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Abstract. A major challenge for cleanup operations in the Great Pacific Garbage Patch is the daily prediction of plastic con-

centrations that allows to identify hotspots of marine debris. Lagrangian simulations of large particle ensembles are the method

in use and effectively reproduce observed particle distributions at synoptic scales O(1000km)
:::::::::::
O(1000 km). However, they lose

accuracy at operational scales O(1− 10km)
::::::::::::
O(1− 10 km) and operators regularly experience differences between predicted

and encountered debris accumulations within the garbage patch. Instead of asking Where do objects go as they follow the cur-5

rent? as in Lagrangian methods, we here take a different approach and question Which locations attract material?. The recently

developed concept of Transient Attracting Profiles (TRAPs) provides answers to this since it allows to detect the most attractive

::::::
because

::
it
::::::::
uncovers

:::
the

::::
most

:::::::::
attracting regions of the flow. TRAPs are the attractive

::::::::
attracting form of hyperbolic Objective

Eulerian Coherent Structures and can be computed
:::
are

:::::::::
computable

:
from the instantaneous strain field on the ocean surface.

They describe flow features that
::::
which

:
attract drifting objects and could facilitate offshore cleanups which

:::
that are currently10

taking place in the Great Pacific Garbage Patch. However, the concept remains unapplied since little is known about the persis-

tence and attractive properties
::::::::
attraction

:
of these featuresin ,

::::::::::
specifically

:::::
within

:
the Pacific. Therefore, we compute a 20-years

::::::
20-year

:
dataset of daily TRAP detections from satellite-derived mesoscale velocities within the North Pacific subtropical gyre.

We are the first to track these instantaneous flow features as they propagate through space and time. This
:
It allows us to study

the life cycle of TRAPs,
:

which can range from days to seasons and on average lasts for Λ≈ (6± 12) days
:::
lasts

:::
an

:::::::
average

::
of15

::
six

:::::
days. We show how long-living TRAPs with lifetimes of Λ> 30 days

::::::
beyond

:::
30

::::
days intensify and weaken over their life

cycleand ,
::::
and

:::
we demonstrate that the evolution stage of TRAPs affects the motion of nearby surface drifters. Our findings

indicate that,
::
at

:::
the

:::::::::
mesoscale,

:
operators in the Great Pacific Garbage Patch should search for long-living TRAPs that are at an

advanced stage of their life cycle. These TRAPs are
:::
the most likely to induce

:
a large-scale confluence of drifting objects and

their streamlining into hyperbolic pathways. Such a streamlined bypass takeson average φ≈ (5.3± 3.8) days and could be20

exploited ,
:::
on

:::::::
average,

:::
five

::::
days

::::
and

::::::
creates

::
an

::::::::::
opportunity to filter the flow around TRAPs. But we also find TRAPs that retain

material over multiple weeks where we suspect material clustering at the submesoscale, prospective .
::::::::::

Prospective
:

research

could investigate this with soon available
::::::
further

::
by

::::::::
applying

:::
our

:::::::::
algorithms

::
to

::::::::::::
soon-available

:
high-resolution observations of

the flow. Eventually, our research may also benefit other challenges that are related to the search at sea
:::
Our

:::::::
analysis

::::::::::
contributes

::
to

:
a
:::::
better

::::::::::::
understanding

:::
of

::::::
TRAPs

::::
and

:::
can

::::::
benefit

:::::
even

::::
more

::::::::
offshore

:::::::::
operations, such as optimal drifter deployment, the25

identification of foraging hotspots
::
oil

::::
spill

::::::::::
containment

:
or humanitarian search and rescue.
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Short summary

TRansient Attracting Profiles (TRAPs) indicate the most attractive
:::::::
attracting

:
regions of the flow and have the potential to

facilitate offshore cleanup operations in the Great Pacific Garbage Patch. We study the characteristics of TRAPs and the30

prospects for predicting debris transport from a mesoscale permitting dataset. Our findings provide an advanced understanding

of TRAPs in this particular
::::::
specific

:
region and demonstrate the importance of TRAP lifetime estimations to an operational

application. Our algorithm to track TRAPs
::::::
TRAPs

:::::::
tracking

::::::::
algorithm

:
complements the recently published TRAPs concept

and prepares its use with high-resolution observations from the SWOT mission. Our findings may also benefit research in other

fields like e.g. optimal drifter deployment, sargassum removal, the identification of foraging hotspots
::
oil

::::
spill

::::::::::
containment

:
or35

search and rescue.
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1 Introduction

The horizontal long-term flow at the ocean surface is understood as
:
to
:::
be the main forcing that transports floating material over

large distances (van Sebille et al., 2020) and can be well-described by the combination of geostrophic and Ekman currents

(Röhrs et al., 2021). Floating marine debris follows the large-scale convergence within each of the five subtropical gyres and40

forms basin-scale accumulation zones (van Sebille et al., 2020) which
:::
that exhibit elevated levels of plastic concentration.

In this context, the North Pacific subtropical gyre isto date ,
::
to
:::::

date,
:
the area of highest scientific and public concern. First

initiatives to clean up ocean plastic pollution at global scale are taking place in this particular gyre (Slat, 2022)
:
, and a variety

of experiments has been dedicated to estimating the limits of this accumulation zone
:
, which is colloquially termed the Great

Pacific Garbage Patch (Onink et al., 2019; Lebreton et al., 2018; Law et al., 2014). Figure 1 highlights this large-scale conver-45

gence zone and the horizontal long-term flow at the surface of the northeast Pacific ocean
::::::
Ocean.

Figure 1. Mean circulation and EKE in the eastern North Pacific. Quivers
:::::
Vectors

:
indicate the direction and magnitude of 20-years

::::::
20-year

average near-surface geostrophic + Ekman current velocities for the period 2000-2019 (CMEMS, 2022a). Arrow size scales with increasing

velocity magnitude, the
:
.
:::
The red box defines our study domain and highlights the area of large-scale convergence due to Ekman transport. In

this region,
::
The

:::::::::
boundaries

:::::::::
approximate

:::
the

:::::::
estimated

:::::
limits

::
of the Great Pacific Garbage Patch is expected to be located (Law et al., 2014;

Lebreton et al., 2018; Onink et al., 2019). The ocean surface is coloured by the magnitude of eddy kinetic energy (EKE) w.r.t. to the same

period, derived from geostrophic currents only (CMEMS, 2022b).

A constant challenge for cleanup operations in this region is to predict day to day
::::::::
day-to-day

:
variabilities of plastic concentrations

and with this
:::::::::::
concentration

::::
and

::
to identify hotspots of marine debris. The common method is to release large ensembles of

virtual particles at the ocean surface and to derive their trajectories and distribution as they follow the time-evolving surface50

flow (van Sebille et al., 2018; van Sebille et al., 2020; Duran et al., 2021). Measurements from altimetry or estimations from
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numerical ocean models typically provide the velocity fields that drive these Lagrangian particle simulations
:
, which eventually

allow to derive particle concentrations at the ocean surface. At synoptic scales O(1000km)
::::::::::
O(1000 km), Lagrangian simula-

tions succeed in predicting the limits of the Great Pacific Garbage Patch (Onink et al., 2019; Lebreton et al., 2018; Law et al.,

2014). However, within the garbage patch and at operational scales O(1− 10km)
::::::::::::
O(1− 10 km), The Ocean Cleanup reports55

that Lagrangian simulations often fail in accurately predicting the particle distributions they observe at sea. This deficiency can

be a consequence of
::::
may

:::::
result

::::
from

:
the combination of Lagrangian methods with submesoscale velocity estimations from

numerical models. At operational scales and within this region, numerical models currently represent the only source for now-

and forecast estimations of the surface flow, but these simulations can only approximate the true dynamics at sea. On the other

hand, Lagrangian simulations can produce significant trajectory errors if the underlying velocity data or the trajectory modeling60

itself are
::::::::
modelling

::::
itself

::
is
:
missing important physicsand errors ,

::::::::::
specifically

:::::::
because

:::::
errors

::::
can accumulate quickly during

the integration process (Duran et al., 2021)
:::::::::::::::::::::::::::::::
(Duran et al., 2021; Serra et al., 2020).

Instead of asking Where do objects go as they follow the current? as in Lagrangian methods, we here take a fundamentally

different approach and question Which locations attract material?. The recently published concept of Transient Attracting65

Profiles (TRAPs, Serra et al. (2020)) provides answers to this since it allows to detect the most attractive
:::::::
attracting

:
regions

of the flow. TRAPs are the attractive
:::::::
attracting

:
form of hyperbolic Objective Eulerian Coherent Structures (OECSs, Serra and

Haller (2016)) and can be computed
:::
are

::::::::::
computable from the symmetric part of the velocity gradient. They indicate regions of

maximal compression and stretching on the ocean surface which are expected to
:::
that translate into the attraction and hyperbolic

transport of nearby floating objects.70

Serra et al. (2020) and Duran et al. (2021) provide experiments that show the capability of TRAPs to attract drifting objects.

They demonstrate how TRAPs uncover
:::
the stretching of tracer patterns that is hidden to

::::::
remains

:::::::::
undetected

:::
by

:
conventional

diagnostics like streamlines or divergence. Their experiments also indicate that TRAPs are insensitive to the shape, submer-

gence level, release time and release position of drifting objects. These parameters are generally uncertain in applications75

but must be considered in Lagrangian simulations. Moreover, Serra and Haller (2016), Serra et al. (2020) and Duran et al.

(2021) argue that TRAPs are more robust to moderate errors in the underlying velocity field while trajectory-based methods

are sensitively dependent to inevitable errors
::::::::
susceptible

::
to
:::::
error

:::::::::::
accumulation

::::::
during

:::
the

:::::::
velocity

:::::::::
integration, see Table B1 for

more benefits
:::::
details

:::
and

:::::::
benefits

::
of

:::
the

:::::::
TRAPs

::::::
method.

80

So
:
, it stands to reason that TRAPs could facilitate offshore cleanups which

:::
that

:
are currently taking place in the Great Pa-

cific Garbage Patch. However, the concept remains unapplied since the persistence and attractive properties of TRAPs have

not been characterised in this particular region. Therefore, we create a 20-years
::::::
20-year

:
dataset of daily TRAP detections and

study these features within the North Pacific subtropical gyre.

85
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We compute TRAPs from near-surface geostrophic + Ekman current velocities since geostrophic velocity from altimetry

is the only large-scale observation that resolves �ow features at the mesoscale (Abernathey and Haller, 2018). Many studies

have established that altimetry-derived velocity products are accurate for Lagrangian transport applications, seee.g.Sect. 3.1.3

of Duran et al. (2021) and references therein. Moreover,the contributionswe make
:::
our

:::::::
methods

:
can be applied to higher-

resolution observations thatsoonwill
::::
will

::::
soon be available from the SWOT mission (International Altimetry Team, 2021).90

Since altimetrycanbeseenasa�lter for
:::
acts

:::
like

::
a

::::
�lter

::
on

:
the ocean circulation thatseperates

:::::::
separates

:
out all small-scale,

short-term features of the �ow, our studyis naturallyembeddedin
::::
will

::::
focus

:::
on the low-frequency circulation.This motivates

usto
:::::::::
Therefore,

:::
we

:::
will

:
locate TRAPs within the mesoscale eddy �eld by comparing our dataset to corresponding records of

mesoscale eddy detections. We investigate how these coherent structures relate in order to advance our understanding of strain95

between eddies andhow it canbeutilisedto predictdebristransport
::
its

:::::::
potential

:::
for

:::
the

:::::::::
prediction

::
of

:::::
debris

::::::::
transport.

:::::::::::::::
Serra et al. (2020)

::::::
mention

::::
that

:::::::
TRAPs

::::::::::
"necessarily

::::::
persist

::::
over

::::
short

::::::
times"

::::
with

::::::::
examples

::
of

:::::::
TRAPs

:::::::
existing

:::
for

::::::
several

::::
hours

::::
and

::::::::
attracting

::::::
nearby

::::::
objects

:::::
within

::::
two

::
to

::::
three

::::::
hours.

:::::
These

::::
time

:::::
scales

:::
for

:::::::::
persistence

::::
and

::::::
impact

:::::
derive

::::
from

:::::::
TRAPs

::::::::
computed

:::::
upon

:::::::::::
submesoscale

::::::::
velocity

:::::
�elds

::::
with

::
a

::::
high

:::::::::::
tempo-spatial

::::::::::
resolution.

::::::::
However,

:::
the

:::::::
concept

::
is

:::::::::::::
scale-invariant100

:::
and

:::
can

:::
be

::::::
applied

:::
to

:::::::
velocity

::::
data

::
of

::::
any

:::::::::
resolution.

::::::
TRAP

::::::::::::
characteristics

::::
will

::::::
depend

:::
on

:::
the

:::::::
velocity

::::
data

::::
used

:::
for

:::::
their

::::::::::
computation,

::::
and

:::
the

:::::::
lifetime

:::
and

::::::
impact

:::
of

::::::
TRAPs

::::
will

::
be

:::::::
relative

::
to

:::
the

::::
time

:::::
scales

:::
of

:::
the

::::::
oceanic

:::::::::
structures

:::
that

::::
give

::::
rise

::
to

:::
the

:::::::::::::
hyperbolic-type

:::::::::
Lagrangian

::::::
motion

::::
that

::::::
TRAPs

:::::::
identify.

::::
For

:::
this

::::::
reason,

:::::::::::::::::
Duran et al. (2021)

:::
�nd

::::::::
persistent

::::::
TRAPs

::::
that

::::::
predict

:::::::
transport

:::::::
patterns

::::
eight

:::::
days

::
in

:::::::
advance.

:::::
They

:::::::
compute

::::::
TRAPs

:::::
from

::::::::
mesoscale

:::::::
surface

::::::::
velocities

::::
with

::::
daily

:::::::::
frequency

:::
and

:::::::::::
consequently

:::::
study

:::::
these

::::::::
structures

::
at

:::::
larger

::::::
scales

::::
than

:::::::::::::::
Serra et al. (2020).

:::::
With

:::
our

::::::
choice

::
of

::::::::
altimetry

::::
data,

:::
we

::::::
follow105

::::::::::::::::
Duran et al. (2021)

:::
and

:::::
expect

:::::::::
mesoscale

:::::::
TRAPs

::
to

::::
exist

::::
and

::::::
impact

:::
on

::::
time

:::::
scales

::::::::::
comparable

:::
to

::::
those

:::
of

:::::::::
mesoscale

::::
�ow

:::::::
features.

::::::
Indeed,

:::::
some

::::::::
examples

::::
from

::::::::
altimetry

::::
data

::
in

::::::::::::::::::::
Serra and Haller (2016)

::::
show

::::
that

:::::::
different

:::::
types

::
of

:::::::
OECSs,

::::::::
including

::
the

::::::::
attracting

::::::::::
hyperbolic

:::
type

:::::::
studied

::::
here,

:::
can

::::
last

:::
for

::
at

::::
least

:::
six

::::
days.

TRAPs that persist over several days will then highlight permanentfeaturesof the �ow
::::
�ow

::::::
features

:
where we might �nd110

large-scale con�uence of material.Thedetectionof
::::::::
Therefore,

::::::::::
identifying persistent TRAPs canthereforehelp to point cleanup

operations in the right direction,
:
which motivates us to design a tracking algorithm that follows TRAPs through space and time.

We are the �rst to track these Eulerian �ow features,to determine their lifetimes andto describe their propagation through the

domain. We further combine these�ndings
::::::
methods

:
with observations of surface drifters to investigate the TRAP properties

thatarerelevant for an offshore cleanup in the Great Paci�c Garbage Patch.But
:::::::::
Eventually, the �ndings we makealsohave115

the potential to facilitate
::::
even

::::
more

:
maritime search operations

:::
that

:::
are

:::::
taking

:::::
place

:
in other contexts and regions.

The paper is organised as follows. In Section 2
:
, we review the theoretical aspects of Transient Attracting Pro�les, outline the

design of the experiment and go through the methods we useto give a comprehensive
::
for

::::
our analysis of mesoscale TRAPs.

Section 3 presentsthe resultsof our analysis
::
our

::::::
results

:
in four parts - the spatial distribution of TRAPs, their life cycle and120

6



propagation, vorticity patterns around TRAPs and the impact of TRAPs on nearby drifters. In Section 4
:
,
:
we discuss our �nd-

ings and the directions they offer for future research.

7



2 Methodology

2.1 Transient Attracting Pro�les125

Serra et al. (2020) derive TRAPs from the instantaneous strain �eldof
::
on

:
the ocean surface using snapshots of the two-

dimensional surface velocity �eldu (x ; t),
::::
with

::
u

:::::
being

:::::::::
dependent

::
on

:::::::
position

::
x

:::
and

::::
time

:
t. The symmetric part of the velocity

gradient represents the time-dependent strain tensorS(x ; t) = 1
2 (r u (x ; t) + [ r u (x ; t)]> ) with eigenvalues

::
the

::::::::::
eigenvalue

::::
�elds

:::::::
si (x ; t)

:::
and

::::::::::
eigenvector

:::::
�elds

:::::::
ei (x ; t).

::
S,

:
si andeigenvectorsei . We

:::::
denote

:::
the

:::::::::
respective

::::::::
quantities

::
at

:
a
:::::
�xed

:::::::
position

::
x 0::::

and
::::
time

::
t0 :::

and
:::
we apply the notation for the diagonal form ofS(x ; t)

::
S from Serra and Haller (2016):130

Sei = si ei ; jei j = 1 ; i = 1 ;2; s1 � s2; e2 = R e1; R :=

0

@0 � 1

1 0

1

A (1)

The deformation of any �uid's surface elementA is determined by the
::::
local strain ratessi :

, which specify the rates of stretching

(si > 0) or compression(si < 0) of A along the principle axes indicated by the
:::
local

:
eigenvectorsei , see(Olbers et al., 2012)

::::::::::::::::
Olbers et al. (2012) for details. Due to

::
the

::::::::
condition

:
s1 � s2,

::
the

::::
local

::::::::::
eigenvector

:
e1 -linesdescribelinesof minimal

::::::::
identi�es

::
the

::::::::
direction

:::
of

::::::::::
compression

:
ande2 -lines lines of maximal

::
the

::::::::
direction

::
of

:
stretching for a non-uniform deformation

::::
with135

:::::
s1 < 0

::::
and

::::::
s2 > 0. The compression and stretching of surface elementstranslates

:::::::
translate

:
into the attraction and repulsion

of materialand negative.
::::::::

Negative
:
local minima ofs1(x ; t) therefore

:::::::
s1(x ; t0)

::
at

::::::::
snapshot

::::
time

::
t0:::::

then describe the most

attractive
::::::::
attracting regions of the �ow, maximising attraction normal toe2 ::

at
:::
the

:::::::::
respective

:::::::
position. For incompressible

conditions,s1 = � s2 further holds and local minima ofs1 :::::::
s1(x ; t0)

:
simultaneously indicate local maxima ofs2, so that the

::::::::
s2(x ; t0).

:::
The

:
strongest attraction and strongest repulsion then occur at the same position and in orthogonal directions.140

TRAPsrepresente2-linesstarting
::::::
indicate

:::
the

:::::
most

::::::::
attracting

::::::
regions

:::
of

:::
the

::::
�ow

::
as

::::
they

::::
start

:
at negative local minima of

thes1 :::::::
s1(x ; t0)

:
strain �eld and extenduntil

::::::
tangent

::
to

:::
the

::::
local

::::::::::
eigenvectors

:::
e2 ::::

until
:::
the

:::::
strain

:::
rate

:
s1 along thee2-line

::::::
tangent

ceases to be monotonically increasing. Consequently, TRAPs contain one minimum value ofs1::::::::s1(x ; t0), i.e. the point of

strongest attraction perpendicular towards the TRAP. The position of thisminimumvalue
::::
local

::::::::
minimum is called the TRAP145

core
:
,
:
which represents an objective saddle-type stagnation point of the unsteady �ow (Serra and Haller, 2016).The TRAP

itself, asit is ateverypoint tangent
::
A

:::::
TRAP

::::::::
describes

:::
the

::::::::
direction

::
of

:::::::
maximal

:::::::::
stretching

::::::
because

::
it

::
is

::::::
tangent

::
at

::::
each

:::::
point to

the uniteigenvector
::::::::::
eigenvectors

:
e2describesthedirectionof maximumstretchingandwill ,

::::
and in the followingalso,

::
it

::::
will

be referred to as
:
a
:
TRAPcurve.

150

Figure 2shows
::::::
presents

:
an example of a Transient Attracting Pro�le. The TRAP is displayed as a red curve with the TRAP

core as
:
a

:
red dot in the middle. The imagedisplays

:::::
shows this structure upon a colourmap of the underlyings1 strain�eldas

well asvelocity quivers
:::::::
s1(x ; t0)

:::::
strain

::::
�eld,

::::::::::::
superimposed

:::
by

:::::::
velocity

::::::
vectors

::
of

:::
the

:::::::::::
surrounding

::::
�ow,

:::
all derived from the

same snapshot of surface geostrophic + Ekman current velocity
::
at

::::
time

::
t0. The TRAP coreis positionedin

::::::::
coincides

::::
with the

point of highest attraction, i.e. a negative local minimum of thes1 :::::::
s1(x ; t0) �eld, and the velocityvectorsindicatethe �ow155
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aroundtheTRAP,i.e.
:::::::
indicates water motion normal towards the TRAP and subsequent transport to both ends of the structure.

The �gure also displays the positions of this TRAP after 10 and 20 days.

Figure 2. Example Transient Attracting Pro�le. The red structure represents one TRAP from our20-years
:::::
20-year

:
record of daily TRAPs,

computed from snapshots of surface geostrophic + Ekman current velocity (CMEMS, 2022a). The red dot in the middle indicates the TRAP

core, the red line
::::::::
represents the TRAP curve.Quivers

::::::
Vectors illustrate the

:::::::::
surrounding �owaroundthestructureand the colourmap indicates

thes1 ::::::
s1(x ; t0)

:
strain �eld,

:
derived from the same velocity snapshot

:
at

::::
time

::
t0 . The geometries in salmon colour indicate,

:
with increasing

transparency
:
, the position of the same TRAP after 10 and 20 days.

2.2 TRAPs computation

Serra et al. (2020) have published a programme to compute TRAPs from two-dimensional snapshots ofa
::
an Eulerian velocity160

�eld u (x ; t) (Serra, 2020), see Table B2 for details of the algorithm and Kunz (2024a), Kunz (2024b) for our post-processing

of the output. Weset
:::::::
truncate

::::::
TRAP

:::::
curves

::::::::
wherever

:::
the

::::::::
attraction

::::
rate

:::::
along

:::
the

:::::
curve

::::
falls

:::::
below

:::
30

::
%

:::
of

:::
the

::::::::
attraction

::
at

::
the

:::::::::
respective

::::
core.

::::
This

::::::
cutoff

:::::::
criterion

:::::
makes

:::::
sense

:::::::::
physically

:::::::
because

:::
the

::::::::
attraction

::
of

::::::
nearby

::::::
parcels

:::::::
becomes

:::::::::
negligible

::
as

:::::::
distance

:::::::
increases

:::::
away

::::
from

:::
the

:::::
core.

:::::::
Without

:::::
cutoff,

:::::::
TRAPs

:::
can

:::::::
become

:::::::::
inde�nitely

::::
long

::::
and

:::::
merge

::::
with

::::::
nearby

:::::::::
structures,

:::::
which

:::::
makes

:::::
them

::::
hard

::
to

::::::::::
distinguish.

::::
Their

::::::::::
converging

::::
ends

::::
then

:::
put

:::::
wrong

::::::::
emphasis

:::
on

::::::
regions

:::::::
between

::::::
TRAP

::::
cores

::::::
where165

::
the

:::::::::
attraction

:::
rate

::
is

::::::::::
comparably

::::
low,

:::
see

::::
Fig.

::
S1

::
in

:::
the

:::::::::::::
Supplementary

:::::::
Material

:::
for

:::::::
details.

::
In

:::::::
addition,

:::
we

:::::
limit TRAPs to a

maximal arclength of 1°to representa reasonablelengthscalefor the regionsbetweenmesoscaleeddiesthat is at the same

timerepresentativefor cleanupoperations
::::
since

::::::
TRAP

::::::
lengths

:::
are

::
of

:::::
minor

::::::::::
importance

::
to

:::
our

:::::::
analysis

:::
and

:::::::
because

::
the

::::::::
statistics

:::
will

::::
refer

::
to

:::
the

:::::::
position

::::
and

::::::::
attraction

::
of

:::
the

::::::
TRAP

::::
core.

::::
This

::::::
choice

::::
does

:::
not

:::::
affect

:::
our

:::::
main

:::::::::
diagnostics

:::
but

::
is

:::::::
optional

::::
and

:::
can

::
be

:::::::::
neglected

::
in

:::::
future

:::::::
studies. We call the points that discretise the TRAP curvecurve pointsandthe programme,

::::
and170

::
the

:::::::::
algorithm gives the positions of all curve points and corresponding TRAP cores in the domain. Itfurther

:::
also

:
outputs the

9



normal attraction rates1 at every TRAP core, which we namecore attraction. We set the boundaries of our study domain

to [22.5° N, 42.5° N] inlatitudes
::::::
latitude

:
and [-160° E, -125° E] inlongitudes

:::::::
longitude

:
and compute TRAPs within this

domain. We choose these limits, highlighted by the red box in Fig. 1,in orderto enclose the North Paci�c accumulation zone

between Hawaii and California as de�ned by Onink et al. (2019). These boundaries also warrant no intersection with any175

land mass. We compute TRAPs from daily snapshots of near-surface geostrophic + Ekman currents and therefore extract the

velocity �elds uo andvo from the productGlobal Total Surface and 15m Current (COPERNICUS-GLOBCURRENT) from

Altimetric Geostrophic Current and Modeled Ekman Current Reprocessingthat is provided by the E.U. Copernicus Marine

Service (CMEMS, 2022a). The velocity �elds are available at three-hourly instantaneous time steps, from which we select data

at UTC midnight to sample snapshots with a daily frequency.Velocity �elds areprovidedon a
:::
The latitude-longitude grid of180

::
the

:::::::
velocity

::::
�eld

::::
has

:
a

::::::::
resolution

:::
of 0.25°resolution.

2.3 Tracking Algorithm
::::::::
algorithm

Our tracking algorithm runs on the full TRAPs record and �nds spatially proximate detections at consecutive timestamps
:
,

which can be identi�ed as one single feature of the �ow. The only free parameter� de�nes the size of the search area around185

a current
::::
given TRAP to look for a detection in thenextsnapshotandis set

::::::::
following

::::::::
snapshot,

::::
and

::
we

:::
set

::
it to � = 0 :25� , see

Kunz (2024a)for moredetails
:
.

:::
For

:
a
::::::
higher

:::::
value,

:::
the

::::::::
algorithm

::::::
creates

::::::::
"jumps"

::::
from

:
a
::::::
current

:::
to

::
an

::::::::::::
unrealistically

::
far

::::::
future

:::::
TRAP

::::::::
detection

::::
and

:::::::::::
overestimates

::::::::
trajectory

:::::::
lengths,

::::
see

::::
Sect.

:::
S2

::
in

:::
the

:::::::::::::
Supplementary

:::::::
Material

:::
for

::
a

:::::::
detailed

::::::::::
explanation

:::
and

:::::::::
motivation

:::
for

:::
this

::::::
choice. The algorithm assigns a unique label to each TRAP trajectory and its associated instancesandit

:
.

:
It

:
derives metrics likee.g.the lifetime� of TRAPs and their age� at a particular snapshot.We canthen

:::
The

:::::::::
algorithm

::::
only190

:::::::
captures

:::
the

::::
time

:::::
spent

:::::
inside

:::
the

:::::
study

::::::
domain

::::
and

::::::
period.

:::::::::
Therefore,

:
it

:::::
gives

::::
rise

::
to

:::::::
potential

::::
bias

::
in

:::
the

:::::::
lifetime

:::::::::
estimation

::
of

::::::
TRAPs

::::
that

::::
reach

:::::::
beyond

:::
the

:::::::::::
tempo-spatial

:::::
limits

::
of

:::
the

:::::::
domain.

::::::::
However,

:::
we

::::
�nd

:::
that

::::
only

:::
5.4

::
%

::
of

:::
all

:::::
TRAP

::::::::::
trajectories

::
are

::::::::
adjacent

::
to

:::::
these

:::::
limits

::::
and

:::::
might

:::
not

:::::::
entirely

:::::
occur

::::::
within

:::
the

:::::
study

::::::::
domain.

::::
Our

::::::::::
conclusions

:::
and

:::
the

::::::::::
distribution

:::
of

:::::
TRAP

::::::::
lifetimes

::::
don't

:::::::
change

:
if

:::::
those

::::::
biased

:::::::::
trajectories

:::
are

:::::::::
excluded,

:::
see

::::
Sect.

:::
S3

::
in

:::
the

:::::::::::::
Supplementary

:::::::
Material,

::::::
where

:::
we

::::::
analyse

::::
this

::
in

:::::
detail.

:::::
With

:::
the

::::::::
trajectory

::::::::::
estimation,

:::
we

:::
can

::::
now

:
derive the zonal and meridional translation speedscx and195

cy for every instance of a TRAP trajectory. Therefore,
:
we choose all TRAPs that persist for at least three days andaverage

the forward andbackwardshiftedvelocity at a currenttimestamp.The forward/backwardshiftedvelocity is the distanceto

its succeeding/precedingpositiondivided by the time lapsedbetweenboth instances,respectively.This way we deliberately

create
:::::::
compute

::::::::::
propagation

::::::
speeds

:::::
using

:::::::
centred

::::::::::
differences.

:::
We

:::::
derive

:
no velocities at the start and end of a trajectoryand

do not gainpropagationspeedsfor trajectoriesof two dayslifetime. In turn,we obtaintranslationspeedsof individual TRAP200

instanceswhich we considermoreaccuratethantakingthefull distancetravelledby a TRAP anddividing it by therespective

lifetime
:::::
where

:::
the

::::::
TRAP

:::::
forms

:::
and

:::::::
decays.

::
At

:::::
these

::::::
stages,

::
cx :::

and
:::
cy :::::

could
::
be

::::::::
estimated

:::
by

::::::::
following

:::
the

:::::::::
underlying

:::::::
oceanic

:::::::
structure

:::
that

:::::::
creates

::
the

::::::
TRAP.
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2.4 Mesoscale eddy data

We compare TRAPs against eddy detections fromThealtimetricMesoscalleEddyTrajectoryAtlas (META3.2 DT) which
:::
The205

::::::::
altimetric

:::::::::
Mesoscale

::::
Eddy

::::::::::
Trajectories

:::::
Atlas

:::::::::
(META3.2

:::
DT)

:::
that is produced by SSALTO/DUACS and distributed by AVISO+

with support from CNES, in collaboration with IMEDEA (AVISO+ et al., 2022). This dataset provides Eulerian detections of

eddies derived from sea surface height (SSH) contours, is at frequency with our TRAPs record and includes estimations of

the eddy contour speedU. The eddy contour speedU is the average geostrophic speed of the contour of maximum circum-

average geostrophic speed for the detected eddy. We �lter the dataset for eddy detections within the study domain and period210

and retrieve 28,645 cyclonic and 24,193 anticyclonic eddy trajectories from 689,460 cyclonic and 686,720 anticyclonic eddy

detections. Since wesimply cut off eddy trajectories beyond the domain boundaries,4.2%of all eddytrajectorieswill show

discontinuitiessince
:::::::::
trajectories

:::
can

:::::
show

:::::::::::::
discontinuities

:
if

:
they leave and returninto

:
to

:
the domain.

::::
This

:::::
effect

::::::
occurs

:::
for

:::
4.2

::
%

::
of

:::
all

::::
eddy

::::::::::
trajectories.

:
We do not correct for thiscut off

:::::
cutoff since the impact on our aggregate statistics should be

negligible. We estimate
::
the

:
eddy lifetime by taking the

:::
time

:
difference between the �rst and the last occurrence within our215

domain, added by one day.As aconsequence
::::::::::
Accordingly, the estimated eddy lifetime can also include times spent outside the

domain, given that the eddy returnsbackinto
:
to

:
it again. We further derive eddy propagation speeds as we do for TRAPs.

2.5 Vorticity curve

We use the relative vorticity �eld to characterise the �ow around TRAPs. Many TRAPs seem to be surrounded by four vortices

of alternating polarity. In this case, two vortices on each side of a TRAP curve exhibit perpendicular �ow towards the TRAP220

core and tangential �ow away from it, with respect to the TRAP curve. We call this vorticity pattern aquadrupoleand classify

variations of it. To detect vorticity patterns without a coordinate transformation, we draw a circle in the horizontal plane around

every TRAP core with a radius equal to the distance between the core and the furthest curve point. Starting from the position

of the furthest curve point, weparameterize
::::::::::
parameterise

:
the circle with angles increasing counter-clockwise, and bilinearly

interpolate the vorticity �eld to the points on this circle. Thevorticity curve� (� ) then describes the vorticity along this circle225

with respect to the angle of parameterisation, i.e. the phase� .

By visualising the vorticity curve, weareableto directly
::
can

:
see polarity changes in the surrounding vorticity �eld and their

spatial orientation towards the TRAP. Figure 3a illustrates an example of such a vorticity measurement around a TRAP. For

a quadrupole in the northern hemisphere, the polarity pattern along the vorticity curve then results in cyclonic (� , positive230

vorticity), anticyclonic (	 , negative vorticity), cyclonic, anticyclonic and the vorticity curve reveals four zero crossings.

Since the ensemble mean of all vorticity curves� (� ) indicates a quadrupole pattern, we �lter the ensemble for speci�c com-

binations of four vorticesof
::::
with either cyclonic or anticyclonic rotation. We do not explicitly resolve patterns with less than

four vortices because we can identify them from this classi�cation if needed. In total, there are24 possible vortex combinations,235

10 of which exert distinct dynamics, i.e. are unique under rotations of 180° around a TRAP core. To isolate each pattern, we
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further remove a constant average background vorticity from every vorticity curve and then �lter the ensemble for these 10

vortex combinations. To detect the vortex con�guration within a given vorticity curve, we divide the curve into four phase in-

tervals of� I = [0 ; �= 2), � II = [ �= 2; � ), � III = [ �; 3�= 2), � IV = [3 �= 2;2� )
:::::::::::
� I = [0 ; �= 2),

:::::::::::::
� II = [ �= 2; � ),

::::::::::::::
� III = [ �; 3�= 2),

::::::::::::::
� IV = [3 �= 2;2� )

:
and compute the average vorticity within each interval, see Fig.S2

::
S4

:
for more details on all 10 vorticity240

patterns.

Figure 3. Vorticity circle and drifter transport around a TRAP. (a)For eachTRAP,
:::
Blue

::::
dots

::::::
indicate

:
the vorticity �eld � is interpolated

to
:::::::::
interpolation

:
pointson a circle around

:
of

:
the core(dottedline)

::::::
vorticity

::::
curve

::::
� (� ). The circle parameterisationstartsat

:::
blue

::::::
triangle

:::::::
highlights

:
the position

:::::
starting

:::::
point of thefurthestcurverpointw.r.t. the core(triangle)andwith a phaseof

::::::::::::
parameterisation

:
at

:
� = 0 � .

� increases counter-clockwiseand
:
as

:
we sample the vorticity

::::
� (� ) along thecurveasvorticity curve� (� )

::::
circle. (b)Filled andemptybig

:::
Big red circle markers indicate the current position ofonedroguedandoneundrogueddrifter

:::
two

::::::
drifters around the same TRAPinstance,

respectively. Red tails with small markersindicatetheir
::::
show

::
the

::::::::
respective

:::::
drifter

:
positions throughout thepreceeding

:::::::
preceding

:
seven

days.Quivers
:::
One

::::::
drifter

:
is

:::::::
drogued

:::
and

:::::::
indicated

::
by

:::::
�lled

::::::
markers,

:::
the

::::
other

:::::
drifter

::
is

::::::::
undrogued

::::
and

::::::::
represented

:::
by

:::::
empty

:::::::
markers.

::
In

:::
both

::::::
panels,

:::::
vectors

:
illustrate the surrounding �ow and the colourmap indicates the relative vorticity �eld�

::::::
� (x ; t0)

::
at

::::::
snapshot

::::
time

::
t0 .

2.6 Impact on drifters

Since TRAPs highlight the mostattractive
:::::::
attracting

:
regions and their cores represent objective saddle points of the unsteady

surface �ow, we expect them to attract and disperse drifting objects in a hyperbolic pattern. We study their transient impact on245

drifting objectsandthereforelook
::
by

::::::
looking

:
at surface drifter trajectories around TRAPs.

To compare drifters and TRAPs at simultaneous timestamps, we consult 24-hourly drifter positions at UTC midnight from

the Global Drifter Program (Lumpkin and Centurioni, 2019). For our study domain and period, this dataset provides 842, i.e.

328 drogued and 514 undrogued, drifter trajectories distributed over 221,979, i.e. 67,885 drogued and 154,094 undrogued, po-

sitions. We call these daily drifter positionsdrifter days.
::
See

::::
Fig.

:::
S2

:
in

:::
the

:::::::::::::
Supplementary

:::::::
Material

:::
for

::
an

::::::::
overview

::
of

::
all

::::::
drifter250

::::::::
positions. Figure 3b illustrates an examplefor

:
of

:
hyperbolic drifter motionthatwe�nd in

::::
from

:
this dataset - drifters are �rst at-

tracted perpendicular towards the TRAP and then transported along one of its branches towards the end.This is howTRAPsare
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expectedto organisenearby�oating objects.SeeFig.S1in theSupplementaryMaterialfor anoverviewonall drifter positions.

We want to see how drifters behave in the surroundings of a TRAP andthereforedetect pairs of drifters and nearby TRAPs.255

In Kunz (2024a)
:
,
:
we provide a comprehensive description of our pair algorithm that works from a drifter's perspective and

searches for the closest TRAP within adistance
:::::
radius

:
of 75 kilometres.For everyinstanceof a

::
We

:::::::
choose

:::
this

::::
limit

:::::
since

::
it

::::::::
represents

:::
the

:::::::
average

:::::::
distance

:
d

::::
plus

::
1

:::::::
standard

::::::::
deviation

:::::::
between

:
a
::::::
drifter

:::
and

:::
its

::::::
closest

:::::
TRAP

:::::
core,

:::
i.e.

:::::::::::::::
d � (51� 25) km

::
for

:::::::
drogued

::::
and

:::::::::::::::
d � (49� 24) km

:::
for

:::::::::
undrogued

:::::::
drifters.

::
86

:::
%

::
of

:::::
drifter

:::::
days

:::::
occur

:::::
within

::
a

::
75

:::
km

:::::::
distance

:::
to

::::
their

::::::
closest

:::::
TRAP

:::::
core,

:::
see

::::
Fig.

:::
S3

::
in

:::
the

:::::::::::::
Supplementary

:::::::
Material

:::
for

::::
the

::::::::
respective

:::::::::::
distribution.

:::
For

:::::
every

:
drifter-TRAP pair, the al-260

gorithm records the drifter's
:::::
current

:
distance to theclosestTRAP. It alsosaves attributes likee.g. the TRAP age� at �rst

encounter, the TRAP lifetime� and its attraction rates1 ::
at

:::::
every

:::::::
instance

::
of

:::
the

:::
pair. Moreover, wewill know the daily vortic-

ity pattern inwhich
:::
the

::::::::::
surroundings

:::
of a drifter-TRAP pairis embedded, and we measure the pair's duration, i.e. the retention

time ' of a drifter around its closest TRAP.

265

A lot of pairings will only last fora
:::
one

:
day due to ephemeral TRAPs with

:::::::
lifetimes

:::
of � = 1 day , due to drifters passing

by in the periphery of a TRAP or due tothedrifter �nding anotherTRAPthatis closer
:
a

:::::
drifter

:::::::
meeting

::::::
another

::::::::
structure

::
in

:::
the

:::
way. We exclude these one-day pairs from our analysis since we cannot infer any motion statistics from them. But thescopeof

ourremainingmeasurementswill still
:
,

:::
and

:::
we

::::
note

:::
that

:::
we

::::::
observe

::
a

::
lot

::
of

:::::::
one-day

:::::::
pairings

::
for

:::::::
drifters

::::::
beyond

:::
the

::
75

:::
km

:::::
limit.

270

:::::::
Because

:::
our

::::
pair

::::::::
algorithm

::::::::
searches

:::
for

:::
the

::::::
closest

::::::
TRAP

:::::::
around

:
a
::::::
drifter,

:::
its

::::::::
detection

::
is

:::::::::
insensitive

:::
to

:::
the

:::::::::
individual

::::::::
attraction

:::::::
strength

::
or

::::::
impact

:::::
range

:::
of

::::::::::
surrounding

:::::::
TRAPs.

::::
The

::::::::
de�nition

::
of

::
a

:::::::
dynamic

:::::::
impact

:::::
range,

::::::::
however,

::::::
would

::
be

::
a

:::::::
valuable

::::::::::
contribution

::
to

:::
the

:::::::
TRAPs

::::::
concept

::::
that

:::
we

:::::::
propose

::
for

::::::
future

:::::::
research.

::::
Our

::::::::
approach

::::
here

::::
will allow us to carryout

a statisticalanalysisaboutdrifter motionaroundTRAPs
:::::
show

:::
the

::::::::
aggregate

:::::
effect

::
of

:::::::
TRAPs

::
on

::::::
drifters

::::
and

::
to

:::::::
provide

:
a

::::
�rst

:::::::
estimate

::
of

:::
the

:::::::
retention

:::::
times

::::
that

::::::
drifters

:::
can

:::::
spend

::::::
around

::
a

:::::
TRAP.275
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3 Results

3.1 Spatial distribution of TRAPs

We �rst look at important circulation features of the study area. Figure 1 shows the distribution of eddy kinetic energy (EKE)

over the domain with respect to the period 2000-2019. The lowest values of EKE occur in the northwest corner of the domain.280

This subregion is part of aneddy desertin the northeast Paci�c where mesoscale eddies are low in amplitude and short in

lifetime, if present at all (Chelton et al., 2011).Thereare
:::
We

:::
�nd

:
two distinct regions of high EKE in the northeast andthe

southwest of the domain, indicating frequent turbulence and mesoscale eddy activity. These two regions neighbour the Cal-

ifornia Upwelling System (CALUS) and the North Hawaiian Ridge Current (NHRC), respectively, which are known for the

production of energetic mesoscale eddies (Pegliasco et al., 2015; Lindo-Atichati et al., 2020).285

Within our domain and period, we detect 4,076,065 TRAP instances from which we identify 720,391 TRAP trajectories.

TRAPs occur everywherein thedomainbut with distinct patterns in quantity, persistence and attraction strength. In panel (a)

of Fig. 4
:
, we separate the domain into bins of 0.25°� 0.25° and show the 20-year bin averages of instantaneous TRAP core

attraction ratess1. A comparison with Fig. 1 reveals that TRAPs are particularly strong in regions of high EKE close to the290

CALUS and the NHRC. In the central-north,the middle and southeast of the domain, moderate to low EKE prevails,
:
and

TRAPs areon average
:
,

::
on

::::::::
average, moderately to weakly attracting. The eddy desert in the northwest corner remains with a

clear preference for weak TRAPs. We derive a mean attraction rate and standard deviation ofs1 � (� 0:23� 0:11) s� 1 over all

TRAP instances. The mostattractive
:::::::
attracting

:
TRAP that we �nd is located within the eastern hotspot of Fig. 4a and exhibits

an attraction rate ofs1 = � 1:73 s� 1. We correlate the average attraction ratess1 from Fig. 4a with the EKE �eld given in Fig.295

1 and �nd apearson
::::::
Pearson

:
correlation coef�cient ofr = � 0:93 with a p-value ofp < 0:001. This

:
It

:
indicates a strong and

signi�cant negative correlation between both variables.It suggeststhatweak/strong
:::
We

::::
infer

::::
from

::::
this

:::
that

:::::
weak TRAPs, i.e.

with a less/morenegative attraction rates1, arelocated
::::
occur

:
in regions of low/

:::::
EKE,

::::
while

::::::
strong

::::::
TRAPs

:::::
occur

::
in

:::::::
regions

::
of

high EKE.

300

In panel (b)
:
, we visualise our tracking results and show the trajectories of TRAPs with lifetimes� > 30 days. We call this

subsetlong-living TRAPs. Fromtime lapse
:::::::::
time-lapse animations of the TRAPs �eld

:
, we suspect that the trajectories here

indicate westward propagation with a tendency towards the equator, see VideosSV1, SV2andSV3 in (Kunz, 2024c)
:::
S1,

:::
S2

:::
and

:::
S3

::
in

:::::::::::
Kunz (2024c). Pegliasco et al. (2015) �nd similar propagation characteristics for anticyclonic mesoscale eddiesthat

originate
::::::::
originating

:
in the California Upwelling System east of our domain. A comparison to panel (a) suggests that attrac-305

tion strength may vary along the trajectories of long-living TRAPswhich however,
::::::
which,

::::::::
however,

:
will exclude very weak

attraction rates. Long-living TRAPs are indeed stronger than TRAPs with lifetimes� � 30 days. We �nd mean attraction

rates ofs1;� > 30 � (� 0:28� 0:11) s� 1 ands1;� � 30 � (� 0:20� 0:09) s� 1 for TRAP instances associated with these groups,

respectively.

310
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