations and experimental
studies of tenebrionid beetle movements. Ecology 73:
1968-1983.

Johnson, A. R., B. T. Milne, J. A. Wiens, and T. O. Crist.
1992b. Animal movements and population dynamics in
heterogeneous landscapes. Landscape Ecology 7:63-75.

Kareiva, P, and M. Andersen. 1988. Spatial aspects of spe-




2090

cies interactions: the wedding of models and experiments.
Pages 35-50 in A. Hastings, editor. Community ecology.
Springer-Verlag, New York, New York, USA.

Kareiva, P. M., and N. Shigesada. 1983. Analyzing insect
movement as a correlated random walk. Oecologia 56:234—
238.

Krummel, J. R., R. H. Gardner, G. Sugihara, R. V. O’Neill,
and P. R. Coleman. 1987. Landscape patterns in a disturbed
environment. Oikos 48:321-324.

Levin, S. A. 1992. The problem of pattern and scale in ecol-
ogy. Ecology 73:1943-1967.

Mandelbrot, B. B. 1983. The fractal geometry of nature. W.
H. Freeman, San Francisco, California, USA.

Milne, B. 1991. Lessons from applying fractal models to
landscape patterns. Pages 199-235 in M. G. Turner, and
R. H. Gardner, editors. Quantitative methods in landscape
ecology. Springer-Verlag, New York, New York, USA.

Segel, L. A. 1978. Mathematical models for cellular behav-
ior. Pages 156-190 in S. A. Levin, editor. Studies in Math-
ematical Biology 15:156-190.

Sugihara, G., and R. M. May. 1990. Application of fractals
in ecology. Trends in Ecology and Evolution 5:79-86.
Turchin, P. 1989. Beyond simple diffusion: models of not-
so-simple movement in animals and cells. Comments in

Theoretical Biology 1:65-83.

PETER TURCHIN

Ecology, Vol. 77, No. 7

. 1991. Translating foraging movements in hetero-
geneous environments into the spatial distribution of for-
agers. Ecology 72:1253-1266.

. 1996. Movement and spatial population dynamics.
John Wiley, New York, New York, USA, in press.

Turchin, P, E J. Odendaal, and M. D. Rausher. 1991. Quan-
tifying insect movement in the field. Environmental En-
tomology 20:955-963.

Turner, M. G., and R. H. Gardner. 1991. Quantitative meth-
ods in landscape ecology: an introduction. Pages 3—14 in
M. G. Turner and R. H. Gardner, editors. Quantitative meth-
ods in landscape ecology. Springer-Verlag, New York, New
York, USA.

Wiens, J. A., T. O. Crist, and B. T. Milne. 1993a. On quan-
tifying insect movements. Environmental Entomology 22:
709-715.

Wiens, J. A., T. O. Crist, K. A. With, and B. T. Milne. 1995.
Fractal patterns of insect movement in microlandscape mo-
saics. Ecology 76:663—-666.

Wiens, J. A., N. C. Stenseth, B. Van Horne, and R. A. Ims.
1993b. Ecological mechanisms and landscape ecology. Oi-
kos 66:369-380.

With, K. A. 1994. Using fractal analysis to assess how spe-
cies perceive landscape structure. Landscape Ecology 9:
25-36.




	Article Contents
	p.2086
	p.2087
	p.2088
	p.2089
	p.2090

	Issue Table of Contents
	Ecology, Vol. 77, No. 7 (Oct., 1996), pp. 1963-2268
	Front Matter
	Special Feature: Ecological Lessons for Biological Control
	Special Feature: Contributions of Ecology to Biological Control [pp.1963-1964]
	How Risky is Biological Control? [pp.1965-1974]
	Managing Tropical Rice Pests Through Conservation of Generalist Natural Enemies and Alternative Prey [pp.1975-1988]
	Biological Control of Marine Pests [pp.1989-2000]
	Theory for Biological Control: Recent Developments [pp.2001-2013]

	Concepts
	A Hypothesis Regarding the Abruptness of Density Dependence and the Growth Rate of Populations [pp.2014-2026]
	Dispersal Data and the Spread of Invading Organisms [pp.2027-2042]

	Ecological Modeling
	Modeling Invasive Plant Spread: The Role of Plant-Environment Interactions and Model Structure [pp.2043-2054]
	A Simplified Forest Model to Study Species Composition Along Climate Gradients [pp.2055-2074]

	An Evaluation of the Accuracy of Kernel Density Estimators for Home Range Analysis [pp.2075-2085]
	Fractal Analyses of Animal Movement: A Critique [pp.2086-2090]
	Regional Dynamics and the Status of Amphibians [pp.2091-2097]
	Within-Population Variation in Demography of Taraxacum Officinale: Maintenance of Genetic Diversity [pp.2098-2107]
	Ecological Modeling
	On the Strategy of "Eating Your Competitor": A Mathematical Analysis of Algal Mixotrophy [pp.2108-2118]

	Tests of Ecological Mechanisms Promoting the Stable Coexistence of Two Bacterial Genotypes [pp.2119-2129]
	Competition and Facilitation: Contrasting Effects of Artemisia Tridentata on Desert vs. Montane Pines [pp.2130-2141]
	Tundra Plant Uptake of Amino Acid and NH Nitrogen in Situ: Plants Complete Well for Amino Acid N [pp.2142-2147]
	The Role of Fire During Climate Change in an Eastern Deciduous Forest at Devil's Bathtub, New York [pp.2148-2166]
	Channel Narrowing and Vegetation Development Following a Great Plains Flood [pp.2167-2181]
	Relative Importance of Factors Contributing to Postfire Seedling Establishment in Maritime Chaparral [pp.2182-2195]
	Effects of the Parasite Eimeria Arizonensis on Survival of Deer Mice (Peromyscus Maniculatus) [pp.2196-2202]
	Inference of Parasite-Induced Host Mortality from Distributions of Parasit Loads [pp.2203-2211]
	Complex Effects of Genotype and Environment on Insect Herbivores and Their Enemies [pp.2212-2218]
	Top-Down Cascade from a Bitrophic Predator in an Old-Field Community [pp.2219-2227]
	Thermal Effects of Radiation and Wind on a Small Bird and Implications for Microsite Selection [pp.2228-2236]
	The Relationship Between Bite Rate and Local Forage Abundance in Wild Thomson's Gazelles [pp.2237-2255]
	Notes and Comments
	Demographic Approaches to Community Dynamics: A Coral Reef Example [pp.2256-2260]

	Book Reviews
	untitled [p.2261]
	untitled [pp.2261-2262]
	untitled [p.2263]
	untitled [pp.2263-2264]
	untitled [pp.2264-2265]
	untitled [pp.2265-2266]
	untitled [pp.2266-2267]

	Books and Monographs Received Through May 1996 [p.2268]
	Back Matter



