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Abstract. Ensemble Lagrangian simulations aim to capture the full range of possible outcomes for particle
dispersal. However, single-member Lagrangian simulations are most commonly available and only provide a
subset of the possible particle dispersal outcomes. This study explores how to generate the variability inherent
in Lagrangian ensemble simulations by creating variability in a single-member simulation. To obtain a reference
for comparison, we performed ensemble Lagrangian simulations by advecting the particles from the surface
of the Gulf Stream, around 35.61° N, 73.61° W, in each member to obtain trajectories capturing the variability
of the full 50-member ensemble. Subsequently, we performed single-member simulations with spatially and
temporally varying release strategies to generate comparable trajectory variability and dispersal and also with
adding Brownian motion diffusion to the advection. We studied how these strategies affected the number of
surface particles connecting the Gulf Stream with the eastern side of the subtropical gyre. We used an information
theory approach to define and compare the variability in the ensemble with the single-member strategies. We
defined the variability as the marginal entropy or average information content of the probability distributions
of the position of the particles. We calculated the relative entropy to quantify the uncertainty of representing
the full-ensemble variability with single-member simulations. We found that release periods of 12 to 20 weeks
most effectively captured the full ensemble variability, while spatial releases with a 2.0° radius resulted in the
closest match at timescales shorter than 10 d. We found that adding relatively high amounts of Brownian motion
diffusion (Kh = 1000 m2 s−1) captures the entropy aspects of the full ensemble variability well but leads to
an overestimation of connectivity. Our findings provide insights to improve the representation of variability in
particle trajectories and define a framework for uncertainty quantification in Lagrangian ocean analysis.
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1 Introduction

The ocean’s dynamics, driven by atmospheric fluxes of en-
ergy and momentum at the surface, are characterized by phe-
nomena that mutually interact across different spatiotempo-
ral scales, including eddies, internal waves, zonal jets, and
mixing processes, up to decadal and basin-scale fluctuations
(Vallis, 2017). These multi-scale interactions are non-linear
and difficult to model, presenting a significant source of un-
certainty in ocean general circulation models (OGCMs) and
our understanding of ocean circulation. Even under constant
atmospheric forcing conditions, ocean models can produce
divergent states from minimally perturbed initial conditions
(Penduff et al., 2014). This intrinsic variability becomes par-
ticularly prominent in eddy-permitting models, where small
initial differences can cascade towards multi-decadal and
basin scales (Grégorio et al., 2015; Leroux et al., 2018;
Zhao et al., 2023). To address these inherent uncertainties in
OGCMs, researchers have increasingly adopted probabilistic
ensemble models, running multiple simulations with small
perturbations to initial conditions or parameter values to cap-
ture a broad range of possible ocean states (Penduff et al.,
2018; Zanna et al., 2019). The ultimate goal of ensemble
models is to predict the probability density of the system’s
state at a future time (Leutbecher and Palmer, 2008).

Lagrangian particle tracking provides a powerful tool for
studying ocean transport, mixing, and connectivity, with the
latter a metric that maps the origin of substances (water, nu-
trients, plankton, plastic objects) to their destinations. Ap-
plications of Lagrangian particle tracking range from search
and rescue operations (Breivik et al., 2013) to climate and en-
vironmental research (Bower et al., 2019; Van Sebille et al.,
2018). In these simulations, virtual particles are typically ad-
vected by velocity fields derived from OGCMs, with their
dispersal patterns intimately linked to the underlying ocean
state. However, similar to above, the trajectories obtained
from the particle tracking in one OGCM ensemble member
may not be representative of the full probability density of
the system’s state. Because pure advection is deterministic,
there will be only one trajectory resulting from a virtual par-
ticle that starts at a certain place and time.

This deterministic nature limits what we define as “tra-
jectory variability” – the range of possible pathways and
end locations that particles could follow given uncertainties
in ocean conditions. We define trajectory variability as the
spread in particle positions, pathways, and connectivity pat-
terns that emerges when accounting for uncertainties in ini-
tial conditions or modeled ocean states.

Capturing the trajectory variability is crucial for practical
oceanography applications. For example, search and rescue
professionals may want to compute a full probability density
function of possible object locations – even when the starting
location and time of an object lost at sea are known exactly

– due to uncertainties in the ocean model. Similarly, marine
pollution studies need to assess the range of possible contam-
ination pathways, while connectivity studies in marine ecol-
ogy require understanding the full spectrum of larval disper-
sal routes between habitats. In each case, a single determin-
istic trajectory provides insufficient information, limiting the
generalizability of the results, as it cannot represent the in-
herent uncertainty in ocean dynamics and model predictions.

Now, advected particle trajectories are chaotic, in which
small perturbations in initial conditions or noise along their
trajectories can lead to significant divergences in particle tra-
jectories (Koshel and Prants, 2006). The sensitivity to initial
conditions is often used to generate variability in particle tra-
jectories to predict the drift of the particles when there is un-
certainty in their initial conditions (Breivik et al., 2013). In
fluid mechanics, this is related to the concept of streaklines,
transport barriers, and coherent structures (e.g., Haller, 2004;
Zhang, 2013; Karrasch, 2016; Balasuriya, 2017).

An alternative approach to generating variability in the tra-
jectories is to advect particles using a full ensemble of vec-
tor fields or ensemble models, an approach followed from
Melsom et al. (2012), in which they advected particles us-
ing an ensemble of 100 members from the TOPAZ forecast-
ing system. They found that ensemble average trajectories,
calculated as the center of gravity (mean position) of all en-
semble members at each time step, are generally closer (on a
straight line distance) to the observed drifter trajectories than
that from a deterministic single-member simulation. How-
ever, the study did not compare how small perturbations in
initial conditions in the single-member simulation performed
relative to the trajectories advected by the ensemble.

While ensemble Lagrangian simulations can capture a
more complete spectrum of possible outcomes, single-
member simulations, which sample only a subset of the pos-
sible outcomes, remain more prevalent due to computational
constraints. In operational oceanography, data assimilative
models are commonly used to improve trajectory predictions
by combining observations with model dynamics to find an
optimal solution (Castellari et al., 2001). However, while
assimilation can reduce systematic biases and improve the
mean state representation, it may not fully capture the under-
lying uncertainty and variability in particle trajectories, par-
ticularly in regions with sparse observations (Jacobs et al.,
2018). Our study addresses these limitations by exploring
ways of generating ensemble-like variability within single-
member simulations. Missing variability in particle trajec-
tories is typically created by releasing particles at different
locations (spatial variation; e.g., Rossi et al., 2013), at dif-
ferent times (temporal variation; e.g., Qin et al., 2014; van
Sebille et al., 2015), and/or with some random walk diffu-
sion added to the advection (e.g., Hart-Davis and Backeberg,
2021). Here we test how well-suited these approaches are
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to represent intrinsic variability resulting from an ensemble
simulation within a single simulation.

We assess performance based on a connectivity analysis
and dispersion patterns using a novel information theory ap-
proach. Our approach consists of quantifying the variabil-
ity in trajectories through the marginal entropy of particle
position distributions and evaluating the uncertainty in rep-
resenting full-ensemble variability with single-member sim-
ulations. Our approach is complementary to other new ap-
proaches for computing stochastic sensitivity of Lagrangian
trajectories in the ocean, such as those by Balasuriya (2020),
Badza et al. (2023), and Branicki and Uda (2023). However,
our approach is particularly also useful for particles with
added “behavior”, such as in the case of plastic particles (e.g.,
Denes and Van Sebille, 2024).

We focused on the region east of Cape Hatteras in the
North Atlantic Ocean, implementing spatially and tempo-
rally varying release strategies to generate variability com-
parable to that observed in full ensemble simulations. This
region was chosen to study the connectivity of water parcels
at the surface of the Gulf Stream with the eastern North At-
lantic and the subtropical gyre. It was previously thought that
the salty and warm surface water of the Gulf Stream feeds
directly to the subpolar gyre. However, recent Lagrangian
studies have shown that the water parcels originating at the
surface of the Gulf Stream recirculate within the subtropi-
cal gyre, becoming part of the subtropical mode water, and
enter the subpolar gyre via sub-surface connections (Rypina
et al., 2011; Burkholder and Lozier, 2014; Foukal and Lozier,
2016; Berglund et al., 2022). Our case study here thus builds
upon these findings by quantifying how intrinsic ocean vari-
ability affects this connectivity pattern within the subtropical
gyre, providing insights into the robustness and variability of
these recirculation pathways.

2 Methodology

2.1 Ocean model ensemble simulation

We employed daily surface velocity fields produced by
the North Atlantic NATL025-CJMCYC3 50-member ensem-
ble simulation. This regional ensemble simulation was per-
formed in the context of the OceaniC Chaos – ImPacts,
strUcture, predicTability project (OCCIPUT), described in
Penduff et al. (2014) and Bessières et al. (2017). This en-
semble was performed using the NEMO v3.5 ocean/sea-ice
model over the North Atlantic between 20° S and 81° N, with
an eddy-permitting resolution of 1/4° and 46 vertical levels.
The 50 ensemble members were initialized by the final state
of a 15-year one-member spin-up that ended in December
1992. The inter-member dispersion was generated by acti-
vating small stochastic perturbations in the density gradients
resolved by the model during 1993 and deactivating these
perturbations for the remaining simulation time, as presented
in Bessières et al. (2017) and based on the algorithm of

Brankart (2013). All ensemble members were driven by the
same atmospheric forcing between 1993 and 2015, derived
from the DRAKKAR Forcing Set 5.2 (DFS5.2; see Dussin
et al., 2016). The NATL025-CJMCYC3 1993–2025 simu-
lation used here is similar to the NATL025-GSL301 1993–
2012 simulation presented in Narinc et al. (2024), with one
difference: tropical cyclones were enhanced in the forcing of
NATL025-CJMCYC3 since they were too weak in DFS5.2.
More details about the model setup are provided in Narinc
et al. (2024).

2.2 Lagrangian simulations

Lagrangian particles were advected offline using 6 years
(2010–2015) of the velocity fields described above, where
particle trajectories in each ensemble member were inte-
grated using the Parcels framework v.3.0.2 (Delandmeter and
van Sebille, 2019). Trajectories were integrated in three di-
mensions using a fourth-order Runge–Kutta scheme with a
time step of 1 h, storing the output with a daily time step.
We modeled passive particles (that is, particles that instantly
adjust their velocity to that of the ambient flow) by only con-
sidering three-dimensional advection and ignoring all buoy-
ant forces. Additionally, particles that escaped the domain
through the surface were placed back to a depth of 1m. We
chose the region off the coast of Cape Hatteras as a study
location because it is an important region where the Gulf
Stream separates from the continental shelf and becomes a
free jet (Mao et al., 2023; Buckley and Marshall, 2016).

2.3 Recreating particle trajectory variability

This study explores methods to recreate the trajectory vari-
ability typically obtained from ensemble ocean simulations
using only a single ensemble member. Figure 1 illustrates
both the challenge and our proposed approaches. When par-
ticles are released from a fixed point (35.61° N, 73.61° W;
yellow square) at a distinct time (2 January 2010) and tracked
using different ensemble members, their trajectories (shown
in black, Fig. 1A) diverge due to intrinsic variability in the
velocity fields. Our goal is to reproduce this dispersion of
what we refer to as the “full ensemble” using just one en-
semble member.

We tested three approaches to achieve the variability of
this full ensemble with single-member simulations, by lever-
aging the sensitivity to initial conditions or adding diffu-
sion. The first strategy varies the release locations of the
virtual particles spatially (shown in purple in Fig. 1B), cre-
ating a cloud of initial positions centered around 35.61° N
and 73.61° W. The purple circles indicate the varying re-
lease locations, while the purple arrows show their subse-
quent trajectories. The second strategy (shown in orange,
Fig. 1C) maintains the fixed release location (yellow square)
but varies the release timing, with particles released continu-
ously over a time period. The third strategy (shown in green,
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Fig. 1D) maintains the fixed release location and release time
but adds a small Brownian motion diffusion to the trajectory
simulations. All methods generate trajectory spreading with
different patterns, some of which qualitatively resemble the
full ensemble trajectories, which we seek to quantitatively
compare.

The single-member simulations were performed using ve-
locity fields from individual members of the NATL025-
CJMCYC3 ensemble. To ensure robust statistics, we re-
peated each strategy (spatial and temporal variation and
added diffusion) with all 50 ensemble members rather than
arbitrarily selecting one. For the ensemble simulations, rather
than running new simulations where all ensemble members
simultaneously advect particles, we selected and joined tra-
jectories from our existing single-member simulations to
create a “synthetic” mixture-of-all-member simulation. This
mixture simulation contains the full ensemble variability and
is our benchmark for comparing the three single-member
strategies. The following subsections further detail the three
single-member release strategies and the ensemble simula-
tions, which we refer to as mixture simulations.

2.3.1 Spatially varying release

We performed Lagrangian simulations by releasing a cloud
of particles around (35.71° N, 73.61° W), at 1 m depth, on 2
January 2010 and tracking them until the end of 2015, so for
6 years in total. We evenly spaced the particles in concentric
rings around the coordinates, where each ring was placed at
a constant radial separation (δr) from the prior ring, form-
ing a circle of particles. We varied the radius of this cloud of
particles; the larger the radius, the less correlated the veloc-
ity vectors of the particles are expected to be, creating more
variability in the trajectories. The choice of spatial release
radii (9–180 km) spans the range from subgrid scales to 10
grid cells apart, allowing us to test how initial condition un-
certainties at different (grid) scales affect long-term particle
dispersion. We created three sets of simulations, with 50 sim-
ulations per set (one per ensemble member). The three sets
of simulations were performed with 7500 particles, with an
initial cloud varying δr ∈ {0.1°,1.0°,2.0°}.

At the release point, the initial cloud radii are approxi-
mately 9, 90, and 180 km. As a reference, we computed the
ensemble average spatial autocorrelation function of the ini-
tial particle velocities at the release location on the release
day (2 January 2010). The spatial autocorrelation function
describes the average agreement between a pair of particle
velocities separated by a distance L. The larger the sepa-
ration distance L, the more likely their velocities will be
decorrelated (LaCasce, 2008). Assuming that the spatial cor-
relation decays exponentially, we defined the decorrelation
length scale LL as the e-folding length scale of the exponen-
tial that describes the autocorrelations functions (Xia et al.,
2013).

The particle-pair spatial autocorrelation function was cal-
culated over a set of points placed over a west-to-east line,
shown by the blue dots in Fig. 2A, with a horizontal spacing
of 0.01°. We calculated the velocity autocorrelation function
from these points as a function of the distance L. The spatial
autocorrelation function is defined as

ρ(L)=
〈

u(r0+L) ·u(r0)
‖u(r0+L)‖‖u(r0)‖

〉
, (1)

in which we compute the dot product of a pair of vectors
u(r0) and u(r0+L), divided by the multiplication of their
norms, averaged over all the pairs of velocities (Xia et al.,
2013). In Eq. (1), ‖ · ‖ is the usual L2 norm, and 〈·〉 indi-
cates an average over velocity pairs. We computed ρ(L) for
the range L ∈ [0.01°,2.00°], with a 0.01° spacing. The au-
tocorrelation function is defined between [−1,1], in which
ρ(L)= 1 indicates a full positive correlation, ρ(L)=−1 a
full negative correlation, and ρ(L)= 0 no correlation.

Following Eq. (1), we computed ρ(L) for each of the 50
ensemble members of the NATL025-CJMCYC3, on 2 Jan-
uary 2010. In Fig. 2B, we show the ρ(L) for each ensemble
member as black lines. We see great variability in the curves
but an exponentially decaying trend in which, as L increases,
the particle velocities are less correlated. We performed an
exponential fit, ex/LL , of the 50 correlation curves, shown
in blue in Fig. 2B. From the exponential fit, we obtained a
decorrelation length LL = 0.41°, which corresponds to ap-
proximately 37km at a latitude of 35.5° N. Both spatial scales
indicate that the velocities of all the particles released from
an initial cloud of δr = 0.1° should be correlated, while for
the larger clouds δr ∈ {1.0°,2.0°}, only a fraction of the par-
ticle velocities may be correlated, leading to more variability
in the trajectories. While decorrelation scales likely evolve
over the 6-year simulation period due to particle spreading
and varying flow conditions, computing their evolution at ev-
ery particle age is computationally intensive and impractical,
compared to other metrics.

2.3.2 Temporally varying release

We also created variability by releasing particles from the
same location (35.71° N, 73.61° W) at different times. We
tested three release time windows, 4, 12, and 20 weeks, all
starting from 2 January 2010. For each window length, we
performed 50 simulations (one per ensemble member), with
each simulation releasing 7500 particles. Within each time
window, we distributed the 7500 particles evenly across the
days, resulting in multiple particles being released each day.
To ensure particles released on the same day followed dif-
ferent trajectories, we added small random perturbations to
their release locations using uniform noise with an ampli-
tude of 0.01°. We kept this noise amplitude small to (as much
as possible) isolate the effects of the temporal release strat-
egy alone. Note that all particles were advected until the end
of 2015, so that in this simulation some particles reached a
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Figure 1. Schematic representation of the experiment design, east of Cape Hatteras, showing four approaches to generate variability in the
particle trajectories. (A) The black lines show 50 trajectories of particles released from a single point (35.61° N, 73.61° W; yellow square) at
a distinct time (2 January 2010) and advected using velocity fields from all 50 members of the NATL025-CJMCYC3 ensemble. (B) Purple
trajectories show 50 randomly selected particles, out of 7500, released from spatially varying locations (purple circles) within a 1° radius
of the central point, all advected using ensemble member 3. (C) Orange trajectories represent 50 randomly selected particles, out of 7500,
released uniformly over a 20-week period from the central point (35.61° N, 73.61° W; yellow square), also using ensemble member 3.
(D) Green trajectories represent 50, out of 7500, randomly selected particles from the ensemble member 3 simulation with low diffusion
(Kh = 10 m2 s−1; light green) and high diffusion Kh = 1000 m2 s−1; dark green), released from the central point (35.61° N, 73.61° W;
yellow square). All trajectories are shown 35 d after their respective release times.

maximum “age” (time of flow) of 6 years and others only
5.6 years. This is a minor effect though, as most of our anal-
ysis will focus on the first few months of advection.

We computed the particle-pair temporal autocorrelation
functions by sampling the velocity at the same location but
on different days, shown as a red point in Fig. 2A. We sam-
pled the velocity daily for a duration of 60 d, starting on 2
January 2010. From the sampled velocities, we computed the
temporal autocorrelation function given by

ρ(t)=
〈

u(t0+ t) ·u(t0)
‖u(t0+ t)‖‖u(t0)‖

〉
, (2)

where t represents the time lag between pairs of velocities
u(t0) and u(t0+t) averaged over all pairs with a lag t , similar
to Eq. (1).

Similarly to ρ(L), we computed the temporal autocor-
relation function ρ(t) for the 50 members of NATL025-

CJMCYC3, for the range t ∈ [1,60] d with a spacing of 1 d.
In Fig. 2C, we show each member’s ρ(t) as black curves.
We performed an exponential fit ex/τL over the 50 correla-
tion curves. In Fig. 2C, we show the exponential fit in red.
We found a decorrelation timescale of τL = 41 d for the ve-
locities of the particles released on different days. Therefore,
it is expected that almost all the particles are correlated for a
release period of 4 weeks, and for the larger release periods
of 12 and 20 weeks, only a fraction of the particles will be
correlated, creating more variability in the trajectories.

2.3.3 Release with added diffusion

We performed simulations with horizontal diffusion as a
method to generate variability in the trajectories. The vari-
ability was generated by adding a horizontal Brownian mo-
tion (also known as a random walk) term to the integration

https://doi.org/10.5194/npg-32-411-2025 Nonlin. Processes Geophys., 32, 411–438, 2025
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Figure 2. (A) Map of Cape Hatteras showing the points used to compute the spatial correlations (blue) and the location used to compute the
temporal correlations (red). The hexagons mark the limits of the hexagonal grid used in subsequent analyses, and the green area represents the
North American coast. (B) Spatial correlations function around the release location, and each black line shows the correlation function for an
ensemble member. The blue line shows the exponential fit computed over the 50 correlation functions. The green line shows the decorrelation
length scale LL = 0.41°≈ 37km. (C) Temporal correlations with velocities sampled daily for 60 d from 2 January 2010. The black lines
show the correlation functions of single ensemble members, and the red line shows the exponential fit with a decorrelation timescale of 41 d.

of the particle trajectories. Therefore, the horizontal compo-
nents of the particle trajectories were integrated with

x(t +1t)= x(t)+

t+1t∫
t

u(x,τ )dτ +R
√

2Kh1t, (3)

where x is the horizontal location of the particle at a time t ,
1t is the integration time step, and u is the horizontal compo-
nents of the Eulerian velocity field interpolated to the particle
location. The last term is the Brownian motion term, where
R is a random number taken from the normal distribution
with zero mean and unit variance, and Kh is the horizontal
diffusion coefficient (Van Sebille et al., 2018).

In the simulations with added diffusion, we released par-
ticles from the fixed position (35.71° N, 73.61° W) on 2 Jan-
uary 2010, without perturbing the initial conditions, spa-
tially or temporally. We released 7500 particles per ensemble
member, and we advected those particles for 6 years, until the
end of 2015. We explored the sensitivity to the magnitudes of
the horizontal diffusion coefficients by running simulations
with two values representative of different scales. The first
is a low diffusion of Kh = 10 m2 s−1, which is a value com-
monly used to parameterize subgrid processes in ocean mod-
els with O(1/10°) spatial resolution (Lacerda et al., 2019;
Onink et al., 2021; Pierard et al., 2022). The second is a
high diffusion of Kh = 1000 m2 s−1, which is a value used
to parameterize eddies in ocean models with O(1°) spatial
resolution (Reijnders et al., 2022). This latter value likely
overestimates the eddy-induced particle dispersion driven by
the partially resolved mesoscale variability in the ensemble
members, so it can be considered an extreme case.

Since random walk diffusion can kick particles on land,
where they would not be advected by ocean currents any-

more, we removed the particles as soon as they reach land
and do not take them into account in the analysis. We there-
fore ran the simulations with Kh = 1000 m2 s−1 with double
the number of initial particles (15 000 instead of the normal
7500) and subsampled to 7500 full trajectories for the analy-
sis.

2.4 Trajectory analysis methods

2.4.1 Domain partition and two-dimensional probability
distributions

For the analysis, we created probability distributions from
two-dimensional histograms of the positions of particles
(Van Sebille et al., 2018). We partitioned the domain into
hexagonal bins using the H3 Uber hexagonal hierarchical
spatial indexing system (Brodsky, 2018). The H3 grid has the
advantage that the area of the hexagons is better preserved
across the low and high latitudes compared to a square grid
in a Mercator projection (O’Malley et al., 2021; Manral et al.,
2023), and each hexagonal bin is uniquely indexed, facilitat-
ing the reproduction of the analysis. We used an H3 resolu-
tion of h= 3, where neighboring hexagon centroids are sep-
arated by 100 km. We acknowledge that using a square grid
would not significantly change our results since particles do
not drift to high latitudes.

The spatial domain is discretized as X = x1,x2, . . .,xB ,
where each xi represents a hexagonal bin and B is the to-
tal number of bins. We constructed time series of histograms
by counting particles in each bin xi at daily time steps, bin-
ning trajectories according to their particle age t (time since
release).

For each day, we computed a probability distribution over
the spatial domain by normalizing particle counts in each bin.
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The probability of finding particles in hexagonal bin xi is
given by

Pm(xi |m,t)=
Ni(m,t)∑B
j=1Nj (m,t)

, (4)

where Pm(xi |m,t) is the probability of finding particles in
bin xi given ensemble member m at particle age t , Ni(m,t)
is the number of particles in bin xi for member m at
age t , and B is the total number of bins. This ensures∑B
i=1Pm(xi |m,t)= 1 for each member and time step.
The complete probability distribution Pm(X|m,t)=
[Pm(x1|m,t),Pm(x2|m,t), . . .,Pm(xB |m,t)] represents the
spatial likelihood of finding particles across the domain for
ensemble member m at particle age t .

2.4.2 Mixture simulations and probability distributions

To evaluate how well single-member strategies can repro-
duce the full ensemble variability, we constructed mixture
simulations that capture the dispersal patterns across all en-
semble members. Using a bootstrapping approach, we ran-
domly selected np = 150 particles from each of the M = 50
ensemble members and combined their trajectories to create
a mixture simulation containing M×np = 7500 particles to-
tal. We repeated this procedure R = 50 times to generate a
robust set of mixture simulations.

Each mixture simulation represents a synthetic dataset that
combines particle trajectories from all ensemble members,
creating a representation of the full ensemble’s dispersal be-
havior. These mixture simulations serve as our reference for
evaluating single-member strategies and are used in subse-
quent connectivity analyses

For each mixture simulation r , we computed probability
distributions over the hexagonal grid following

Pmix(xi |r, t)=
Ni(r, t)
M × np

, (5)

where Pmix(xi |r, t) is the probability of finding particles in
bin xi for mixture simulation r at particle age t , and Ni(r, t)
is the corresponding particle count in bin xi .

We then used these probability distributions to compute
the mixture distributions over all grid cells P mix(X|r, t) for
each single-member strategy to assess their effectiveness:
three spatial variations (δr ∈ {0.1°,1.0°,2.0°}) and three tem-
poral variations (4, 12, and 20 weeks). This strategy-specific
approach was necessary because the spatial or temporal re-
lease variations could unpredictably affect how well each
strategy captures the ensemble variability represented in the
mixture distributions.

We determined the optimal particle count by analyzing
entropy convergence of the probability distributions. At our
hexagonal grid resolution (h= 3), entropy converges at np =

150 particles per ensemble member, with additional parti-
cles yielding no significant entropy change (Appendix A,

Fig. A1). This yields mixture simulations of 7500 trajecto-
ries, a particle count we maintained across all single-member
simulations (spatial releases, temporal releases, and added
diffusion strategies) to ensure direct comparability with the
mixture distributions.

2.4.3 Connectivity analysis

The connectivity between regions is a useful and power-
ful analysis performed with Lagrangian simulations (Rypina
et al., 2011; Rühs et al., 2013), assessing how many par-
ticles originating from one region enter other pre-defined
regions. Within this analysis, we explored if the number
of particles reaching each region differs significantly when
using mixture simulations instead of single-member simu-
lations. We also compared how connectivity patterns vary
across different mixture strategies (spatial variations with
δr ∈ {0.1°,1.0°,2.0°} and temporal variations of 4, 12, and
20 weeks). Additionally, we investigated whether single-
member simulations with spatially and temporally varying
release strategies can reproduce the connectivity statistics of
the mixture distributions.

We focused on the connectivity between the surface of
the Gulf Stream and the region east of 40° W. The 40° W
longitude defines the easternmost boundary where the near-
surface waters from the Labrador Current join the Gulf
Stream to form the North Atlantic Current (Buckley and Mar-
shall, 2016). This limit also assesses how many particles
cross to the easternmost side of the subtropical gyre when
released from the surface of the Gulf Stream. In Appendix B,
we see this limit in maps showing all places particles drifted
to during the 6 years of simulations. In Fig. B1, we present
particle dispersion maps for each of the six release strate-
gies (three spatial and three temporal variations) across all
50 ensemble members. Figure B2 shows corresponding dis-
persion patterns for the 50 subsets of mixture simulations, al-
lowing direct comparison between single-member and mix-
ture approaches. We compared how many particles crossed
the 40° W longitude from the surface of the Gulf Stream in a
simulation period of 6 years. We also measured the median
time that it took particles to cross 40° W and the depth at
which the particles cross 40° W.

2.4.4 Marginal entropy and relative entropy calculation

To compare the dispersion patterns between ensemble mem-
bers, we took an information theory approach, similar to Cer-
bus and Goldburg (2013), where we treat each probability
distribution as a message. Here, the bins represent the “al-
phabet”, and the occurrence of the particles in each (hexag-
onal) bin makes the message, with a probability given by
P . Each bin xi contains log2(1/P (xi)) information, where
P (xi) is the probability of a character or outcome occurring
in a message. The less probable the outcome, the more in-
formation it contains and, therefore, the less redundant it is.
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The information can be thought of as the optimal “length”
that the bin xi has to be encoded to transmit the message,
costing the least amount of bits. Shannon (1948) developed
this into a theory of communications in which the fundamen-
tal problem is either exactly or approximately reproducing a
message selected at another point transmitted over a noisy
channel at one point. In this theory, each probability distri-
bution contains an average amount of information measured
by the entropy. The marginal entropy, H , measures the intri-
cacy or randomness contained in a distribution and measures
the average information content of the distribution (Cover,
1999). The marginal entropy for the probability distribution
is defined as

H (m|X,t)=
B∑
i=1

P (m|xi, t)log2
1

P (m|xi, t)
, (6)

where X is the set of bins xi of the grid, P is the probability
distribution of ensemble memberm (or r for the mixture sim-
ulations) at particle age t , B is the number of hexagonal bins
in X, and t is the particle age of the distribution. Marginal
entropy measures the minimum number of bits to which the
distribution can be compressed or encoded. A distribution
with “more” randomness has less redundancy; therefore, its
entropy is higher. This definition of entropy is equivalent to
the definition of entropy in statistical thermodynamics, where
entropy is a measure of the number of possible microstates
or possible configurations of the system (Shannon, 1948;
Cover, 1999). Thus, we define the variability in the disper-
sal of particles of a simulation as the marginal entropy of its
corresponding probability distribution.

The marginal entropy measures the variability of a distri-
bution, but it does not measure how well two distributions
match bin by bin. As illustrated by Olah (2015), consider
two probability distributions PA(X)= (1/2,1/4,1/8,1/8)
and PB (X)= (1/8,1/2,1/4,1/8), both defined over X =
(x1,x2,x3,x4). Both distributions are different when com-
paring them element by element, that is, PA(xi) 6= PB (xi).
However, if we compute their marginal entropy, we see that
they have the same marginal entropy HPA (X)=HPB (X)=
1.75 bits. Hence, while two distributions may have equiva-
lent marginal entropies, this does not imply that the distribu-
tions are equivalent or similar.

Cross-entropy and relative entropy provide better mea-
sures for quantifying the difference between two distribu-
tions. The cross-entropy measures the average amount of in-
formation of a distribution Q(X,t) compared to a reference
distribution P (X,t). It is defined as

HP (Q,t)=
n∑
i=1

Q(xi, t)log2
1

P (xi, t)
, (7)

where each bin probability Q(xi, t) is weighted with the in-
formation of the reference distribution P (xi, t), summed over
all bins xi at time t . The cross-entropy tells us the average

information content of Q using the encoding of P . From the
previous example, the cross-entropy of PA with respect to
PB orHPB (PA)= 2.25 bits is larger than its marginal entropy
H (Q). Therefore, if we would send messages described byQ
with P ’s encoding, it would be 0.5 bits more expensive than
using its own encoding. The difference between the cross-
entropy and the marginal entropy is called the relative en-
tropy or Kullback–Leibler divergence (Kullback and Leibler,
1951) and is defined as

D(Q||P,t)=HP (Q,t)−H (Q,t), (8)

where HP (Q,t) is the cross-entropy of Q with respect to
P , minus the marginal entropy of Q. Equation (8) is equiv-
alent to the most common definition (Cover, 1999; MacKay,
2003):

D(Q||P,t)=
n∑
i=1

Q(xi, t)log2
Q(xi, t)
P (xi, t)

. (9)

The relative entropy measures the cost of assuming that
the distribution is Q when the true distribution is P (Cover,
1999) and is used to quantify the uncertainty between two
distributions.

One of the objectives of this study is to quantify the dif-
ference between the mixture distributions Pmix and single-
member distributions Pm, where the variability is created fol-
lowing spatial and temporal release patterns. Given the spar-
sity of the trajectories sampling the domain, computing the
relative entropy between the distributions Pmix and Pm im-
plies comparing two-dimensional distributions with zeros in
most of the domain. Figure 3A and B illustrate this by show-
ing Pmix and Pm at a particle age of t = 15 d. We see that the
probability of finding particles is non-zero in a localized area
for both distributions. Therefore, when computing the rela-
tive entropy for some bins, it is unavoidable to have terms
in which qlog2(q/p)→∞ as p→ 0, where q =Q(xi) and
p = P (xi) are the probabilities of finding particles in a bin
xi . To numerically represent the infinity and compute the rel-
ative entropy, we replaced the zeros with a double-precision
machine epsilon in Pm and Pmix. The machine epsilon (ε)
is the smallest number that a computer can represent. For
double precision, it is equivalent to ε = 2−52; therefore the
information content of p = ε is equal to log2(1/ε)= 52 bits.

The relative entropy is non-symmetric, D(Q||P ) 6=
D(P ||Q), and the order in which we compare distributions
is crucial. In this study, we calculated the relative entropy as

D(Pmix||Pm, t)=
B∑
i=1

Pmix(r|xi, t)log2
Pmix(r|xi, t)
Pm(m|xi, t)

, (10)

where Pmix is the full probabilistic model we aim to repro-
duce with Pm, the reduced-order approximate model com-
puted from a single member. The relative entropy is com-
puted for the particle age t of the probability distribution.
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The relative entropy can be interpreted as total information
loss (or lack of information) when representing Pmix with
Pm (Chen et al., 2024; Kleeman, 2002). Figure 3C illustrates
computing D(Pmix||Pm, t) with the distributions shown in
Fig. 3A and B, where each (hexagonal) bin shows the “infor-
mation loss”, Pmixlog2(Pmix/Pm). We note that the bins with
information loss coincide with the bins where Pm fails to
have particles, but Pmix does have particles. Conversely, there
is no information loss in bins where there are no particles
for Pmix, but there are for Pm. Therefore, Pm having more
bins with particles than Pmix is not quantified as information
loss. This is more evident when computing D(Pm||Pmix, t),
in Fig. 3D. In contrast, there is information loss in the bins
where both distributions have particles but not the same
number. There is no information loss if the bins have the
same number of particles. By summing over all the bins in
D(Pmix||Pm, t), we obtain a single value that quantifies the
total information loss between the two distributions.

Figure 3D illustrates the opposite case, computing
D(Pm||Pmix, t) in which the relative entropy measures how
well Pmix approximates Pm. In this case, there is only infor-
mation loss in the bins where Pm and Pmix have particles, al-
though Pmix covers more bins. This again shows that there is
no information loss for having a wider probability that covers
a larger area, containing the bins of the distribution to repre-
sent. By summing over all bins inD(Pm||Pmix), we get a rel-
ative entropy of 2.8 bits, which is far less thanD(Pmix||Pm, t)
described previously.

To summarize, because of the asymmetry in the rela-
tive entropy, it is important to evaluate the full probabilis-
tic model with the encoding of the reduced-order model,
D(Pmix||Pm, t), in Eq. (10). In that case, the relative entropy
quantifies the uncertainty when using the simplified prob-
abilistic model (Pm) to approximate the full model (Pmix)
(Chen et al., 2024).

3 Results

3.1 Connectivity

This section compares mixture simulations (containing the
full ensemble variability) and single-member distributions
for particles crossing the 40° W line. Throughout this analy-
sis, we use the mixture distribution with δr = 0.1° as our ref-
erence, as it represents the closest approximation to a point
release, while still being controlled by the variability in ocean
velocities from the full ensemble variability. This allows us
to consistently evaluate how increasing spatial or temporal
variability in single-member simulations compares to this
baseline case. We employed empirical cumulative distribu-
tion functions (ECDFs) to assess the likelihood of single-
member distributions matching the average particle counts
in mixture distributions. Figure 4 shows the ECDFs for the
number of particles crossing 40° W and the median parti-
cle age at which they cross that longitude. Figure 4A and

B compare spatially varying releases and the releases with
added diffusion, whereas Fig. 4C and D compare temporally
varying release simulations. In all panels, the ECDF curves
represent the single-member distributions, and the vertically
shaded lines show the 99 % confidence interval of their cor-
responding mixture distributions. The mixture distributions
are depicted as vertically shaded lines to enhance the read-
ability of the plots since they are well-defined Gaussian dis-
tributions. The plots showing kernel density estimate (KDE)
distributions of the single-member and of the mixture distri-
butions can be found in Figs. B3 and B4, in the Appendix B.

Figure 4A shows greater variance in single-member distri-
butions than mixture distributions, with values ranging from
1000 to 5100 particles. This increased variability occurs be-
cause single-member distributions reflect the specific ocean
conditions of individual ensemble members, while mixture
distributions average out these individual variations across
multiple members, resulting in more stable statistics. On av-
erage, more particles cross the 40° W line for simulations
with larger release clouds δr in the single-member distri-
butions. The same relation between δr and the number of
particles crossing is observed in the mixture distributions.
The ECDF provides insights into the probability of single-
member simulations not capturing the mixture distribution
averages. For instance, in single-member simulations with
a release radius of δr = 0.1°, there is a 0.64 probability of
having fewer particles crossing the 40° W line than the av-
erage of the mixture distribution with δr = 0.1°, and conse-
quently, a 0.36 probability of overestimation. The probabil-
ity of underestimation decreases to 0.34 (with 0.66 proba-
bility of overestimation) for δr = 1.0° and to 0.10 (with 0.90
probability of overestimation) for δr = 2.0°, taking the same
mixture distribution (δr = 0.1°) as reference.

Figure 4C shows the ECDFs for temporally varying re-
leases. The distributions for the single-member simulations
with 4, 12, and 20-week releases are similar but show more
variance than the mixture distributions represented by the
shaded lines. Mixture distributions for 4- and 12-week re-
leases have comparable average particle counts, while 20-
week releases show slightly lower averages. For single-
member simulations, the probability of having fewer parti-
cles than the mixture distribution average (δr = 0.1°) is 0.56
(with 0.44 probability of overestimation) for 4-week releases,
0.50 (with 0.50 probability of overestimation) for 12-week
releases, and 0.66 (with 0.34 probability of overestimation)
for 20-week release periods.

Figure 4E shows that the single-member simulations with
low diffusion (Kh = 10 m2 s−1) have a distribution similar
to the single-member simulations with δr = 0.1°, for which
there is a 0.70 probability of having fewer particles cross-
ing the 40° W line than the mixture δr = 0.1° distribution.
The simulations with high diffusion have a distribution where
there is a zero chance that fewer particles cross the 40° W line
than in the mixture δr = 0.1° distribution, which means that
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Figure 3. Comparison of probability distributions and their relative entropy. (A) Mixture distribution Pmix(X|δr = 0.1°) at 15 d after release,
representing the full probabilistic model. (B) Single-member distribution Pm(X|δr = 0.1°) at 15 d after release, representing the reduced-
order approximate model. (C) Information loss map showing the contribution of each grid cell to the total relative entropy D(Pmix||Pm)
when approximating the mixture distribution with the single-member distribution. (D) Information loss map showing the contribution of
each grid cell to the total relative entropy D(Pm||Pmix) when approximating the single-member distribution with the mixture distribution.
Gray hexagons represent land. Color scales show probability values (A, B) and information loss in bits (C, D). The zero-bit value falls within
the second color bin from the left in the information loss color scale.

connectivity is very likely to be overestimated in this simula-
tion with high diffusion.

Figure 4B shows the ECDFs for the median particle age of
particles crossing 40° W in spatially varying release simula-
tions. The single-member distributions (ECDF curves) show
a clear separation based on the release cloud size (δr). Par-
ticles from smaller release clouds (δr = 0.1°) tend to have
longer median drift times, while those from larger release
clouds (δr = 2.0°) have shorter median drift times. This trend
is also reflected in the mixture distributions’ 99 % confidence
interval (shaded lines). While the single-member simulations
show a greater spread in median drift times compared to the
mixture distributions, they maintain the same general pattern
of decreasing drift times with increasing release cloud size.
However, the wider spread in single-member distributions in-
dicates that individual simulations may not consistently re-
produce the more stable statistics captured by the mixture
distributions.

Figure 4D shows the ECDFs for particle age in tempo-
rally varying release simulations. The distributions for dif-
ferent release durations (4, 12, and 20 weeks) are more
closely aligned than the spatial variations in panel (B). How-
ever, longer release periods (20 weeks) tend to show slightly
shorter median drift times. While single-member distribu-
tions still exhibit greater variability than the mixture distribu-
tions, this variability is less pronounced than in the spatially
varying simulations. This suggests that temporal release vari-
ations may provide more consistent reproducibility of mix-
ture statistics compared to spatial variations, although this
varies in individual simulation results.

Figure 4F shows that the ECDF for single-member sim-
ulations with low diffusion (Kh = 10 m2 s−1) shows similar
median particle age distribution to the single-member simu-
lations with δr = 0.1°. The particles in the simulations with
high diffusion (Kh = 1000 m2 s−1) have both a much lower
average age and a much lower spread in their age when they
cross the 40° W line than in any of the other strategies.

In summary, our connectivity analysis reveals that single-
member simulations tend to either significantly under- or
overestimate particle transport across 40° W, with the bias
depending on the release strategy. For spatial variations,
larger release clouds (δr = 2.0°) show a strong tendency to
overestimate connectivity (90 % probability), while smaller
release clouds (δr = 0.1°) are more likely to underestimate
it (64 % probability). Temporal variations show more bal-
anced probabilities of under- and overestimation, particularly
for 12-week releases (50 %–50 % probability), and gener-
ally exhibit less pronounced variability in particle ages com-
pared to spatial variations. Adding a low amount of diffusion
(Kh = 10 m2 s−1) is likely to underestimate particle transport
(70 % probability), while high diffusion (Kh = 1000 m2 s−1)
is certain to overestimate particle transport.

3.2 Two-dimensional probability distributions

The first step to calculate the marginal and relative entropy is
to bin the particle trajectories into the two-dimensional prob-
ability distributions in the hexagonal grid. We computed the
two-dimensional probability distributions for all the single-
member and mixture simulations, for the different strategies
to generate variability in the trajectories. As an illustration,
Fig. 5 shows the two-dimensional probability distributions
for the reference mixture δr = 0.1° distribution (subset 43)
and the single ensemble member distributions, with different
release strategies (ensemble member 22). The three columns
of subplots show the distributions at particle ages of 10, 100,
and 1000 d, and the different rows show the different strate-
gies to generate variability. We observe that the reference
mixture δr = 0.1° distribution, showcasing the full ensemble
variability, spreads evenly from the release location (shown
as a blue dot). We also appreciate how 20-week and δr = 2.0°
single-member distributions resemble the mixture distribu-
tion in the area covered by the bins, but the shape of the dis-
tributions still remains different. However, the distributions
from the single-member simulations with δr = 0.1° and low
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Figure 4. Connectivity analysis between the Gulf Stream at Cape Hatteras and the line at 40° W in the North Atlantic. The plots compare
single-member ECDFs (lines) with mixture distribution average plus/minus 99 % confidence values (shaded vertical lines). (A) ECDFs of
the number of particles crossing the line for spatially varying simulations (B) ECDFs of the median particle age distributions for spatially
varying releases and simulations with diffusion. (C) ECDFs of the number of particles from temporally varying simulations. (D) ECDFs
of the median particle age distributions for temporally varying simulations. (E) ECDFs of the number of particles from simulations with
diffusion. (F) ECDFs of the median particle age distributions for simulations with diffusion.

diffusion (Kh = 10 m2 s−1) clearly cover fewer bins at the
three particle ages shown, despite having the same number
of particles as the other distributions. The distribution from
the simulations with high diffusion (Kh = 1000 m2 s−1) cov-
ers a similar range of bins to the δr = 2.0° single-member
distribution for 10 d; it covers many more bins for 100 d and
then looks fairly similar to the other distributions for 1000 d.
Figures B5 and B6, in the Appendix B, show similar fig-
ures but with other single members and mixture subsets. In
general, two-dimensional distributions can best be described
and compared with statistical tools. Thus, we computed the
marginal entropy and relative entropy of these distributions,
at different particle ages, to characterize and compare the dis-
persion patterns of the different single-member strategies to
that of the reference mixture.

3.3 Marginal and relative entropy

We calculated the marginal entropy (Eq. 6) for every single-
member and corresponding mixture distribution to assess
the variability and determine which release strategies can
represent the variability of the full ensemble. In total, we
computed the marginal entropy functions for all eight sets
of single-member distributions (three spatial varying, three
temporal varying, and two diffusive). We also computed the
marginal entropy for six sets of mixture distributions, ex-
cluding the mixture distribution from simulations with dif-
fusion. Each release strategy and mixture set had 50 distri-
butions; therefore, we calculated the average and the stan-
dard deviation of the marginal entropy functions, resulting
in one average entropy curve as a function of particle age
per set. Figure 6A illustrates the average entropy curves for
spatially varying release distributions, while Fig. 6B shows
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Figure 5. Probability distributions of particle locations at different ages (10, 100, and 1000 d; columns) across varying release strategies
(rows). The top row shows the probability of the mixture δr = 0.1° distribution (mixture subset 43 of the bootstrapping). The second,
third, fourth, and fifth rows show the single-member distributions (member 22), with 20-week, δr = 2.0°, δr = 0.1°, and with diffusion
Kh = 10 m2 s−1 and Kh = 1000 m2 s−1. The blue circles mark the particle’s release location, omitted for plots of particle age of 10 d. Bins
with probability zero were removed to facilitate visualizing the area of dispersal of the particles.

those for temporally varying release distributions and Fig. 6C
shows those for distributions with diffusion. Detailed entropy
curves for each single-member and mixture simulation are
provided in Figs. B7 and B8 in the Appendix B.

Figure 6A shows the average marginal entropy as a func-
tion of particle age for various spatial release strategies, com-
paring single-member probability distributions (Pm) with
mixture distributions (Pmix) using different spatial release
intervals (δr). Three single-member curves are shown: δr =

0.1° (blue dotted line), δr = 1.0° (purple dashed line), and
δr = 2.0° (green dash-dot line). Two mixture distribution
curves are presented: δr = 0.1° (solid black line) and δr =

2.0° (black dash-dot line). Shaded areas around the single-

member curves represent the standard deviation, illustrating
the spread of entropy values across the ensemble. There is
no shaded area around the mixture entropy curves because
their standard deviation was of the order of magnitude 10−2

bits. The logarithmic scale on the x axis emphasizes the rapid
changes in entropy during the early stages of particle disper-
sion. All curves show a logarithmic increasing trend in en-
tropy with particle age, indicating growing dispersion over
time. The single-member distributions with larger δr values
(1.0 and 2.0°) initially overestimate the entropy compared
to the mixture distribution with δr = 0.1°, particularly in the
first 10 d. After this period, only the single-member distri-
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bution with δr = 2.0° adequately represents the variability of
the mixture with δr = 0.1°.

Figure 6B shows the average entropy as a function of
time for the temporal varying release strategies and their cor-
responding mixture distributions, comparing single-member
probability distributions Pm for different release periods
against mixture distributions (Pmix). The single-member dis-
tributions are shown for release periods of 4, 12, and 20
weeks. These curves show a general trend of entropy in-
creasing logarithmically over time, with longer release pe-
riods resulting in higher entropy values. Three mixture dis-
tributions are plotted: mixture subsampled from 4-week re-
lease, mixture subsampled from 20-week release, and the
reference mixture from δr = 0.1°. We compared temporal
and spatial mixture distributions to understand how different
release strategies contribute to the total ensemble variabil-
ity. As one would expect, these mixture distributions consis-
tently show higher entropy values than single-member dis-
tributions, indicating that Pm captures less variability than
the mixture distributions. The 20-week single-member aver-
age entropy closely follow the reference mixture δr = 0.1°
average entropy, often overlapping or slightly exceeding it.
Among the single-member curves, the 20-week release gen-
erally shows the highest average entropy, followed by 12 and
4 weeks in descending order. However, these differences be-
come less pronounced as time increases.

Figure 6C shows the average entropy as a function of
time for the simulations with diffusion. The simulations with
the low diffusion (Kh = 10 m2 s−1) show very low entropy
for the first 10 d, somewhat similar to the single-member
curve of δr = 0.1° in Fig. 6A. The simulations with the high
diffusion (Kh = 1000 m2 s−1), on the other hand, track the
δr = 0.1° mixture distribution (solid black line), with a slight
underestimation in the first 20 d and a slight overestimation
between 20 and 1000 d.

Comparing spatial and temporal strategies in Fig. 6A and
B supports setting the mixture distribution with δr = 0.1° as
our reference standard, as it shows the minimum average en-
tropy among all mixture strategies but still captures the full
ensemble variability. The 20-week single-member average
entropy curve most closely approximates the reference mix-
ture δr = 0.1° entropy, while the single-member spatial re-
leases show more variable performance. Both the δr = 2.0°
and the 20-week mixture distributions exhibit the highest av-
erage entropy values, demonstrating how combining either
spatial or temporal release strategies with the ensemble vari-
ability increases the total dispersion variability. This rein-
forces our choice of the more point-like δr = 0.1° mixture
as our reference for evaluating single-member approxima-
tions. For clarity, we omitted the intermediate mixture curves
(δr = 1.0° and 12-week), as their entropy values consistently
fall between those of the δr = 0.1° and δr = 2.0° and 4 and
20 weeks, respectively.

We computed the relative entropy as a function of par-
ticle age by comparing single-member distributions with

mixture distributions, to understand how similar the single-
member distributions are to the mixture distributions, bin by
bin. For this, we computed the relative entropy of a single-
member distribution Pm(X,t) compared to a mixture dis-
tribution Pmix(X,t), using Eq. (10), across all their particle
ages. Therefore, we calculated 502

= 2500 relative entropy
curve as a function of particle age curves when comparing
two sets of distributions: that is, one set for single-member
simulations and one set of mixture simulations. From the
2500 relative entropy functions, we computed the average
and the standard deviation of the relative entropy as a func-
tion of particle age. We computed the average relative en-
tropy for the combination of the seven sets of single-member
distributions (δr ∈ {0.1°,1.0°,2.0°}, 4, 12, and 20 weeks, and
Kh = 10 m2 s−1 and Kh = 1000 m2 s−1), with the six sets of
mixture distributions (excluding diffusion), ending up with
48 average relative entropy curve as a function of particle
age.

Figure 7 shows the average relative entropy as a function
of particle age, divided into four panels (A–D), each using a
different mixture distribution as a reference (Pmix). In these
plots, low values of the relative entropy indicate good agree-
ment to the reference case, as relative entropy is a measure
of the mismatch between each of the distributions shown and
the reference distribution (technically: the cost of assuming
that each of the distributions shown is the reference distribu-
tion). We omitted the plots where the mixture δr = 1.0° and
mixture 12-week strategy was used a reference, since their
entropy lies between their corresponding extreme strategies,
that is δr ∈ {0.1°,2.0°} and 4- and 20-week releases. In all
panels, the solid and dotted lines represent the average rela-
tive entropy for each strategy, while the shaded bands around
these lines indicate their corresponding standard deviation.
The standard deviation measures the variability in relative
entropy, revealing the extreme cases where single-member
distributions poorly represent the reference mixture distribu-
tions.

Figure 7A uses the reference mixture distribution with
δr = 0.1° as the reference (Pmix). On average, the single-
member distribution with δr = 2.0° (green dotted line) most
closely approximates the reference mixture, having the low-
est mean relative entropy across most of the time range.
The 20-week release strategy (yellow dashed line) and Kh =
1000 m2 s−1 (purple dashed line) perform similarly well.
However, δr = 0.1° (blue dash-dot line), the 4-week re-
lease (red dotted line), and Kh = 10 m2 s−1 (black line)
have higher average relative entropy, showing that their two-
dimensional distributions under-represent Pmix. Regarding
their standard deviation bands, we see that δr = 2.0° has al-
most zero standard deviation on the first 10 d after release.
This is due to the larger area being covered by particles at
the release compared to the area covered by the Pmix. The
opposite case is observed with δr = 0.1° andKh = 10 m2 s−1

standard deviations, which indicate a more likely greater lack
of information compared to the reference distribution Pmix.
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Figure 6. Average marginal entropy as a function of particle age of single-member distributions (colored lines) and mixture distributions
(black lines). The average marginal entropy for the single-member simulations with diffusion Kh is shown as black triangle curve. The
shaded areas represent the standard deviation. The particle age is on a logarithmic scale. (A) Comparison of the single-member and mixture
distributions with spatially varying release. (B) Comparison of the single-member and mixture distributions with temporally varying release.
(C) Comparison of the single-member distributions with diffusion. In all panels, we added the entropy curve of the mixture δr = 0.1° as a
reference.

Figure 7B, with the mixture distribution with δr = 2.0°
as reference Pmix, shows that the single-member δr = 2.0°
strategy most closely matches Pmix on average. The 20-
week release strategy and Kh = 1000 m2 s−1 also perform
well, especially for higher particle ages. The substantial stan-
dard deviations for all strategies, particularly pronounced for
δr = 0.1°, the 4-week strategy, and Kh = 10 m2 s−1, high-
light the potential for large lack of information in represent-
ing Pmix at all particle ages. Figure 7C and D use the 4- and
20-week mixture distributions as references, respectively. In
both cases, 20-week and δr = 2.0° single-member temporal
release strategies, and the Kh = 10 m2 s−1 show the lowest
mean relative entropy. The wide standard deviation bands,
particularly noticeable for δr = 0.1° andKh = 10 m2 s−1, un-
derscore the high variability in how well these strategies cap-
ture the reference mixture’s characteristics.

Across all panels of Fig. 7, relative entropy peaks between
10 and 100 d of particle age, with the largest standard devi-
ations also occurring in this range. Notably, standard devi-
ations for temporal (20-week) and spatial (δr = 2.0°) strate-
gies peak at different times: the 20-week release shows max-
imum variability at earlier particle ages (before 10 d), while
the δr = 2.0° release peaks later (before 100 d). This suggests
that these single-member strategies are most likely to signif-
icantly diverge from the mixture distributions around these
particle ages.

From the average entropy curves shown in Fig. 7, we took
the average over the 6 years the particles were drifting af-
ter release. We compiled these values for the 20 compar-
isons between mixture and single-member sets, with dif-
ferent release strategies in Fig. 8. This figure presents a
heatmap of the time-averaged relative entropy values for var-
ious combinations of single-member and mixture distribu-

tions. The rows represent single-member distributions, while
the columns represent mixture distributions. The color scale
ranges from dark green (lowest relative entropy) to light
green (highest relative entropy), with numerical values pro-
vided in each cell. Notably, the Kh = 1000 m2 s−1 (last row)
and 20-week single-member distribution (fourth row) con-
sistently shows the lowest relative entropy across all mixture
distributions, indicating both strategies best represent the en-
semble variability. Conversely, the δr = 0.1° single-member
distribution exhibits the highest relative entropy values, fol-
lowed by Kh = 10 m2 s−1, suggesting that they are the least
effective at capturing the characteristics of the mixture distri-
butions.

4 Discussion and conclusions

In this study, we investigated how to generate ensemble-like
variability within single-member Lagrangian simulations by
implementing varying spatial and temporal release strategies,
as well as by adding diffusion, in the Gulf Stream region near
Cape Hatteras. The surface connectivity between the Gulf
Stream and the region past 40° W revealed significant dif-
ferences in the number of particles crossing between differ-
ent release strategies in the single-member distributions. The
ECDFs in Fig. 4 showed that, for spatially varying releases,
the larger the initial particle cloud, the more particles cross
the 40° W. Regarding the temporal distributions, we did not
see significant variations in the number of particles crossing
40° W; the distributions for the number of particles and the
median times were similar between the three temporal re-
lease strategies. The low-diffusion Kh distribution was very
similar to the spatial δ = 0.1° distribution, with fewer par-
ticles crossing 40° W than other strategies, while the high-
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Figure 7. Relative entropy as a function of particle age for different single-member distributions compared to mixture distributions. The
subplots (A)–(D) show comparisons using different reference mixture distributions (Pmix): (A) δr = 0.1°, (B) δr = 2.0°, (C) 4-week release,
and (D) 20-week release. Dotted and solid lines represent the average relative entropy for each release strategy, while shaded areas indicate
their corresponding standard deviation. The x axis shows particle age in days (log scale), and the y axis shows relative entropy in bits. Dif-
ferent colors represent various single-member strategies: δr = 0.1° (blue), δr = 2.0° (green), 4-week release (red), 20-week release (orange),
Kh = 10 m2 s−1 (black), and Kh = 1000 m2 s−1 (purple).

diffusion Kh distribution resulted in complete connectivity
on much shorter timescales than any other strategy. More-
over, the normal distribution observed in the mixture distri-
butions can be attributed to the central limit theorem. This
fundamental principle in probability theory states that when
independent random samples are drawn from a population
with a finite variance, the distribution of their means will ap-
proximate a normal distribution as the sample size increases.
In our case, the bootstrapping method used to construct the
mixture distributions effectively simulates this sampling pro-
cess, resulting in the observed normal distributions.

Regarding representing the full ensemble variability with
single-member simulations in the connectivity analysis, we
see that particles are more consistent in crossing the 40° W
meridian in the mixture distributions. Therefore, when com-
paring mixture distributions with single-member distribu-
tions, we counted the percentage of single-member simula-
tions with fewer particle crossings than the reference mixture

distribution with δr = 0.1°. In this analysis, we see that per-
forming a one-time spatial release with a radius of δr = 2.0°
better represents the particle crossings in the mixture distri-
butions than the other strategies. From all the release strate-
gies, single-member simulations with δr = 2.0° release cloud
had the lowest likelihood of having fewer particles crossing
than the reference mixture simulation with δr = 0.1°. This
might be because a large initial cloud of particles releases
more particles outside the Gulf Stream, creating a wider va-
riety of trajectories that cross 40° W. In the case of the tem-
poral releases, the single member with 20-week release sim-
ulation had fewer particles crossing 40° W than the mixture
with δr = 0.1°, with a 66 % likelihood of having fewer par-
ticles. This likelihood is 10 % higher than 4- and 12-week
single-member distributions, suggesting that the seasonabil-
ity may be playing a role in the transport of particles to the
eastern side of the domain. The connectivity with the east-
ern region of the domain might be stronger during winter,
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Figure 8. Time-averaged relative entropy (in bits) between single-
member and mixture distributions for different release strategies.
Rows represent single-member distributions, and the columns rep-
resent mixture distributions. Color intensity indicates the magnitude
of relative entropy, with dark green representing lower values (bet-
ter agreement) and light green representing higher values (poorer
agreement). Numerical values in each cell show the precise time-
averaged relative entropy.

corresponding to the release of particles in the 4-week pe-
riod (from 2 to 30 of January) and 12-week period (from 2
January to 27 March). Meanwhile, the 20-week release, from
2 January to 22 May, had a portion of its particles released
during spring.

The marginal entropy analysis, shown in Fig. 6, provided
insights into how well different release strategies represent
the full ensemble variability. In general, we see how the
marginal entropy increased with time for all strategies con-
sidered, some at slower rates than others. We attributed this
to the percentage of particles released under the local decor-
relation length scales and timescales for the different strate-
gies. For instance, spatial releases with radius δr = 0.1° and
temporal releases of 4 weeks, which exhibited the lowest
marginal entropy, had all their particles released within their
respective decorrelation scales. As the radius or release pe-
riod was increased, there were more particles with decorre-
lated initial velocities, resulting in higher entropy in the two-
dimensional distributions.

It is important to highlight that the marginal entropy of
the mixture distributions consistently exceeds that of cor-
responding single-member distributions, demonstrating that

ensemble simulations under identical release conditions in-
herently generate greater trajectory variability than single-
member simulations. By maintaining equal particle counts
between mixture and single-member simulations, we ensured
that the higher entropy in mixture distributions reflects gen-
uine ensemble dynamics rather than statistical artifacts. The
higher marginal entropy in mixture distributions may also be
attributed to the temporal context of our study: we advected
particles ∼ 18 years after the initialization of the NATL025-
CJMCYC3 ensemble (which was perturbed during 1993). At
the release date of the particles (2010), the perturbations had
sufficient time to adapt and decorrelate the velocity fields of
the members, which suggests that ensemble Lagrangian dis-
persion arises not only from mesoscale chaos but also from
low-frequency, large-scale intrinsic fluctuations.

Based on the marginal entropy curves from Fig. 6, we se-
lected the mixture simulations with δr = 0.1° as reference for
comparing the different release strategies because they con-
tain the full ensemble variability with least noise added by
the initial perturbation to their initial conditions. Comparing
the spatial releases against this reference (Fig. 6A) revealed
significant limitations. The larger release areas (δr = 1.0°
and δr = 2.0°) initially overestimate variability during the
first 10 d, as particles start from a wider area than the refer-
ence’s mixture with δr = 0.1° radius. While δr = 2.0° simu-
lations eventually match the reference entropy after 30–40 d,
δr = 1.0° simulations underestimate it until about 1000 d af-
ter release.

The simulations with low diffusion (Kh = 10 m2 s−1)
show marginal entropy similar to spatial releases with δr =

0.1° but fail to reproduce the full ensemble variability un-
til approximately 1000 d after release, as seen in Fig. 6. The
simulations with high diffusion (Kh = 1000 m2 s−1), on the
other hand, lead to very similar entropy statistics as the mix-
ture models (Fig. 8), although they fail to capture the con-
nectivity and transport time patterns. These added diffusion
simulations used a stochastic differential equation approach
with Brownian motion terms, following established meth-
ods in Lagrangian oceanography (Griffa, 1996). Our results
demonstrate that such an approach could reproduce some of
the full ensemble entropy but at the expense of overestimat-
ing the connectivity. Furthermore, Brownian diffusion can
also move particles across permanent fronts or (if not treated
carefully), even across landmasses such as the Panama Isth-
mus (McAdam and Van Sebille, 2018).

The underperformance of the low diffusion strategy likely
reflects that it represents primarily small-scale turbulent mix-
ing processes, and the diffusion cannot create noticeable vari-
ability in trajectories, specially for particle ages < 100 d,
missing the larger-scale flow uncertainties and mesoscale
variability captured through other strategies. In contrast, tem-
poral release strategies (Fig. 6B) show better performance,
particularly the 12- and 20-week releases. The 20-week re-
lease strategy consistently matches the reference mixture’s
marginal entropy (mixture δr = 0.1°) across all temporal
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scales, demonstrating that continuous particle releases over
time can effectively reproduce the variability captured by en-
semble simulations. This suggests that temporally varying
the initial conditions is more effective at generating ensemble
variability than adding diffusion and also is more consistent
throughout particle ages than varying spatially the extent of
the release area.

As we explained in Sect. 2.4.4, two distributions that have
the same entropy do not necessarily exhibit the same distri-
butions since two different probability distributions can have
equivalent marginal entropies. As a complementary analy-
sis, we computed the relative entropy to measure the agree-
ment between two distributions, which measures the lack
of information when representing the full ensemble with a
single-member simulation. We applied the relative entropy
analysis to compare all release strategies against the mixture
distribution δr = 0.1°. The averaged results and their vari-
ability, shown in Fig. 7, further support the findings from
the marginal entropy assessment. The 20-week and Kh =
1000 m2 s−1 release generally showed consistently low av-
erage relative entropy with respect to the reference mixture
distribution, indicating this release strategy most effectively
captured the particle distributions over time, by generating
two-dimensional distributions that resembled the most to the
ones of the mixture distribution containing the full ensem-
ble variability. Contrary to that, the δr = 0.1°, 4-week, and
Kh = 10 m2 s−1 strategies showed the largest values in aver-
age relative entropy, with large standard deviations in parti-
cle ages below 100 d. This shows that these strategies have
particular difficulty to generate variability in the trajectories
similar to a full ensemble.

Comparing the 6-year time-averaged relative entropy,
shown in Fig. 8, showed how the 20-week release strategy
and theKh = 1000 m2 s−1 simulations have least uncertainty
and how they represent the best full ensemble variability
across different reference mixtures. The δr = 2.0° and a 4-
week release strategy showed higher uncertainties compared
to a 20-week release. Lastly, Kh = 10 m2 s−1 and δr = 0.1°
had the highest time-average relative entropies. This further
supports the idea that performing long continuous releases
is the best release strategy to generate variability in particle
trajectories similar to a full ensemble simulation.

In single-member simulations, we demonstrated that re-
leasing particles at slightly different locations or times can
match the variability in the behavior of particles released at
a specific time and location from an ensemble of simula-
tions. An interpretation of this may be that an ensemble of
Lagrangian simulations has an ergodic flavor in which statis-
tical homogeneity exists between an ensemble of simulations
and single-member simulations (Shannon, 1948). However,
this does not constitute proof of the system’s ergodicity.

While our study provides valuable insights into generat-
ing ensemble-like variability in single-member simulations,
several limitations should be acknowledged. Our analysis fo-
cused solely on the Gulf Stream region near Cape Hatteras,

and the effectiveness of these release strategies may vary
in other oceanic regions with different dynamics. Addition-
ally, while our particles were advected in three-dimensional
flows, we only considered surface particle releases, which
may not fully represent the three-dimensional transport pro-
cesses occurring throughout the water column. Our results
are based on the NATL025-CJMCYC3 model configuration,
and the effectiveness of these strategies may be resolution-
dependent, as higher-resolution models resolve smaller-scale
processes that could introduce additional variability in trans-
port pathways. We performed simulations for only one re-
lease period, on 2 January 2010, because that allowed us the
longest particle advection time. We acknowledge, however,
that the results presented here may depend on the chosen re-
lease time. Furthermore, our study was limited to forward-in-
time simulations, whereas backward-in-time tracking could
provide complementary information about generating en-
semble variability in single-member simulations in studies
concerning source regions and transport pathways. Future
work should explore the potential of the framework and
methods provided in this study across different oceanic re-
gions, depths, and temporal directions to establish more com-
prehensive guidelines for single-member Lagrangian simu-
lations, including appropriate values for Kh in random walk
diffusion parameterizations.

Ensemble simulations remain the standard for capturing
the full range of variability in ocean simulations; our study
provides guidance on releasing particles in single-member
simulations to increase the variability of the trajectories and,
in this case, better represent ensemble statistics. While data
assimilative models excel at improving mean state predic-
tions through observation integration, ensemble approaches
are better suited for exploring the full range of possible out-
comes and quantifying uncertainty in trajectory predictions.
Generating ensemble-like variability for Lagrangian simu-
lations advected using assimilative models could be partic-
ularly powerful: applying temporal release strategies could
help capture both the improved mean state from data assimi-
lation and the trajectory variability typical of ensemble simu-
lations. These findings have important implications for ocean
modeling and particle tracking studies, especially when com-
putational resources limit the use of full ensemble simula-
tions. By carefully selecting release strategies, researchers
can maximize the variability of single-member simulations,
potentially improving predictions of particle transport by
capturing extreme events.
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Appendix A: Marginal entropy as a function of
number of particles and grid resolution

The calculation of the mixture probability distributions
(Pmix) requires determining both the optimal number of par-
ticles to sample and the appropriate spatial resolution for bin-
ning these particles. These parameters directly affect the en-
tropy of the resulting distributions. We investigated this rela-
tionship by varying two key parameters: the number of par-
ticles sampled per ensemble member and the hexagonal grid
resolution (h).

Figure A1 shows how the entropy converges as we in-
crease the number of particles sampled per ensemble mem-
ber, plotted for three different grid resolutions (h ∈ {2,3,4}).
As expected, finer grid resolutions (larger h values) yield
higher entropy values as they capture more detailed spatial
information. For our chosen grid resolution of h= 3, the en-
tropy converges to approximately 8.5 bits when sampling 150
or more particles per ensemble member. Coarser resolutions
(h= 2) require fewer particles to converge, while finer res-
olutions (h= 4) need more particles but capture more spa-
tial detail. Based on this analysis, we selected h= 3 and 150
particles per member as sufficient parameters for our study,
balancing computational efficiency with spatial resolution.

Figure A1. Marginal entropy of mixture distributions as a function of particles sampled per ensemble member, shown for three different
hexagonal grid resolutions (h). Higher h values indicate finer spatial resolution, resulting in higher entropy values.
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Appendix B: Additional supplementary figures

Figure B1. Ensemble standard deviation of time-averaged particle occurrence per (hexagonal) bin in the North Atlantic Ocean for
single-member simulations. (A, C, E) Temporal release strategies at 4, 12, and 20 weeks. (B, D, F) Spatial release strategies with
δr ∈ {0.1°,1.0°,2.0°}. (G, H) Diffusion strategies with Kh = 10 m2 s−1 and Kh = 1000 m2 s−1. The color scale represents the ensemble
standard deviation of a 6-year time-averaged occurrence per bin. The maps illustrate the variability in particle dispersal for single-member
simulations. The dashed line at 40° W indicates the eastern boundary of the study area. The blue dot marks the approximate release location.
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Figure B2. Ensemble standard deviation of time-averaged particle occurrence per (hexagonal) bin in the North Atlantic Ocean for mixture
simulation subsets. Left column (A, C, E): mixture subsets at 4 weeks, 12 weeks, and 20 weeks. Right column (B, D, F): mixture subsets with
spatial variability δr ∈ {0.1°,1.0°,2.0°}. The color scale represents the ensemble standard deviation of a 6-year time-averaged occurrence
per bin. The maps show the variability in particle dispersal patterns for all 50 subsets of the mixture simulations. The dashed line at 40° W
indicates the eastern boundary of the study area. The blue dot marks the approximate release location.
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Figure B3. Kernel density estimates (KDEs) of connectivity analysis for the single-member simulations. The top row (A–C) shows dis-
tributions for spatial releases δr ∈ {0.1°,1.0°,2.0°}: particle counts (A), median drift time in years (B), and median depth in meters (C).
The middle row (D–F) shows the same metrics but is compared across different temporal releases of 4, 12, and 20 weeks. The bottom row
(G–I) corresponds to Kh = 10 m2 s−1 and Kh = 1000 m2 s−1.
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Figure B4. Kernel density estimates (KDEs) of connectivity analysis for the mixture simulations, using Scott’s method with a bandwidth of
1. The top row (A–C) shows distributions for mixture spatial releases δr ∈ {0.1°,1.0°,2.0°}: particle counts (A), median drift time in years
(B), and median depth in meters (C). The bottom row (D–F) shows the same metrics but is compared across different mixture temporal
releases of 4, 12, and 20 weeks.
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Figure B5. Probability distributions of particle locations at different ages (10, 100, and 1000 d; columns) across varying release strategies
(rows). The top row shows the probability of the mixture δr = 0.1° distribution (mixture subset 4 of the bootstrapping). From the second to
the sixth row, the single-member distributions (member 17), with the following strategies: 20 weeks, δr = 2.0°, δr = 0.1°, Kh = 10 m2 s−1,
andKh = 1000 m2 s−1. The blue circles mark the particle’s release location. Bins with probability zero were removed to facilitate visualizing
the area of dispersal of the particles.
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Figure B6. Probability distributions of particle locations at different ages (10, 100, and 1000 d; columns) across varying release strategies
(rows). The top row shows the probability of the mixture δr = 0.1° distribution (mixture subset 10 of the bootstrapping). From the second to
the sixth row, the single-member distributions (member 46), with 20-week, δr = 2.0°, δr = 0.1°, Kh = 10 m2 s−1, and Kh = 1000 m2 s−1.
The blue circles mark the particle release location. Bins with probability zero were removed to facilitate visualizing the area of dispersal of
the particles.
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Figure B7. Marginal entropy the 50 single-member simulations performed with the different release strategies (individual panels). The lines
are randomly colored, and each line represents one single-member entropy. The black dashed line is the ensemble average as a function of
time.

Figure B8. Marginal entropy of the 50 bootstrapping realizations or mixture distributions, subsampled from single-member simulations with
different release strategies (individual panels). The color lines show the entropy of each realization, and the black dashed line is the average
as a function of time.

https://doi.org/10.5194/npg-32-411-2025 Nonlin. Processes Geophys., 32, 411–438, 2025



436 C. M. Pierard et al.: Particle dispersal in ocean ensemble simulations

Code and data availability. The data related to this arti-
cle can be found at https://doi.org/10.5281/zenodo.17350769
(Pierard, 2025a). The code is available at
https://doi.org/10.5281/zenodo.17310522 (Pierard, 2025b).

Author contributions. CMP, SR, LGN, and EVS contributed to
the conceptualization and design of this study. CMP performed the
simulations and analysis and wrote the original draft. All authors
contributed to the manuscript revision and read and approved the
submitted version.

Competing interests. The contact author has declared that none
of the authors has any competing interests.

Disclaimer. Publisher’s note: Copernicus Publications remains
neutral with regard to jurisdictional claims made in the text, pub-
lished maps, institutional affiliations, or any other geographical rep-
resentation in this paper. While Copernicus Publications makes ev-
ery effort to include appropriate place names, the final responsibil-
ity lies with the authors. Views expressed in the text are those of the
authors and do not necessarily reflect the views of the publisher.

Acknowledgements. The ensemble simulation was performed
using computer and storage resources provided by GENCI at TGCC
as part of the OCCIPUT project. The authors thank Jean-Marc Mo-
lines and Aurélie Albert for performing the ensemble simulation
and distributing the model outputs and three anonymous reviewers
for their comments.

Financial support. This research has been supported by the Ned-
erlandse Organisatie voor Wetenschappelijk Onderzoek (grant no.
OCENW.GROOT.2019.043), the HORIZON EUROPE European
Research Council (Marie Skłodowska-Curie grant agreement no.
10110727 and NECCTON 101081273), the NextGenerationEU
(Margarita Salas fellowship), the Agence Nationale de la Recherche
(grant no. ANR-13-BS06-0007-01), and the Grand Équipement Na-
tional De Calcul Intensif (grant no. 2022-A0130112020).

Review statement. This paper was edited by Irina I. Rypina and
reviewed by three anonymous referees.

References

Badza, A., Mattner, T. W., and Balasuriya, S.: How sen-
sitive are Lagrangian coherent structures to uncertainties
in data?, Physica D: Nonlinear Phenomena, 444, 133580,
https://doi.org/10.1016/j.physd.2022.133580, 2023.

Balasuriya, S.: Transport between Two Fluids across Their
Mutual Flow Interface: The Streakline Approach, SIAM
Journal on Applied Dynamical Systems, 16, 1015–1044,
https://doi.org/10.1137/16M1089253, 2017.

Balasuriya, S.: Stochastic Sensitivity: A Computable Lagrangian
Uncertainty Measure for Unsteady Flows, SIAM Review, 62,
781–816, https://doi.org/10.1137/18M1222922, 2020.

Berglund, S., Döös, K., Groeskamp, S., and McDougall,
T. J.: The downward spiralling nature of the North At-
lantic Subtropical Gyre, Nature communications, 13, 2000,
https://doi.org/10.1038/s41467-022-29607-8, 2022.

Bessières, L., Leroux, S., Brankart, J.-M., Molines, J.-M.,
Moine, M.-P., Bouttier, P.-A., Penduff, T., Terray, L., Barnier,
B., and Sérazin, G.: Development of a probabilistic ocean
modelling system based on NEMO 3.5: application at
eddying resolution, Geosci. Model Dev., 10, 1091–1106,
https://doi.org/10.5194/gmd-10-1091-2017, 2017.

Bessières, L., Leroux, S., Brankart, J.-M., Molines, J.-M.,
Moine, M.-P., Bouttier, P.-A., Penduff, T., Terray, L., Barnier,
B., and Sérazin, G.: Development of a probabilistic ocean
modelling system based on NEMO 3.5: application at
eddying resolution, Geosci. Model Dev., 10, 1091–1106,
https://doi.org/10.5194/gmd-10-1091-2017, 2017.

Bower, A., Lozier, S., Biastoch, A., Drouin, K., Foukal, N., Furey,
H., Lankhorst, M., Rühs, S., and Zou, S.: Lagrangian views of
the pathways of the Atlantic Meridional Overturning Circula-
tion, Journal of Geophysical Research: Oceans, 124, 5313–5335,
2019.

Branicki, M. and Uda, K.: Path-Based Divergence Rates
and Lagrangian Uncertainty in Stochastic Flows, SIAM
Journal on Applied Dynamical Systems, 22, 419–482,
https://doi.org/10.1137/21M1466530, 2023.

Brankart, J.-M.: Impact of uncertainties in the hori-
zontal density gradient upon low resolution global
ocean modelling, Ocean Modelling, 66, 64–76,
https://doi.org/10.1016/j.ocemod.2013.02.004, 2013.

Breivik, Ø., Allen, A. A., Maisondieu, C., and Olagnon, M.: Ad-
vances in search and rescue at sea, Ocean Dynamics, 63, 83–88,
2013.

Brodsky, I.: H3: Uber’s hexagonal hierarchical spatial index, Uber
Engineering website, p. 30, https://eng.uber.com/h3/ (last access:
22 June 2019), 2018.

Buckley, M. W. and Marshall, J.: Observations, inferences, and
mechanisms of the Atlantic Meridional Overturning Circulation:
A review, Reviews of Geophysics, 54, 5–63, 2016.

Burkholder, K. C. and Lozier, M. S.: Tracing the pathways of the
upper limb of the North Atlantic Meridional Overturning Circu-
lation, Geophysical Research Letters, 41, 4254–4260, 2014.

Castellari, S., Griffa, A., Özgökmen, T. M., and Poulain, P.-M.:
Prediction of particle trajectories in the Adriatic Sea using La-
grangian data assimilation, Journal of Marine Systems, 29, 33–
50, 2001.

Cerbus, R. T. and Goldburg, W.: Information con-
tent of turbulence, Physical Review E – Statisti-
cal, Nonlinear, and Soft Matter Physics, 88, 053012,
https://doi.org/10.1103/PhysRevE.88.053012, 2013.

Chen, N., Wiggins, S., and Andreou, M.: Taming Uncer-
tainty in a Complex World: The Rise of Uncertainty Quan-
tification – A Tutorial for Beginners, arXiv [preprint],
https://doi.org/10.48550/arXiv.2408.01823, 2024.

Cover, T. M.: Elements of information theory, John Wiley & Sons,
1999.

Nonlin. Processes Geophys., 32, 411–438, 2025 https://doi.org/10.5194/npg-32-411-2025

https://doi.org/10.5281/zenodo.17350769
https://doi.org/10.5281/zenodo.17310522
https://doi.org/10.1016/j.physd.2022.133580
https://doi.org/10.1137/16M1089253
https://doi.org/10.1137/18M1222922
https://doi.org/10.1038/s41467-022-29607-8
https://doi.org/10.5194/gmd-10-1091-2017
https://doi.org/10.5194/gmd-10-1091-2017
https://doi.org/10.1137/21M1466530
https://doi.org/10.1016/j.ocemod.2013.02.004
https://eng.uber.com/h3/
https://doi.org/10.1103/PhysRevE.88.053012
https://doi.org/10.48550/arXiv.2408.01823


C. M. Pierard et al.: Particle dispersal in ocean ensemble simulations 437

Delandmeter, P. and van Sebille, E.: The Parcels v2.0 La-
grangian framework: new field interpolation schemes, Geosci.
Model Dev., 12, 3571–3584, https://doi.org/10.5194/gmd-12-
3571-2019, 2019.

Denes, M. C. and Van Sebille, E.: plasticparcels: A python pack-
age for marine plasticdispersal simulations and parameterisation
development usingparcels, Journal of Open Source Software, 9,
7094, https://doi.org/10.21105/joss.07094, 2024.

Dussin, R., Barnier, B., Brodeau, L., and Molines, J. M.:
The making of the Drakkar forcing set DFS5, Tech. rep.,
DRAKKAR/MyOcean Report, https://www.drakkar-ocean.eu/
publications/reports/report_DFS5v3_April2016.pdf (last access:
10 October 2025), 2016.

Foukal, N. P. and Lozier, M. S.: No inter-gyre path-
way for sea-surface temperature anomalies in the
North Atlantic, Nature communications, 7, 11333,
https://doi.org/10.1038/ncomms11333, 2016.

Grégorio, S., Penduff, T., Sérazin, G., Molines, J.-M., Barnier,
B., and Hirschi, J.: Intrinsic variability of the Atlantic merid-
ional overturning circulation at interannual-to-multidecadal time
scales, Journal of Physical Oceanography, 45, 1929–1946, 2015.

Griffa, A.: Applications of stochastic particle models to oceano-
graphic problems, in: Stochastic modelling in physical oceanog-
raphy, Springer, 113–140, https://doi.org/10.1007/978-1-4612-
2430-3_5, 1996.

Haller, G.: Exact theory of unsteady separation for two-
dimensional flows, Journal of Fluid Mechanics, 512, 257–311,
https://doi.org/10.1017/S0022112004009929, 2004.

Hart-Davis, M. G. and Backeberg, B. C.: Towards a particle trajec-
tory modelling approach in support of South African search and
rescue operations at sea, Journal of Operational Oceanography,
https://doi.org/10.1080/1755876X.2021.1911485, 2021.

Jacobs, G., Barron, C. N., Blain, C. A., Carrier, M. J., D’Addezio,
J. M., Helber, R. W., May, J. C., Ngodock, H. E., Osborne,
J. J., Orzech, M. D., Rowley, C. D., Souopgui, I., Smith,
S. R., Veeramony, J., and Yaremchuk, M.: Operational Ocean
Data Assimilation, in: New Frontiers in Operational Oceanog-
raphy, edited by: Chassignet, E. P., Pascual, A., Tintoré, J.,
and Verron, J., GODAE OceanView, ISBN 978-1-72054-997-0,
https://doi.org/10.17125/gov2018.ch18, 2018.

Karrasch, D.: Lagrangian Transport Through Surfaces in Volume-
Preserving Flows, SIAM Journal on Applied Mathematics, 76,
1178–1190, https://doi.org/10.1137/15M1051348, 2016.

Kleeman, R.: Measuring dynamical prediction utility using rela-
tive entropy, Journal of the atmospheric sciences, 59, 2057–2072,
2002.

Koshel, K. V. and Prants, S. V.: Chaotic advec-
tion in the ocean, Physics-Uspekhi, 49, 1151,
https://doi.org/10.1070/PU2006v049n11ABEH006066, 2006.

Kullback, S. and Leibler, R. A.: On information and sufficiency, The
Annals of Mathematical Statistics, 22, 79–86, 1951.

LaCasce, J.: Statistics from Lagrangian observations, Progress in
Oceanography, 77, 1–29, 2008.

Lacerda, A. L. D. F., Rodrigues, L. D. S., Van Sebille, E., Rodrigues,
F. L., Ribeiro, L., Secchi, E. R., Kessler, F., and Proietti, M. C.:
Plastics in sea surface waters around the Antarctic Peninsula,
Scientific reports, 9, 3977, https://doi.org/10.1038/s41598-019-
40311-4, 2019.

Leroux, S., Penduff, T., Bessières, L., Molines, J.-M., Brankart,
J.-M., Sérazin, G., Barnier, B., and Terray, L.: Intrinsic and at-
mospherically forced variability of the AMOC: Insights from a
large-ensemble ocean hindcast, Journal of Climate, 31, 1183–
1203, 2018.

Leutbecher, M. and Palmer, T. N.: Ensemble forecasting, Journal of
Computational Physics, 227, 3515–3539, 2008.

MacKay, D. J.: Information theory, inference and learning al-
gorithms, Cambridge university press, ISBN 9780521642989,
2003.

Manral, D., Iovino, D., Jaillon, O., Masina, S., Sarmento,
H., Iudicone, D., Amaral-Zettler, L., and van Sebille,
E.: Computing marine plankton connectivity under ther-
mal constraints, Frontiers in Marine Science, 10, 1066050,
https://doi.org/10.3389/fmars.2023.1066050, 2023.

Mao, S., He, R., and Andres, M.: Modes of North Atlantic West-
ern boundary current variability at 36° N, Scientific Reports, 13,
18773, https://doi.org/10.1038/s41598-023-45889-4, 2023.

McAdam, R. and Van Sebille, E.: Surface Connectivity and
Interocean Exchanges From Drifter-Based Transition Matri-
ces, Journal of Geophysical Research: Oceans, 123, 514–532,
https://doi.org/10.1002/2017JC013363, 2018.

Melsom, A., Counillon, F., LaCasce, J. H., and Bertino, L.: Fore-
casting search areas using ensemble ocean circulation modeling,
Ocean Dynamics, 62, 1245–1257, 2012.

Narinc, O., Penduff, T., Maze, G., Leroux, S., and Molines, J.-M.:
North Atlantic Subtropical Mode Water properties: intrinsic and
atmospherically forced interannual variability, Ocean Sci., 20,
1351–1365, https://doi.org/10.5194/os-20-1351-2024, 2024.

Olah, C.: Visual Information Theory – colah’s blog, http://colah.
github.io/posts/2015-09-Visual-Information/ (last access: 10 Oc-
tober 2025), 2015.

Onink, V., Jongedijk, C. E., Hoffman, M. J., van Sebille, E., and
Laufkötter, C.: Global simulations of marine plastic transport
show plastic trapping in coastal zones, Environmental Research
Letters, 16, 064053, https://doi.org/10.1088/1748-9326/abecbd,
2021.

O’Malley, M., Sykulski, A. M., Laso-Jadart, R., and Madoui, M.-
A.: Estimating the travel time and the most likely path from La-
grangian drifters, Journal of Atmospheric and Oceanic Technol-
ogy, 38, 1059–1073, 2021.

Penduff, T., Barnier, B., Terray, L., Bessières, L., Sérazin, G., Gre-
gorio, S., Brankart, J., Moine, M., Molines, J., and Brasseur, P.:
Ensembles of eddying ocean simulations for climate, CLIVAR
Exchanges, Special Issue on High Resolution Ocean Climate
Modelling, 19, 26–29, 2014.

Penduff, T., Sérazin, G., Leroux, S., Close, S., Molines, J.-M.,
Barnier, B., Bessières, L., Terray, L., and Maze, G.: Chaotic vari-
ability of ocean heat content: climate-relevant features and ob-
servational implications, Oceanography, 31, 63–71, 2018.

Pierard, C. M.: Data for “Quantifying variability in La-
grangian particle dispersal in ocean ensemble simula-
tions: an information theory approach”, Zenodo [data set],
https://doi.org/10.5281/zenodo.17350769, 2025a.

Pierard, C. M.: Parcels-code/NEMO_Ensemble_Lagrangian_Analysis:
NEMO Ensemble Lagrangian Analysis v1.0.0 (v1.0.0), Zenodo
[code], https://doi.org/10.5281/zenodo.17310522, 2025b.

Pierard, C. M., Bassotto, D., Meirer, F., and van Sebille,
E.: Attribution of Plastic Sources Using Bayesian Inference:

https://doi.org/10.5194/npg-32-411-2025 Nonlin. Processes Geophys., 32, 411–438, 2025

https://doi.org/10.5194/gmd-12-3571-2019
https://doi.org/10.5194/gmd-12-3571-2019
https://doi.org/10.21105/joss.07094
https://www.drakkar-ocean.eu/publications/reports/report_DFS5v3_April2016.pdf
https://www.drakkar-ocean.eu/publications/reports/report_DFS5v3_April2016.pdf
https://doi.org/10.1038/ncomms11333
https://doi.org/10.1007/978-1-4612-2430-3_5
https://doi.org/10.1007/978-1-4612-2430-3_5
https://doi.org/10.1017/S0022112004009929
https://doi.org/10.1080/1755876X.2021.1911485
https://doi.org/10.17125/gov2018.ch18
https://doi.org/10.1137/15M1051348
https://doi.org/10.1070/PU2006v049n11ABEH006066
https://doi.org/10.1038/s41598-019-40311-4
https://doi.org/10.1038/s41598-019-40311-4
https://doi.org/10.3389/fmars.2023.1066050
https://doi.org/10.1038/s41598-023-45889-4
https://doi.org/10.1002/2017JC013363
https://doi.org/10.5194/os-20-1351-2024
http://colah.github.io/posts/2015-09-Visual-Information/
http://colah.github.io/posts/2015-09-Visual-Information/
https://doi.org/10.1088/1748-9326/abecbd
https://doi.org/10.5281/zenodo.17350769
https://doi.org/10.5281/zenodo.17310522


438 C. M. Pierard et al.: Particle dispersal in ocean ensemble simulations

Application to River-Sourced Floating Plastic in the South
Atlantic Ocean, Frontiers in Marine Science, 9, 925437,
https://doi.org/10.3389/fmars.2022.925437, 2022.

Qin, X., van Sebille, E., and Sen Gupta, A.: Quantification of
errors induced by temporal resolution on Lagrangian parti-
cles in an eddy-resolving model, Ocean Modelling, 76, 20–30,
https://doi.org/10.1016/j.ocemod.2014.02.002, 2014.

Reijnders, D., Deleersnijder, E., and Van Sebille, E.: Simulating
Lagrangian Subgrid-Scale Dispersion on Neutral Surfaces in
the Ocean, Journal of Advances in Modeling Earth Systems,
14, e2021MS002850, https://doi.org/10.1029/2021MS002850,
2022.

Rossi, V., van Sebille, E., Sen Gupta, A., Garçon, V., and England,
M. H.: Multi-decadal projections of surface and interior path-
ways of the Fukushima Cesium-137 radioactive plume, Deep-
Sea Research Part I-Oceanographic Research Papers, 80, 37–46,
https://doi.org/10.1016/j.dsr.2013.05.015, 2013.

Rühs, S., Durgadoo, J. V., Behrens, E., and Biastoch, A.: Advec-
tive timescales and pathways of Agulhas leakage, Geophysical
Research Letters, 40, 3997–4000, 2013.

Rypina, I. I., Pratt, L. J., and Lozier, M. S.: Near-surface transport
pathways in the North Atlantic Ocean: Looking for throughput
from the subtropical to the subpolar gyre, Journal of Physical
Oceanography, 41, 911–925, 2011.

Shannon, C. E.: A mathematical theory of communication, The Bell
System Technical Journal, 27, 379–423, 1948.

Vallis, G. K.: Atmospheric and oceanic fluid dynamics, Cambridge
University Press, ISBN 9781107588417, 2017.

van Sebille, E., Scussolini, P., Durgadoo, J. V., Peeters, F. J. C.,
Biastoch, A., Weijer, W., Turney, C. S. M., Paris, C. B., and
Zahn, R.: Ocean currents generate large footprints in ma-
rine palaeoclimate proxies, Nature Communications, 6, 6521,
https://doi.org/10.1038/ncomms7521, 2015.

Van Sebille, E., Griffies, S. M., Abernathey, R., Adams, T. P.,
Berloff, P., Biastoch, A., Blanke, B., Chassignet, E. P., Cheng, Y.,
Cotter, C. J., Deleersnijder, E., Döös, K., Drake, H. F., Drijfhout,
S. S., Gary, S. F., Heemink, A. W., Kjellsson, J., Koszalka, I. M.,
Lange, M., Lique, C., MacGilchrist, G. A., Marsh, R., Adame,
C. G. M., McAdam, R., Nencioli, F., Paris, C. B., Piggott, M. D.,
Polton, J. A., Rühs, S., Shah, S. H. A. M., Thomas, M. D. , Wang,
J., Wolfram, P. J., Zanna, L., and Zika, J. D.: Lagrangian ocean
analysis: Fundamentals and practices, Ocean Modelling, 121,
49–75, https://doi.org/10.1016/j.ocemod.2017.11.008, 2018.

Xia, H., Francois, N., Punzmann, H., and Shats, M.: Lagrangian
scale of particle dispersion in turbulence, Nature Communica-
tions, 4, 2013, https://doi.org/10.1038/ncomms3013, 2013.

Zanna, L., Brankart, J., Huber, M., Leroux, S., Penduff, T., and
Williams, P.: Uncertainty and scale interactions in ocean en-
sembles: From seasonal forecasts to multidecadal climate pre-
dictions, Quarterly Journal of the Royal Meteorological Society,
145, 160–175, 2019.

Zhang, Q.: On Donating Regions: Lagrangian Flux
through a Fixed Curve, SIAM Review, 55, 443–461,
https://doi.org/10.1137/100796406, 2013.

Zhao, M., Ponte, R. M., and Penduff, T.: Global-scale
random bottom pressure fluctuations from oceanic in-
trinsic variability, Science Advances, 9, eadg0278,
https://doi.org/10.1126/sciadv.adg0278, 2023.

Nonlin. Processes Geophys., 32, 411–438, 2025 https://doi.org/10.5194/npg-32-411-2025

https://doi.org/10.3389/fmars.2022.925437
https://doi.org/10.1016/j.ocemod.2014.02.002
https://doi.org/10.1029/2021MS002850
https://doi.org/10.1016/j.dsr.2013.05.015
https://doi.org/10.1038/ncomms7521
https://doi.org/10.1016/j.ocemod.2017.11.008
https://doi.org/10.1038/ncomms3013
https://doi.org/10.1137/100796406
https://doi.org/10.1126/sciadv.adg0278

	Abstract
	Introduction
	Methodology
	Ocean model ensemble simulation
	Lagrangian simulations
	Recreating particle trajectory variability
	Spatially varying release
	Temporally varying release
	Release with added diffusion

	Trajectory analysis methods
	Domain partition and two-dimensional probability distributions
	Mixture simulations and probability distributions
	Connectivity analysis
	Marginal entropy and relative entropy calculation


	Results
	Connectivity
	Two-dimensional probability distributions
	Marginal and relative entropy

	Discussion and conclusions
	Appendix A: Marginal entropy as a function of number of particles and grid resolution
	Appendix B: Additional supplementary figures
	Code and data availability
	Author contributions
	Competing interests
	Disclaimer
	Acknowledgements
	Financial support
	Review statement
	References

