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Abstract—In this work, we consider the problem of algo-
rithmically predicting rendezvous among vessels based on their
trajectory forecasts in a maritime environment. The problem is
treated as hypothesis testing on the expected value of the distance
between trajectories. We relate this quantity to the first and
second degree Wasserstein distances between trajectory forecast
distributions. These distributions are obtained using integrated
Ornstein-Uhlenbeck process models with the trajectory measure-
ments collected so far. Building upon these results, we propose
an algorithm which traverses the trajectories observed so far for
detecting rendezvous over a rolling time horizon. We demonstrate
the efficacy of the proposed algorithm using simulations.

Index Terms—predictive models, knowledge discovery, mean
reverting process, Integrated Ornstein-Uhlenbeck process,
Wasserstein distance, situation awareness

I. INTRODUCTION

This work considers the problem of deciding on whether

two vessels are likely to engage at a future time instant

based on their currently observed trajectories, i.e., prediction

of rendezvous. The capability of algorithmically carrying

out this task is extremely valuable in maritime surveillance

applications given that the high levels of uncertainty in the

environment together with the abundance of traffic data, e.g.,

automatic identification system (AIS) messages, make it ex-

tremely difficult for human operators to perform with the

desired accuracy in a robust and sustainable fashion [1].

We treat the problem as hypothesis testing over a rolling

time horizon which involves forecasting of future state tra-

jectories in terms of probability densities over state variables.

In particular, the expected distance between two vessels is

considered as the decision statistics. It is not straightforward

to evaluate this quantity, in general. Instead, we relate it to

the Wasserstein distances [2] of individual trajectory fore-

cast distributions. These distributions are obtained by using

integrated Ornstein-Uhlenbeck (OU) process trajectory mod-

els [3]. Specifically, we point out that the Wasserstein distance

of the second degree between the forecast distributions up-

per bound the expected distance of concern. Moreover, this

distance can be computed easily for multi-variate Gaussian

This work is supported by the NATO Allied Command Transformation
(ACT) via the project Data Knowledge Operational Effectiveness (DKOE) at
the NATO Science and Technology Organization (STO) Centre for Maritime
Research and Experimentation (CMRE).

distributions [4] which is the case when OU models are used

for trajectory forecasting.

Based upon these results, we propose an algorithm that

traverses the trajectory data over time and searches for pairs of

forecast distributions with a Wasserstein distance of the second

degree below a selected distance. Equivalently, pairs with an

expected distance upper bounded below a given threshold are

found.

Algorithmic knowledge discovery based on predictive mod-

els of trajectories has an increasing relevance to situation

awareness applications and autonomous systems. In mar-

itime situation awareness, this is facilitated by the AIS in

which ships asynchronously broadcast messages that contain

their identity, position, velocity and some other vessel/voyage

related information. AIS data have been used for finding

recurrent or regular patterns of vessel trajectories as well

as anomalies (see, e.g., [1], [5]) and modelling maritime

traffic [6]. In these applications, OU process models have

proved useful [3]. In autonomous system applications, intent

prediction is posed as an M -ary hypothesis testing problem

on trajectories modelled using bridging densities [7]. Our

problem differs in that a rendezvous hypothesis involve a

dynamic intention for the engaging parties. Bayesian inference

in stochastic processes with directed interactions have been

investigated in [8]. The problem setting in this work is related

long-term forecasting in which case these interactions involve

a very high degree of uncertainty and an undirected nature.

This further motivates the use of our geometric perspective

and the Wasserstein distance as the computation of the latter

accounts for a certain extent of interactions. This point is

clarified throughout the article.

The structure of this article is as follows: The rendezvous

hypothesis and a conceptual search algorithm are introduced

in Section II. Section III introduces the Wasserstein distance

between forecast distributions and relates it to the decision

statistics of the conceptual search. Then, we provide explicit

formulae for the forecast distributions in Section IV. In Sec-

tion V, we propose a computationally feasible search Algo-

rithm for rendezvous detection based on the second degree

Wasserstein distance of these distributions. In Section VI, we

demonstrate the efficacy of this algorithm through a simulation

example. Then, we conclude in Section VII.
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II. PROBLEM STATEMENT

Let us consider N trajectories H = {hi|i = 1, . . . , N} each

consisting of a series of time and state pairs

hi �
{
(tik, x

i
k)|k = 1, . . . ,Ki

}
(1)

where the state variable xi
k is a concatenation of the location

and velocity of the ith object, i.e., xi
k = [sik, ṡ

i
k] where sik

is the location variable that takes values from a bounded set

S ⊆ R
2 and the velocity variable ṡik ∈ V ⊆ R

2. These pairs

are assumed to be noise-free measurements, and, in a maritime

scenario, correspond to AIS messages from the vessels1. Thus,

at current time ts, the time stamps of the trajectories satisfy

ts ≥ max{tiKi : i = 1, . . . , N},

and, we denote the available trajectories at time ts by Hts

throughout.

Stochastic process models [9], [10] for these trajectories in-

duce a (conditional) probability distribution over the concate-

nation of object states at an arbitrary time t. Let us denote this

random variable by Xt. Thus, a realisation Xt = [x1
t , . . . , x

N
t ]

of this random variable is distributed by Pt(.|Hts) satisfying

Pr{Xt ∈ S} =

∫
S

dPt(Xt|Hts), (2)

where S ⊂ S×V. Let us also assume that this distribution

has a density pt(Xt|Hts) allowing us to compute (2) through

Pr{Xt ∈ S} =

∫
S

pt(Xt|Hts)dXt. (3)

We are concerned with the hypothesis that two vessels (i, j)
have a rendezvous at time tr ∈ T where T = [ts, tf ] is a

rolling horizon time window of length tf − ts = ΔT . In

other words, we are concerned with the distance process, a

realisation of which is given by

di,j(tr) =
∥∥∥sitr − sjtr

∥∥∥ (4)

for tr ∈ T , where sitr and sjtr are realisations of the random

(location) variables of the state at tr and are characterised

by the marginal of the denisty in (3) over (si, sj), i.e.,

pi,jtr (s
i
tr , s

j
tr |Hts), and, ‖.‖ denotes the l2 norm.

Let us consider the first order statistical moment of di,j(tr),
i.e., the expected value of the random variable d

i,j(tr)

E{di,j(tr)} =

∫
S×S

∥∥∥sitr − sjtr
∥∥∥ pi,jtr (sitr , sjtr |Hts)ds

i
trds

j
tr .

(5)

Using this quantity, one decides on the rendezvous hypothesis

Ri,j
tr for the pair (i, j) by

E{di,j(tr)}
Ri,j

tr
=0

�
Ri,j

tr
=1

γ, (6)

1The inaccuracies in the state observations reported in AIS messages are
negligible compared to the uncertainties captured in forecast distributions that
are introduced later. This fact underlies the assumption that the observations
are noise free. The trajectory forecasting process detailed later in the article
can easily accommodate for such uncertainties if necessary.

where γ is a decision threshold of the same unit as the l2
norm, i.e., meters.

The stochastic model specifies a metric valued decision

variable for the problem which allows us to select a tangible

decision threshold. Because the associated rendezvous event is

parameterised on time, a search is implied over the space that

these variables take values from in order find the rendezvous.

A conceptual temporal search building upon the stochastic

model above is given by Algorithm 1. For all trajectory pairs

(i, j), location predictions are found at each time instant tr ∈
T by first finding the density in (3) and marginalising out all

variables other than (sitr , s
j
tr ) (line 8). This forecast is used to

find the expected distance in (5) (line 9). Those time points

with an expectation below the decision threshold are added to

the list of rendezvous events to be pruned later by the selection

of the soonest rendezvous decision for (i, j). The minimum

mean squared error prediction of the vessel locations are used

to predict to rendezvous point. Hence, this search returns a

list of rendezvous R reporting (at most) a single detection per

pair together with its time and location.

There is a number of challenges in realising Algorithm 1

which are addressed in the rest of this article. First, it is not

trivial to find a tractable form for the prediction density in (3)

(line 8), especially, in the presence of (unknown) interactions

among the vessels. This also complicates the evaluation of

(5) in line 9. In Section III, we relate the expected distance

to the Wasserstein distance of the first degree and then detail

computation of the forecasting densities individual trajectories

in Section IV. Section V builds upon these results and specifies

a rendezvous detection algorithm that uses a explicit formulae

for the second degree Wasserstein distance of the trajectory

forecasts upper bounding the distance expectation. Last but

Algorithm 1 A conceptual temporal search for rendezvous

prediction.

1: Input: H � Current trajectory data in (1)

2: Input: γ � Decision threshold in meters

3: Input: T � Temporal search space

4: R ← ∅
5: for all i = 1, . . . , N, j = i+ 1, . . . , N do

6: Ri,j ← ∅
7: for all tr ∈ T do

8: Find pi,jtr (s
i
tr , s

j
tr |Hts) � Forecasting i and j

9: d̂i,j(tr) ← E{di,j(tr)} � Evaluate (5)

10: if d̂i,j(tr) ≤ γ then � Decision test

11: (ŝitr , ŝ
j
tr ) ← E{sitr , s

j
tr |Hts} � State prediction

12: ŝr = (ŝitr + ŝjtr )/2 � Rendezvous point prediction

13: Ri,j ← Ri,j ∪ {(tr, ŝr)}
14: end if

15: end for

16: t∗ = arg min
tr∈Ri,j

{tr}, s∗ = Ri,j(t∗)

17: R ← R∪
{(

i, j, t∗, s∗, d̂i,j(t∗)
}

18: end for

19: Return R
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not least, the temporal search space is continuous which, in

practice, needs to be discretised, e.g., by forming a uniform

grid over T .

III. WASSERSTEIN DISTANCE OF THE FIRST DEGREE AS

THE DISTANCE EXPECTATION

Let us consider the decision variable in (6) which is an

expectation with the underlying distribution specified by a

marginal of the joint forecast distribution. Furthermore, this

distribution is conditioned on the entire set of trajectory

measurements Hts = {hi
ts |i = 1, . . . , N} at the current time

ts. As a result, this density embodies all interactions of (i, j) –

with other vessels and mutual– up until the current time. There

is a high level of uncertainty on the type and strength of these

interactions and exact inference on these does not scale well

with N , on the other hand (see, e.g., [8] for inference in social

force models and the discussion on the complexity of infer-

ence). This is exacerbated by the uncertainty on how future

interactions are related to currently existing ones. Therefore, it

is reasonable to invoke the assumption that the future forecasts

are independent from the interactions until ts, i.e.,

pitr (s
i
tr |Hts) = pitr (s

i
tr |h

i
ts) (7)

for all i = 1, ..., N , where the left hand side of the equality

is the ith marginal of the joint forecast density given all

observations, and, the right hand side is the individual forecast

for i based on only its own trajectory’s observations until now.

Future interactions, on the other hand, are assumed to take

any form for pairs of vessels with the constraint that their joint

forecast density has marginals as given in (7). Let us denote the

set of such densities by Pi,j . Thus, the expected distance in (6)

is related to the Wasserstein distance of the first degree [2]

between the distributions Pi, Pj associated respectively with

the densities pitr (s
i
tr |h

i
ts) and pjtr (s

j
tr |h

j
ts) as follows:

W1(Pi, Pj) � inf
p∈Pi,j

∫ ∥∥∥sitr − sjtr
∥∥∥ p(sitr , sjtr |hi

ts , h
j
ts)ds

i
trds

j
tr ,

= inf
p∈Pi,j

Ep{d
i,j
tr }. (8)

Note that, 1-Wasserstein distance gives the minimum dis-

tance that vessels i, j are expected to approach each other

by accounting for any form of interaction that leads to a joint

forecast distribution with marginals specified in (7). This result

motivates the following modifications in Algorithm 1: i) The

replacement of the forecast density in line 8 with the individual

densities for i and j as given in (7), ii) the replacement of the

decision statistics in line 9 with W1(Pi, Pj) in (8).

The computation of W1, on the other hand, involves solving

an optimisation problem which should not be expected to have

a straightforward solution for general distributions. In the next

section, we detail how the individual forecast distributions

are found. Then, in Section V, we introduce the Wasserstein

distance of degree 2 as an upper bound to W1 that is feasible

to compute building upon the results in the next section.

IV. FINDING INDIVIDUAL FORECAST DISTRIBUTIONS:

LONG-TERM TRAJECTORY PREDICTION USING OU

PROCESS MODELS

Let us consider pitr (x
i
tr |h

i
ts) where tr is a future time that

we are interested in predicting the state xi
tr = [sitr , ṡ

i
tr ] of

vessel i for given all of its trajectory samples up to time ts
denoted by hi

ts . This density and its distribution are specified

by the stochastic process which generates the (continuous)

state trajectory xi
t over time. For the sake of brevity in

exposition, let us slightly modify the notation in this section

and denote this density by p(x[K+1]|x[K], . . . ,x[1]), where

we dropped the superscript i, and, used x[K+1] to denote xi
tr ,

and, x[K], . . . ,x[1] to capture the trajectory samples in hi
ts .

OU processes have recently proved useful in capturing

the characteristics of vessel trajectories in the maritime do-

main [3]. The remarkable feature of this model is that the

velocity component tends to a (latent) mean value with an

attraction proportional to the deviation from the mean. Thus,

the variance of the velocity component remains bounded, and,

its mean successfully captures the desired cruise velocity of

the ship. The state dynamics of this model is described by

ẋ(t) =

[
0, I

0, −Γ

]
x(t) +

[
0

Γ

]
v +

[
0

H

]
ṅ(t), (9)

where 0 and I are the 2 × 2 null and identity matrices,

respectively. Here, n(t) is a 2-D Wiener process, and, v =
[vx, vy]

T is the aforementioned mean velocity parameter. The

mean reverting behaviour is controlled by the square matrix

Γ ∈ R
2×2 which is the second latent parameter of the process.

The third parameter H effectively specifies the process noise

covariance which will be clarified later in this section.

In order to find the relevant distributions of the state

random variables induced by the dynamics in (9), we discretise

this equation. The stochastic differential equation sampled at

t1, . . . , tK , tK+1 is a difference equation given by

x[k] = Φ(Δtk,Γ)x[k − 1] +Ψ(Δtk,Γ)v + nk (10)

for k = 2, ...,K + 1 where nk is a Gaussian variable with

zero mean and Σn covariance2. The state transition and input

forcing matrices Φ and Ψ here represent linear transforms

which are specified by the time difference Δtk � tk − tk−1,

and, the transform Γ.

At this point, it is worthwhile to notice that the above differ-

ence equation indicates that the probability density p(x[K +
1]|x[K], . . . ,x[1],v,Γ,H) is first-order Markov in x[k]s, i.e.,

p(x[k]|x[k−1], . . . ,x[1],v,Γ,H) = p(x[k]|x[k−1],v,Γ,H).
(11)

2Here, the covariance Σn is related to H in (9) which specifies the power
spectral density of the Wiener process, the time difference tk − tk−1, and,
Γ. The structure of this matrix is given later in this Section. Further details
can be found in Appendix A in [3]. For the purposes of this article, it suffices
to assume that Σn is a regular covariance matrix that is positive definite and
symmetric after the discretisation.
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Furthermore, this density is Gaussian with a covariance of Σn,

and, a mean vector given by the first two terms on the right

hand side of (10) , i.e.,

p(x[k]|x[k − 1],v,Γ,H) =

N (x[k];Φ(Δtk,Γ)x[k − 1] +Ψ(Δtk,Γ)v,Σn). (12)

On the other hand, v,Γ and H are typically unknown and

differ for each vessel i. Therefore, the Markov property above

is not valid for the forecast distribution of concern: The density

seeked is found by using the chain rule of probabilities and

marginalising out these parameters:

p(x[k]|x[k − 1], . . . ,x[1]) =∫
p(x[k]|x[k − 1],v,Γ,H)

× p(v,Γ,H|x[k − 1], . . . ,x[1])dvdΓdH. (13)

This integration is not straightforward to perform, however.

Selection of (non-informative) priors in order to find the

parameter posterior inside the marginalisation is similarly

non-trivial. In this work, we instead use an empirical Bayes

approach [11], and, approximate the integration in (13) by first

finding the maximum likelihood estimates of v, Γ and H.

Then, these quantities are substituted in (11)–(12), i.e.,

p(x[k]|x[k − 1], . . . ,x[1])

≈ p(x[k]|x[k − 1], v̂ML, Γ̂ML, ĤML), (14)

where

(v̂ML, Γ̂ML, ĤML) = arg max
v,Γ,H

l(x[k−1], . . . , x[1]|v,Γ,H).

(15)

Note that the quality of this approximation improves as the

number of data samples increases. Details of the ML estima-

tors can be found in [3]. Let us now give explicit formulae for

Φ, Ψ, and, Σn in order to specify the mean and covariance

in (12). First, let us consider a positive definite Γ such that

Γ = EΘE
T , Θ =

[
γ1 0
0, γ2

]
(16)

where E is a unitary matrix with eigenvectors of Γ at its

coloumns, and, T denotes matrix transpose. Then, the follow-

ing equalities hold [3]:

Φ(Δt,Γ) = Ẽ

[
I,

(
I− exp(−ΓΔt) Γ

−1

0, exp(−ΓΔt)

]
Ẽ

T ,

Ψ(Δt,Γ) = Ẽ

[
ΔtI−

(
I− exp(−ΓΔt) Γ

−1

I− exp(−ΓΔt)

]
Ẽ

T

where Ẽ = I ⊗ E with ⊗ denoting the Kronecker product.

The covariance of concern is given by

Σn = Ẽ Σ1 ◦Σ2(Δt)
)
Ẽ

T (17)

where ◦ denotes the Hadamard product of the two matrices

Σ1 and Σ2(Δt) defined in [3, Eq.s (41),(52)–(55)].

Finally, note that pitr (s
i
tr |h

i
ts) on the right hand side of (7)

is obtained by marginalising the state prediction density over

the velocity variable, i.e.

pitr (s
i
tr |h

i
ts) =

∫
V

pitr (x
i
k|h

i
ts)dṡ

i
k. (18)

This density can explicitly be found as a Gaussian of the form

N (sitr ;μ
i,Σi) by using marginalisation rules on multi-variate

Gaussians with (12)–(15).

V. RENDEZVOUS DETECTION USING THE WASSERSTEIN

DISTANCE OF THE SECOND DEGREE

The 2-Wasserstein distance of the individual forecast distri-

butions over R2 induced by the l2 norm is given by [2]

W2(Pi, Pj) �

inf
p∈Pi,j

∫ ∥∥si − sj
∥∥2 p(sitr , sjtr |hi

ts , h
j
ts)ds

i
trds

j
tr

)1/2

. (19)

This quantity upper bounds their 1-Wasserstein distance

introduced in Section III [2], i.e.,

E{di,j
tr } = W1(Pi, Pj) ≤ W2(Pi, Pj), (20)

and, can be found in closed form for multi-variate Gaus-

sians. Specifically, for p(si|hi; tr) = N (si;μi,Σi) and

Algorithm 2 Rendezvous prediction using the 2-Wasserstein

distance of prediction distributions.

1: Input: H � Current trajectory data in (1)

2: Input: γ � Decision threshold in meters

3: Input: T � Temporal search space

4: R ← ∅
5: for all i = 1, . . . , N do

6: for all tr ∈ T do

7: Find N (sitr ;μ
i,Σi) � Forecasting (see Section IV)

8: end for

9: end for

10: for all i = 1, . . . , N, j = i+ 1, . . . , N do

11: Wi,j ← ∅
12: for all tr ∈ T do

13: Wi,j(t
r) ← W2(Pi, Pj) � Find the 2-Wasserstein

distance in (21)

14: if Wi,j(t
r) ≤ γ then � Decision test

15: ŝitr ← μi � State prediction for i
16: ŝjtr ← μj � State prediction for j
17: ŝr = (ŝitr + ŝjtr )/2 � Rendezvous point prediction

18: Ri,j ← Ri,j ∪ {(tr, ŝr)}
19: end if

20: end for

21: t∗ = arg min
tr∈Ri,j

{tr}, s∗ = Ri,j(t∗)

22: R ← R∪
{(

i, j, t∗, s∗, d̂i,j(t∗)
}

23: end for

24: Return R
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p(sj |hj ; tr) = N (sj ;μj ,Σj), their distance is given by [4]

W2(Pi, Pj) =∥∥μi − μj
∥∥2+tr[Σi]+tr[Σj ]−2tr[

(
(Σi)1/2Σj(Σi)1/2

1/2
]
)1/2

(21)

where tr denotes matrix trace.

This motivates the use of 2-Wasserstein distance as the

decision statistics in Algorithm 1, together with the indivi-

dual trajectory forecasts detailed in Section IV. The resulting

computational procedure is given in Algorithm 2. Here, T is

selected as a time grid over a selected interval. Note that, the

use of individual forecasts as opposed to joint conditionals

reduce the O(N2) complexity of finding the prediction distri-

butions to O(N).
For each pair of trajectories, the forecast densities for

the time instance tr are found using the results outlined

in Section IV. Then, the 2-Wasserstein distances of these

densities are found using (21). This quantity is then tested

against a threshold γ. If any of the distances is below or equal

to the threshold, a rendezvous is declared for time tr, and, at

the centroid of the expected vessel locations.

It is instructive to compare (W2(Pi, Pj))
2 with the expecta-

tion of the squared distance when s
i
tr and s

i
tr are assumed to

be completely independent and hence no (future) interactions

are taken into account. For the case, the expectation of concern

can easily be found as

EP i×P j{
(
d
i,j
tr

2
} =

∥∥μi − μj
∥∥2 + tr(Σi) + tr(Σj). (22)

Note that the square root of this expression upper bounds

W2(Pi, Pj) in (21), and consequently, the expected distance

E{di,j
tr }. The matrix trace with the negative sign in (21)

indicates that this quantity is a much looser bound compared

to W2(Pi, Pj). Therefore, if we replace the decision statis-

tics in Algorithm 2 with the square root of the expectation

in (22), this would result with an undesirable increase in the

false alarm rate. This point highlights the utility of using

W2(Pi, Pj).

VI. EXAMPLE

In this section we demonstrate Algorithm 2 in a simulation

scenario. Fig. 1(a) illustrates 6 vessels following trajectories

generated using OU processes (see Section IV) with

Γ =

[
1.0e− 2 0

0, 1.0e− 2

]
,H =

[
0.3e− 2 0

0, 1.0e− 2

]
,

and sampling them at t = 0, 300, 600, . . . , 0.597e+5s over

an interval of approximately 16 hours. The v parameter is

selected so that half of the vessels move towards East and

the other half move towards North with an expected speed

of |v| = 10 m s−1. The initial positions of the objects are

selected from two clusters as seen in Fig. 1 with slight in-

cluster variation.

Vessel number 3 and 6 engage 995 minutes after initiation.

The N(N − 1)/2 possible engagement events are depicted in

(a)
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time (min)
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15

E
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nt
s

(b)

Fig. 1. Example senario: (a) 5 objects following a OU trajectory with objects
between t = 0 − 0.597e+5s (color code given in the colorbar in hours).
(b) Event map for the N(N − 1)/2 possible rendezvous events versus time:
Event number 12 encoding the rendezvous of vessel 3 and 6 at the end of
the 16-hour period.

Fig. 1(b) in which event 12 indicates this rendezvous and takes

a true value at the end of the 16-hour period.

We use Algorithm 2 by varying the current time from 745
to 945 minutes after the trajectories initiate. We focus on the

part of the prediction inverval T that forms a 20 minutes long

window centered at the rendezvous event time stamp. The

trajectory forecasting in line 7 is based on the OU modelling

approach detailed in Section IV. Fig. 2(a) illustrates trajectory

forecasts 925 minutes after the initiation. The value of the

2-Wasserstein distance decision variable for vessels 3 and

6 (possible engagement number 12) at this time instant is

given in Fig. 2(b) in comparison with the expectation under

independence assumption given in (22) (see Section V). The

x-axis here is the prediction window T and the y-axis is the

value of the decision variable corresponding to the expected
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Fig. 2. Illustration of the algorithmic procedure: (a) Trajectory forecasts
depicted as overlaid uncertainty ellipses of the Gaussians predicted for the time
instants in a 20 minutes window around the rendezvous time each of which
are found by using the up to date AIS data (dotted lines) 925 minutes after
initiation. (b) The 2-Wasserstein distance decision variable versus prediction
time (blue line) in comparison with the independent distance baseline (red
line) at the same time instant. (c) Estimated rendezvous by the algorithm.
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Fig. 3. The 2-Wasserstein distance versus the time difference between the
prediction time and the rendezvous time. The dots are minimum values
achieved within T . For comparison, values of the independent distance are
provided (red dotted line).

proximity of vessels 3 and 6. The decision threshold is selected

as γ = 500m. Note that the 2-Wasserstein distance indicates

high confidency for the engagement 50 minutes prior to the

event, whereas independent distance would not be able to

predict the event unless a very high threshold γ is selected.

For a threshold of γ = 500, Fig. 2(c) represents the estimated

rendezvous output from the algorithm.

In order to compare the quality of the decision variables,

Fig. 3 gives the minimum 2-Wasserstein distance in T versus

the time difference between the instant prediction is made

and the rendezvous time. Here, a good predictor would take

smaller values for large time difference. In this example, the

2-Wasserstein distance proves as an extremely useful metric

and starts indicating very small proximity for the vessels more

than 100 minutes before the event, whereas the independent

distance fails to predict a distance smaller than 1000m even

50 minutes before the rendezvous.

VII. CONCLUSIONS AND FUTURE WORK

In this article, we have considered the prediction of ren-

dezvous from trajectory data. We proposed an algorithm which

uses OU stochastic process models for forecasting trajectories

and the 2-Wasserstein distance of distributions for deciding

on a rendezvous hypothesis. The proposed temporal search

is computationally efficient and takes into account a certain

extent of future interactions which leads to a better prediction

performance compared to a decision statistic that assumes

independence of trajectories.

Knowledge discovery in trajectory data has become increas-

ingly useful for maritime situation awareness. The high vol-

ume of the AIS data underpinning these applications suggest

that the algorithm design should carefully take into account

the trade-off between computational efficiency and accuracy.

Future work involves consideration of alternative algorithms

with different performance trade-offs and comparison of their

efficacy on real data.
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