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Summary

1. A first step in the analysis of complex movement data often involves discretisation of the path into a series of

step-lengths and turns, for example in the analysis of specialised random walks, such as L�evy flights. However,

the identification of turning points, and therefore step-lengths, in a tortuous path is dependent on ad-hoc parame-

ter choices. Consequently, studies testing for movement patterns in these data, such as L�evy flights, have gener-

ated debate. However, studies focusing on one-dimensional (1D) data, as in the vertical displacements of marine

pelagic predators, where turning points can be identified unambiguously have provided strong support for L�evy

flightmovement patterns.

2. Here, we investigate how step-length distributions in 3D movement patterns would be interpreted by tags

recording in 1D (i.e. depth) and demonstrate the dimensional symmetry previously shown mathematically for

L�evy-flightmovements.We test the veracity of this symmetry by simulating several measurement errors common

in empirical datasets and findL�evy patterns and exponents to be robust to low-qualitymovement data.

3. We then consider exponential and composite Brownian random walks and show that these also project into

1Dwith sufficient symmetry to be clearly identifiable as such.

4. By extending the symmetry paradigm, we propose a newmethodology for step-length identification in 2D or

3D movement data. The methodology is successfully demonstrated in a re-analysis of wandering albatross Glo-

bal Positioning System (GPS) location data previously analysed using a complex methodology to determine

bird-landing locations as turning points in a L�evy walk. For this high-resolution GPS data, we show that there is

strong evidence for albatross foraging patterns approximated by truncated L�evy flights spanning over 3�5 orders
of magnitude.

5. Our simple methodology and freely available software can be used with any 2D or 3Dmovement data at any

scale or resolution and are robust to common empirical measurement errors. Themethod should findwide appli-

cability in the field ofmovement ecology spanning the study ofmotile cells to humans.

Key-words: albatross, cell tracking, correlated randomwalk, fractal path analysis, L�evy flight, opti-

mal foraging theory, power-law distribution, randomwalk, satellite tracking, scale-freemovement

Introduction

A recent advance within the field of movement ecology that

aims to progress our understanding of the mechanisms under-

pinning search behaviour of diverse organisms has focused

on the identification of specialised random walks, such as

L�evy flights, principally through the analysis of move step-

length distributions arising from recorded movement paths

(Viswanathan et al. 1996). A L�evy flight is a special category

of super-diffusive randomwalk where the distribution of move

step-lengths fits an inverse power law such that P(l) � l�l

where 1 < l ≤ 3 where l is the move step-length and l the

power-law exponent. These movement patterns are character-

ised by clusters of short move steps connected by rare long

relocations, with the pattern being repeated at all scales. L�evy

flights (or walks) have generated interest because they have

been shown theoretically to optimise searches for sparse

resources such as prey, when located beyond an organism’s*Correspondence author. E-mail: nicmph@mba.ac.uk
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sensory range (Viswanathan et al. 1999, 2011). Empirical stud-

ies have now identified movement patterns consistent with

L�evy flights (walks) in individuals from diverse species

including insects (Maye et al. 2007; Reynolds et al. 2009; Baz-

azi et al. 2012; Reynolds 2012), jellyfish (Hays et al. 2012),

sharks, bony fish, turtles and penguins (Sims et al. 2008,

2012; Humphries et al. 2010) and seabirds (Humphries et al.

2012), as well as from single cells such as E. coli and T-cells

(Korobkova et al. 2004; Harris et al. 2012).

Arguably, the most robust evidence for L�evy flight move-

ment patterns in animals has come from studies of pelagicmar-

ine predators where move step-lengths have been derived from

the depth recordings of electronic tags (Sims et al. 2008, 2012;

Humphries et al. 2010; Hays et al. 2012). In one-dimensional

(1D) data such as this, vertical displacement step-lengths are

straightforward to compute because putative turning points

are simple to identify and are unambiguous, being the points

where there is a change of direction (i.e. diving or ascending)

between consecutive steps. While the 1D turning points identi-

fied in this way do not correspond exactly to the actual turning

points in the original 3D movement of the animal, the overall

scaling properties of L�evy flights are preserved. The step-

lengths are analysed using maximum likelihood estimation

(MLE) to estimate exponents and goodness-of-fit (GOF) for

power-law or exponential distributions (Clauset, Shalizi &

Newman 2009; Humphries et al. 2010). Testing of the L�evy

flight foraging (LFF) hypothesis (Viswanathan, Raposo & da

Luz 2008; Viswanathan et al. 2011) is mainly concerned with

power-law and exponential distributions because the LFF

hypothesis predicts that L�evy flight searching is optimal when

prey is sparse, whereas simple Brownian (exponential) move-

ments are expected when prey is abundant.

The analysis of horizontal movement paths – in terms of a

discrete random walk – for the presence of L�evy or Brownian

patterns using MLE requires the identification of turning

points in order for the step-lengths to be computed. While

L�evywalk characteristics can be identified using functions such

as rootmean square fluctuation, or mean square displacement,

these methods do not provide estimates of exponents and can-

not be used to test fully the LFF hypothesis. Turning points

are relatively straightforward to identify in the low spatial reso-

lution datasets of animals tracked using Argos satellite trans-

mitters, but the large and variable error fields make such data

unsuitable for rigorous testing for L�evy flight behaviour

(Bradshaw, Sims &Hays 2007). In some movement data, such

as from bacteria, T-cells or desert locusts, the recorded move-

ments are essentially discrete, comprising, for example in the

case ofE. coli, runs and tumbles; in these cases, turn identifica-

tion is also straightforward. This is also true of some lower

resolution data, which is already closer to a discrete approxi-

mation of the original movement path.

Tags equipped with Global Positioning System (GPS) sen-

sors now provide data with high spatial accuracy and temporal

resolution (Weimerskirch et al. 2002; Sims et al. 2009); how-

ever, testing high-resolution GPS data for L�evy flight patterns

has proved problematic because of the difficulties in objectively

identifying turning points in a tortuous path (Codling & Plank

2011; Humphries et al. 2012). Various methods have been pro-

posed for the identification of turning points, for example, the

location of acute turning angles (e.g. Reynolds et al. 2007), or

the deviation of the movement path from an arbitrary corridor

encompassing the trajectory (Turchin 1998; de Knegt et al.

2007). However, while the results are dependent on the param-

eters chosen (Plank & Codling 2009), it can be difficult to set a

threshold turning angle, or corridor width, that have a sound

basis in the biology of the animal and which are not to some

degree contentious. Consequently, the discretisation of the

path into steps is in some cases somewhat arbitrary (Reynolds

2010) and parameter choices and the results of the analysis are

sometimes difficult to justify. To illustrate the problems, the

consequences of differing turn-angle thresholds in GPS data

are explored in a sensitivity analysis of wandering albatross

data presented in Appendix S1 (section 2). In summary, we

found that the number of truncated Pareto-L�evy (TP) distribu-

tion fits to the 27 datasets was 4, 17 and 25, for the turn angles

45, 90 and 135°, respectively. While both the number of fits,

and the closeness of the fit in many cases, make the results of

the analysis using 135° compelling, there is no clear biological

justification for that choice of angle. Therefore, it appears that

there are potentially significant amounts of 2D data, from

diverse species, that at present cannot be used reliably in either

L�evy flight or any other random walk movement analysis (e.g.

correlated random walks), severely limiting widespread testing

of these ideas in ecology.

A study by Sims et al. (2008) showed mathematically that

a L�evy flight can be projected from 3D to 2D and to 1D

with preservation of the power-law exponent. From this, it

was suggested that the power-law-distributed 1D vertical

displacements of marine predators were indicative of an

overarching 3D L�evy flight movement pattern. However,

no empirical study has yet shown this to be the case, nor

has the dimensional symmetry of a L�evy flight been demon-

strated for the TP-L�evy distribution, which was found to be

the most common power-law distribution to best fit animal

movement data (Humphries et al. 2010).

Here, we verify the purported dimensional symmetry of

L�evy movement patterns using simulated 3D L�evy distributed

move step-length datasets, with a range of exponents, from

which any one of the dimensions can be used to form a 1D

dataset. The conditions under which the symmetry holds are

explored and compared with the results from exponential and

composite Brownian (CB) datasets. We examine the effects

that tag measurement errors, such as low spatial or temporal

resolution, would have on the reliability of identifying move

step-lengths, and detecting L�evy flight behaviour, in naturally

complex datasets. By extending the symmetry paradigm, we

then present a methodology for the identification of step-

lengths that can be applied to 2D or 3D data and demonstrate

the utility of this methodology in a re-analysis of wandering

albatross (Diomedea exulans) GPS location data previously

analysed for the presence of L�evy flight patterns in the distribu-

tion of landing sites (Humphries et al. 2012). Software devel-

oped to test these ideas is freely available to downloadwith this

study.
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Materials andmethods

SIMULATED DATA

Simulatedmove step-length datasets for L�evy, Exponential (Brownian)

and CB distributions were generated with a range of parameters as

described inAppendix S1 (section 1).

EMPIRICAL DATA

High-temporal resolution GPS location data were recorded using

GPS loggers attached to 27 D. exulans incubating or brood-

ing chicks at the Crozet Islands, Southern Indian Ocean

(Weimerskirch, Gault & Cherel 2005; Humphries et al. 2012).

Adhesive tape was used to attach GPS loggers to each bird’s back

feathers (Weimerskirch, Doncaster & Cuenot-Chaillet 1994). The

tags returned a time series of geographical locations at intervals of

between a few seconds to several minutes. Locations were con-

verted to x y coordinates using a plate carr�ee projection prior to

analysis.

DATA ANALYSIS

To test the hypothesis that a L�evy flight exponent (l) should be sym-

metrical in all dimensions, data from each dimension were converted to

step-lengths by computing the displacement in that dimension between

consecutive data points. Maximum likelihood estimation (MLE) anal-

ysis was performed on the simulated datasets using the methods

described by Clauset, Shalizi & Newman (2009) and Humphries et al.

(2012) (and Appendix S1, section 9). To verify the GOF,P-values were

computed using theMonte-Carlo method described by Clauset, Shalizi

&Newman (2009). The empirical data model selection, using both Ak-

aike weights and theGOF, was performed as described in Appendix S1

(section 9) andHumphries et al. (2012).

Results

ANALYSIS OF SIMULATED DATA

A simulated 3D L�evy dataset (xmin = 1, l = 2�0, xmax = 2500;

Fig. 1a) was first analysed with MLE using the step-lengths in
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Fig. 1. Three-dimensional and 1D analysis of a 3D L�evy flight. (a) The 3D plot; (b) maximum likelihood estimation (MLE) analysis in 3D showing

a good fit with l = 1�996, very close to the value of 2�0 used to generate the data; (c) vertical displacements from the z axis; (d) rank step-length plot

of vertical displacements showing two clear domains, red line indicates xmin at a value of 1�0; (e)MLE analysis of step-lengths >xmin showing a good

fit to truncated Pareto (TP) distribution with l = 2�01, very close to the original 3D track; black circles are observations, red line is fitted TP, blue

dashed line is competing exponential. (f) Rank step-length plot of 1 dimension of a simulated 3DL�evy path with xmin = 10 and xmax = 10000, verti-

cal red reference line indicates xmin, the plot is visually almost indistinguishable from that shown in (d).
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3D to confirm the accuracy of the simulated data (Fig. 1b). A

1D dataset of step-lengths was then computed using just the z

axis to give a series of vertical displacements (Fig. 1c). A initial

plot of this dataset, however, failed to confirm the expected

symmetry with the plot shown in Fig. 1d, being quite unlike

the plot shown in Fig. 1b. However, it was noted by Sims et al.

(2008; Supplementary Methods and Results 2, p. 8) that

projection from 3D to 1D was expected to produce many

step-lengths < xmin which do not follow a power-law distribu-

tion. Closer inspection of the plot confirmed that the inflection

point of the plot separating the two domains occurred at 1�0,
the xmin value of the original 3D dataset. While points below

xmin clearly do not fit a power-law distribution, those above

xmin do, as expected. MLE analysis of the step-lengths

above xmin showed a good fit to a truncated Pareto-L�evy

power-law (TP) distribution with l = 2�01 (Fig. 1e), which

was very close to the value of l = 2�0 used to generate the origi-
nal 3D data set. Therefore, once data points below xmin were

removed, the symmetry of the L�evy flight was evident. The

symmetry was confirmed by repeating the 1D analysis using

the x and y dimensions and with the x, y and z dimensions of

two further datasets with l = 1�5 and l = 2�5, which gave

almost identical results once values below xmin were ignored

(Table 1). Differences in the estimated exponents were <1�0%,

and therefore, the exponent values were conserved as

predicted. Differences in the xmax values were expected given

that with a power-law distribution long steps are much rarer

than short steps, and therefore, these long displacements are

effectively under-sampled. With the values closer to xmin, there

are very many more steps, so the displacements in each

dimension are more thoroughly sampled leading to the conser-

vation of the xmin value along each axis. Analysis of a 3D L�evy

flight dataset with xmin = 10 demonstrates that the inflection

point again corresponds to the xmin value used to generate

the original dataset (Fig. 1f), confirming this to be a general

principle.

With step-lengths drawn from an exponential distribution,

representing simple Brownian movement, the overall pattern

was also conserved in the 1D analysis, but not with the fidelity

found for the L�evy distribution; the exponent differed by more

than 57% (Table S5, Appendix S1, section 11) and the overall

fit was not as good (Fig. 2). However, the fit was still much

better than the competing TP distribution, and this result was

supported by Akaike weights, which suggests that 3D expo-

nential movements cannot easily be mistaken for L�evy move-

ments (and vice versa) when reduced to one dimension.

Composite Brownian (CB or CCRW) random walks have

recently been proposed as alternative models to L�evy walks

(Jansen, Mashanova & Petrovskii 2012; Reynolds 2012).

Therefore, a simulated CB dataset was generated, based on a

fit to empirical data (see Empirical analysis below) and was

examined for symmetry in the same way as the other simulated

datasets (Appendix S1, section 7). This dataset was also found

to project with sufficient symmetry for clear identification

using AIC; indeed, the plots of the individual x, y and z dimen-

sions are almost indistinguishable from the original 3D plot

(Appendix S1, section 12, Figs S11 and S12).

ESTIMATING THE XMIN PARAMETER

In the simulated data, the xmin parameter was already known.

With empirical datasets, however, the xmin value cannot be

known a priori, and therefore, an objective method of estimat-

ing this value is required. Clauset, Shalizi & Newman (2009)

suggest an iterative search of all possible values in the dataset

as potential values for xmin, using a Kolmogorov–Smirnov

GOF test to determine the best fitting value. Following

detailed investigations (described in full in Appendix S1, sec-

tion 4), a modified version of this scheme was adopted,

whereby the GOF result was modified according to the extent

of the fit, with fits to a reduced data range being penalised; the

purpose of which was to reduce the likelihood of fitting to a

very small extent of the data. This method was found to per-

form well in estimating the true xmin value in simulated data

and was therefore used when analysing both the simulated

empirical measurement error data, and when re-analysing the

wandering albatrossGPS-trackedmovement data.

EMPIRICAL MEASUREMENT ERRORS

To investigate whether the observed symmetry of a L�evy flight

would be conserved in empirical data, four sources of potential

measurement error were simulated: (i) low spatial resolution,

whereby the tag records in multiples of 0�5 or 1�0; (ii)

Table 1. Symmetry of L�evy analysis in three dimensions

l Dimension xmin l xmax %Error in l wAIC Alt wAIC P-value

1�5 X 1�0055 1�5095 1680�55 �0�63 1�00 0�00 0�7760
1�5 Y 1�0006 1�5150 1408�71 �1�00 1�00 0�00 0�8264
1�5 Z 1�0004 1�5145 1099�32 �0�97 1�00 0�00 0�1504
2�0 X 1�0010 1�9855 613�42 0�72 1�00 0�00 0�8420
2�0 Y 1�0003 1�9919 808�47 0�40 1�00 0�00 0�4960
2�0 Z 1�0032 2�0099 2170�03 �0�50 1�00 0�00 0�3992
2�5 X 1�0001 2�4858 216�71 0�57 1�00 0�00 0�7656
2�5 Y 1�0012 2�4882 113�06 0�47 1�00 0�00 0�7720
2�5 Z 1�0014 2�4805 130�00 0�78 1�00 0�00 0�9256

Analysing each dimension of the 3D tracks separately shows that both the exponent and the fit to the truncated Pareto distribution are conserved.

Note that theP-values shown here should be interpreted as significant if >0�1.
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under-sampling, whereby the animal performsmore turns than

are recorded by the tag; (iii) over-sampling, whereby the tag

records multiple locations between turning points, and (iv)

track gaps, where random gaps appear in the data resulting in

runs of data points followed by a gap, as might be expected

inGPS datasets. Full details of these investigations are given in

Appendix S1 (section 5). Despite simulated errors being severe

in some cases, all the truncated power-law datasets were cor-

rectly identified as being derived from a TP distribution. Simi-

larly, the estimation of the exponent was in all cases accurate

enough not to affect any interpretations or conclusions about

behaviour patterns relevant to testing the LFF hypothesis.

With both over- and under-sampled data, the fitted xmin values

were predictably high, leading to a power-law fit to less of the

dataset, a feature that would therefore be expected in empirical

data.

A NEW ANALYSIS METHOD FOR 2 AND 3D DATA

The results described above show clearly that 3D L�evy move-

ment datasets have a dimensional symmetry in which the over-

all pattern and exponent are conserved when reduced to 1

dimension. The symmetry in L�evy flight has been shown to be

robust to potential measurement errors in low spatial or tem-

poral resolution data, supporting the contention that the 1D

datasets analysed in previous studies (Sims et al. 2008;

Humphries et al. 2010) are very likely to have been derived

from a 3Dmovement pattern consistent with that of a biologi-

cal L�evy flight.

The corollary of this symmetry is that a L�evy distributed 1D

dataset is likely to be strongly representative of the 2D or

3D dataset fromwhich it was originally derived; likewise, a 1D

exponentially distributed dataset will most likely have been

derived from a 2D or 3D exponential dataset. The symmetry

can be exploited to allow the straightforward and accurate

determination of step-lengths in both 2D and 3D empirical

data by analysing movements in a single dimension, as all

dimensions will have characteristics representative of the

whole.While it is possible that the horizontal and vertical com-

ponents of a trajectory might differ, as is the case with wind-

borne seeds (Reynolds 2013), differences are less likely between

the axes of a horizontal movement path.

While exponential datasets do not project into 1D with the

same fidelity as a L�evy walk, they do so sufficiently well not to

be easily mistaken for a L�evy pattern or vice versa,making the

method valid for any 2D or 3D empirical data. Taking a single

dimension solves the problems associated with identifying

turning points, thus making the computation of step-lengths in

complexmovement datasets straightforward and objective.

AN EMPIRICAL DEMONSTRATION OF THE NEW METHOD

To demonstrate the utility of our proposed new methodology,

we re-analysed 27 wandering albatross (D. exulans) datasets,

previously analysed by Humphries et al. (2012), where land-

ings on the water were identified and used as turning points

for the L�evy analysis. In this study, step-lengths were calcu-

lated as displacements in one dimension from the 2D GPS
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Fig. 2. Analysis of a 3D exponential track. (a) The 3D exponential track, note the smaller scale compared with the L�evy track shown in Fig. 1a. (b)

maximum likelihood estimation (MLE) analysis of the 3D track, where black circles are observations, red line is fitted exponential, blue dashed line

is competing truncated Pareto (TP). (c) Vertical displacements from the 3D track. These look very different from the L�evy displacements shown in

Fig. 1c. (d) MLE analysis of vertical displacements for values >xmin (1�0) showing that while the exponential fit (red line) is clearly better that the

competing TP (blue dashed line) the symmetry is not conserved as well as with a TP dataset.
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track of each bird. The datasets were recorded at minimum

intervals of either 10 s or 1 min, and therefore, for consis-

tency, track gaps exceeding 1 min were ignored in all cases.

The only other processing required was the correction of sam-

pling artefacts through the coalescing of steps that formed

part of a continuous movement, as described previously in

Humphries et al. (2010).

The simulated datasets used previously comprised 104 data

points providing sufficient data to sample the distribution fully

in all dimensions, resulting in equivalence in the estimated

exponent for any dimension. With the albatross movement

data, however, the datasets had far fewer data points once steps

were coalesced and points below xmin were ignored, hence, it

was possible that a power-law distribution may not have been

sufficiently sampled in all dimensions for congruence in the

exponent between either dimension (x or y). Therefore, both

dimensions from each dataset were analysed separately, and

the results from each compared before conclusions were drawn

about whether a L�evy or exponential pattern was present.

Following the MLE analysis, model selection was per-

formed, as described in Appendix S1, section 9, to determine

whether a dataset was best fit by either a TP or exponential dis-

tribution (or neither). The best fitting model was therefore

selected based on Akaike weights, the GOF (Kolmogorov–

Smirnov D statistic) and further, in the case of the TP, an

exponent in the L�evy range and spanning at least 1�5 orders of
magnitude of the data.

Of the 27 D. exulans analysed, 20 birds (74%) were best fit

by a TP distribution in both dimensions, 6 (22%) were best fit

by TP in only one dimension, and a single bird was classified as

being a ‘mixed’ model (i.e. fitting neither distribution) in either

dimension. None were best fit by the exponential distribution

in either dimension. The majority of fits were to a subset of the

original data; however, this was expected from the simulated

data analysis. An average of c. 69% of data points were ‘lost’

through the coalescing of move steps and the fitting of xmin,

which tended to be conservative with the best fit often being

well beyond the inflection point of the curve in the rank step-

length plot (Fig. 3a). Furthermore, inmost cases, the inflection

point was, as expected, less well defined than with the simu-

lated data which tended to increase the fitted xmin value

(Fig. 3b). It should be remembered that taking a single dimen-

sion results in a large number of points below the best fit xmin

value and while this tends to make the fit appear poorer, these

points are artefacts and need to be ignored. While the average

xmax value was 69% of the maximum step-length, 15 of the 40

datasets (i.e. the separate x and y dimensions, 37�5%) had xmax

values equal to the maximum step. Of the 40 datasets, 21 were

found to have a best fit power-law model that spanned more

than two orders of magnitude; the mean for all 40 datasets was

2�23 with values ranging from 1�51 to 3�79. For the 20 best fit-
ting datasets, the mean span was 2�66 orders of magnitude.

Results are summarised in Appendix S1, section 11, Tables

S11–13. The MLE results in the form of ranked step-length

plots for all birds are shown in Appendix S1, section 12, Fig.

S10. A further requirement for a good fit to a L�evy walk is sug-

gested to be uniform turn-angle distribution. Analysis pro-

vided in Appendix S1 (section 6) shows that this requirement is

also fulfilled by the albatross data.

To confirm further the TP distribution as the best fit, we

fitted the empirical data to CB distributions as described by

Jansen, Mashanova & Petrovskii (2012). The results are
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Fig. 3. Maximum likelihood estimation (MLE) analysis ofDiomedea exulans bird V. (a) and (b) show theMLE analysis of the x and y dimensions,

respectively, with all data points included to illustrate the extent of the fit. (c, d) The same plots but with the data points below xmin removed to illus-

trate that above xmin the fit to a truncated Pareto (TP) distribution is very good. Black circles are observations, red line is the fitted TP distribution

and blue dashed line is the competing exponential.
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described in full in Appendix S1 (section 9) where it is shown

that only four of the 20 datasets were best fit by a CB distribu-

tion.

Given that the empirical data available for analysis com-

prised far fewer data points than the simulated data used previ-

ously, our result showing close equivalence in the estimated

exponent (l) values was perhaps unexpected. For the 20 birds
that were best fit by a TP distribution, the difference in the esti-

mated value of l between the two dimensions (expressed as the

difference divided by the mean) ranged from 1�42% to 63%.

However, in seven birds, the l values of the two dimensions

were within 10%, and for a further six birds were within 20%

of each other; therefore, the equivalence was somewhat higher

than expected.

Discussion

We have demonstrated that a range of move step-length distri-

butions typically found in empirical datasets project into 1D

with sufficient fidelity, even with common empirical measure-

ment errors, to be clearly identified in a subsequentMLE anal-

ysis. Using this finding, we propose a method for the

identification of turns and step-lengths in high-resolution 2D

or 3D datasets where previous methods have been found to be

unsatisfactory.

The new method was illustrated using high-resolution GPS

data from wandering albatross (Diomedea exulans). We found

L�evy movement patterns were prevalent, occurring in both

dimensions for 20 of the 27 birds analysed. The majority of fits

were found to be very good, with significant P-values com-

puted for 23 individual dimension datasets and with five birds

having significant P-values for both dimensions. In a previous

study, where the distribution of landing locations was analysed

(Humphries et al. 2012), only four of the D. exulans datasets

were best fit by a TP distribution. Because D. exulans landed

relatively infrequently during foraging trips, the analysis of the

previous study resulted in very few data points which was

shown to reduce the likelihood of a TP fit. Consequently, the

study by Humphries et al. (2012) detected fewer examples of

L�evy flight behaviour, compared with the black browed alba-

tross (Thalassarche melanophrys) datasets for which far more

data points were available. In the current study however, with

significantlymore data to analyse, we found very good support

for the presence of L�evy flight movement patterns for the

majority of wandering albatrosses, improving the rate of detec-

tion of L�evy flight behaviour from 15% to 74% of individual

birds. Given the significant increase in the detection of L�evy

patterns with the new method, it seems likely that previous

studies purporting to demonstrate biological L�evy flight, or

questioning its existence, might have been strengthened (e.g.

Viswanathan et al. 1996) or have drawn quite different conclu-

sions (e.g. Edwards et al. 2007; Edwards 2011), had this new

methodology been employed. Furthermore, the movements

analysed here represent characteristics of the actual flight path

of the birds, rather than the distribution of the landings, which

might correspond to the fractal nature of the prey distribution

(Miramontes, Boyer & Bartumeus 2012). The movements

analysed here therefore better reflect the complex paths taken

during animal foraging/searching behaviour.

In the previous study by Humphries et al. (2012), the L�evy

exponents were found to be lower than the theoretical optimum

value of 2�0 (mean 1�19). Here, however, the mean value of 1�75
(SD 0�31) is closer to the optimum. Exponents <2�0 have been

shown theoretically to be optimum values where targets (i.e.

prey) are nonrevisitable (i.e. single prey items as opposed to

patches; Viswanathan et al. 1999), and it was proposed by

Humphries et al. (2012) that this was themost likely scenario for

wandering albatrosses foraging in the open ocean. Eight datasets

analysed here have a value slightly larger than 2�0, (mean 2�26,
SD 0�16) suggesting more abundant prey. The results presented

here therefore suggest a broader range of behaviours and of for-

aging environments than previously concluded. That not all

datasets were found to fit a L�evy distribution is unsurprising

because albatrosses are known to use olfactory clues (Nevitt,

Losekoot &Weimerskirch 2008) and will on those occasions be

performing directed, rather than random searches, and will not

be expected to fit a L�evy pattern.

Given that L�evy movement patterns have been shown to

optimise random searches for sparse targets (Viswanathan

et al. 1999, 2002, 2011), our finding that L�evy movement pat-

terns are prevalent in wandering albatrosses engaged in forag-

ing trips in the open ocean, where prey patches are sparsely

and unpredictably distributed, provides further evidence that

adaptations for stochastic search movements described by

L�evy flights may have naturally evolved (Humphries et al.

2012; Sims et al. 2012).

APPLICABIL ITY TO EMPIR ICAL DATASETS

In principle, the method we have outlined here can be applied

to almost any 2D or 3D movement dataset. It should be

emphasised that the method is intended to identify turns and

step-lengths inmovement data suitable for subsequent analysis

(such asMLE), but does not in itself provide direct evidence of

the process that might have generated the observed step-length

distribution, be it a correlated random walk, a L�evy walk or

some other process, such as a continuous time random walk

(Reynolds 2010).

Furthermore, very low-resolution datasets, such as those

produced via Argos satellites, where there are few locations per

day, will not capture sufficient fine-scale behaviour for robust

conclusions to be drawn about the precise spatial form of the

movement pattern (Bradshaw, Sims & Hays 2007). As was

foundwith the original analysis of theD. exulans landings data

(Humphries et al. 2012), there are sometimes too few data

points to sample the distribution sufficiently for a power law to

be discernible. Turchin (1998) comments that there is no gener-

ally acceptable solution to deal with over-sampled data,

however, with 1D data, over-sampling is preferable to under-

sampling. With over-sampled 1D data, it is straightforward to

coalesce steps that have been artificially divided by the sam-

pling interval and therefore to recover accurately the correct

turning points. With under-sampled data, certainly at the

further extremes, too much of the original movement is lost
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and cannot be recovered. Therefore, high-resolution datasets,

such as those obtained using GPS, are expected to give much

better results.

FURTHER RESEARCH

The method presented here would be well suited to other GPS

datasets, for example, golden eagles (Aquila chrysaetos;

Lanzone et al. 2012) or griffon vultures (Gyps fulvus; Nathan

et al. 2012), both of which perform extensive foraging flights

and might be expected to exhibit L�evy flight patterns. Terres-

trial GPS studies of predators such as wolves (Canis lupus;

Gurarie et al. 2011), lynx (Lynx Canadensis; Olson et al. 2011)

or cougar (Puma concolor; Knopff et al. 2010) could alsomake

use of this methodology for testing the possibility of scale inde-

pendence in animal movement or for identifying the times/

locations where optimal search strategies may be employed.

Themethodmay also benefit studies of themovements of nem-

atodes (Ohkubo et al. 2010) or even individual immune cells

(Harris et al. 2012).

It would also be interesting to apply this method to studies

that have led to debate, such as that by de Jager et al. (2011),

where the movements of mussels (Mytilus edulis) were found

to follow a L�evy-like walk pattern but which was challenged

by Jansen, Mashanova & Petrovskii (2012). The method pre-

sented here is simpler to implement than the methods

employed in that study and requires no sensitivity testing to

determine the best parameters.

The simplicity of the method, together with the now very

abundant, high-resolution, 2D data available for analysis from

a very broad range of studies, should allow amore thorough test

of the LFF hypothesis, as well as the provision of a useful tool

for the analysis of movement in diverse organisms. To encour-

age research in this area, the software we developed to perform

the MLE analysis is freely available for download with this

study from the Sims Labweb site (www.mba.ac.uk/simslab/).

Acknowledgements

Funding for data analysis was provided by the UK Natural Environment

Research Council’s Oceans 2025 Strategic Research Programme (Theme 6 Sci-

ence for Sustainable Marine Resources) in which D.W.S. is a principal investiga-

tor. The field studies at the Crozet islands are part of the long-term monitoring

programme on the demography and foraging ecology of marine predators sup-

ported by the French Polar Institute IPEV Program no. 109 to H.W. We thank

IPEV and TAAF for their logistical support in the field and the many field work-

ers involved in the deployment of loggers and in the tracking programmes since

2002. D.W.S was also supported by a Marine Biological Association (MBA)

Senior Research Fellowship. The authors would like to thank an anonymous

reviewer for comments and suggestions that strengthened the paper.

References

Bazazi, S., Bartumeus, F., Hale, J.J. &Couzin, I.D. (2012) Intermittent motion in

desert locusts: behavioural complexity in simple environments. Plos Computa-

tional Biology, 8, 10.

Bradshaw, C.J.A., Sims, D.W. & Hays, G.C. (2007) Measurement error causes

scale-dependent threshold erosion of biological signals in animal movement

data.Ecological Applications, 17, 628–638.
Clauset, A., Shalizi, C.R. & Newman, M.E.J. (2009) Power-law distributions in

empirical data.SIAMReview, 51, 661–703.

Codling, E.A. & Plank,M.J. (2011) Turn designation, sampling rate and the mis-

identificationof power laws inmovement path data usingmaximum likelihood

estimates.Theoretical Ecology, 4, 397–406.
Edwards,A.M. (2011) Overturning conclusions of Levy flightmovement patterns

by fishing boats and foraging animals.Ecology, 92, 1247–1257.
Edwards, A.M., Phillips, R.A., Watkins, N.W., Freeman, M.P., Murphy, E.J.,

Afanasyev, V. et al. (2007) Revisiting L�evy flight search patterns of wandering

albatrosses, bumblebees and deer.Nature, 449, 1044–1048.
Gurarie, E., Suutarinen, J., Kojola, I. & Ovaskainen, O. (2011) Summer move-

ments, predation and habitat use of wolves in human modified boreal forests.

Oecologia, 165, 891–903.
Harris, T.H., Banigan, E.J., Christian, D.A., Konradt, C., Wojno, E.D.T.,

Norose, K. et al. (2012) Generalized Levy walks and the role of chemokines in

migration of effector CD8(+) T cells.Nature, 486, 545–548.
Hays, G.C., Bastian, T., Doyle, T.K., Fossette, S., Gleiss, A.C., Gravenor, M.B.

et al. (2012) High activity and L�evy searches: jellyfish can search the water

column like fish. Proceedings of the Royal Society. B, Biological Sciences, 279,

465–473.
Humphries,N.E.,Queiroz,N.,Dyer, J.R.M.,Pade,N.G.,Musyl,M.K., Schaefer,

K.M. et al. (2010) Environmental context explains L�evy and Brownian move-

ment patterns ofmarinepredators.Nature, 465, 1066–1069.
Humphries, N.E., Weimerskirch, H., Queiroz, N., Southall, E.J. & Sims, D.W.

(2012) Foraging success of biological L�evy flights recorded in situ. Proceedings

of the National Academy of Sciences of the United States of America, 109,

7169–7174.
de Jager, M., Weissing, F.J., Herman, P.M.J., Nolet, B.A. & van de Koppel, J.

(2011) L�evy walks evolve through interaction betweenmovement and environ-

mental complexity.Science, 332, 1551–1553.
Jansen, V.A.A., Mashanova, A. & Petrovskii, S. (2012) Comment on “L�evy

walks evolve through interaction between movement and environmental com-

plexity”.Science, 335, 918.

deKnegt, H.J., Hengeveld,G.M., vanLangevelde, F., de Boer,W.F.&Kirkman,

K.P. (2007) Patch density determines movement patterns and foraging effi-

ciency of large herbivores.Behavioral Ecology, 18, 1065–1072.
Knopff, K.H., Knopff, A.A., Kortello, A. & Boyce, M.S. (2010) Cougar kill rate

and prey composition in a multiprey system. The Journal of Wildlife Manage-

ment, 74, 1435–1447.
Korobkova, E., Emonet, T., Vilar, J.M.G., Shimizu, T.S. & Cluzel, P. (2004)

Frommolecular noise to behavioural variability in a single bacterium.Nature,

428, 574–578.
Lanzone,M.J., Miller, T.A., Turk, P., Brandes, D., Halverson, C.,Maisonneuve,

C. et al. (2012) Flight responses by a migratory soaring raptor to changing

meteorological conditions.Biology Letters, 8, 710–713.
Maye, A., Hsieh, C.H., Sugihara, G. & Brembs, B. (2007) Order in spontaneous

behavior.PLoSONE, 2, 14.

Miramontes, O., Boyer,D.&Bartumeus, F. (2012) The effects of spatially hetero-

geneous prey distributions on detection patterns in foraging seabirds. PLoS

ONE, 7, 9.

Nathan, R., Spiegel, O., Fortmann-Roe, S., Harel, R., Wikelski, M. & Getz,

W.M. (2012) Using tri-axial acceleration data to identify behavioral modes of

free-ranging animals: general concepts and tools illustrated for griffonvultures.

Journal of Experimental Biology, 215, 986–996.
Nevitt, G.A., Losekoot, M. & Weimerskirch, H. (2008) Evidence for olfac-

tory search in wandering albatross, Diomedea exulans. Proceedings of the

National Academy of Sciences of the United States of America, 105, 4576–
4581.

Ohkubo, J., Yoshida, K., Iino, Y. & Masuda, N. (2010) Long-tail behavior in

locomotion of Caenorhabditis elegans. Journal of Theoretical Biology, 267,

213–222.
Olson, L.E., Squires, J.R., DeCesare, N.J. & Kolbe, J.A. (2011) Den use and

activity patterns in female Canada lynx (Lynx canadensis) in the northern

RockyMountains.Northwest Science, 85, 455–462.
Plank, M.J. & Codling, E.A. (2009) Sampling rate and misidentification of Levy

andnon-Levymovement paths.Ecology, 90, 3546–3553.
Reynolds, A.M. (2010) Bridging the gulf between correlated random walks and

Levy walks: autocorrelation as a source of Levy walk movement patterns.

Journal of the Royal Society Interface, 7, 1753–1758.
Reynolds, A.M. (2012)Distinguishing between Levywalks and strong alternative

models.Ecology, 93, 1228–1233.
Reynolds, A.M. (2013) Beating the odds in the aerial lottery: passive dispersers

select conditions at takeoff that maximize their expected fitness on landing.

TheAmericanNaturalist, 181, 555–561.
Reynolds, A.M., Smith,A.D.,Menzel, R., Greggers,U., Reynolds,D.R.&Riley,

J.R. (2007) Displaced honey bees perform optimal scale-free search flights.

Ecology, 88, 1955–1961.

© 2013 The Authors. Methods in Ecology and Evolution © 2013 British Ecological Society, Methods in Ecology and Evolution, 4, 930–938

Identifying turns and steps in movement data 937



Reynolds, A.M., Swain, J.L., Smith, A.D., Martin, A.P. & Osborne, J.L. (2009)

Honeybees use a Levy flight search strategy and odour-mediated anemotaxis

to relocate food sources.Behavioral Ecology and Sociobiology, 64, 115–123.
Sims, D.W., Southall, E.J., Humphries, N.E., Hays, G.C., Bradshaw, C.J.A.,

Pitchford, J.W. et al. (2008) Scaling laws of marine predator search behaviour.

Nature, 451, 1098–1102.
Sims, D.W., Queiroz, N., Humphries, N.E., Lima, F.P. & Hays, G.C. (2009)

Long-term GPS tracking of ocean sunfishMola mola offers a new direction in

fishmonitoring.PLoSONE, 4, 6.

Sims, D.W., Humphries, N.E., Bradford, R.W. & Bruce, B.D. (2012) Levy flight

and Brownian search patterns of a free-ranging predator reflect different prey

field characteristics. Journal of Animal Ecology, 81, 432–442.
Turchin, P. (1998) Quantitative Analysis of Movement: Measuring and Modeling

Population Redistribution in Plants and Animals. Sinauer Associates, Sunder-

land,MA.

Viswanathan, G.M., Raposo, E.P. & da Luz, M.G.E. (2008) L�evy flights and

superdiffusion in the context of biological encounters and random searches.

Physics of Life Reviews, 5, 133–150.
Viswanathan, G.M., Afanasyev, V., Buldyrev, S.V.,Murphy, E.J., Prince, P.A. &

Stanley, H.E. (1996) L�evy flight search patterns of wandering albatrosses.

Nature, 381, 413–415.
Viswanathan, G.M., Buldyrev, S.V., Havlin, S., da Luz,M.G.E., Raposo, E.P. &

Stanley, H.E. (1999) Optimizing the success of random searches. Nature, 401,

911–914.
Viswanathan, G.M., Bartumeus, F., Buldyrev, S.V., Catalan, J., Fulco,

U.L., Havlin, S. et al. (2002) L�evy flight random searches in biological

phenomena. Physica A: Statistical Mechanics and Its Applications, 314,

208–213.
Viswanathan, G.M., da Luz, M.G.E., Raposo, E.P. & Stanley, H. (2011) The

Physics of Foraging. CambridgeUniversity Press, NewYork.

Weimerskirch, H., Doncaster, C.P. & Cuenot-Chaillet, F. (1994) Pelagic seabirds

and the marine-environment – foraging patterns of wandering albatrosses in

relation to prey availability and distribution. Proceedings of the Royal Society

of London. Series B, Biological Sciences, 255, 91–97.
Weimerskirch, H., Gault, A. & Cherel, Y. (2005) Prey distribution and patchi-

ness: factors in foraging success and efficiency of wandering albatrosses.

Ecology, 86, 2611–2622.
Weimerskirch, H., Bonadonna, F., Bailleul, F., Mabille, G., Dell’Omo, G. &

Lipp,H.P. (2002)GPS tracking of foraging albatrosses. Science, 295, 1259.

Received 7May 2013; accepted 15 July 2013

Handling Editor: Robert Freckleton

Supporting Information

Additional Supporting Information may be found in the online version

of this article.

Appendix S1.Details of supporting simulations and analyses, support-

ing tables and figures.

© 2013 The Authors. Methods in Ecology and Evolution © 2013 British Ecological Society, Methods in Ecology and Evolution, 4, 930–938

938 N. E. Humphries, H. Weimerskirch & D. W. Sims


