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Abstract

ŽThe predictability of Lagrangian particle trajectories in the Adriatic Sea a semi-enclosed sub-basin of the Mediterranean
.Sea over a period of 1–2 weeks is investigated using three clusters consisting of 5–7 drifters. The analysis is conducted

using a Gauss–Markov Lagrangian particle model, which relies on the estimate of climatological mean flow field,
persistence of turbulence, and assimilation of velocity data from the surrounding drifters through a Kalman filtering
technique.

The results are described using the data density N defined as the number of drifters within a distance on the order of theR

Rossby radius of deformation from the particle to be predicted. The clusters are inherently different with respect to this
characteristic property with values ranging from N -0.5 to N G2.0 over the analysis period, depending on the initialR R

launch pattern of the clusters and the dispersion processes. The results indicate that during the period when N G1, theR

assimilation of surrounding drifter data leads to an improvement of predicted trajectories with respect to those based on
advecting the drifters with the mean flow. When N -1, the drifters are too far apart to exhibit correlated motion, and theR

assimilation method does not lead to an improvement. The effects of uncertainties in the mean flow field and initial release
position are discussed. The results are also compared to simple estimates of particle location by calculating the center of
mass of the cluster. q 2001 Elsevier Science B.V. All rights reserved.

Keywords: Adriatic Sea; Lagrangian data; Assimilation; Prediction

) Corresponding author. Tel.: q1-831-656-3318; fax: q1-831-
656-2712.

Ž .E-mail addresses: castellari@ingv.it S. Castellari ,
Ž .poulain@oc.nps.navy.mil P.-M. Poulain .

1 Present address: Istituto Nazionale di Geofisica e Vulcanolo-
Ž .gia INGV , Bologna, Italy.

1. Introduction

Our understanding of oceanic phenomena and our
capability to predict them have strongly improved in
the last decade, thanks to the joint use of models and
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data. However, a number of problems remain unre-
solved. An outstanding example is the study of
transport and its predictability.

Predicting the motion of particle trajectories in the
ocean is important at various scales and for various
applications, including sea rescue, recovery of lost
objects, pollution problems and tracking floating
mines and fish larvae. It is also a difficult and

Ž .delicate problem for at least two main reasons: a
velocity errors tend to accumulate as errors of pre-

Ž .diction of position; and b Lagrangian motion of
particles is often inherently chaotic, even when the

Žunderlying Eulerian flow is regular Aref, 1984;
.Samelson, 1996 . This implies high sensitivity to the

initial conditions and to details of the velocity field,
making the prediction very delicate.

A first step in predicting particle motion can be
Žtaken by using statistical dispersion models Falco et

.al., 2000 . They provide information about the prob-
ability of finding particles in a given region, based
on previous statistical information on the velocity
field. Often though this information is not accurate
enough for emergency problems like the ones men-
tioned above, when contemporary information on the
state of the velocity fields are necessary. In these
cases, on-line data, which help in reconstructing the
velocity field at a given time, are crucial to reduce
prediction errors.

¨ŽIn a recent study Ozgokmen et al., 2000; referred¨
.to as OGMP in hereafter , the use of Lagrangian data

to improve prediction of particle motion has been
explored. This work is focused on mesoscale predic-
tion, and it assumes that particle motion is approxi-

Žmately two-dimensional either at the surface or
.along isopycnals . A highly simplified model for

particle motion has been used, based on the knowl-
edge of the climatological mean field and on the
assumption of Markovianity for the fluctuating field.
The impact of assimilating Lagrangian data in the
model to improve prediction of unobservable parti-
cles has been studied. Theoretical error estimates,
depending on the data density, have been derived.
The validity of this method has been tested by
generating synthetic drifter data within the frame-
work of an idealized double-gyre ocean model. The
predictive capability has been found to increase as
the surrounding data density increased, in good
agreement with theoretical error estimates.

Even though the results of OGMP are strongly
indicative of the validity of this method, the motiva-
tion for the present study comes from the fact that
the data used in their study are relative to idealized
open ocean situations and the synthetic drifter trajec-
tories are smoother in space and time than real data.
Therefore, some questions persist on the perfor-
mance of this method for real data in coastal regions
and in the presence of small space and time scales of
variability. Another important distinction of the pre-
sent study is that in OGMP the drifters were launched
in a regular array simultaneously over the entire

Ž .ocean basin highly difficult to accomplish in reality
in order to maintain an approximately constant data
density over the period of prediction. In real-life
applications, however, drifters released close to one
another tend to spread apart, hence the effective data
density decreases over the prediction period. There-
fore, the present study is a first step toward quantify-
ing predictability of Lagrangian motion in the real
ocean given a limited and irregular distribution of
drifter data.

In this study, we test the results of OGMP using
surface drifter data taken in the Adriatic Sea, a
semi-enclosed basin of the Mediterranean Sea char-
acterized by locally steep topography and high veloc-
ity variability. The drifter data used here are a subset
of a comprehensive data set which spans the period
between December 1994 and March 1996. This data
set has been previously described and analyzed in

Ž . Ž .Poulain 1999 , Poulain and Zanasca 1999 and
Ž .Falco et al. 2000 to study the characteristics of the

Adriatic surface circulation and of its transports. In
the present study, three clusters of drifters are used,
each characterized by different values of initial data
density. The trajectory of each particle within a
cluster is predicted using the other ones, and the
error is computed as the difference between the true
and predicted positions. An estimate of the root

Ž .mean square r.m.s. error for each cluster is ob-
tained as an average of that of all cluster particles.
The values of the r.m.s. error are related to data
density and compared with the estimates of OGMP.

The work has two parallel goals.
Ž .a To apply the prediction model developed in

the context of an idealized large-scale ocean model
by OGMP to real drifter data characterized by
small-scale variability. This will allow us to test the



( )S. Castellari et al.rJournal of Marine Systems 29 2001 33–50 35

validity of the results obtained in OGMP for realistic
data. In particular, we are interested in quantifying
the dependence of the prediction error on data den-
sity.

Ž .b To shed light on the scales of predictability of
Lagrangian motion in the Adriatic basin. This is
important for both practical applications and for the
understanding of the intrinsic properties of the sys-
tem.

The paper is organized as follows. In Section 2, a
brief review of the methodology used in OGMP is
given, together with a summary of the theoretical
results on error estimates. The drifter data set is
described in Section 3. The methodology followed in
the analysis and the results are presented in Section
4. Summary and conclusions follow in Section 5.

2. Methodology for particle prediction

In this section, the general concept and algorithm
of the prediction model are outlined. For a more
detailed description, the reader is referred to OGMP.

2.1. General formulation of data assimilation using
sequential estimation

The central idea of data assimilation using se-
Žquential estimation Ghil and Malanotte-Rizzoli,

.1991; Ide and Ghil, 1998; Robinson et al., 1998 can
be expressed as follows. Consider a system, whose
state is described by an N-vector x. The best esti-

aŽ .mate of x at time t , x t , is obtained by averagingj j

information from a model describing the system
behavior and from observations related to the system
state:

a f fx t sx t qK t y t yh x t , 1Ž .Ž . Ž . Ž . Ž . Ž .Ž .j j j j j j

where x f is the forecast estimate of x obtained
using the model alone, y is the observation vector, h
is the transition matrix between x and the observa-
tions, and K is a weighting matrix.

The evolution model for x can be expressed in
general terms as a nonlinear stochastic equation,
which includes the unresolved sub-grid scale param-
eterizations:

d xsg x d tqdw , 2Ž . Ž .

Ž .where g x represents the deterministic part of the
dynamics and w is a Wiener process whose incre-
ments have zero mean and covariance matrix Q.

The forecast estimate x f is obtained by resolving
Ž .the deterministic part of Eq. 2 :

d x frd tsg x f . 3Ž . Ž .

2.2. Particle model

In our case, the vector x to be predicted is
composed by the velocity V and the position r of

Ž . Ž .the unobservable particle, xs V,r , while the ob-
servation vector y is given by the velocities and

Ž .positions of the observed Lagrangian drifters.
A simple form for the evolution model of the

particle position and velocity is assumed, based on a
decomposition of the velocity into mean and fluctu-

Ž .ating components Thomson, 1987 . In the follow-
ing, it is assumed for simplicity that the particle
moves in two dimensions, and that the time scale and
variance matrices for the fluctuating velocity are
diagonal. Therefore, the equations for each compo-
nent reduce to:

d rsV r d ts U r qÕ d t , 4Ž . Ž . Ž .Ž .

dÕsyTy1
Õd tqdw , 5Ž .

Ž .where U r is the Eulerian climatological mean ve-
locity field, assumed known, Õ is the fluctuation
around the mean characterized by variance s 2, T is
the time scale, and dw has variance 2d ts 2rT . Note
that, since U is assumed to be known, only the
fluctuating component Õ is predicted by the model.

Ž .Eq. 5 states that the fluctuation Õ following the
particle is a linear Markov process with exponential
autocovariance R . For each component, we have:L

² : 2R t s Õ t Õ tqt ss exp ytrT . 6Ž . Ž . Ž . Ž . Ž .L

Physically, this means that the particle fluctuation
has a certain persistence for time scales on the order
of T , after which period the particle velocity tends to
relax toward the climatology, represented by U.
Hence, T is the AmemoryB time scale of the system,
and information is lost for t4T.

Ž . Ž .Simple models like Eqs. 4 and 5 , which are
essentially statistical in nature and based on climatol-
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ogy and persistence, have been successfully applied
Ž .in a number of prediction problems e.g., Bril, 1995 .

Alternatively, more sophisticated models incorporat-
ing more complete dynamics can be used, such as
the output velocity fields from high resolution re-
gional circulation models. The advantage of using

Ž . Ž .Eqs. 4 and 5 is that this method is entirely
Žportable i.e., it does not assume an operational

.regional model in the area of interest , and it does
not depend on the accuracy of the regional model
Žwhich is often still an open question in practical

.applications . However, the lack of dynamics in Eqs.
Ž . Ž .4 and 5 allows a forecasting period only on the
order of T. This point will be investigated in Section
4 using results from the drifter data.

2.3. Algorithm implementation

A simple algorithm has been implemented in
OGMP to predict particle velocity Õ and position r.
The best estimate of Õ, called Õ

a, is computed using
Ž . Ž .model 5 and following formulation 1 . Since Eq.

Ž .5 is linear, the weighting function K can be easily
computed using the Kalman filtering technique,
which in this case coincides with the Optimal Inter-
polation technique. The position r a is then predicted

a Ž .using Õ in Eq. 4 .
The algorithm is implemented using some addi-

tional assumptions on the Eulerian statistics for com-
putational simplicity. These assumptions can be
relaxed without loss of generality. The velocity com-
ponents are assumed to be uncorrelated and the
Eulerian velocity covariance, B, is assumed to be a
Gaussian function for each component:

B r sexp yr 2r2 R2 7Ž . Ž .Ž .
where R is the Eulerian space scale. Under these
assumptions, the algorithm can be written as:

Õ
a t sexp d trT Õ

a tŽ .Ž . Ž .j jy1

p

q K Õ t yexp d trT Õ t ,Ž .Ž . Ž .Ý k k j k jy1
ks1

8Ž .

a a a ar t sr t q U r t qÕ t d t , 9Ž .Ž . Ž . Ž . Ž .Ž .jq1 j j j

where p is the number of observed drifters, Õ isk

their velocity at discrete times denoted by t . Thej

weighting matrix K is given by:

B KsB 10Ž .1 2

where

B sB r t yr t ,Ž . Ž . Ž .Ž .1 k j l jk l

B sB r a t yr t 11Ž . Ž .Ž . Ž .Ž .2 j k jk

2.4. Theoretical error analysis

First, some quantities used in the following analy-
sis of results are defined. The absolute dispersion,
S , defined asA

2 1r2² :S t s r t yr 0 , 12Ž . Ž . Ž . Ž .Ž .A

provides a measure of the total distance traveled by
the particles from their original starting position
during the considered time, and it can be therefore
considered as an upper bound for error for any
reasonable prediction algorithm. The angle brackets
denote ensemble averaging over all the drifters in the
cluster considered.

Second, the forecast error, S , is defined asf

2 1r2f² :S t s r t yr t , 13Ž . Ž . Ž . Ž .Ž .f

where r f is the forecast position computed from Eqs.
Ž . Ž . Ž . Ž .4 and 5 with initial conditions r 0 , Õ 0 and r is
the position of the unobservable particle. As indi-

Ž . fcated in Eq. 3 , r is computed using only the
Ž . Ž .deterministic part of Eqs. 4 and 5 . This error

quantifies the forecasting skill of the simple model
Ž . Ž .Eqs. 4 – 5 , which is expected to quickly decrease

after time scales of order T.
Next, S defined asM

1r22
t

S t s r t y U r s d s , 14Ž . Ž . Ž . Ž .Ž .HM ¦ ;ž /0

is the error for trajectory prediction based only on
Ž .the advection by the mean flow in Eq. 4 , i.e., when

no fluctuating component is calculated and utilized.
Finally, the r.m.s. prediction error with data as-

similation, i.e., using the complete algorithm Eqs.
Ž . Ž .8 – 9 , is defined as

2 1r2a² :S t s r t yr t . 15Ž . Ž . Ž . Ž .Ž .
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In OGMP, analytical estimates for errors associ-
Ž . Ž .ated with the algorithm 8 – 9 are given, under the

assumptions that Õ is statistically homogeneous with
a typical r.m.s. value s , and that U is approximately
constant over a certain time and space interval.
Particle density is measured in terms of N , theR

average number of observations within a circle of
radius R centered at the particle position. It is shown
in OGMP that

S t fgS t 16Ž . Ž . Ž .M

where g is a proportionality constant that depends on
data density. The values of g have been computed
analytically for the following values of N ;R

gs1 if N s0, 17Ž .R

gf0.3 if N s1, 18Ž .R

1r2
ln N 1 1R

gf 1y qž /ž /12 N N N N N( (R R R R R

if 1rN ™0. 19Ž .R

These results indicate that observations at a lower
data density than N s1 do not improve the predic-R

tion obtained with the mean flow alone. Note from
Ž .Eq. 18 that it is sufficient to have 1 observation per

Ždegree of freedom R, to improve substantially by
.70% the prediction.

Note that S corresponds, for constant U, to theM

single particle dispersion relative to the mean. This
implies that S grows first linearly with time

S t fgS t fgs t if t<T , 20Ž . Ž . Ž .M

and then proportional to the square root of time,

'S t fgS t fgs Tt if t4T . 21Ž . Ž . Ž .M

These theoretical error estimates have been tested in
OGMP using synthetic drifters in a double-gyre sim-
ulation. The numerical results agree well with the

Ž . Ž .estimates 16 – 19 , even in regions where the mean
flow is strongly inhomogeneous, suggesting that they
can be used as general guidance in various dynami-
cal regions.

3. The Adriatic drifter data set

The data set considered in this paper consists of
three distinct clusters of drifters, corresponding to a

total of 18 drifters. They were released in the eastern
part of the Strait of Otranto, the southern entrance of
the Adriatic Sea, at different seasons during 1995.
We only consider the trajectories for the first 20 days
after the drifters enter the basin. These data belong to
a larger drifter data set spanning December 1994 to
March 1996, that has been summarized in a data

Ž .report Poulain and Zanasca, 1998 and analyzed in
Ž .previous papers Poulain, 1999; Falco et al., 2000 .

ŽThe drifter position data were interpolated using a
.AkrigingB technique; Hansen and Poulain, 1996 and

Ž .low-pass filtered Poulain and Zanasca, 1998 . Ve-
locities were estimated by finite difference of the
filtered positions and were subsampled, together with
positions, at 6-h intervals. First, a quick review of
the statistical results included in the latter papers will
be provided, and will be used in the present study.
The characteristics of the three clusters are then
described in detail.

3.1. General statistics

Ž .The Adriatic Sea Fig. 1a , is an elongated semi-
enclosed basin connected to the Mediterranean Sea
at its southern entrance through the Strait of Otranto.
The topography is characterized by a deep center in
the southern region reaching 1200 m depth, while the
central and northern regions are shallower, around
200 m and less than 100 m, respectively. Here we
concentrate mostly on the southern and central re-
gions, where the drifter data coverage is greater.

The total data set in the Adriatic Sea, defined here
as the area north of 40.48N, consists of 41 drifters
Ž .Falco et al., 2000 with a mean half life time of

Ž .about 100 days Poulain and Zanasca, 1998 . Ten
drifters were launched randomly over the basin, and
31 were launched in the eastern Strait of Otranto
south of 40.48N and entered the basin with the
inflow of Ionian waters through the Strait. The data
set is extensive enough to provide significant infor-
mation on the ensemble average properties of the
flow during the measurements period, but it is not
sufficient to resolve seasonality. Note that in the
present study, only 18 of the 41 drifters from the
data set are used. This is because the other ones are
too sparse in space and time to be considered as
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Ž . Ž .Fig. 1. a Large-scale mean flow obtained by the bicubic spline technique. b Autocovariances R and diffusivities K resulting from theL
Ž . Ž . Ž .flow decomposition. Solid dashed lines refer to the zonal meridional component from Falco et al., 2000 .

clusters and to be used in the present predictability
study.

The mean flow over the whole drifter ensemble
Ž .December 1994–March 1996 has been computed
using two different methodologies: binning over

Ž .quarter-degree boxes Poulain, 1999 , and using an
optimized spline method which minimize the energy
in the residual velocity at scales longer than a week
Ž .Falco et al., 2000; Bauer et al., 1998 . The results
for the spline estimates, reproduced in Fig. 1a, are
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qualitatively and quantitatively similar to the binning
Ž .results of Poulain 1999 . Subtidal fluctuations

around the mean flow can be substantial, with a
Žstandard deviation as large as the mean Poulain,

.1999 . Error estimates for the mean flow shown in
Ž .Fig. 1a were estimated by Falco et al. 2000 to have

a lower bound of 20%, corresponding to the simpli-
fying assumption of homogeneous and stationary
statistics. The depicted circulation is cyclonic, with
recirculations in the southern and central regions,
and with intensified currents along the boundaries,
reaching values of approximately 30 cmrs. Histori-

Ž . Žcal Artegiani et al., 1997 and satellite Gacic et al.,
.1997 data suggest that the circulation is seasonally

modulated, with a stronger and better defined mean
flow during winter and less clear patterns during
summer.

The Lagrangian fluctuation field has been ana-
lyzed by computing residual velocities along particle

Žtrajectories obtained by subtracting the splined mean
.flow values at each time step , and then computing

autocovariances and diffusivities from the residuals
Ž .Fig. 1b . The statistics computed in this way charac-
terize the fluctuations in a bulk, without taking into
account the spatial inhomogeneity, such as the fact
that the fluctuations are more vigorous in the bound-

Ž .ary regions than those in the interior Poulain, 1999 .
Despite this limitation, the bulk values have been

Žshown to effectively capture the variability Falco et
.al., 2000 , providing a good starting point for our

analysis. The autocovariances show an exponential
Ž . Ž .behavior, consistent with the model 5 – 6 , and they

suggest a value of roughly 1 day for the e-folding
time scale. The two velocity components are slightly
anisotropic, and the variance value is of the order of
s 2f100 cm2rs2, suggesting a typical r.m.s. value
for the fluctuating velocity of the order of s,10
cmrs.

Ž .Note that, as discussed in Falco et al. 2000 , at
closer inspection the autocovariances in Fig. 1b
Ž .especially the meridional one do not appear to
vanish exactly for t)10 days. In other words, there
is a deviation from the exponential behavior at time
lags 4T. This is likely to be the consequence of a
large-scale or seasonal residual, which is not cor-
rectly removed. This is also reflected in the behavior

` Ž .of the diffusivity, DsH R t dt , which does not0 L
Ž .exactly converge toward a constant value Fig. 1b .

The presence of AtailsB in autocovariances has im-
portant consequences for the estimate of the time
scale T. This time scale can be estimated either as

y2 ` Ž .integral time scale defined as Tfs H R t dts0 L
2 Ž . ŽDrs or as e-folding time scale of R t e.g.,

.Griffa et al., 1995 . For a perfect exponential autoco-
Ž .variance such as in Eq. 6 , these two estimates give

identical results, but in presence of tails they can
Ž .differ significantly. In Falco et al. 2000 , where

Ž .long-term 410 days dispersion processes are con-
sidered, T is estimated as integral time scale, in
order to capture some of the long-term behavior.

Ž .Values of T estimated in this way are f1.5 3 days
Ž .for the meridional zonal component. In the present

paper, we are mostly interested in short-term predic-
tion over a few days. Therefore, it appears more
appropriate to estimate T as e-folding time scale, to
capture the initial behavior. Estimates of T obtained
in this way are smaller, suggesting values not ex-
ceeding 1 day, as mentioned before.

3.2. The clusters

The three clusters analyzed in this study were
originally released at different times in the eastern
Strait of Otranto, and are re-initialized after they
cross 40.48N and enter in the Adriatic basin. The
position of the particles within each cluster are shown

Žin Figs. 2a, 3a and 4a at time ts0 i.e., when they
.enter the basin , ts10 days and ts20 days. The

main parameters characterizing the clusters are re-
ported in Table 1.

As shown in OGMP and summarized in Section
2.4, the predictability of drifter trajectories is ex-
pected to depend on the effective data density NR

over the period of interest. Figs. 2b, 3b and 4b
illustrate the average N for each cluster for theR

20-day period. The individual drifters in each cluster
have similar N so that the average value of N canR R

Table 1
Characteristics of the three clusters

Cluster Number Initial time N sR
y1w xof drifters range cm s

A 6 September 2, 1995 G2 15
B 5 May 25, 1995 -1 10
C 7 October 20, 1995 F0.5 15
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Ž . Ž .Fig. 2. a Positions of the drifters in cluster A at day 0 circles ,
Ž . Ž . Ž .at day 10 squares and at day 20 triangles . b Cluster-averaged

N for 20 days.R

be considered significant. Even though the initial
values of N depend on the dynamics experiencedR

by the drifters before they entered the basin, here
they are considered as given, as if the drifters were
actually released at ts0 in the basin. It can be seen
from Figs. 2b, 3b and 4b that these three clusters are
characterized by different N at initial time, andR

therefore that they are expected to have different
predictability characteristics. Cluster A is character-

Ž .ized by the highest value of initial N G2 , clusterR
Ž .B has intermediate values N F1.0 , and cluster CR

Ž .has the lowest values N -0.5 . Therefore, if theR

results of OGMP remain valid, it is anticipated that
assimilation of surrounding data will lead to signifi-

Ž . Ž .Fig. 3. a Positions of the drifters in cluster B at day 0 circles , at
Ž . Ž . Ž .day 10 squares and at day 20 triangles . b Cluster-averaged

N for 20 days.R
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Žcant improvement of predictability with respect to
.mean flow prediction for cluster A, marginal im-

provement for cluster B and no improvement for
cluster C. Hence, these three clusters form a good
data set for testing the validity of the ideas devel-
oped by OGCM.

Ž .Cluster A is composed of six drifters Fig. 2a ,
starting on September 2. They appear to be embed-

Ž . Ž .Fig. 4. a Positions of the drifters in cluster C at day 0 circles , at
Ž . Ž . Ž .day 10 squares and at day 20 triangles . b Cluster-averaged

N for 20 days.R

ded in the boundary current along the eastern side of
the basin and move quickly to the north. The r.m.s.
value of the fluctuation field with respect to the
Eulerian velocity field depicted in Fig. 1a is sf15
cmrs. It is higher than the average basin value,
sf10 cmrs, and it is also the highest of the three
clusters. This is due to the fact that the drifters
sample the boundary current in an especially intense
period, at the end of summerrbeginning of fall
Ž .Poulain, 1999; Falco et al., 2000 . Cluster B is

Ž .composed of five drifters Fig. 3a , beginning on
May 25. They move in the southern gyre with an
r.m.s. velocity sf10 cmrs. With respect to cluster
A, the drifter trajectories in cluster B are character-
ized by smaller scale fluctuations, probably because
Ž .a they sample a region with less intense mean flow,

Ž .and b the springrsummer season is characterized
by smaller scale eddies dominating the circulation
Ž .Poulain, 1999 . Finally, cluster C is composed of

Ž .seven drifters Fig. 4a , starting on October 20. The
drifter trajectories cover different dynamical regions
in the basin, from the interior to the boundary cur-
rents, and their r.m.s. fluctuation is sf13 cmrs.

Given the difference in pattern and seasonality of
the three clusters, the values of absolute dispersion
S are expected to be different and not directlyA

comparable. However, the values of dispersion
around the mean, S , are expected to be relativelyM

similar and to depend mostly on s . We will come
back to this point in Section 4.

4. Results

4.1. Predictability analysis

The analysis is performed for the three clusters
separately. First, the forecasting skill of the basic

Ž . Ž .model 4 – 5 in absence of data is tested. Then, the
Ž . Ž .impact of using data assimilation 8 – 9 in improv-

ing the predictability of particle trajectories as func-
tion of data density N is studied, checking theR

Ž . Ž .theoretical relationships 16 – 19 .
The forecast of the model for each cluster is

Ž .computed in the following way. The algorithm 8 –
Ž .9 is applied for each particle assuming that the

Ž . Ž .initial position r 0 and velocity Õ 0 are known and
that there are no surrounding data. The r a position
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corresponds to the forecast position r f. The error of
Ž .the forecast, S is computed according to Eq. 13 .f

Time series of S are considered for the first fewf

days only, since the forecasting skill of the simple
Ž . Ž .model 4 – 5 is expected to quickly decrease after

time scales of order T. Note that quantifying the
forecasting skills of the model is important for prac-
tical applications, such as observable pollutants. If a
drifter is released in a pollutant, and its velocity is
computed by finite difference from its previous posi-
tions, its future position can be predicted using the
procedure described above and the following results
quantify the prediction accuracy.

The change of predictability in presence of data is
Žstudied by comparing the time series of S r.m.s.

. Ž .prediction error with data assimilation , Eq. 15 and
ŽS r.m.s. prediction error with mean flow advectionM
. Ž . Ž .only , Eq. 14 , to check the validity of Eqs. 16 –

Ž .18 . While computing the predicted trajectories with
Ž .data assimilation, the initial velocity Õ 0 is esti-

Ž .mated from the surrounding data using Eq. 8 . In
Žthe absence of data assimilation i.e., for the compu-

.tation of S , the initial turbulent velocity is taken asM
w Ž . xzero Õ 0 s0 .

The parameters of the model, the mean flow field
U, the time scale T and the space scale R are
determined as follows. As guideline for the values of
U and T , the results shown in Section 3 are used. For

Ž .U, the estimate in Fig. 1a is used Falco et al., 2000 .
For T , values of the order of 1 day are used, as
suggested by the e-folding time scales of the autoco-
variances in Fig. 1b. Within the 1-day range, specific

Ž .values are chosen by trial and error for each cluster
application in order to optimize the assimilation re-

Ž .sults see Table 2 . Regarding R, values of the order
of the Rossby radius of deformation are chosen,
which is approximately 10 km in the southern Adri-

Table 2
Parameters used in the assimilation: T is the Lagrangian e-folding
time scale and R is the Eulerian space scale

w x w xCluster T day R km Prediction
w xduration day

A 0.4 10 7
B 0.4 10 15
C 0.8 10 13

Ž .Fig. 5. Forecast r.m.s. error S solid line and mean flow predic-f
Ž .tion error S dashed line for cluster A from 0 to 3 days.M

Ž .atic Grilli and Pinardi, 1998 . The parameters cho-
sen for each cluster are nearly the same and they are
listed in Table 2. The behavior of predictions for all
clusters remain quite robust to variations on the
order of 50% in T and R; the r.m.s. prediction error
varies by less than 10% at 10 days and by 10–20%
at 15 days when T or R are varied by 50% from the
values listed in Table 2. Since drifter positions and
velocities were subsampled at 6-h intervals, the time

Ž .lag between two successive corrections in Eqs. 8 –
Ž .9 was set to 6 h. The total prediction time for each
cluster is taken as the time for which the data density
N remains roughly constant, which corresponds toR

about 1 week for cluster A and approximately to 2
Ž .weeks for clusters B and C Figs. 2b, 3b and 4b .

This is done in order to be able to compare the
Ž . Ž .results with the analytical estimates 17 – 19 , which

are obtained under the assumption of constant N inR

OGMP. Drifters released in clusters spread apart in
time such that the value of N for each particleR
Ž .hence for the average tends to decrease with time.
For practical future applications, replenishing of the
initial clusters with additional drifters at later times
can be planned, in order to maintain N )1.R
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4.2. Cluster A

In order to quantify the predictive skill of our
basic model without data assimilation, the forecast
error S is first calculated, and the results for clusterf

Ž .A are shown for the first 3 days in Fig. 5 solid line .
For comparison, r.m.s. prediction error obtained us-
ing only the mean flow, S , is also calculatedM
Ž .dashed line . Notice that S and S appear to growM

linearly for t)T , rather than following the square
Ž .root behavior suggested by Eq. 21 . This is likely to

be due to shear dispersion, which is present in the
strongly sheared boundary currents, and which was
not entirely removed by subtracting the Eulerian
flow of Fig. 1a. Shear dispersion is not included in

Ž .the theoretical estimate Eq. 21 , which corresponds
to Ufconstant. The primary difference between Sf

and S in Fig. 5 is that S incorporates the advan-M f

tage of knowing the initial turbulent velocity, whereas

prediction leading to S is conducted with zeroM

initial turbulent velocity. The results indicate that the
knowledge of the initial velocity reduces the predic-
tion error over a time scale on the order of T , as
expected. The values of S after 1 day are about 5f

km, and then they increase quickly, reaching almost
15 km after 2 days. At later times, S is approxi-f

mately parallel to S . The values of S can beM M

approximated, at least initially, using gs1 in Eq.
Ž .20 . The primary message in this experiment is that
the basic model in the absence of data assimilation
leads to improvement in predictive capability only
during the initial period on the order of T. This
appears to be true also for the other two clusters, B

Ž .and C not shown . For all three clusters, the values
of S after the first day are similar, S f5 km.f f

The impact of assimilating data is then studied for
the first 7 days, corresponding to the period when

Ž . Ž .N G2. From the theoretical results 16 – 19 andR

Ž . ŽFig. 6. Absolute dispersion of particles in cluster A S , long dashed line , r.m.s. prediction errors using only the mean flow S , shortA M
. Ž . Ž .dashed line , Lagrangian data assimilation S, solid line and center of mass S , dashed–dotted line .CM
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from the numerical results of OGMP, a significant
reduction of the error S, of more than 70%, is
expected with respect to S . For comparison, theM

absolute dispersion S is calculated, which can beA

considered as an upper bound to the S and SM

values. The results are illustrated in Fig. 6. The
absolute dispersion S grows almost linearly andA

reaches approximately 145 km after 7 days. S ,M

which corresponds to the prediction using only the
mean flow and with no data assimilation, shows a
consistent decrease with respect to S , reducing theA

error approximately by half, to f70 km, after the
same amount of time. This is not surprising given
that the region sampled by the drifters is character-
ized by a strong mean flow, and it is in good
qualitative agreement with the results of OGMP.
Notice also that the almost linear shape of S isM

suggestive of shear dispersion. Finally, the error of
the prediction with data assimilation, S, is much
smaller than S , reaching a maximum of only 17 kmM

after 7 days. This error reduction is of approximately
75% with respect to S , as anticipated.M

Two examples of true and predicted drifter trajec-
tories for cluster A are shown in Fig. 7. As it can be
seen, predictions with only the mean flow tend to
significantly underestimate the velocity or the total
displacement of the particle, while predictions with
data assimilation overcome this problem and the
predicted trajectory remains quite close to the true
trajectory during the integration. The results for the
other particles are qualitatively similar.

In Fig. 6, the errors for the data assimilation
algorithm are compared with errors obtained for a
different estimate of particle position. This is a sim-
ple Acommon senseB estimate, where the position of
each particle is approximated by computing the cen-
ter mass of the others. As the figure shows, the error
of this estimate is consistently higher than S during

Ž .first 7 days of integration. At later times not shown ,
these two curves tend to converge towards each
other. This happens when N is approximately zeroR

and there is no useful information to assimilate. The
growth of error for the center of mass estimate is tied
to the properties of relative dispersion of the flow,
characterized, for particle pairs, by the Lyapunov

Ž .exponent Lacorata et al., 2000; Piterbarg, 2001 . In
all the three clusters considered here, the center of
mass error is initially higher than S and then it tends

ŽFig. 7. True and simulated trajectories for drifter a24098 upper
. Ž .panel and a24100 lower panel of cluster A. Solid lines indicate

Ž .the true trajectories square symbols at 5-day intervals , predicted
trajectories using only the mean flow information are shown with

Ž .dashed–dotted lines circle symbols at 5-day intervals , and dashed
Žlines depict predicted trajectories using data assimilation triangle

.symbols at 5-day intervals .

to converge. We can speculate, though, that for an
optimal initial sampling, these two estimates and the
respective errors could converge.

The effects of degrading the knowledge of the
system are studied, as in OGMP, by considering two
cases, which are of importance for practical applica-

Ž .tions: a the errors in the knowledge of the mean
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Fig. 8. The r.m.s. prediction errors S for drifters in cluster A using Lagrangian data assimilation with mean flow information and exact
Ž . Ž .initial positions solid line, same as in Fig. 7 , zero mean flow and exact initial positions S , dashed–dotted line , and with mean flow1

Ž .information but an error of 5 km on the initial positions S , dashed line .2

Ž . ŽFig. 9. Absolute dispersion of particles in cluster B S , long dashed line , r.m.s. prediction errors using only the mean flow S , shortA M
. Ž .dashed line and Lagrangian data assimilation S, solid line .
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Ž .flow and b the uncertainties regarding the initial
position. First, it is assumed that the mean flow is

Ž . Ž .unknown, and it is set to zero Us0 in Eq. 9 .
Second, it is assumed that there is an error in the
initial position of the particle. Errors with a magni-

Žtude of 5 km approximately half of the deformation
.radius are introduced to the south, north, east and

west of the exact initial positions, and then average
r.m.s. prediction errors are computed. Similar experi-
ments have been previously performed by OGMP
with numerical drifters and they indicated that for
N )1 the predictive capability is recovered in bothR

cases. The present results shown in Fig. 8 confirm
the results of OGMP, demonstrating that the errors
do not change significantly, at least for the first 5–6
days when N is sufficiently high.R

An important issue to address is the significance
of these results, given that the cluster consists of

Žonly 6 drifters similar number of drifters for clusters
.B and C . To address this problem, first the variabil-

ity in particle predictions is quantified for each clus-
ter, computing sample standard deviations for S and
S . The results from the standard deviation curvesM

show that the difference between the curves in Fig. 6
is significant. Second, for short-term statistics, we
have increased the number of degrees of freedom by
a re-sampling strategy: the drifter trajectories, which
are 7 days long for the predictability analysis in Fig.
6, were divided into segments 3.5 days long. Since
3.5 days is longer than the Lagrangian decorrelation

Ž .time scale f1 day , each segment can be consid-
ered as a statistically independent trajectory, thereby
increasing the number of trajectories available for
the analysis to 12. When the 12 trajectories are used
to compute the same quantities as in Fig. 6, the
results remain qualitatively the same. Quantitatively,
S and S tend to increase, of less than 20% withM

respect to those obtained without re-sampling along
the trajectories, and the relative difference between
S and S remains approximately the same.M

4.3. Cluster B

As discussed in Section 4.2, the forecasting skills
of cluster B are similar to those of cluster A. With
regards to the assimilation, cluster B is not expected
to show the same enhancement in predictability as

for cluster A, given that N -1. This is illustrated inR

Fig. 9, where the time series of S, S and S areM A

shown for 15 days, corresponding to the total time
Ž .when N is approximately constant Fig. 3 .R

S grows slower than in cluster A, reaching aA

value of approximately 100 km after 15 days. The

ŽFig. 10. True and simulated trajectories for drifter a 23338 upper
. Ž .panel and a 23342 lower panel of cluster B. Solid lines indicate

Ž .the true trajectories square symbols at 5-day intervals , predicted
trajectories using only the mean flow information are shown with

Ž .dashed–dotted lines circle symbols at 5-day intervals , and dashed
Žlines depict predicted trajectories using data assimilation triangle

.symbols at 5-day intervals .
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behavior is approximately linear, except for a plateau
at approximately 4–8 days. This is probably related
to the presence of a small, stationary eddy capturing

Ž .the drifters see Fig. 10 , and it is expected to
disappear with better statistics including more real-
izations. S show a decrease with respect to S ,M A

indicating the importance of the mean flow, and it
reaches approximately 60 km after 15 days. S is
generally smaller than S , even though the decreaseM

is not completely significant given that the sample
standard deviations overlap. When the re-sampling is

Ž .applied, the results not shown are qualitatively
similar, even though S appears clearly smaller than
S even at initial times. We believe that the differ-M

ence with and without re-sampling, is due to the fact
that the drifter velocities, during their initial motion
near the Strait of Otranto, are anomalously close to
the mean flow, as shown also in Fig. 10. This is

probably due to the fact that the mean current is
particularly strong in the Strait and better defined
than inside the basin, causing the values of S to beM

anomalously smaller.
Two examples of true and predicted trajectories

are shown in Fig. 10. The improvement due to the
data assimilation, even though not substantial as in
cluster A, is noticeable especially in the tracking of
the loops around the eddy.

4.4. Cluster C

The results for cluster C are shown in Fig. 11 for
Ž .the first 15 days. N is very small -0.5 , hence noR

improvement in predictability by assimilation of in-
formation from the surrounding drifters is expected.
S grows almost as quickly as for cluster A, reach-A

ing approximately 210 km after 15 days. The mean

Ž . ŽFig. 11. Absolute dispersion of particles in cluster C S , long dashed line , r.m.s. prediction errors using only the mean flow S , shortA M
. Ž .dashed line and Lagrangian data assimilation S, solid line .
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flow knowledge reduces substantially the r.m.s. pre-
diction error, as shown by S that reaches approxi-M

mately 90 km after 15 days. The prediction with data
assimilation, S, approximately coincides with S ,M

showing that Lagrangian data assimilation is not
effective, as expected. This is also shown by the two

ŽFig. 12. True and simulated trajectories for drifter a24120 upper
. Ž .panel and a24121 lower panel of cluster C. Solid lines indicate

Ž .the true trajectories square symbols at 5-day intervals , predicted
trajectories using only the mean flow information are shown with

Ž .dashed–dotted lines circle symbols at 5-day intervals , and dashed
Žlines depict predicted trajectories using data assimilation triangle

.symbols at 5-day intervals .

examples of true and predicted particle trajectories
depicted in Fig. 12.

5. Summary and concluding remarks

The predictability of Lagrangian particle trajecto-
ries in the Adriatic Sea was explored using three
clusters of drifters over a period of 1–2 weeks. The
predictability scales were studied by employing a
simple model, which relies on the assimilation of
surrounding information from drifters to improve the
estimation of the turbulent velocity component and
hence the estimated trajectory. This model has been
developed and previously tested by OGMP in the
context of an idealized, large-scale ocean model. The
objective of the present study is to apply this tech-
nique to real drifter data and to determine whether
the conclusions of OGMP remain valid for this
smaller scale, highly variable flow regime. Also, the
study determined the specific scales of predictability
for the Adriatic basin, providing useful information
for future applications.

The drifter clusters used in this study are part of a
larger data set collected in the Adriatic Sea between
December 1994 and March 1996. Three clusters
exhibiting different characteristics were selected.
Cluster A consisted of 6 drifters, starting at the
beginning of September 1995. These drifters re-
mained in the eastern coastal boundary, in coherent
and energetic currents. Cluster B was initialized in
May 1995, and it was composed of 5 drifters that
occupied the gyre interior. Cluster C consisted of 7
drifters, initialized in October 1995, which moved
into both coastal and open sea regions. In particular,
N , the average number of drifters within a circle ofR

Ž .radius R s10 km around the prediction particle, is
different for these three clusters; for cluster A, N GR

2 for 7 days, while for clusters B and C, N -1 andR

N -0.5, respectively, for 15 days. The results ofR

OGMP, both analytical and numerical, showed that
the data assimilation is effective only when N G1.R

On this basis, it was expected that the assimilation is
effective for cluster A, marginally effective for clus-
ter B, and not effective for cluster C.

The OGMP algorithm was implemented using the
Ž .mean flow estimated by Falco et al. 2000 , and the

Žvalues for the parameters T Lagrangian e-folding
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. Ž .time scale and R Eulerian space scale in the range
of values suggested by the literature: Tf1 day, and
Rf10 km. For each cluster, the prediction skills
were quantified by calculating the r.m.s. position
error averaged over all drifters in that cluster.

Ž . Ž .As a first step, the skill of the basic model 4 – 5
was determined, without including the data assimila-
tion. This should be interpreted as the forecasting
skill of the model, which is expected to last over a
period comparable to T. The time scales for the three
clusters are similar, on the order of 1 day, and the
r.m.s. forecast error is approximately 5 km after 1
day. For times longer than 1 day, the forecast error
increases quickly, reaching approximately 15 km
after 2 days. This information is useful for practical
applications, for example when forecasting the posi-
tion of a pollutant, given its initial position and
velocity. The model is of course very simple, based
only on climatology and persistence, nevertheless its
skills at initial times appear to be acceptable, even
though they decay quickly due to the lack of suffi-
cient dynamics. In the future, we may consider em-
ploying more complex models, in which the velocity
field is provided by regional circulation models.

While the evolution model is simple, it is also
ideally suited for the incorporation of drifter observa-
tions with minimal computational cost, complexity
and also interference from the model. The impact of
assimilating data has then been considered and it was
shown that the main conclusions of OGMP remain
valid for real drifter data: for cluster A, the r.m.s.
prediction error with data assimilation, S, shows a
decrease of more than 70% with respect to the
prediction based only on the mean flow without data
assimilation, S . S remains less than 20 km duringM

the 7-day prediction. Also, the predictions appear to
be robust even when the mean flow is assumed
unknown, and when an error in the initial position is
introduced, provided that the error is less than R.
These results are again consistent with the numerical
results of OGMP for N )1. For cluster B, S de-R

creases with respect to S , but the decrease is onlyM

marginally significant, while for cluster C no de-
crease is observed.

Finally, a Acommon senseB method of estimation
was tested, where each trajectory in the cluster is
approximated as the center of mass of the others. For
this estimate, the error growth is expected to depend

on the relative dispersion of the particles, character-
ized, for particle pairs, by the Lyapunov exponent
Ž .Piterbarg, 2001 . For our clusters, this estimate is
initially characterized by higher errors than the data
assimilation estimate, converging to the same errors
when N ™0. Different results could be found,R

though, for different clusters where the initial sam-
pling was optimized.

It is interesting to note that the prediction errors in
this study are comparable to typical errors of fore-
casts through realistic numerical ocean models. Yang

Ž .et al. 1999 used a model with high horizontal and
vertical resolution to simulate directly drifters on the
West Florida Shelf. They have shown a general
agreement with the drifter observations but with an
error increasing rapidly for first few days and hover-
ing around 10 km during the first 10 days and finally
reaching about 15 km after 12 days.

In the future, we intend to investigate the problem
of optimal sampling for cluster deployments, in order
to optimize resources and plan cluster replenishing.
This study indicates that the results are highly depen-
dent on the sampling adopted and that the response
time scales are short, so that an optimization of the
resources and of the methods is of great importance.
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