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A B S T R A C T

Predicting ocean transport has many practical applications ranging from search and rescue operations to
predicting the spread of oil, debris, and biogeochemical tracers, yet trajectory prediction remains a challenge
for existing ocean modeling techniques. General circulation models require high resolution observational data
in order to be properly initialized, but these data do not exist for the ocean. Statistical models are difficult to
tune with existing data and are often too simple to accurately encapsulate turbulent flows. Here we investigate
a data-driven approach to ocean transport prediction wherein the goal is to first learn from available data
instead of prescribed laws of physics and then apply this information to new data. More specifically, we explore
whether simple artificial neural networks (ANNs) are capable of learning to predict 2D particle trajectories
using only previous velocity observations. ANNs are trained in two ways: first, a so-called ‘‘one-to-one ANN’’
uses a particle’s most recently observed velocity to predict its velocity six hours later, and second, a ‘‘time
series ANN’’ uses the past 24 hours’ worth of velocity observations to predict the next 24 h. We present a proof-
of-concept considering particles in a hierarchy of simulated flow regimes ranging from uniform, steady flow to
more complex scenarios with interacting scales of motion and then substantiate our approach on trajectories
in modeled flows generated by a high-resolution Hybrid Coordinate Ocean Model for a mesoscale eddy in
the northern Gulf of Mexico. We also assess ANN sensitivity to the prediction window over which forecasts
are made, the number of training particles used, and the size of the network. ANNs successfully predict 24 h
trajectories within the temporal bounds of the training data with forecast errors around half those of both
rudimentary persistence and classical ARIMA models. Predicting beyond the domain of the training data leads
to forecast errors comparable to ARIMA models. Our results suggest that ANNs offer promising potential as a
data-driven approach to forecasting material transport in the ocean.
. Introduction

Efforts to predict material transport in a turbulent ocean are mo-
ivated by many socioeconomic interests including oil spill response
Poje et al., 2014; Özgökmen et al., 2016), search and rescue opera-
ions (Isaji et al., 2006), and anticipating the spread of harmful algae
looms, pollutants, and marine debris (Enriquez et al., 2010; Olascoaga,
010; Olascoaga and Haller, 2012; Normile, 2014). Traditional ocean
orecasting techniques merge theoretical knowledge of the underlying
low dynamics with information about the initial state from which the
ystem evolves. ‘‘Ground truth’’ data are now widely available via real-
ime ocean observing initiatives from both Lagrangian and Eulerian
erspectives. These data include direct in situ velocity measurements
uch as from current meters and drifters (Shay et al., 1998; Lumpkin
t al., 2017; Novelli et al., 2018) along with products derived from
assive monitoring systems such as high-frequency radar and satellite
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E-mail addresses: matthew.grossi@rsmas.miami.edu (M.D. Grossi), mkubat@miami.edu (M. Kubat), tozgokmen@rsmas.miami.edu (T.M. Özgökmen).

altimetry (Barrick et al., 1974, 1977; McGoogan, 1975; Roarty et al.,
2010).

Despite decades of advances in observational and computational
methods, conventional theory-driven ocean forecasting tools continue
to be inhibited by the prevailing sparsity of ocean data (Özgökmen
et al., 2009; Bolton and Zanna, 2019). One problem is that not enough
data exist to properly initialize predictive models. The highest resolu-
tion ocean general circulation models (OGCMs) numerically compute
Eulerian velocity at (109) spatial points at any given time (Özgökmen
et al., 2009), each of which requires unique initial conditions (e.g.,
Mariano et al., 2011; Wei et al., 2016). Still, the ocean remains under
sampled to such a degree that even coarse resolution OGCMs are under
constrained by available data, especially outside of coastal regions.
While an OGCM may be initialized with low resolution climatology
in the absence of observations, this seldom provides suitable starting
conditions for very localized problems such as particle prediction.
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Two examples illustrate the sensitivity of the particle prediction
roblem to accurate initial conditions. First, even in simple laminar
lows, two identical Lagrangian drifters released simultaneously side-
y-side eventually diverge and travel very different routes due to the
nsteady time-dependence of oceanic flow (e.g., Aref, 1984; Yang and
iu, 1997; Özgökmen et al., 2001; Koshel’ and Prants, 2006). This
haotic particle behavior is notoriously difficult to predict because even
light differences in starting conditions yield vastly different forecasts.

second example is the case of a drifter encountering two adjacent
ounter-rotating eddies. The systems of streamlines that encircle the
enters of rotation form so-called Lagrangian coherent structures (LCS)
hat are known to control material transport (Peacock and Haller, 2013;
lascoaga et al., 2013). Whether this drifter gets drawn into the inward

low of one eddy or repelled by the outward flow of the second eddy
epends strongly on its launch position relative to the two eddies and
o the singular streamline that divides them (Molcard et al., 2006).
mall errors in the initial location of either the drifter or the critical
treamline can again result in forecasts that are drastically different
rom actual observations.

A second challenge with particle prediction is the inability to ad-
quately sample the complexity of ocean dynamics. Locating critical
egions around LCSs in nature is nearly impossible (Haza et al., 2007)
ecause observing them requires impractically high numbers – i.e.,

millions – of drifters. Ocean forcing mechanisms cause unique and inde-
pendent dynamic features to exist across a wide range of scales (Stom-
mel, 1948; Holland and Lin, 1975a,b). Fully capturing these ocean
dynamics requires that a minimum of (1023) spatial points be sampled
imultaneously (using a typical Reynold’s number 𝑅𝑒 ≈ 1010; Özgökmen
t al., 2009). Even the finest ocean experiments, which might sample
housands of spatial points, do not come close to this requirement.
onsequently, the complexity of relevant steering dynamics on all
cales of motion is neither fully understood nor accurately replicated
n predictive OGCMs.

Of particular importance to material transport are localized sub-
esoscale dynamics, characterized by spatial scales <10 km and time

cales on the order of hours to days. These dynamics have been found
o significantly impact particle trajectories in the ocean everywhere
rom the Gulf of Mexico (e.g., Poje et al., 2014; Berta et al., 2016)
o the Beaufort Sea (Mensa et al., 2018). Unlike mesoscale dynamics,
ubmesoscales are strongly influenced by vertical motions (e.g., Smith
t al., 2015; Choi et al., 2017; Mensa et al., 2018). Surface conver-
ence fronts are common at these scales and function dualistically as
cross-front barriers to transport and as along-front transport ‘‘high-
ays’’ (Schroeder et al., 2012; Smith et al., 2015; Kuitenbrouwer et al.,
018; Taylor, 2018). Haza et al. (2016) also identified submesoscale

‘leakage’’ pathways by which particles may escape larger mesoscale
irculations. While mesoscales are usually fully resolved by OGCMs,
ubmesocale dynamics are often parameterized due to computational
estrictions on model resolution. Even if partially resolved, the modeled
ubmesoscale dynamics are not always physically realistic because
onstraining them is difficult with available observations. This ulti-
ately leads to discrepancies between numerical simulations and real

bservations (Dueben and Bauer, 2018).
Stochastic or Markovian models provide an alternative to calcu-

ating velocity at large numbers of grid points by considering flow
ields statistically. When used in conjunction with OGCMs, unresolved
hysics are added to the statistical mean flow as random increments.
ero-th, first, or second order Markovian models calculate successive
ositions, velocities, or accelerations, respectively. Griffa (1996) pro-
ided the first oceanographic evaluation of stochastic models by using
onstant parameters corresponding to known time and length scales of
he mean flow and showed that particle motion in the upper ocean can
e closely simulated using first-order Markovian models with a finite
urbulent velocity scale. Berloff and McWilliams (2003) developed
hese further to better replicate interactive mesoscale ocean dynamics
y randomizing the model parameters. This allowed particles to also
 f

2

ove between features, as is commonly observed in nature (Berta et al.,
016; Haza et al., 2016). Haza et al. (2012) later merged statistical
ubgrid models with mesoscale LCSs computed from OGCMs to better
imulate particle behavior on submesoscales.

Markovian models are among the cheapest trajectory models to run:
ith everything parameterized, trajectories can effectively be generated

n a matter of seconds. Nevertheless, it is often difficult to determine
odel parameters from available data, and tuning the parameters once

he form of the differential equations has been set can be tedious.
hile targeted sampling of multi-scale dynamics, such as in the Grand

agrangian Deployment (GLAD) experiment in the northern Gulf of
exico, have provided new insights into ocean velocity statistics, they

ave also highlighted performance shortcomings in existing statistical
rediction methods (Beron-Vera and LaCasce, 2016; Mariano et al.,
016).

To summarize, while traditional theory-driven ocean models are
xcellent tools for better understanding fluid dynamics and for ex-
loring new phenomena, they struggle as predictive tools because (1)
he sparsity of observational data makes it impossible to accurately
nitialize high resolution ocean models, (2) not enough data exist to
bserve complete ocean dynamics in nature nor to properly replicate
hem in OGCMs, and (3) important steering dynamics at local sub-
esoscales are often poorly captured by OGCMs due to computation

estraints on model resolution. Initialization and tuning challenges also
ffect simpler statistical models that do not rely on solving primitive
quations at millions of grid points. In light of these challenges, an
lternative approach to ocean transport prediction may be one that
tarts with objective observations instead of prescribed laws of physics.

Here we take initial steps of exploring this possibility in the field
f physical oceanography by testing whether ocean particle trajecto-
ies contain inherent predictability that a data-driven algorithm might
‘discover’’. Our goal, broadly speaking, is to apply information learned
rom past data to predict future states. Data-driven strategies such as
his form the foundation of machine learning techniques that have
ecome enormously popular for tackling complex problems in 21st-
entury data science. We now present the particle prediction prob-
em more specifically within the framework of data-driven machine
earning.

. Data-driven machine learning for ocean prediction

Data-driven modeling is built upon the rationale that cause and
ffect relationships are often discernible among relevant variables and
bserved outcomes (Solomatine et al., 2008). For example, one in-
uitively expects a relationship between wind speed and sea state.
ata-driven models are trained to identify statistical relationships be-

ween data sets and later use this ‘‘learned’’ information to make
redictions about cases unseen during training. Although these models
o not explicitly provide insight into the underlying physics of a
roblem, they are useful in situations when knowing an outcome is
ore important than understanding the relevant physical mechanisms.
il spill first responders, for instance, are more concerned about where
il is and where it is going than why it moves as it does. Data-driven
odels can also be beneficial when the full physics of a problem

re not known, when the underlying physics are not easily modeled
umerically, or when large quantities of relevant data are available
rom which to learn (Solomatine et al., 2008).

Considerable effort has been made over several decades in fluid
ynamics to use data-driven machine learning as alternatives to the
omputationally expensive task of solving the nonlinear Navier–Stokes
quations. One increasingly popular method attempts to learn govern-
ng partial differential equations from large quantities of numerical
odel output or experimental data. This approach starts with ob-

ervations of one or more state variables and their time derivatives,
ssembles a library of nonlinear features in the form of polynomial

unctions, and finally identifies the relevant components in the feature
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library using weights obtained by a machine learning algorithm (e.g.,
runton et al., 2016; Ayed et al., 2019; Ouala et al., 2019). The
iscovered equations are then integrated in time to forecast future
ystem states. Other work has focused on learning flow dynamics from
napshot images (e.g., Lee and You, 2017; Mohan and Gaitonde, 2018).
till others develop sophisticated black box machine or deep learning
ethods to either combine with or altogether bypass conventional
odels (Chen et al., 2018; Wikner et al., 2020). These and similar

tudies in a rapidly growing body of literature boast promising potential
or learning and predicting complex flow dynamics, but most depend
n having observations at resolutions and densities not yet available to
he oceanographer.

An important aspiration of the present investigation is to replace
he computationally expensive process of running circulation models
ith information learned entirely from available observations. This

equirement necessarily precludes methods that rely on high resolution
odel output for training. Perhaps the easiest instruments for the

ceanographer to deploy in relation to this problem are Lagrangian
urface drifters that provide time series of position, velocity, and accel-
ration throughout a region of interest. Given the nature of the problem
nd the hypothetical data, we chose an artificial neural network (ANN),
biologically-inspired data-driven nonlinear regression model whose

otable strength is its theoretical ability to fit any function. Neural net-
orks have demonstrated promising potential in a variety of complex
eophysical problems such as identifying climate feedback mecha-
isms (González et al., 2015), weather forecasting (Dueben and Bauer,
018), predicting climate patterns (Toms et al., 2020), and hurricane
rack prediction (Moradi Kordmahalleh et al., 2016). In oceanogra-
hy, neural networks have been developed for locating spilled oil in
ynthetic aperture radar imagery (Kubat et al., 1998), for increasing
he efficiency of parameterization routines in numerical ocean mod-
ls (Krasnopolsky et al., 2002), for modeling nonlinear wind-wave
pectra (Tolman et al., 2005), and for ocean eddy identification and
racking (Franz et al., 2018; Lguensat et al., 2018).

Here we investigate whether simple ANNs can learn to use observed
elocities of drifting Lagrangian particles to predict future velocities.
ur study differs from others in the oceanographic literature that
xplore machine learning tools in that we develop from scratch and test
he simplest possible ANN instead of using more sophisticated forms
f neural networks from preexisting software packages. Our rationale
ehind using a simple feedforward ANN is twofold. First is the law of
arsimony, credited to the fourteenth century philosopher William of
ckham and supported by modern probability theory, which states that
iven two explanations for some phenomenon, the simpler one is more
ikely to be correct. In light of this, and following the inspiration of
nfluential pioneering work in neural networks (e.g., Elman, 1993), we
hoose to start small and simple.

The second reason for choosing a simple feed-forward network
s more practical. The decades-old ‘‘black box’’ objection to neural
etworks is that their performance ‘‘under the hood’’ – or within a
hosen machine learning library – is physically uninterpretable (see,
.g., Touretzky and Pomerleau, 1989). Open research questions within
he machine learning field related to this include: What exactly did the
eural network learn, and how is it solving this particular problem?
hat do the weights signify, what do the neuron activation behaviors
ean, and what are the patterns learned within the network? While

hese questions are well beyond the scope of the present investigation,
nswers would be of great interest to the oceanography community
ccustomed to extracting direct physical interpretations from theory-
riven models. One can therefore argue that the more complex the
achine learning architecture, the more physically abstract its behavior

s likely to be and the lower the likelihood that physical interpretability
ill ever be identified. Sometimes simpler is better.

The success of any data-driven method fundamentally requires some
egree of predictability among the desired output data (e.g., Massoud

t al., 2018). The predictability of ocean Lagrangian trajectories has

3

een extensively explored both numerically (e.g., Özgökmen et al.,
000; Rixen et al., 2008) and experimentally (e.g., Özgökmen et al.,
001; Coelho et al., 2015). Özgökmen et al. (2000, 2001) use simple
tatistical models that closely resemble ANNs to show how trajectory
rediction on the order of days to weeks can be improved by combining
nformation from nearby Lagrangian drifters with knowledge of the
ean flow within a region of interest. One then wonders whether

agrangian drifter data alone contain enough information from which
o predict trajectories. If so, then an ANN ought to be able to learn
rom Lagrangian trajectories without any additional information about
he underlying physics. This study takes the first step toward answering
his question by systematically exploring the inherent predictability of
cean trajectories using simple artificial neural networks.

A simple test of predictability of a time series is whether or not
uture states can be predicted given only information about previous
tates. For example, the sequence (2, 4, 6, 8, 10, 𝑥) contains enough
nformation for one to predict the value of 𝑥 to be 12. Similarly, one
an test whether particle trajectories contain inherent predictability by
rying to predict where a particle will go next based on where it has
lready been. This is the premise of all regression techniques and is the
ogical starting point for testing any new time series prediction scheme.

An early non-oceanographic demonstration of this technique in
n industrial robotic application was by Payeur et al. (1995) who
esigned neural networks to predict position, velocity, and acceleration
f moving objects based on previous observations. This work suggests
hat the sequential velocities of drifting ocean particles may be learned
n a similar fashion. We therefore pose several questions: Can a neural
network be trained to predict a particle’s future velocities using only its
previous velocities as input? If so, how would its predictive skill compare
to a more traditional autoregressive model? If this predictive task proves
challenging, can the ANN at least perform better than a rudimentary
persistence model?

The first part of this study consists of a series of proof-of-concept
control experiments involving particles in a hierarchy of simulated
known flows. Deliberately engineering the flow field allows us to
gradually ‘‘turn up’’ the complexity of the dynamics – which inversely
decreases the predictability of Lagrangian trajectories – in order to
systematically determine where predictability collapses. Of the many
tested flow fields, three are presented here. We then conduct a case
study in physically-based oceanic flow fields generated by the HYbrid
Coordinate Ocean Model (HYCOM) for a mesoscale eddy in the Gulf of
Mexico to assess how our approach might perform with observational
data in a real-ocean application.

Two types of ANNs are developed: one predicts a particle’s velocity
at some future time based only on its previous velocity, and another
uses as input one day’s worth of observations. ANNs are evaluated
against predictions from both rudimentary persistence and autoregres-
sive integrated moving average (ARIMA) models. We find that ANNs
predict trajectories of particles not seen during training, often with
half the forecast error of ARIMA. We also consider ANN sensitivity
to the numbers of hidden layers, hidden neurons, and training par-
ticles, and to the prediction window over which forecasts are made.
Importantly, our methodology is easily applied to field applications
by replacing simulated particle velocities with those from Lagrangian
drifters anywhere in the ocean. Our results suggest that data-driven
ANNs may offer a missing supplement to traditional theory-driven
models by providing forecasting tools that learn entirely from objective
ground truth observations.

3. Proof-of-concept

3.1. Methods

We first conduct a hierarchy of control experiments consisting
of buoyant particles in simulated rotational coherent structures of

increasing complexity:
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Fig. 1. Representative particle trajectories for control cases 1, 2, and 3: steady, uniform, stationary eddy (a); steady, uniform, drifting eddy (b); drifting eddy with time-dependent
pulses (c). Trajectories start at solid circles and terminate at the ‘‘×". Open circles indicate the start of a new day.
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1. Steady, uniform, and stationary eddy (center of rotation is not
moving within the domain);

2. Steady, uniform, and drifting eddy (center of rotation moves in
time); and

3. Drifting eddy with time-dependent sinusoidal pulses of ampli-
tude 𝑎 and frequency 𝜔 added to the mean rotational flow.

ach flow field is scaled according to a realistic mesoscale eddy in the
ulf of Mexico studied by Haza et al. (2016) as a known example of

nteracting mesoscale and submesoscale motions. A description of the
arameter space for each flow field follows.

.1.1. Case 1: Stationary mesoscale eddy
If Eulerian velocity 𝐮 as a function of space 𝐱 = (𝑥, 𝑦) and time 𝑡

s separated into a time-independent mean circulation �̄� and a time-
ependent fluctuating component 𝑢′:

𝐮(𝐱, 𝑡) = �̄�(𝐱) + 𝑢′(𝐱, 𝑡) (1)

hen Case 1 represents mean eddy flow only with no small scale
urbulence; that is, 𝑢′ = 0 and 𝐮(𝐱, 𝑡) = �̄�(𝐱). Velocity components for
ircular mean flow are given by:

̄(𝑥, 𝑦) =
2𝐶𝑜(𝑦 − 𝑦𝑐 )

𝑟2
exp

[

−(𝑥 − 𝑥𝑐 )2 − (𝑦 − 𝑦𝑐 )2

𝑟2

]

(2a)

̄(𝑥, 𝑦) = −
2𝐶𝑜(𝑥 − 𝑥𝑐 )

𝑟2
exp

[

−(𝑥 − 𝑥𝑐 )2 − (𝑦 − 𝑦𝑐 )2

𝑟2

]

(2b)

here (𝑥, 𝑦) are the zonal and meridional positions of the particle,
espectively; (𝑥𝑐 , 𝑦𝑐 ) is the center of the eddy, taken as the Cartesian
rigin for convenience; 𝑟 = 70 × 103 m is the radius at which the

flow velocity is a characteristic mean velocity �̃� = �̃� = 0.1m s−1; and
𝐶𝑜 ≈ 2.6 × 104 m2 s−1 is a dimensional parameter that sets the mean
elocity (�̃�, �̃�) at radius 𝑟, calculated using Eq. (2) with 𝑥 = 𝑦 = 𝑟 and
𝑐 = 𝑦𝑐 = 0 and where 𝐶𝑜 > 0 produces clockwise flow. Given the
bsence of temporal flow variance, particles released in Case 1 will
ravel around a perfect circle. A representative particle trajectory is
hown in Fig. 1a, starting at the solid circle and ending at the ‘‘×’’.

3.1.2. Case 2: Drifting mesoscale eddy
Case 2 is set up identically to Case 1 except that the center of the

eddy 𝐱𝑐 = (𝑥𝑐 , 𝑦𝑐 ) varies in time:

𝐱𝑐 = 𝑚𝑡 (3)

where 𝑚 = −8 × 10−3 ms−1 to generate a steady southwesterly drift
of approximately 0.7 kmd−1, comparable to the observed eddy drift
in Haza et al. (2016) over the course of ≈14 days. Particles in this second
case traverse a 2D spiral pattern over time as seen in Fig. 1b.
 T

4

3.1.3. Case 3: Drifting mesoscale eddy with submesoscale noise
Case 3 introduces time-dependent velocity fluctuations to the drift-

ing eddy of Case 2 in the form of periodic pulses with amplitude
𝑎 = 1.5m s−1, frequency 𝜔 = 2𝜋∕𝑇 , and period 𝑇 = 4 h:
′ = 𝑎 sin (−𝜔𝑡) − 2𝑎 cos (−1.5𝜔𝑡) (4a)
′ = 𝑎 cos (−𝜔𝑡) − 2𝑎 sin (−1.5𝜔𝑡) (4b)

dding four unique pulse signals to the mean flow (Eq. (4)) simulates
he combined signals of multiple coinciding forcing mechanisms that
ne expects in nature. The resulting flow pattern (Fig. 1c) can be
ikened to a mesoscale eddy surrounded by smaller submesoscale cir-
ulations. It is worth noting that in this simulation, all particles remain
rapped within the mesoscale circulation, though this is seldom true in
ature where scales are dynamically interconnected (see Haza et al.,
016). A more realistic scenario of interacting scales of motion will be
onsidered in the case study described in Section 4.

Sensitivity studies have demonstrated that a minimum of
(200 − 400) drifters are necessary to measure and quantify mesoscale–

ubmesoscale interaction dynamics (Özgökmen et al., 2011, 2012). The
trong dependence of local transport on submesoscales dictates that
eal-ocean applications would ideally involve at least (300) drifters
eployed within (1 − 10) km region. We therefore chose to release 360
articles in each simulation. This allows a neural network to be trained
sing 270 (or 75%; see Section 3.1.4) of them, within the threshold for
apturing scale interactions. We later consider the inevitable practical
hallenges of deploying such quantities of drifters by decreasing the
umber of particles to more operationally realistic quantities in the
ddy case study.

In all three cases, particles are evenly distributed around a circle of
adius 70 × 103 m from the center of the eddy and released simultane-
usly. They are advected for 14 days in Cases 1 and 3 and for 29 days
n Case 2 in order to capture the spiral trajectory effect by making a
omplete revolution around the eddy. The trajectories of these particles
hereafter, the real trajectories – are determined by applying a fourth-
rder Runge–Kutta (RK4) integrator (Dormand and Prince, 1980) to
q. (2) with data sampling frequency 𝛥𝑠𝑡. We choose 𝛥𝑠𝑡 = 3 h to be
omparable to the frequency of the HYCOM output used in the case
tudy described in Section 4. Velocity components (𝑢1, 𝑣1) at each time
tep are found by substituting new positions (𝑥1, 𝑦1) into Eq. (2).

.1.4. Neural network configurations
We now describe the setup of our artificial neural networks relative

o the data and to the problem at hand. Specifics of the neural net-
ork architectures, development, and training process are detailed in

Appendix.
We engineer ANNs to predict a particle’s future velocity at some

ime 𝑡𝑜 + 𝛥𝑝𝑡, where subscript 𝑝 indicates a prediction time window.

hus, for every ANN input 𝐯𝑡𝑜 , the target output is 𝐯𝑡𝑜+𝛥𝑝𝑡, and each
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Fig. 2. One-to-one neural network containing two input neurons, ten hidden neurons
arranged in a single hidden layer, and two output neurons. In simple feed-forward
networks, adjacent layers are fully inter-connected by weighted links (lines) but neurons
within the same layer are completely independent of each other. Velocity 𝐕𝑡𝑜 = (𝑢𝑡𝑜 , 𝑣𝑡𝑜 )
is fed through the network to produce the output vector 𝐕𝑡𝑜+𝛥𝑡 = (𝑢𝑡𝑜+𝛥𝑡 , 𝑣𝑡𝑜+𝛥𝑡).

(𝐯𝑡𝑜 , 𝐯𝑡𝑜+𝛥𝑝𝑡) pair constitutes a unique example. The choice of 𝛥𝑝𝑡 is
based more on engineering considerations than on physics. If the time
series is predictable, the ANN will learn whatever time interval it is
trained with. Longer prediction time windows lead to flatter error
curves over a forecast period, but at decreased forecast resolution. Such
decisions are highly problem-specific, but allow for many possibilities,
such as creating a system of ANNs with some making longer forecasts
while others are trained to make shorter forecasts.

We choose 𝛥𝑝𝑡 = 6 h for two reasons. First, having a different
prediction window than the observational time step (i.e., 𝛥𝑝𝑡 ≠ 𝛥𝑠𝑡)
provides a better sense of how well the network learns the data. Instead
of simply predicting the next time step, the network must predict two
steps into the future. The second reason relates to an error propagation
problem when making forecasts beyond 𝛥𝑝𝑡. In this configuration, a
24-h forecast would be made recursively starting with the most recent
velocity observations followed by the successive outputs:

ℎ(24 h)(𝑥) = ℎ(18 h)

(

ℎ(12 h)
(

ℎ(6 h)(𝐯(0 h))
)

)

(5)

where ℎ(𝑥) represents the ANN’s hypothesis for the next velocities.
We seek to minimize this error propagation while still maintaining a
prediction window that is small enough to be practical in applications
such as oil spill forecasting. We refer to ANNs configured in this manner
as one-to-one ANNs because one observation is used to predict one
future state.

If velocity 𝐯 is decomposed into zonal and meridional compo-
nents (𝑢, 𝑣), then each observation becomes a vector containing two at-
tributes. Each attribute is assigned to an input and an output neuron as
shown in Fig. 2. Network weights (lines in Fig. 2) are initiated randomly
from a univariate Gaussian distribution of mean 0 and variance 1.

Due to the time dependence and high variability of ocean dy-
namics, we combine a floating window approach to training (first
proposed by Kubat, 1989) with a continuous or so-called online learn-
ing paradigm as follows. Of the 360 particles in each experiment, 75%
or 270 are used for training and the remaining 25% are reserved for
testing. The size of the training data set is fixed to include only the most
recent 24 hours’ worth of observations. With 270 training particles and
24∕3 = 8 observations/day, this amounts to 2160 training examples
at any given time. Observations are weighed at each training step
5

according to how recent they are by assigning to the oldest 12 hours’
worth of observations a weight of 1, to the next 6 h a weight of 2, and
to the most recent 6 h a weight of 3, where the weight indicates how
many times the example is duplicated in the training set. Weighing the
observations introduces repetition to the training process and increases
the number of training examples to 3780.

The network is initially trained for 100 epochs using the observa-
tions from Day 1, where one epoch indicates one round through every
training example. Subsequent observations from each particle are then
added to the training set one time step 𝛥𝑠𝑡 at a time to mimic, for
example, a Lagrangian drifter reporting its position every 𝑛 hours. Old
examples are discarded as new data become available and training
continues for another 100 epochs each time the training set is updated.
This happens a total of 104 (13 d × 8 obs/d) times for Cases 1 and 3
(224 times for Case 2); thus, by the end of the simulation, the ANNs
have been trained for a total of either 105,000 or 225,000 epochs.

Such extensive training greatly increases the risk of overfitting. To
combat this, we recognize that each training epoch essentially produces
a new version of the ANN. We therefore select the best model (out of
100) at the end of every training session (see Appendix). This allows
for three possible scenarios after updating the training set throughout
the simulation:

1. If the model benefited from all additional training, the final
version of the model after epoch 100 is retained.

2. If training the model for an additional 100 epochs causes the
model to overfit such that it performed better before the addi-
tional training, the original version of the model is retained.

3. If the model benefited from some additional training but began
to overfit during the training session, the version of the model
just before overfitting began is retained.

Using an ANN with the fewest possible hidden neurons also aids against
overfitting, since the regression flexibility of an ANN is proportional to
the number of hidden neurons.

In addition to the one-to-one networks, we also develop time series
ANNs that take as input a time series of data rather than a single
observation. This better reflects the physical reality that a particle’s
next location can often be anticipated from its most recent 𝑛 positions
(or velocities). Under this configuration, each particle constitutes an
individual training example containing 16 attributes (8 observations
per day × 2 velocity components). This results in a tenfold decrease in
the number of training examples available (i.e., from 2160 to 270) at
any given time. The time series is not weighted for these ANNs because
doing so would increase the number of attributes per example rather
than the number of examples. Thus, it does not introduce the same
repetition as it does with the one-to-one networks. Instead, it would
require an unnecessarily larger network with more input and hidden
neurons.

While extended forecasts can be made recursively with one-to-one
ANNs using Eq. (5), this is not so straightforward with time series
ANNs when 𝛥𝑝𝑡 ≠ 𝛥𝑠𝑡. These ANNs are engineered to expect the input
vector to contain observations with time step 𝛥𝑠𝑡. If, after training, a
vector containing a different time step is fed through the network, the
output will be nonsensical. Thus, in the case where 𝛥𝑝𝑡 > 𝛥𝑠𝑡, if the

NN predicts a single future time step 𝐯𝑡𝑜+𝛥𝑝𝑡, then one would need to
nterpolate between the predicted velocity and the most recent input
elocity in order to update the input time series and feed it back to
he ANN. Even more problematically, if 𝛥𝑝𝑡 < 𝛥𝑠𝑡 and the ANN predicts
nly one future time step, extended forecasts are altogether impossible
ithout extrapolation. A solution to this problem is to engineer the

ime series ANN to predict multiple time steps simultaneously, where
oth 𝛥𝑝𝑡 and the number of time steps to predict are determined by the
pecific problem. We therefore engineer our time series ANNs to issue
24-hr forecast as a set of velocities at 𝑡𝑜 + 𝑖𝛥𝑝𝑡, where 𝛥𝑝𝑡 = 6 h and
∈ (1, 2, 3, 4), as illustrated in Fig. 3.
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Fig. 3. Time series neural network containing 16 input neurons, 20 hid-
den neurons in a single hidden layer, and 8 output neurons. Input vector
𝐕in = (𝑢𝑡𝑜 ,… , 𝑢𝑡0−𝑛 , 𝑣𝑡𝑜 ,… , 𝑣𝑡𝑜−𝑛), where 𝑛 is the number of time steps back, and output
vector 𝐕out = (𝑢𝑡𝑜+6hr ,… , 𝑢𝑡0+24hr , 𝑣𝑡𝑜+6hr ,… , 𝑣𝑡𝑜+24hr) in 6-h increments.

The learning rate 𝜂, an increment that controls network weight
adjustment during training (see Appendix), is set to 10−1 for one-to-
one and time series ANNs in Cases 1 and 2. Trial and error indicated
that the complexity of Case 3 requires slower learning, so 𝜂 = 10−2 for
both network configurations. All ANNs contain a single hidden layer for
simplicity. For the one-to-one ANNs, where each example is composed
of two attributes, we use 10 hidden neurons, while for the time series
ANNs we use 20 hidden neurons due to the larger number of attributes
per example.

Because ANNs are initialized randomly, a network may occasionally
learn faster or slower depending on where in solution space the initial
weights are located. We account for this by randomly initializing an
ensemble of three unique ANNs of both configurations for each experi-
ment. Thus, a total of 18 different ANNs are trained and tested during
the three proof-of-concept simulations.

All particles are assumed to be released at 00:00 on Day 1. As the
particles circle the eddy, 24-h forecasts for all 90 test particles are
issued every midnight (starting on day 2) using the most recent version
of the network. Hereafter, we refer to the times at which forecasts
are initiated as forecast times and the times for which velocities are
predicted (i.e., 06:00, 12:00, 18:00, and 24:00) as prediction times.
Thus, each trial produces a total of 13 forecasts in Cases 1 and 3 and
28 forecasts in Case 2, where each forecast includes four predictions
for 90 particles.

3.1.5. Assessment metrics
The most fundamental assessment metric for any prediction model

is rudimentary persistence, a mere continuation in both space and time
of the most recent observation. It is commonly used because of its
simplicity, but it also sets the lowest possible standard. Because ocean
particle prediction is a notoriously difficult problem, it is logical to
set low expectations, at least at first. Thus, we first compare ANN
prediction errors to those of persistence predictions in each experiment.

For a far more rigorous metric, we employ statistical autoregressive

integrated moving average (ARIMA) models that make predictions

6

based on linear combinations of time series lags and the lagged forecast
errors. These models contain three parameters that must be tuned for
any given time series. First, the autoregression parameter 𝑝 indicates
the number of lags to be included in the model and is determined by the
correlations between an observation and each previous observation. An
integrated or differencing technique subtracts an observation from the
previous observation in an attempt at making the time series stationary.
A parameter 𝑑 specifies how many times this differencing is performed.
Finally, the moving average parameter 𝑞 specifies the number of lags to
be used in a moving window average that is compared to the forecast
residual error.

In most time series applications, the optimal combinations of 𝑝, 𝑑,
and 𝑞 are determined by brute force trial and error. Here, however,
with (104) time series to fit, this is hardly feasible. We instead use a
parameter search function auto.arima in R (from ‘‘forecast’’ package,
R 3.4.2, using default arguments) to fit a unique ARIMA model to
normalized 𝑢 and 𝑣 time series for each of the 360 particles. Like with
the ANNs, this is done every midnight and 24-h ARIMA predictions
are made for each time series. The time series are allowed to grow
continuously such that at the beginning of the simulation, the ARIMA
models are crudely fit on only one days’ worth of observations, while
the models on the last day are fit on the full time series.

Let the error between predicted velocity (𝑢𝑝, 𝑣𝑝) and the real target
values (𝑢𝑟, 𝑣𝑟) for all 𝑖 prediction times (06, 12, 18, 24 h), 𝑗 test particles,
𝑘 forecasts issued throughout the simulation, and 𝑙 ANN ensemble
members per experiment be defined as:

𝑒𝑖𝑗𝑘𝑙 =
[

(

𝑢𝑟𝑖𝑗𝑘𝑙 − 𝑢𝑝𝑖𝑗𝑘𝑙
)2 +

(

𝑣𝑟𝑖𝑗𝑘𝑙 − 𝑣𝑝𝑖𝑗𝑘𝑙
)2
]1∕2

(6)

Averaging over 𝑗, 𝑘, and 𝑙 quantifies the 24-h forecast errors for the
entire experiment:

𝑒𝑖 =
1

𝑝𝑓𝑚

𝑝
∑

𝑗=1

𝑓
∑

𝑘=1

𝑚
∑

𝑙=1
𝑒𝑗𝑘𝑙 (7)

where 𝑝 = 90 particles, 𝑓 = 13 for Cases 1 and 3 and 𝑓 = 28 for Case 2,
and 𝑚 = 3 ensemble members. Average forecast errors are calculated
between the ANN predictions and those from both persistence and
ARIMA models.

3.2. Results: Proof-of-concept

Predicted trajectories are generated by splitting successive predicted
velocities into 30 min increments using linear interpolation in order to
minimize RK4 time step integration errors. ANN performance for Cases
1, 2, and 3 are summarized in Figs. 4, 5, and 6, respectively. A represen-
tative test particle trajectory during the last two days of the simulation
is shown in panel (a) by a solid gray line with forecast times marked by
circles. The dotted blue and dashed green lines illustrate the trajectories
predicted by the one-to-one and time series ANNs, respectively. ARIMA-
predicted trajectories are indicated by orange dashed–dotted lines and
persistence predictions by solid red for comparison. Forecast errors
from Eqs. (6)–(7) for velocity and position are shown in panels (b) and
(c), respectively, with error bars indicating the spread of the forecasts
given by one standard deviation from the mean error.

The simple rotational flow of Case 1 and the spiral trajectories of
Case 2 proved to be trivial scenarios for both the one-to-one and the
time series ANNs to learn. Predicted trajectories from both networks
are visually indistinguishable from each other and also from the real
trajectory itself (Figs. 4 and 5a). This offered stark improvement over
the persistence forecasts which, as expected for circular trajectories,
are always tangent to the eddy. Both networks for Case 1 had similar
velocity errors of approximately 0.7 ± 0.4 cm s−1 and position errors
round 50 ± 50m at hour 6, increasing to around 450 ± 300m at hour

24. Case 2 velocity error increased from about 0.3 ± 0.3 cm s−1 at hour
6 to about 0.7 ± 0.5 cm s−1 at hour 24 for the one-to-one ANN, which
corresponded to position errors around 32±30m at hour 6 increasing to
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Fig. 4. Forecast error for proof-of-concept case 1 (stationary eddy). (a) Particle trajectory for one test particle (gray solid line) against predicted trajectories from one-to-one ANN
(blue dots), time series ANN (green dashes), ARIMA (orange dash-dots), and persistence (solid red) models. Forecasts are for days 13 and 14, issued at 00:00 each day (circles).
(b) Mean velocity error for persistence (solid red line), one-to-one ANN (blue dotted lines), time series ANN (green dashed line), and ARIMA models (orange dash-dots) vs.
prediction time. Errors are averaged over all daily forecasts, particles, and ANN ensemble members (see text), with error bars denoting one standard deviation from the mean.
(c) Same as (b) but for particle positions derived from the respective velocities.
around 740±550m at hour 24. The time series ANN velocity errors were
fairly constant around 0.4 ± 0.3 cm s−1 throughout the entire prediction
window, leading to position errors increasing from around 47± 38m at
hour 6 to around 224 ± 216m at hour 24.

The ARIMA ensemble exhibited a smaller standard deviation than
the ANNs, especially in Case 1, but the average error increased almost
linearly throughout the prediction window. While the one-to-one ANN
behaved similarly, the time series ANN mean error remained fairly
constant in both cases. The slight underperformance by the one-to-one
ANN relative to the time series ANN beyond 12 h can be traced to the
first forecast issued 00:00 on Day 2. This early version of the one-to-one
ANN produced velocity prediction errors at hour 24 of nearly 7 cm s−1

for several particles in Case 1 and 4 cm s−1 in Case 2. These outliers
aside, both ANNs performed equally well in both of these cases.

Case 3 is more interesting. This time ARIMA and persistence were
comparable and the one-to-one ANN performed just as poorly as both,
while the time series ANN offered notable predictive improvement. The
trajectory in Fig. 6a illustrates a loop on Day 13 that scales as a subme-
soscale feature. A 180◦ turn like this might be observed in nature if a
change in weather pattern, such as the passage of a strong atmospheric
front, reverses the direction of the surface flow over the course of
several hours. The one-to-one ANN predicted a curved trajectory (blue
dots), but fell far short of anticipating the sharp curve that the particle
undertook. The ARIMA model predicted a similar curved trajectory
as the one-to-one ANN, but the velocities were nearly twice those of
the ANN. This took the particle twice as far away. Consequently, by
the end of the 24-h period, the particle ended up being about 55 km
7

away from its predicted position. This was only mildly better than the
persistence prediction, which put the particle roughly 75 km away from
its actual position. In comparison, the time series ANN (green dashes)
successfully predicted the particle’s change in direction on Days 13 and
14, with the final location being about 3 km away from the prediction.

Error analysis revealed that the mean velocity error at hour 24 for
the time series ANN was about 10±9 cm s−1 compared to >52±44 cm s−1

for the one-to-one ANN, which led to a 5-fold decrease in position
error. These results are corroborated by other particles with a variety
of trajectory shapes as demonstrated in Fig. 7. Most trajectories contain
sections that are relatively easy to predict – for example, the last
few days in Fig. 7d – and other sections that are more challenging,
such as the loops in the northern and southern regions of the domain.
Overall, passing a time series of observations to the network as input
significantly improves the ANN’s predictive ability, highlighting the
importance of network architecture and problem setup.

4. Application: Gulf of Mexico mesoscale eddy

4.1. Methods

To test the ANNs in realistic ocean flows, we set up a case study
using output from a high-resolution 1∕12◦ HYbrid Coordinate Ocean
Model (HYCOM) for a mesoscale eddy observed in the Gulf of Mex-
ico during January 2010 (see Prasad and Hogan, 2007 and Haza
et al., 2016 for full details of model configuration). This anticyclonic
mesoscale circulation surrounded by submesoscale structures provides
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Fig. 5. Forecast error for proof-of-concept case 2 (moving eddy). (a) Particle trajectory for one test particle (gray solid line) against predicted trajectories from one-to-one ANN
(blue dots), time series ANN (green dashes), ARIMA (orange dash-dots), and persistence (solid red) models. Forecasts are for days 28 and 29, issued at 00:00 each day (circles).
(b) Mean velocity error for persistence (solid red line), one-to-one ANN (blue dotted lines), time series ANN (green dashed line), and ARIMA models (orange dash-dots) vs.
prediction time. Errors are averaged over all daily forecasts, particles, and ANN ensemble members (see text), with error bars denoting one standard deviation from the mean.
(c) Same as (b) but for particle positions derived from the respective velocities.
a known example of interacting scales of motion and a realistic mani-
festation of our proof-of-concept Case 3.

Particles are advected through the eddy in the same manner as
before: 360 equally-spaced particles released simultaneously at 00h on
15 January 2010 in a circle of radius 70 × 103 m, a rough estimate of
the perimeter of the mesoscale circulation. Particles are advected for 14
days, ending on 28 January. HYCOM Eulerian velocity fields were gen-
erated every 3 h; thus, spatial and temporal interpolations are necessary
when implementing the RK4 integrator to produce trajectories from the
model output. Acceleration fields are calculated between successive ve-
locity output in order to interpolate velocity on time steps smaller than
3 h. Spatial interpolation for both velocity and acceleration is carried
out using cubic 2D interpolation. Data setup, network configurations,
and training methods are as described in Section 3.1

The time series ANN results of Case 3 raise questions regarding
sensitivity to the chosen prediction window. If the forecast is extended
beyond 24 h, will the time series ANN perform just as well, or will
its error climb to those of the other models? We investigate this in
the context of this realistic eddy by considering 72-h predictions at
each forecast time without changing the configuration of our ANNs.
The output time series is interpolated to 3-h time steps using linear
interpolation and passed back to the network twice, as described in
Section 3.1.4.

Acknowledging the practical challenges of deploying hundreds of
drifters at sea, we also consider the sensitivity to the number of test
particles by repeating this 72-h forecast simulation releasing a total of
90 and 45 particles. Here we utilize a 5-fold cross-validation technique
8

to assess the skill of the networks in each scenario. 𝑘-fold validation is
easily implemented by randomly dividing all particles into 𝑘 = 5 groups
without replacement. Each of these groups is then taken to be unique
set of test particles and the remaining particles become the training
examples for the given 𝑘-fold. This allows every particle to be predicted
once by an ANN. Instead of initializing three unique random ANNs
as above, we seed the random number generator so that every ANN
starts in the same solution space and its evolution depends only on the
particles in the respective training set.

Finally, we explore different numbers of hidden layers (1, 2 and 3)
and hidden neurons (10, 20, 50, 100 for one-to-one; 20, 50, 100, 200
for time series ANNs) using 360 particles. Three uniquely initialized
models are trained for each test, as before, to account for variations in
learning due to random initialization. We hereafter refer to the HYCOM
velocity output as observations in order to differentiate them from the
ANN-predicted velocities.

4.2. Results: Gulf of Mexico mesoscale eddy application

The Gulf of Mexico mesoscale eddy provides a far more realistic
representation of what was idealized in Case 3 above. One important
difference is that the particles in this scenario are no longer trapped
within the mesoscale circulation. Instead, some escape – mostly from
the northern rim of the eddy – while some end up being drawn into
the center of the eddy and still others stay around the perimeter of
the mesoscale circulation (Fig. 8). A second difference is that the

fluctuating velocity component is no longer sinusoidal — or, at the
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Fig. 6. Forecast error for proof-of-concept case 3 (moving eddy with noise). (a) Particle trajectory for one test particle (gray solid line) against predicted trajectories from one-to-one
ANN (blue dots), time series ANN (green dashes), ARIMA (orange dash-dots), and persistence (solid red) models. Forecasts are for days 13 and 14, issued at 00:00 each day
(circles). (b) Mean velocity error for persistence (solid red line), one-to-one ANN (blue dotted lines), time series ANN (green dashed line), and ARIMA models (orange dash-dots)
vs. prediction time. Errors are averaged over all daily forecasts, particles, and ANN ensemble members (see text), with error bars denoting one standard deviation from the mean.
(c) Same as (b) but for particle positions derived from the respective velocities.
very least, there are enough interacting dynamics that any predictable
periodicity is much harder to discern. This enables us to test whether
or not the time series ANNs in Case 3 were actually learning the
superimposed periodic signals. If they were, then they should struggle
to learn these realistic trajectories.

Fig. 9 summarizes the error results for the one-to-one and time
series ANNs trained on these eddy trajectories. The ARIMA errors (both
mean and standard deviation) are indistinguishable from persistence,
and like with the proof-of-concept Case 3, the one-to-one ANN does
not offer any improvement over either metric. The velocity and position
error plots indicate that, on average, the one-to-one ANN predictions at
hour 24 were worse than both of these models. The representative test
particle shown in Fig. 9a illustrates how this might happen. The one-
to-one ANN predicted for Day 13 that the particle would continue its
slight clockwise curve that it had been tracing the day before. Instead,
the particle curved back to the left before moving due west. As a result,
its final position ended up closer to the persistence prediction than the
one-to-one prediction. While this seems fluky, a similar situation played
out on Day 14. The time series ANN, on the other hand, better pre-
dicted the slightly wavy trajectory. This may be because the particle’s
trajectory during Day 12 was also somewhat s-shaped. The time series
ANN velocity errors leveled off around 7.2±4.5 cm s−1, and the position
rrors climbed from around 1 km at hour 6 to around 5 ± 3.3 km at
our 24. This also illustrates the error cascade from velocity to position:
ven if velocity errors stop growing, they will still propagate through
o positions and affect the entire predicted trajectory. ARIMA forecasts
or Days 13 and 14 were not very different from those of the time series
9

ANN. Interpretation of the ARIMA results will be discussed further in
the next section.

Time series ANN performance on longer range 72-h forecasts is
shown in Fig. 10 for a total of 360, 90, and 45 particles. With 5-fold
validation, these networks were trained with 288, 72, and 36 particles,
respectively. The dashed gray lines indicate the forecast iteration times
when the model output were used to generate the next 24-h prediction.
ARIMA models were fit as before using the auto.arima routine, but full
72-h predictions were made at each forecast time. All model errors
were calculated using Eqs. (6)–(7). Fig. 10 shows mean error with one
standard deviation.

Several notable take-aways follow from Fig. 10. First, after the ini-
tial 24 h, ANN mean velocity error steadily increases towards – though
never surpasses – the mean ARIMA model error, roughly doubling
from almost 10 cm s−1 at hour 24 to approximately 23 cm s−1 at hour
72. Secondly, while ANN position error increases 5-fold from approxi-
mately 5 km at hour 24 to approximately 25 km at hour 72, it remains
well below that of ARIMA through hour 72 such that even the upper
bounds of the ANN error envelope are at or only slightly greater than
the ARIMA mean position error. This is promising because position is
often of greater interest to the particle transport problem than velocity.
Third, the ANN standard deviations remain smaller throughout the
prediction window. Finally, for the first half of the prediction window
(0-36 h), the mean error for the ANNs with 360 particles is slightly
lower than the ANN with 90 particle and the error spread somewhat
smaller, as should be expected (and similarly for 90 particles versus

45). After hour 36, there is little statistical difference between the three
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Fig. 7. Representative particle trajectories (solid line) for proof-of-concept case 3 with predicted trajectories from one-to-one ANN (blue dotted lines) and time series ANN (green
ashed lines).
w
onfigurations, though the 360-particle ANN has a smaller position
orecast spread throughout the entire window. We discuss each of these
utcomes in the next section.

We next investigate whether changing the size (number of neurons)
nd depth (number of layers) of both one-to-one and time series ANNs
elps the networks learn to predict trajectories in realistic flows. Let
he convention 𝑚× 𝑛 describe these networks by the number of hidden
ayers, 𝑚, and the number of hidden neurons in each layer, 𝑛. To
ssess the performance of each network configuration, we calculate
he relative error between the real target values, 𝑥𝑟, and the predicted
alues, 𝑥𝑝:

E𝑖𝑗𝑘𝑙 =
|

|

|

|

𝑥𝑟𝑖𝑗𝑘𝑙 − 𝑥𝑝𝑖𝑗𝑘𝑙
𝑥𝑟𝑖𝑗𝑘𝑙

|

|

|

|

(8)

where 𝑥𝑟 is either the ANN output or the persistence prediction and the
subscripts are as defined in Section 3.2. Fig. 11 shows relative error
ratio between positions derived from persistence predictions and those
derived from ANN predictions averaged over 𝑖, 𝑗, and 𝑘:

ℜ𝑙 =
1

𝑔𝑝𝑓

𝑔
∑

𝑝
∑

𝑓
∑

|𝑥real
𝑖𝑗𝑘 − 𝑥pers

𝑖𝑗𝑘 |

real pred (9)

𝑖=1 𝑗=1 𝑘=1 |𝑥𝑖𝑗𝑘 − 𝑥𝑖𝑗𝑘 |
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here 𝑔 = 4 predictions per forecast, 𝑝 = 90 particles, 𝑓 = 13
forecasts for the eddy simulation. Error bars indicate standard error.
All ratios are >1 indicating that every ANN outperformed persistence.
Despite larger networks taking five to six times longer to train, no
appreciable difference in performance is observed as the ANNs increase
in complexity. One explanation for this is that the hyperparameters –
such as learning rate and number of training epochs – were not tuned
for each model but rather were kept constant in order to assess the
affect of changing either 𝑚 or 𝑛 on model performance.

Finally, we consider whether or not the neural networks continued
to learn throughout the simulations due to the continuous training
method. Fig. 12 shows position error from Eq. (6) averaged over 𝑖
prediction times and 𝑗 test particles for the one-to-one ANNs (blue
dots), time series ANN (green dashes), and ARIMA model (red dash-
dots). The ARIMA model exhibits a clear downward trend from an
average position error of almost 9 km at the start of the simulation
around 2 km on the last day. This can be attributed to the fact that early
in the simulation, the time series were too short to successfully regress.
In these scenarios, the ARIMA forecasts were nothing more than the
time-mean of the few available observations. As the time series grew,
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Fig. 8. Sample trajectories of particles in a HYCOM flow field for a Gulf of Mexico anticyclonic mesoscale eddy, 16–27 January 2010.
his became less of a problem and the ARIMA models acquired greater
kill. In contrast, no significant trends are observed for any of the
eural networks, though the one-to-one ANNs seem to improve from
round 9 km on 16 Jan to around 5 km by 28 Jan. Overall, we conclude

that while the majority of the learning by both network configurations
took place during the initial training session, subsequent training rou-
tines kept the networks up-to-date using the latest information. For
time-varying domains, this is equally as important as initial learning.

5. Discussion

We demonstrated preliminary success at predicting particle trans-
port in the ocean using simple artificial neural networks. Two questions
motivated this study. First, inspired by the ability of human scientists
to discern patterns in oceanic flows (e.g., Rupolo, 2007), we asked: can

data-driven machine learning technique accomplish a similar task?
he goal was to extract enough information from ground truth obser-
ations to make respectable forecasts instead of starting with primitive
11
equations. The second question was: can a data-driven algorithm learn
to make accurate ocean forecasts without knowing anything whatso-
ever about the underlying physics? If so, these tools could potentially
supplement existing theory-driven OGCMs.

The proof-of-concept experiment provided a starting point for test-
ing idealized ocean trajectory patterns, such as simple inertial oscilla-
tions (e.g., Beron-Vera et al., 2015; Gough et al., 2016) and interacting
scales of motion (e.g., Haza et al., 2016). The most promising results
were the abilities of these simple ANNs to predict trajectories within
and around a realistic Gulf of Mexico mesoscale eddy. We attribute
this success at least partially to the continuous-learning training scheme
whereby training continues every time the oldest observation is re-
placed with a new one. While the more common approach is to train a
neural network once using a large data set and then use it to make
predictions of new data, this would require having in advance an
impractically large training set consisting of full trajectories for millions
of particles. Instead, we treated the domain as continuously varying
in time and allowed the network to keep up with the latest available
observations.
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Fig. 8. (continued).
The contrasting performance of one-to-one and time series ANNs
in realistic flows demonstrated the importance of using theory to
guide model development (e.g., Faghmous et al., 2014). The one-
to-one ANNs have the operational advantage of only requiring one
velocity observation to make a forecast, but trained this way, they
lack any concept of time and can only ‘‘remember’’ the most recently
seen example. Changing the input to a time series of observations
significantly improved performance, since the network was able to
consider where the particle had been over some period of time. This
enhanced performance is to be expected, given the fundamental nature
of time series, and is also in agreement with the first notable discussions
on handling time and memory in learning paradigms by Jordan (1986)
and Elman (1990, 1991).

It is reasonable to ask how the time series neural network managed
to outperform even ARIMA forecasts over a 24-h prediction window.
The primary reason for this is that ARIMA models are inherently
sensitive to time series length. The wide ARIMA forecast spread (large
standard deviations in Figs. 6, 9, and 10) is due to the time se-
ries early in the simulation being too short to be properly regressed
12
(e.g., 16–18 Jan in Fig. 12). In these cases, auto.arima returned mod-
els whose forecasts were merely the time-mean of the few available
observations. At least 72 h of observations were necessary before skill
became comparable to the one-to-one network, where it remained for
most of the simulation (18–26 Jan). Not until the last three days of
the simulation did the ARIMA model have a sufficient number of data
points to make predictions similar to those of the time series ANN.

While the ARIMA models could only be fit to individual time series,
the ANNs had the advantage of being able to learn from an assortment
of unique time series. Thus, both the one-to-one and time series ANNs
demonstrated greater skill than ARIMA during the first two days of
the simulation (Fig. 12). It is worth noting that the skill of both ANN
configurations came from seeing only 24-h worth of observations at any
given time, and the majority of the networks’ learning occurred during
the initial training session (that is, the training leading up to the 06
Jan forecast shown in Fig. 12). ANNs may therefore be favorable for
generating time-sensitive forecasts soon after deploying observational
drifters, whereas one may need to wait several days before a traditional

regression model could provide any skilled insight.
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Fig. 9. Forecast error for Gulf of Mexico eddy application test. (a) Particle trajectory for one test particle (gray solid line) against predicted trajectories from one-to-one ANN (blue
dots), time series ANN (green dashes), ARIMA (orange dash-dots), and persistence (solid red) models. Forecasts are for days 13 and 14, issued at 00:00 each day (circles). (b)
Mean velocity error for persistence (solid red line), one-to-one ANN (blue dotted lines), time series ANN (green dashed line), and ARIMA models (orange dash-dots) vs. prediction
time. Errors are averaged over all daily forecasts, particles, and ANN ensemble members (see text), with error bars denoting one standard deviation from the mean. (c) Same as
(b) but for particle positions derived from the respective velocities.
It is well known that model accuracy inevitably breaks down when
a learning machine is used to make predictions outside of the domain
in which it was trained. This is precisely why the predictive capability
of our ANN erodes beyond 24 h (Fig. 10). This shortcoming might
be overcome by modifying our ANN to instead predict the full 72-
h time window, but doing so would require target data at times
(𝑡𝑜 + 6 h, 𝑡𝑜 + 12 h,… , 𝑡𝑜 + 72 h) for each training example in addition to
nput observations from the previous 24 h. Thus, such a configuration
ould require 96 h of training data.

A final caveat of our experimental setup worthy of consideration
s that although the ANNs are evaluated on particles not seen during
raining, predictions are made over the same time period as the training
arget data. This is fundamentally different from time series regression
odels that do not require future data. While both ARIMA and ANNs

re function approximation models, the neural network represents a
ingle mapping function developed through exposure to many repre-
entative time series in order to describe other similar time series. This
lso explains the relatively small sensitivity to the number of training
articles: the unseen particles are most likely to be predicted relative
o proximate training particles. Thus, our results suggest that one can
se only (100) drifters to forecast where intermediate drifters would

go, as long as the drifters all sample the same dynamic features. This
is especially advantageous for the oceanographer since deploying vast
arrays of drifters is expensive and often infeasible.

We conclude by commenting on overfitting, an inherent risk that
plagues all machine learning paradigms wherein a model learns the
training data too well and then fails to extrapolate to new data. The
13
ANNs in proof-of-concept Cases 1 and 2, for example, may have been
prone to overfitting, as evidenced by velocity prediction errors greater
than what might be expected for such trivial cases (Fig. 5 and especially
Fig. 4). Aside from increasing the size of the training set, which is often
not possible, overfitting can be minimized by decreasing the degrees
of freedom of the model or minimizing the amount of training. The
first strategy is easily accomplished by using the fewest possible hidden
neurons. On the other hand, minimizing the amount of training is less
trivial for systems that evolve continuously in time. Such systems often
require continuous learning despite the increased risk of overfitting.
We tested this by repeating the eddy simulation in the same way as
described above except that the time series ANNs were not trained at all
following the initial training on Day 1. This resulted in forecast errors
that were consistently on par with those of both persistence and the
worst ARIMA forecasts throughout the entire simulation (not shown),
confirming that online learning was required. Ultimately, the selection
of the best version of the ANN at each training session compromised
between the need to keep the network up-to-date with the system
dynamics while recognizing that, at any given time, little or even no
additional training may actually be required.

To summarize, ANNs may be beneficial in real-ocean scenarios
when:

(i) numerous time series are available that collectively contain
useful information to assist with forecasting;

(ii) available time series are too short for regression models, e.g., at
the beginning of a coordinated drifter deployment; or
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Fig. 10. Average extended 72-h forecast error issued by time series ANN for scenarios containing a total of 45 released particles (blue small dashes), 90 particles (orange medium
dashes), and 360 particles (green large dashes). ANN forecasts are issued recursively such that the first output (0–24 h predictions) are fed back into the network to predict the
next 24-h window; gray dashes mark these intervals. ANN performance is compared to 72-h ARIMA model forecasts. Errors are averaged over all daily forecasts and particles with
error bars denoting one standard deviation from the mean.
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(iii) predicting the transport of material within a local domain is
necessary using observations dispersed within the domain, e.g.,
predicting the spread of an oil plume using a limited collection
of drifters.

. Conclusions

We have demonstrated that particle trajectories in a variety of
imulated and modeled oceanic flow regimes can be learned by simple
rtificial neural networks. The fundamental idea is to move away from
elying on primitive equations of motion for prediction, as these are
mpossible to initialize and solve for all scales of motion in the ocean.
nstead, the goal is to develop a predictive tool that learns from ‘‘ground
ruth’’ observational data without any direct physical guidance. We
tarted with a proof-of-concept exploration using a hierarchy of ide-
lized flows, and then tested our approach on realistic flows generated
y a high-resolution Hybrid Coordinate Ocean Model for a mesoscale
ddy in the northern Gulf of Mexico. This eddy provided a particularly
llustrative example of interacting mesoscale and submesoscale dynam-
cs and we showed that our approach to ANN training performed well
ven for these complex flow fields.

We tested two approaches to ANN training. In the first config-
ration, the network predicted a drifting particle’s velocity at time
+ 6 h using only its previous velocity at time 𝑡 . This approach had
𝑜 𝑜 i

14
he operational advantage of requiring only one velocity observation
o make a forecast, but predictive performance suffered due to a lack
f internal memory within the ANN. We also developed networks that
redicted the drifting particle’s velocity at time 𝑡𝑜 + 𝑖𝛥𝑡, 𝑖 ∈ (1, 2, 3, 4),
ased on the last 24 hours’ worth of velocity measurements. This time
eries ANN performed between two and six times better than its one-
o-one counterpart for both velocity and position estimates, depending
n the complexity of the flow.

The predictive capabilities of the time series ANNs can be attributed
o several things. First was allowing the ANN to ‘‘see’’ and learn from

time series of data. Second, we restricted our training data to the
ast 24 h of data, replacing old observations with the most recent.
his helped the ANN forget regime shifts within the data set, such as
particle sharply changing direction or behavior, as may result from
strong weather event. We adopted a continuous training approach
hereby ANN training continued whenever new data became available.
his allowed the ANN to always be up-to-date with the constantly
hanging domain. Since real ocean drifters continuously provide new
ata, this training technique does not seem unreasonable. In fact, we
rgue that it presents a highly efficient and effective way of utilizing
eal-time data for ocean prediction. Finally, and most importantly, the
ime series ANN is able to learn from many independent trajectories,
nd these time series can be as short as 24 h (at 3-h increments). This
s a fundamental advantage over traditional regression models that are
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Fig. 11. (a) Relative error of persistence positions divided by relative error of ANN-derived positions for different one-to-one ANN configurations. (b) Same as (a) but for different
time series ANN configurations.
Fig. 12. Gulf of Mexico eddy test forecast errors for positions derived from one-to-one ANN (blue dotted lines), time series ANN (green dashed lines), and ARIMA model vs. time
ince particle release for three ANN ensemble members (symbols).
ime-series-specific and, in the case of ocean particles, require at least
2 h of observations before any predictive skill is discernible.
15
This study addressed the question of whether a neural network
could learn to predict a particle’s velocity based only on its previous
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velocities. An important distinction is in order between learning parti-
cle trajectories and learning the dynamics of the system in which the
particles exist. The latter is a much more difficult problem because the
sparsity of observational data means that the dynamics of the ocean
are seldom known a posteriori. Learning to interpolate point-wise time
series is often the best one can do when relying only on observations.
From an operational standpoint, this should not be a concern: pre-
dicting the spread of an oil spill does not necessarily require learning
or even knowing the full dynamics, but rather predicting how certain
sections of a plume may evolve based on nearby observations.

The eddy application results suggest there is reason to be optimistic
that ANNs will be able to learn observed trajectories just as well. Thus,
future work will involve testing this predictive approach on real drifter
data.
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Appendix. The artificial neural network

A.1. Brief overview

An artificial neural network (ANN) is a biologically-inspired non-
linear regression model that is trained to map input data to desired
output values. Groups of nodes called neurons are arranged in layers
such that adjacent layers are fully interconnected by weighted links,
but no neurons within the same layer are connected to each other (see
Figs. 2 and 3 in the text). Layers in between the input and output layers
are commonly referred to as ‘‘hidden layers’’ because they are inside the
network and the intermediate data mappings they produce are usually
not known to the network engineer. All neurons consist of a trainable
bias (or zero-th weight) that is added to the neuron’s input signal and
an activation function, usually chosen from families of functions that
return values either on the interval [−1, 1] or [0, 1] (e.g., Duch and
Jankowski, 1999). Activation functions reduce the dimensionality of
the data being passed through successive layers in the ANN.

All weights and biases are initialized as small random numbers.
We take these from a univariate Gaussian distribution of mean 0 and
variance 1. Training is the process by which solution space is searched
for the optimum combination of these weights and biases such that
the network output most accurately matches desired target values.
A common approach is to pass training examples – a subset of all
available data – to the ANN one at a time and compare the output to the
corresponding target values for each example. If the output differs from
the target, the error is back-propagated through the network to quantify
each neuron’s contribution to the overall error, and small adjustments
are made to the weights and biases. The network is always tested and
evaluated on data not seen during training.

We now describe this training process and the details about the ANN
configuration used in this study. The discussion closely follows Ku-
bat (2017). For a comprehensive and illustrative overview of neural

networks, see also Nielsen (2014). p

16
A.2. Network configuration and training

Consider a training example 𝐱 defined as a vector containing 𝑛
attributes describing that particular example: 𝐱 = (𝑥1, 𝑥2,… , 𝑥𝑛). Each
ttribute is assigned its own input neuron in the ANN. Thus, the one-to-
ne ANN described in Section 3.1.4 has 𝑛 = 2 input neurons, where the
ttributes are horizontal velocity components. For the time series ANN,
ach example contains 𝑛 = 16 attributes (8 observations × 2 velocity
omponents; see Section 3.1.4 in the text), so these networks required
6 input neurons.

The simplest possible ANN contains a single hidden layer and as
ew hidden neurons as possible. We choose 10 hidden neurons for the
ne-to-one network and 20 hidden neurons for the time series ANN.
etermining these sizes is more art than science, and we therefore
onduct sensitivity tests in Section 4.

Let the weights connecting the 𝑘th attribute to the 𝑗th hidden
euron and the 𝑗th hidden neuron to the 𝑖th output neuron be denoted
𝑘𝑗 and 𝑤𝑗𝑖, respectively. Similarly, let the biases for the 𝑘 output
eurons and the 𝑗 hidden neurons be denoted 𝑏𝑘 and 𝑏𝑗 , respectively.
sigmoid transfer function of the form:

(𝑥) = 1
1 + 𝑒−𝛴

(A.1)

s chosen for all hidden and output neurons, where 𝑓 (𝑥) is the neuron
utput and 𝛴 is the weighted sum from the previous layer in the
etwork, e.g.,:

𝑗=1 = 𝑤11𝑥1 +𝑤21𝑥2 +⋯ +𝑤𝑛1𝑥𝑛 + 𝑏1 (A.2)

Each example is passed through the network as weighted sums of
he attributes to produce an output vector 𝐲 = (𝑦1, 𝑦2,… , 𝑦𝑖):

𝑖 = 𝑓

(

∑

𝑗
𝑤𝑗𝑖𝑓

(

∑

𝑘
𝑤𝑘𝑗𝑥𝑘 + 𝑏𝑗

)

+ 𝑏𝑖

)

(A.3)

n the case of the one-to-one ANNs, the output vector is the same length
𝑖 = 2) as the input vector. Thus, these networks also have 𝑖 = 2
utput neurons, one corresponding to zonal velocity and the other to
eridional velocity, while the time series ANNs contained 𝑖 = 8 output

neurons (4 predictions × 2 velocity components).
Eq. (A.3) describes the behavior of a simple feed forward neural

network. Note that since Eq. (A.1) returns values on the interval [0, 1],
he output of the ANN will also be on this interval. Thus, all data are
ormalized to this interval before being presented to the network, and
ll output must be returned to the range of the original data. This
equires that the minimum and maximum values of the original data
et be retained with the ANN and used to normalize all future data on
hich the trained ANN might be run.

To train the ANN, we first define a target vector 𝐫 = (𝑟1, 𝑟2,… , 𝑟𝑛)
for each velocity observation. Here, 𝐫 corresponds to a given particle’s
velocity at time 𝑡𝑜 + 𝛥𝑝𝑡, where 𝑡𝑜 is the issue time of the forecast and
𝑝𝑡 is the forecast prediction time step. Each training example is passed
hrough the network (Eq. (A.3)) and the ANN output is compared to
he target vector. Prediction error is then back-propagated through the
etwork to quantify each neuron’s responsibility to the overall error
nd the weights and biases are adjusted accordingly:

𝑗𝑖 = 𝑤𝑗𝑖 + 𝜂𝛿𝑖ℎ𝑗 , 𝑏𝑖 = 𝑏𝑖 + 𝜂𝛿𝑖 (A.4a)

𝑘𝑗 = 𝑤𝑘𝑗 + 𝜂𝛿𝑗𝑥𝑘, 𝑏𝑗 = 𝑏𝑗 + 𝜂𝛿𝑗 (A.4b)

here 𝜂 ∈ (0, 1) is a small learning rate, ℎ𝑗 is the output of the
th hidden neuron, and 𝛿𝑖, 𝛿𝑗 are quantifications of the neurons’ error
esponsibility:

𝑖 = 𝑦𝑖(1 − 𝑦𝑖)(𝑟𝑖 − 𝑦𝑖) (A.5a)

𝑗 = ℎ𝑗 (1 − ℎ𝑗 )
∑

𝑖
𝛿𝑖𝑤𝑗𝑖 (A.5b)

Presenting the last training example to the ANN indicates the com-

letion of one training epoch. The ANN performance is then evaluated

https://data.gulfresearchinitiative.org
http://dx.doi.org/10.7266/N7BC3WJC
http://dx.doi.org/10.7266/N7BC3WJC
http://dx.doi.org/10.7266/N7BC3WJC
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using a cost function whose value is to be minimized during the training
process. The cost function in this study is taken to be mean squared
error:

𝑀𝑆𝐸 = 1
𝑛

𝑛
∑

𝑖=1
(𝑟𝑖 − 𝑦𝑖)2 (A.6)

Training continues for a defined number of epochs or until some
performance threshold has been achieved. Once trained, the ANN is
‘‘run’’ by presenting new examples one at a time; predictions are made
using Eq. (A.3) and the optimum weights and biases.

A.3. Final remarks

The strength of ANNs is their theoretical ability to fit any function.
Adding neurons to an ANN introduces more weights to adjust and is
comparable to introducing higher order terms to a nonlinear regression
equation. Adding additional hidden layers increases the number of
times the data are transformed within the model in order to reduce
dimensionality as the network attempts to map the input vector to the
desired output signal.

Like all regression models, however, neural networks are prone to
overfitting the training data and thereby performing poorly on new
data. This risk can often be minimized by decreasing the size of the
network (i.e., the number of hidden neurons), increasing the training
data set, or by shortening the training time. Here, we adapt the smallest
possible ANN and treat the completion of each training epoch as
producing a new ‘‘version’’ of the ANN and take the best of these – that
is, the one with smallest 𝑀𝑆𝐸 – at the end of each 100-epoch training
session. Another disadvantage of these models is that they often lack
interpretability (see Section 5). Nevertheless, they can be ideal tools
for problems in which one need not know why a particular outcome
occurs. As discussed in the text, this is often true for predicting material
transport in the ocean.
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