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In this study, a method is proposed for estimating the uncertainty of a Lagrangian pathway calculated
from an undersampled ocean surface velocity ﬁeld. The primary motivation and application for this
method is the differentiation between active and passive movements for sea turtles whose trajectories
are observed with satellite telemetry. Synthetic trajectories are launched within a reconstructed surface
velocity ﬁeld and integrated forward in time to produce likely trajectories of an actual turtle or drifter.
Uncertainties in both the initial conditions at launch and the velocity ﬁeld along the trajectory are used
to yield an envelope of possible synthetic trajectories for each actual trajectory. The juxtaposition of the
actual trajectory with the resulting cloud of synthetic trajectories provides a means to distinguish
between active and passive movements of the turtle. The uncertainty estimates provided by this model
may lead to improvements in our understanding of where and when turtles are engaged in speciﬁc
behaviors (i.e. migration vs. foraging)—for which potential management efforts may vary accordingly.
& 2011 Elsevier Ltd. All rights reserved.

Keywords:
Marine megafauna pathways
Active & passive migration
Pathway uncertainty
Biologging
Sea turtles

1. Introduction
The development of long-term strategies for ocean ecosystem
management depends crucially on our understanding of the
migratory behavior of marine species. A series of recent studies
(Godley et al., 2008) have utilized electronic tracking information
to make inferences about foraging and migration habitats for a
variety of pelagic species, including sea turtles and other marine
megafauna. As marine spatial planning efforts evolve to address
protection of these species within distant high sea habitats
(Ardron et al., 2008; Game et al., 2009), our ability to accurately
record and interpret animal behaviors and movements will
become increasingly valuable.
In a study focused on sea turtle movement, Gaspar et al. (2006)
(hereafter G06) proposed a method for distinguishing a turtle’s
‘‘active’’ movement (due to deliberate organismal behavior) from
its ‘‘passive’’ movement (due to advection by the background ﬂow
ﬁeld). At each observed location along the track of a turtle, G06
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subtract the local ocean surface velocity from the turtle’s velocity,
with the former reconstructed from satellite observations of the
surface wind and ocean height ﬁelds and the latter from the
turtle’s position ﬁxes. These velocity anomalies are utilized to
calculate a ‘‘current-corrected’’ trajectory from which G06 derive
a variety of metrics indicating the extent of deliberate sea turtle
behavior, such as the straightness index (Benhamou, 2004). These
behavior metrics potentially indicate when a particular turtle is
foraging or when it is simply migrating. Aggregation of this
information for a number of turtles potentially aids the identiﬁcation of ocean hotspots for foraging.
Application of the G06 method to the daily ARGOS positions
of two (of 46) eastern Paciﬁc leatherback turtles tagged at
Playa Grande, Costa Rica during 2004–2007 (Bailey et al., 2008;
Shillinger et al., 2008, 2010), is illustrated in Fig. 1. A nine-monthlong turtle trajectory in the eastern Paciﬁc (red line in Fig. 1a) is
approximately coincident with its current-corrected trajectory
(green line), an indication of deliberate or active movement of the
turtle. Initially, the turtle moves southward and westward against
a weak prevailing eastward surface current (depicted by the blue
vectors). Though the surface currents switch from predominantly
northwestward to weakly eastward along the path of the turtle,
the turtle maintains a southerly track until it turns northward
near 271S. Overall, the turtle’s movement would be considered
active since the character of its trajectory in the absence of a
ﬂow ﬁeld is remarkably similar to its actual trajectory. This
characterization stands in contrast to the turtle movement shown
in Fig. 1b, where the actual trajectory (red line) is largely
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Fig. 1. Trajectories for (a) a sea turtle in the eastern equatorial Paciﬁc (252 days long), (b) a sea turtle in the central equatorial Paciﬁc (63 days long), and (c) a surface
drifter (196 days long). Observed trajectories are in red with instantaneous, local satellite-derived surface velocity denoted with blue quivers. Current-corrected
trajectories are green. The current-corrected trajectory results from integrating the series of velocities derived from subtracting the surface velocity (blue quiver) from the
velocity of the turtle or drifter. Black background vectors depict the average of the reconstructed velocity ﬁeld over the length of the trajectory.

divergent from the current-corrected trajectory (green line). The
turtle trajectory instead is generally aligned with the reconstructed surface currents, indicating turtle movement that is by
and large passive.
In the application of the G06 method, the mismatch between
the turtle’s velocity and the reconstructed surface velocity is
assumed to result from active turtle movement. However,
another source of mismatch stems from small, unresolved features in the satellite data sets used to reconstruct the surface
velocities. Motion at temporal and spatial scales smaller than the
spatiotemporal grid of the reconstructed velocity ﬁelds, such as
sub-mesoscale eddies, may introduce considerable uncertainty in
the determination of a current-corrected path. To make this point,
the G06 method is applied to the 196-day trajectory of a surface
drifter (from the Global Drifter Program) drogued at 40-m in the
equatorial Paciﬁc. Ideally, there would be no current-corrected
trajectory (green line) since the drifter is, by design, passive.
However, the presence of a current-corrected trajectory for this
passive drifter (green line in Fig. 1c) demonstrates the impact
of undersampling on our interpretation of current-corrected
trajectories. A trajectory calculated using an undersampled velocity ﬁeld could accumulate considerable error over its length,
diverging from an actual trajectory in weeks or even days. The
divergence could be entirely due to undersampling of the velocity
ﬁeld rather than any deliberate turtle movement. As such, the
interpretation of a current-corrected track, such as that depicted
in Fig. 1b, is problematic. Accounting for such uncertainty in
reconstructed trajectories will considerably aid efforts to realistically separate passive from active movement of marine megafauna. These distinctions could inﬂuence the siting of adaptive
temporal–spatial management efforts (i.e. time–area closures,
gear restrictions) within neritic and pelagic ocean habitats.
This study aims to distinguish active and passive behavior in
satellite-tracked turtle trajectories by taking into account the
uncertainty that arises from subgrid-scale motions not captured
in coarse satellite-derived measures of the ocean surface velocity.
We use a reconstruction of the ocean surface velocity composited

from estimates of geostrophic and Ekman velocities to produce
clouds of simulated passive trajectories that place bounds on the
expected movement of a passive turtle. If a turtle’s pathway is
within these bounds, we cannot make any determination as to
whether the turtle is passive or active. However, if the turtle
pathway is outside these expected bounds, its movement can be
considered deliberate. Since these bounds are dynamic in that
they change along the length of the trajectory, this method allows
for a determination of when and where an individual turtle
transitions between active and passive movements.

2. Methods
The central method developed in this study is for the production of a cloud of simulated passive tracks, termed ‘‘synthetic
trajectories’’. In this section, we describe how the surface velocity
ﬁeld is reconstructed from satellite data and then used to create
these synthetic trajectories. The method for incorporating uncertainty resulting from unresolved subgrid-scale motions in the
velocity ﬁeld is also described below.
2.1. Reconstruction of surface velocity ﬁelds
A local surface velocity in the area of either a passive drifter or
turtle trajectory is reconstructed from the sum of geostrophic and
Ekman velocities. The geostrophic velocity ﬁelds, produced from
altimeter-derived sea surface heights, are provided by AVISO
(http://www.aviso.oceanobs.com) on a spatial grid of 1/31,
sampled at weekly intervals. The Ekman velocity ﬁelds are
derived from QuikSCAT wind stress data using the Rio and
Hernandez (2003) (hereafter RH03) formulation:
!
u ¼ bt f 1=2 eiy

ð1Þ

where ue is the Ekman velocity vector, b is an empirical ‘‘amplitude
factor’’ estimated in Figure 8 of RH03 to be 0.005 m2 kg  1 s1/2
in the eastern tropical Paciﬁc (with a global range of 0.001–
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0.01 m2 kg  1 s1/2) , s is the wind stress vector (in the form sx þ isy),
f is the Coriolis parameter and y is an empirical parameter deﬁning
the relative direction between the surface velocity and wind stress
vectors. The QuikSCAT wind stress ﬁeld has a spatial resolution of
½1, sampled at daily intervals.
An important part of reconstructing Ekman velocities is
selecting an appropriate value for y. RH03 showed that y is
variable in both space and time, particularly in the equatorial
ocean (the location of the three trajectories shown in Fig. 1)
where wind stress signiﬁcantly determines surface velocities in
the absence of a strong geostrophic current.2 In the absence of an
empirical relationship for y that is temporally and spatially
variable, we opt to calibrate this parameter to 1201 for our study
region using the criterion that the calculated surface velocities
should optimally align with the passive drifter used here (see
Fig. 1c). RH03 ﬁnd y in the surface waters of the equatorial Paciﬁc
to be in the range 50–901. Their study notes that discrepancies
between studies are expected given the use of data over shorter
intervals and the interannual variability of wind forcing. Such a
discrepancy might also be explained by the fact that the passive
drifter was drogued at 40 m. As such, the clockwise rotation of the
Ekman velocity with depth and the calibration over a much
shorter time interval than RH03 likely explain why the drifter
trajectory is best captured with a value of 1201 for y. Though such
a simpliﬁcation does not yield perfect reconstructions of the
Ekman velocity from wind stress measurements, we are conﬁdent
that it is sufﬁcient for the purpose of producing upper limits on
the uncertainty of synthetic trajectories.
Synthetic trajectories are calculated within the surface velocity
ﬁeld by advecting a particle (that simulates either an observed
surface drifter or a turtle) forward from its initial position using
the simple product of the local instantaneous velocity and the
length of the time step, which is one day. Geostrophic and Ekman
velocities at a position between grid points are determined by
bilinear interpolation in space using Shepard’s (1968) method.
Daily geostrophic velocity is obtained by linearly interpolating
between the weekly geostrophic velocities. Temporal interpolation is not necessary for the Ekman velocity since the wind stress
is already sampled at daily intervals. The synthetic trajectory is
‘‘launched’’ in the velocity ﬁeld and then advected forward daily
using the sum of geostrophic and Ekman velocities.
2.2. Incorporating uncertainty in the synthetic trajectory calculation
Since satellite-derived velocity ﬁelds are not currently able to
resolve the characteristic length and time scales of mesoscale
eddies,3 the calculation of a synthetic trajectory must account for
uncertainty due to the lack of information on subgrid-scale motions.
This lack of information affects the calculation of the synthetic
trajectories in two ways: there is uncertainty regarding the initial
condition of the launch and there is uncertainty in the reconstructed
velocity ﬁeld that is integrated to produce the synthetic trajectory.
Each of these sources is discussed in turn in this section.
Measurement uncertainty in the initial position of a turtle is
dependent on the quality of the ARGOS ﬁx and is typically
anisotropic (Costa et al., 2010). Coupled with this uncertainty is
the fact that we do not know the surface velocity ﬁelds at the exact
time of the turtle’s launch. In fact, our knowledge of this velocity is
2
In the Paciﬁc, within ﬁve degrees of the equator and along the South
American coast, Ekman surface velocities may equal or exceed geostrophic
velocities by a factor of two. In the rest of the Paciﬁc Ocean, geostrophic velocities
will typically exceed Ekman velocities by up to 50% or up to a factor of ﬁve in the
vicinity of major surface currents.
3
Stammer (1997) analyzed climatologies of Topex/Poseidon data and found
eddies to have a spatial scale of 50–120 km and temporal scale of 1–6 days.
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limited by the coarsest spatial scale of ½1 (corresponding to the
QuikSCAT spatial grid) and the coarsest temporal scale of one week
(corresponding to the AVISO measurement interval). Thus, to
incorporate uncertainty in the initial condition due to subgrid
scale features in space and time, a grid box ½1 in diameter centered
at the initial position of the surface drifter or turtle is populated
with nine evenly spaced launch points, from which trajectories are
launched daily from three days before to three days after the initial
time. The result is a seven-day repeat launch of nine trajectories
from each initial position and is meant to represent the envelope of
possible initial conditions within the underresolved velocity ﬁeld.
These choices are made here to demonstrate this method and can
clearly be modiﬁed to weight the number of trajectory launches in
space and time and/or modiﬁed to include calculated errors in the
position ﬁxes. For instance, Bailey et al. (2008) detail a method for
ﬁnding the 95% error ellipse around the turtle position ﬁxes using a
state-space model that yielded mean uncertainties of 0.181 in
latitude and 0.211 in longitude.
Uncertainty of the reconstructed velocity ﬁeld along the drifter
or turtle pathway is quantiﬁed by ﬁnding the standard deviations
of both the Ekman and geostrophic velocities at each grid point
and each time interval. Standard deviations for the geostrophic
velocity ﬁeld (sampled weekly) were computed with data over a
two-month period centered on the time of interest. Standard
deviations for the Ekman velocity ﬁeld (sampled daily) were
computed with data over a two-month period centered on the
time of interest. Thus, each grid point in space and time has a
velocity ﬁeld with a measure of uncertainty.
The implicit assumption here is that the dominant error
results from coarse grid scaling of reconstructed velocity data
rather than measurement uncertainty in the data itself.
However, we do note that there is considerable altimetric
measurement error in the estimates of the geostrophic current
component. Section 3.2 also includes a discussion of the errors
resulting from the choice of a simple model for reconstructing
Ekman surface velocity. The uncertainty estimates utilized in this
study are upper limits meant primarily to capture unresolved
features in the velocity data in addition to measurement error.
Future reﬁnements to this method may include explicit measurement uncertainty into the along-track uncertainty measure.
As a synthetic trajectory is integrated forward in time, the
reconstructed velocity ﬁeld and its corresponding standard deviation ﬁeld are interpolated to the location of the synthetic
trajectory using the bilinear interpolation method mentioned in
Section 2.1. At each step in the integration, a random velocity
perturbation, produced using a Monte-Carlo approach, is added to
the observed interpolated velocity. Random velocity perturbations are drawn from a standard normal distribution scaled by the
local standard deviation of the velocity. Thus, the total velocity at
each time step is given by
! ! ! !
!
u ¼ u g þ u e þ s g X þ s eY

ð2Þ

where ug and ue are the geostrophic and Ekman velocities,
respectively, sg and se are the standard deviations of the
geostrophic and Ekman velocities, respectively, and X and Y are
the random variables drawn from a standard normal distribution
[X N(0,1); Y  N(0,1)].4 Repeated launches produce different
trajectories due to different ‘‘draws’’ from the velocity distributions. All synthetic trajectories are considered equally valid
4
Means of geostrophic and Ekman velocities almost always exceed their
respective standard deviations. Near the equator the means exceed standard
deviations by one–two orders of magnitude. The standard deviation of Ekman
velocities (as calculated above) exceeds that of geostrophic velocities by up to an
order of magnitude at the equator and near the Paciﬁc coast of South America.
Everywhere else, the standard deviation of geostrophic velocities is greater.
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possibilities for the ‘‘true’’ trajectory. A test for the optimal
number of trajectories necessary to accurately represent the
spread of uncertainty in space and time revealed that the
standard deviation of month-long synthetic trajectory locations
stops increasing after the trajectory cloud is populated with
1000 synthetic trajectories.
The use of initial launch envelopes and standard deviation as a
measure of subgrid-scale uncertainty owes heavily to the wellestablished literature on Lagrangian Stochastic Modeling. Paris
et al. (2005) utilized trajectory launch envelopes along with a
number of biophysical metrics to model larval transport pathways from Cuban Snapper spawning aggregations. The methodology of Ullman et al. (2006) is similar to this study, whereby
uncertainty is estimated using a Monte-Carlo approach with a
velocity random walk. Following the theoretical work of Griffa
(1996), Ullman et al. show that Eulerian standard deviation can be
used as an estimate of subgrid-scale turbulent processes in real
oceanographic applications.
2.3. Family of Linked Atlantic Model Experiments (FLAME)
Before applying the method described above to actual drifter
and sea turtle tracks, a proof-of-concept is provided with application to high-resolution model data. Velocity output from the
Family of Linked Atlantic Model Experiments (FLAME) (Biastoch
et al., 2008) was used to simulate synthetic trajectories for our
study. This model is run on a 1/121 spatial grid with half-hour
integrations to produce a velocity ﬁeld over the North Atlantic. The
surface velocity output, provided at the native spatial resolution (1/
121) in three-day snapshots, is used to create synthetic trajectories
from selected launch sites in the North Atlantic subtropical gyre.
The drifters are advected using the native spatial resolution and
hourly (linearly interpolated) time steps.

3. Results
3.1. Synthetic trajectories from FLAME output
To illustrate the impact of undersampled small-scale motions on
the reconstruction of a pathway, trajectories are calculated using
FLAME output at its native resolution (1/121) as well as the FLAME
output subsampled to 1/61, 1/31 and 11 resolutions. In other words,

FLAME model output is spatially subsampled to produce a series of
trajectories. Fig. 2a demonstrates the information loss that occurs as
a result of this subsampling. Predictably, eddies are poorly resolved
at lower resolutions and the Lagrangian trajectory computed from
subsampled ﬁelds signiﬁcantly diverges from the ‘‘real’’ trajectory
(black line) generated by velocity data at the native 1/121 resolution.
At resolutions of 1/61 (red line) and 1/31 (blue line), small-scale
features are sufﬁciently resolved such that the trajectories integrated with these lower resolution velocity ﬁelds are similar to the
native resolution trajectory. Nonetheless, even at these resolutions,
small differences with the native resolution will ultimately cause
trajectories to diverge, as exhibited in Fig. 2a, where the 1/61 and
1/31 trajectories loop clockwise near their termination, a feature not
exhibited by the ‘‘true’’ 1/121 trajectory.
Synthetic trajectories are produced from the model velocity
ﬁelds subsampled at 1/31 since that resolution closely resembles
the resolution of satellite-derived velocity ﬁelds. Following the
method for incorporating uncertainty described in Section 2.2, a
box 1/31 in diameter surrounding the initial launch location is
populated with launch points that are released one day before
and after the initial launch time of the deterministic trajectory.
The three-day launch window is consistent with the temporal
resolution of the FLAME model output. Standard deviations for
the velocity ﬁeld are produced at native resolution using a 45-day
moving boxcar window. The resulting ensemble or ‘‘spaghetti
plot’’ of synthetic trajectories (Fig. 2b) is superposed on the
divergence of the model velocity ﬁeld at day 112, when the
trajectories diverge. In the area of strong divergence (near the
center of the ﬁeld, colored red) small differences in trajectory
positions create sharply diverging pathways. Though such strong
local features preclude a faithful reconstruction of the path of a
surface drifter or turtle from a coarsely resolved velocity ﬁeld, we
note that over the ﬁrst several weeks of the integrations, the
reconstructed trajectories mimic the native resolution trajectory
to a fair degree. However, without information about the ‘‘true’’
trajectory, the full spread of ﬂoats must be considered as the
bounds of possible movement given the coarsely sampled ﬁelds.

3.2. Synthetic trajectories constructed from satellite data
Synthetic trajectories created for the passive drifter depicted
in Fig. 1c are shown in Fig. 3c, while those created for the turtles
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are shown in Fig. 3a and b. As shown in Fig. 3c, the observed
passive drifter buoy stays within the trajectory cloud for several
months, as expected. Additionally, 32 other passive drifter buoys
were tested over a wide range of ﬂow regimes throughout the
subtropical Paciﬁc and Atlantic. Over 90% of 896 observed drifter
track-days fell within two standard deviations of the centroid of
the synthetic trajectory cloud for one month after launch. In
contrast, the observed turtle tracks in Fig. 3a and b exit their
respective trajectory clouds in a matter of days. Once outside the
trajectory cloud, these turtle trajectories cannot be plausibly
explained by passive movement. Thus, we conclude that both
turtle tracks exhibit active locomotion. Though this is a conclusion we might have made before with a minimal knowledge of
the local surface velocity ﬁeld, the cloud of synthetic trajectories
provides a repeatable, rigorous method that can be applied for
any section of the trajectory at any time, given corresponding
satellite measurements of surface velocities.
One potential issue with the drifter and turtle trajectories chosen
for this study is their location near the equator where geostrophy
breaks down. This has been accounted for in the AVISO geostrophic
velocity product. For a complete explanation, the reader is referred to http://www.aviso.oceanobs.com/es/services/faq/index.html.
In the case of the trajectory in Fig. 3a, the sign of y is reversed
across the equator when reconstructing Ekman velocities with the
method described in Section 2.1. This follows from Figure 8 of RH03,
which shows how the sign of y changes across the equator while the
magnitude of y remains constant.
We note, however, that if our method was a completely
effective scheme for creating a spatial map of possible passive
trajectories, the observed passive drifter track in Fig. 3c would
remain at the centroid of the cloud indeﬁnitely. Though the
observed passive drifter remains inside the cloud for several
months, there is some drift from the center of the synthetic
trajectory cloud. Three explanations for the small systematic
directional offset of synthetic trajectory clouds from observed
drifter locations include a non-normal distribution of errors
resulting from subgrid-scale uncertainty, bias introduced by the
perturbations in initial position and time of trajectory launch and
movement of the passive drifter drogue with subsurface velocities
rather than the surface velocities reconstructed from satellite
measurements. The latter explanation also sheds light on another
potential source of uncertainty in observed turtle trajectories,
namely, their weak dependence on subsurface velocities during
turtle diving (Shillinger et al., 2011). Thus, the small divergence of

the centroid of the synthetic trajectory cloud from the observed
passive drifter over many months is likely due to the accumulation of errors over many time steps plus an imperfect ﬁt for the
parameters in the velocity reconstruction. As will be discussed
in the next section, the accumulation of this error can be avoided
by relaunching the synthetic trajectories at points along the
observed trajectory.
3.3. Daisy chain method
The method discussed above for incorporating uncertainty into
synthetic trajectories is based on a goal of projecting probable
trajectories given an initial position and information on the
surface velocity ﬁelds. However, this method does not utilize all
available information since daily position ﬁxes are available for
the turtles and six-hour position ﬁxes are available for the passive
drifter. Utilizing this available information, the synthetic trajectory cloud is reinitialized to the observed location periodically,
allowing a determination of whether a particular section of a
trajectory is active or passive. Such a technique will produce
a chain of trajectory clouds emanating from locations along the
observed track. We term this technique as ‘‘daisy chain’’ method.
This method is utilized to produce a set of trajectory clouds
(Fig. 4) for the three observed tracks in Figs. 1 and 3. Synthetic
trajectories are relaunched on discrete time intervals from a
launch box surrounding the observed position of the turtle. Thus
from each position at regular intervals, a set of synthetic trajectories is produced. Rather than plotting all possible trajectories
that emanate from each of these positions, contours encircling
50% (inner contour) and 95% (outer contour) of the ﬁnal positions
of the synthetic trajectories are plotted. These contours are color
coded to match the observed position of the turtle or drifter at the
end of the time interval. In other words, if a turtle’s movement is
passive, its observed position is expected to fall with the same
colored contours marking the uncertainty limits. If the turtle’s
observed position falls outside these uncertainty limits, its motion
can be assumed to be active.
In order to allow enough time between reinitializations of the
trajectory cloud for a drifter or turtle to exit the populated box of
initial trajectory positions, we have chosen to display daisy-chain
ﬁgures with ten-day relaunches. Relaunch intervals are clearly a
choice and should be guided by the speed of the drifter or turtle
relative to the background noise of the velocity ﬁeld and by the
time scale of interest for different research questions. In the
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interpretation of the plots in Fig. 4, each set of colored contours
encloses the possible ﬁnal positions of a passive drifter ten days
from an observed location. The dot with the same color represents
the observed location of the turtle (or actual drifter) 10 days from
the prior set of colored contours.
The daisy chain technique may be tuned with two parameters:
the time interval between relaunches and the length of time each
ensemble of synthetic trajectories is simulated. Each parameter
may be chosen to reﬂect the goals of a particular study. The
highest-resolution limiting case is launching a daisy chain at
every known turtle position and simulating trajectories until the
95% contour interval around the trajectory ensemble’s endpoints
is beyond the downstream turtle positions. This limiting case is
very similar to the calculation of Finite Scale Lyaponov Exponents
(FSLEs) along the turtle track, a recently developed Lagrangian
analysis technique that has been proven to work well when
comparing drifter tracks to velocity ﬁelds (Haza et al., 2007).
Based on numerous trials with different launch intervals, we
believe that our results are not especially sensitive to our choice
of either the daisy chain reinitiation time or the length of time
each daisy chain is simulated. Although an FSLE analysis of turtle
tracks is beyond the scope of this paper, it is a natural extension
of the daisy chain technique proposed here.
An examination of the passive drifter’s trajectory (Fig. 4c)
shows that with ten-day re-launches, the observed position of the
passive trajectory almost always (with one exception on day 161)
falls within the 95% contour of the synthetic trajectory cloud. This
is the expected result, since the passive drifter’s movement
should be explained by the satellite velocity data and incorporated uncertainty. Additionally, we note that this result is
expected given the calibration of y to yield correspondence
between the observed drifter trajectory and the cloud of synthetic
trajectories, as discussed in Section 2.1.
The application of the daisy chain method to the turtle
trajectory in Fig. 1a is illustrated in Fig. 4a. In this plot the
95% contour for the synthetic trajectories never aligns with
the actual position of the turtle after ten days, indicating that
the turtle’s movement is not explained by the surface velocity
ﬁeld or its uncertainty during any ten-day interval of the track.

Our conclusion is that this turtle exhibits active movement
throughout the entire nine-month section of track trajectory
displayed here.
Fig. 4a and c demonstrates that the daisy chain method
provides results consistent with what would be expected given
our previous knowledge of those two tracks. However, Fig. 4b,
which shows the application of the daisy chain method to the
trajectory in Fig. 1b, illustrates the advantage of this method over
that illustrated in Fig. 3 where only information of the initial
position was used. In Fig. 4b, there are sections of the track in
which the synthetic trajectories correctly predict the position of
the sea turtle (when the sea turtle position lies within the
corresponding contour) and others when they do not. If the
observed location falls within the 95% contour of synthetic
trajectory positions (days 46–55), the null hypothesis is not
rejected and the turtle’s position can be explained by passive
advection by surface currents. However, in the alternative scenario (days 1–45 and 56–66) the turtle exhibits movement not
explained by the synthetic trajectories (to a 95% conﬁdence) and
is likely exhibiting active movement. Having some knowledge
about the dynamics of this region, it is possible to conclude that
the turtle is actively swimming most of the time, but when it
enters the South Paciﬁc Equatorial Current its movement is small
compared to the passive transport being provided by the strong
surface current.

4. Summary
The daisy chain maps developed in the last section offer a
signiﬁcant improvement over the full trajectory clouds (Fig. 3) for
displaying the actual location of an observed trajectory relative to
the envelope of possible locations for completely passive movement. As demonstrated above, these maps provide an operational
method for evaluating segments of observed trajectories and
determining the extent to which they display active or passive
movement. The method described here is intended to be a
starting point for any number of improvements. As mentioned
above, there are known errors in the ARGOS satellite locations for
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the turtles (Costa et al., 2010). A future development for our
method would be to explicitly account for these position uncertainties using the uncertainties determined from the application
of a state-space model (Jonsen et al., 2005; Bailey et al., 2008).
However, continued development of more accurate tracking
technology, such as Fastloc GPS tags (Rutz and Hays, 2009), will
further improve our ability to determine animal locations and
reduce the need for state-space estimates. Additionally, an
important improvement would be to account for the uncertainty
in the parameters of b and y, as well as allow for the spatial and
temporal variability of these parameters. The method developed
here also involved choices that are clearly user-dependent or
study-dependent. For example, the appropriate amount of time
between relaunches of synthetic trajectories may depend entirely
on the objectives of a speciﬁc study. The number of launches can
also be varied, as can the temporal and spatial windows over
which the launches are made.
The method proposed here is potentially useful for estimating
high foraging success. However, it is just one of a suite of
complimentary metrics of animal behavior that can be used in
combination to identify foraging hotspots. In addition to those
metrics mentioned in G06, Jonsen et al. (2007) and Fossette et al.
(2010) have utilized data on diving behavior to independently
verify patterns of foraging by leatherback turtles. Our method also
has applications for assessing the extent of animal swimming,
which may be important in determining the underlying navigational cues used in long-distance migration (Papi et al., 2000).
Finally, the method developed here for incorporating uncertainty in the velocity ﬁeld used for the reconstruction of sea turtle
pathways can be applied to a wide variety of other problems, such
as pollution dispersal in the atmosphere or ocean and the
optimization of search-and-rescue operations. Repurposing this
method for such a variety of applications requires knowledge of
the velocity ﬁeld and a measure of its uncertainty in space and
time.
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