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intervals with unavailability of measurements are
presumably experienced by the mentioned sensors (e.g.,
due to propagation conditions or clutter, communication
bandwidth limitation or limited number of satellite/air
passes, etc). Finally, the intermittent nature of cooperative
sources has been recorded in several instances, [1], due to
human or technical causes.
This poses key issues to conventional tracking
algorithms: (i) formation and maintenance of maritime
tracks out of sparse, intermittent sensor data, and (ii)
fusion of heterogeneous information sources in order to
compile an integrated traffic picture. Both aspects can be
handled by the use of external or context information
([2]), which is often available (a priori), collected (real
time) or inferred (a posteriori) for maritime targets. In [3]
the authors introduced the Navigation Field (NF) concept,
which is a mathematical model for the inclusion of
external information (i.e., the Knowledge Base, KB) into
maritime target tracking systems. The influence of the NF
on the track state vector was preliminarily demonstrated in
[3] and further discussed in [4].
This paper analyses several strategies for incorporating
the KB into the Extended Kalman Filter, EKF ([5]), used
at the sensor level for track formation. The aim is to link
the Navigation Field formulation to EKF parameters and
target Motion Models (MM) in a way that allows faithful
reconstruction of target trajectory with scarceness of
sensor measurements. The reported results and
considerations apply to both radar and cooperative sensor
data processing and focus on single sensor tracking. The
considered data processing architecture is decentralised,
i.e., each sensor provides fully developed tracks
independently from the others, [6]. The data association
problem is not addressed here, but is subject of on-going
research work, focusing on the inclusion of KB into multitarget tracking strategies.
The paper is organised as follow. Section 2 introduces
the addressed scenario and the nature of the sensor
measurements, while Section 3 introduces the Knowledge
Model. Section 4 illustrates the structure of the modified
EKF, while Section 5 reports the simulation approach.
Results are presented in Section 6 and Section 7 is
devoted to the conclusions.

Abstract – This paper presents results achieved by the
Authors within the IPP1 Multi Sensorics program. The
addressed research deals with the exploitation of context
information, denoted as “Knowledge Base” within the
different steps of multi-sensor data processing for
surface surveillance. An overview on the research
motivations and the application field (e.g., multi-target
tracking in the Maritime Scenario) is given with focus
on intermittent information sources (i.e., noncontinuous sensor reports, due to low-SNR signals,
sensor blind areas, communication loss, etc). The
Knowledge Base is described by means of mathematical
models and the inclusion of the a priori information into
the Extended Kalman Filter is presented. Different
target motion models are herein considered. Finally, the
achievements are summarised in terms of track
continuity performance over a live maritime traffic
scenario.
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Introduction

Nowadays, maritime traffic surveillance applications
require extended and continuous tracking of vessels well
beyond territorial waters and within several sensor
coverage areas. Protection of maritime assets (including
passengers ships, cargoes, hazardous material carriers,
ports, sea platforms, etc) urge compiling and frequently
updating the regional picture of maritime traffic,
annotated with available information on each vessel. This
leads to the use of multiple, heterogeneous information
sources such as Sat-AIS (Automatic Identification
System), LRIT (Long Range Identification and Tracking),
Satellite Earth Observation, which are expected to
complement shore-based radars and conventional AIS.
Surveillance capabilities are therefore extended to open
sea or coastal areas spanning tens or hundred of
kilometres, hence prone to spatial coverage gaps (e.g., due
to Earth curvature, obscuration in highly traffic-dense
sectors, coastline morphology, etc). In addition, temporal
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evolution of the maritime traffic; these represent sources
of a priori information that can be used in target inference
by contributing to the Knowledge Base building up.

Addressed Scenario

Several AIS recordings have been analysed by means of
NATO/NURC data simulator2. Data are referred to AISequipped vessels, such as cargoes and passenger ships,
providing information about their positions, speed over
ground, rate of turn, etc. This allowed investigating the
behaviour of real targets in a maritime environment and
deriving standard motion parameters for the addressed
class of ships. The analysis of ship trajectories and
dynamics reveals a typical motion characterised by:
uniform quasi-rectilinear motion with no
significant
acceleration,
interleaved
with
curvilinear segments, aimed at slowly reorienteering ship’s heading;
curvilinear
motion
with
significant
acceleration/deceleration within mooring areas.
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On the basis of the above analysis, synthetic targets
have been generated and injected in a representative
scenario characterised by harbours, sea lanes crossing
coastal and open sea areas, and for which external
information was available from public sources or easily
inferred.
The geographic area is depicted in Figure 1, while
Figure 2 reports the synthetic target tracks in the area.
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Figure 2. Synthetic Scenario under test, i.e. target track
history over an interval of few hours.
A priori information is to be intended as any knowledge
on the observed scenario, which is collected before the
measurement and estimation process; it can be either
statically (once before the observation period) or
dynamically (before each traffic picture update) collected.
Specifically, ports, coastline, sea highways and corridors,
interdicted areas are elements that can be easily
represented on a geographic map, providing a better
understanding of the scenario. This map represents a
reference for sensor data processing and interpretation,
hence for the implementation of the tracking algorithms.
In Figure 3, the geographic map derived from the training
data set is shown: it will be used in the hereafter reported
analysis.
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Figure 1. Geographic Area used for simulation.
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Specifically, two datasets have been generated. The first
one contains the targets under test. In particular, true
vessel state vectors are used as “ground truth”, while the
shore-based radar sensor measurements are simulated on
the basis of typical VTS (Vessel Traffic Service) radar
accuracy ([7]). Finally, these range and angle
measurements are transformed into Cartesian coordinates,
thus representing the input for tracking filters (see [5, 9]).
The second data set - the “training set” – is used to
infer routine trajectories (e.g. the a priori information). As
the maritime scenario is considered, several “un-sensed”
elements have or are expected to have influence on the
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Figure 3. KC intensity map for the Knowledge Base
elements in the addressed scenario.
The map colour scale indicates the “intensity” KC (refer
to (1)) of the effect caused by each KB geographic
element on a transiting ship. Specifically, the sea as a
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whole is considered a neutral element in the map, with “0”
intensity, since it does not have effect on the target
motion. Therefore, it shall not affect the tracking
algorithm, which exploits the Knowledge Base
information. Conversely, elements such as land areas and
sea lanes are represented in the map by means of positive
and negative intensity values, respectively. This spatial
environment - where the vessels evolve - introduces
navigational constraints similar to the trafficability
concept proposed and applied to the α - β filter in [8].
We assume that ports, interdicted areas, etc. exert an
attractive or repulsive “force” on the vessel during its
motion. This effect is quantified in Section 3. In contrast
to the trafficabilty concept [8], the forces considered here
include the description of the long range influence of
environmental elements on the vessels.

Current Vessel Heading

Current Vessel Position
Y (East)
G
Figure 4. Rationale beyond the force FG evaluation. For
each grid cell i, the corresponding contribution to the KB
force in (1) is calculated.

Knowledge Model

The influence of the Knowledge Base (KB) on
transiting vessel can be efficiently encoded by the
Navigation Force Field, ([3]), which describes the
resulting effect as the superposition of forces.
G
The total force FG , acting on a given target, is exerted
by geographical elements of the KB (sources). Its strength
G
F and direction ∠F depend on (i) target’s position ri

Alternatively, instead of a radial force, the Knowledge
Base can induce a rotational momentum on the ship,
G
G
G G
M G = FG × l around a pole O, where l is the rotation axis
through O, and “x” indicates the vector product.
G
In addition, FD models the total “friction” along the
ship path. This friction force is assumed proportional to
the target velocity:

relative to the i-th KB source point, and (ii) the attractive
or repulsive nature of this source. In addition, a
G
dissipating force FD is added in order to encode ships
dynamics in port approach operations. These forces might
be seen as representation of engine or rudder induced
forces, acting on the ship.
Specifically, we choose a force model according to the
law of gravity (and the KC intensity map presented in
Section 2), that is

G
G
ri
FGi = K iCi 3
ri

G
G
FD = − β ⋅ v

(1)

4

G

∑F

G ,i

Knowledge-based Tracking Filters

G G
G
The navigation force F = FG + FD has several effects
on the vessel, such as the variation of its velocity module,
or the variation of the velocity vector orientation (i.e., ship
G
heading). As previously mentioned, the force FG can
represent an additional acceleration, which has a direct
impact on the vessel motion along the XY axes.
G
Alternatively, the external force FG can be modelled as
G
rotational momentum M G applied to the ship seen as a
dipole of length, l, with inertial momentum IT. Under this
assumption, the combination of the exerted force on the
vessel, the speed of the vessel and the moment of inertia,

sources on the vessel (e.g. N unitary patches of land
coastline or sea lane or port areas) can be summed up
accordingly to the superposition principle,
N

(3)

The friction coefficient β depends on several factors,
such as the navigation rules in the addressed areas and the
ship class (size, dimensions, etc).
These empirical models simply allow adopting physics
laws to infer the most likely vessel navigation path. They
are not intended to describe the actual force on a vessel
but to provide simple mathematically tractable models
suitable to mimic the object behaviour in the presence of
obstacles, coasts, harbours, etc.

where Ki is the “gravitation coefficient” describing the
strength of the interaction with the i-th KB element, and
Ci=±1 denotes the attractive or repulsive nature of the
force, accordingly to the model presented in [3].
G
The forces FG ,i i=1,…,N, induced by N knowledge

G
FG =

Area under Test

(2)

i =1

G
The FG ,i contributions are evaluated by exploiting the a
priori information in the area around the ship (Area under
Test), as depicted in Figure 4.
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leads to the angular acceleration ω evaluation, i.e.
ω = M G / I T .
For the sake of simplicity, we assume that the track state
can be described with a finite set of motion
models, MM = {S , N , A, R} , defined below, and the force
G
F dictates the actuation of the specific MM. In each
modelled state the force has a different effect, since the
ship is likely to actuate a given motion.
In the S (still) state, the ship is anchored and exhibits
small, periodic oscillations of its position around the
central point. In the N (navigation) state, the vessel moves
along a rectilinear path and is not subject to significant
acceleration/deceleration. It can be considered as a pointlike mass mT, not subject to external forces (Constant
Velocity model, CV, [5]). In the A (approaching) state,
the vessel approaches its mooring position: its motion
comprises deceleration and quick variation of the heading,
which can be described by friction forces. In the R
(rotating) state the vessel moves along a circular
trajectory with constant speed, in accordance to the
Coordinated Turn model, CT, presented in [5].
Depending on the force representation, two knowledge
base tracking filters have been formulated. They are based
on the Extended Kalman Filter ([5]), operating with a 4components state vector in Cartesian coordinates. Their
performance will be compared with conventional CV and
CT models, used as reference.

4.1

⎡1
⎢0
Fk = ⎢
⎢0
⎢
⎣0

reported in Figure 4:
xˆk|k =

(5)

f x (k ) = [∇ x f (k , x)']'

x = xˆ k |k

∑

K i Ci

xˆ k|k − xi
3
RDi

, yˆk |k =

N

∑K C
i

yˆ k |k − yi
i

3
RDi

i =1

(8)

where xi and yi are the coordinates of the i-th patch in
the area, and RDi is its Euclidean distance to the ship
position. Finally, for the computation of equation (6), we
have:
⎡ T 2 ∂x
⎢1 +
2 ∂x x= xˆ
⎢
⎢ T 2 ∂y
⎢
⎢ 2 ∂x x= xˆ
f x (k ) = ⎢
⎢ T ∂x
⎢
∂x x= xˆ
⎢
⎢ T ∂y
⎢
∂x x= xˆ
⎣
k |k

k |k

T 2 ∂x
2 ∂y x= xˆ

⎤
0⎥
⎥
⎥
0 T⎥
⎥
⎥ (9)
1 0⎥
⎥
⎥
0 1⎥
⎥
⎦

T
k |k

T 2 ∂y
1+
2 ∂y x= xˆ

k |k

∂x
T
∂y x= xˆ

k |k

k |k

∂y
T
∂y x= xˆ

k |k

k |k

G
It is to be stressed that the effect of the force FG affects
only the target state vector and the state covariance matrix
predictions; the state vector and the state covariance
measurement update equations are not subject to any
modification with respect to the well known formulation
presented in [9].

EKF are:

Pk +1|k = f x (k ) Pk |k f x (k )' + Qk

N

i =1

G
When the force FG derived from the Navigational Field
is proportional to the acceleration affecting the target
dynamics, the CV model is modified as follows. The
acceleration contribution – modelled in the CV as a
process noise – is dictated by the Knowledge Base. We
refer to this new model as Knowledge Based Constant
Acceleration (CA)-EKF, since the target acceleration
remains constant within the processing interval T.
Given these considerations, the prediction equations for
the state vector xˆ k |k and the state covariance Pk |k in the

(4)

(7)

Specifically, the acceleration contributions in Ak are
formulated on the basis of the force exerted by the
geographic information contained into a specific area
around the filtered position of the vessel [ xˆ k |k , yˆ k |k ], as

Knowledge Based CA-EKF

xˆk +1|k = f (k , xˆk |k ) ≡ Fk xˆk |k + Ak

⎡ˆ T2 ⎤
⎢ xk |k 2 ⎥
0⎤
⎢
2 ⎥
1 0 T ⎥⎥
ˆ T ⎥
and Ak = ⎢ yk|k
⎢
2⎥
0 1 0⎥
⎢ xˆk |k T ⎥
⎥
0 0 1⎦
⎢ ˆ
⎥
⎢⎣ yk|k T ⎥⎦
0 T

4.2

Knowledge Based CV-CT EKF

The use of motion models in target tracking is well
established. The Variable Dimension Filter (VDF) in [10]
consists of two models: CV and rectilinear constant
acceleration (CA). Chi-squared tests on innovations and
accelerations are used to detect the beginning and end of
manoeuvres, respectively, thus choosing the model. This
approach risks the use of a mismatched model during a
turn, degrading the performance.
Similarly to the VDF, we resort to a combination of CV
and the Coordinated Turn (CT) models, which better
describe the ship motion within the available dataset. The
CT assumes that the magnitude of the velocity is constant,
and the target is subject to the angular velocity ω .

(6)

where Qk is the covariance matrix of the process noise,
∇ denotes the Jacobian operator, and f (k , x) is the state
transition function. The transition matrix Fk and the
acceleration matrix Ak are given by
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Usually, the ω parameter can be either estimated by the
filter (Nearly Coordinated Turn, [9]) or provided by
external means ([11]). In our case the angular velocity is
not estimated from measurements, since the model derives
the angular acceleration ω = M G / I T from KB forces.
The selection of the motion model (CV or CT) is based
on a test exploiting the current value of the external forces
and the target state vector. Specifically, the following
quantities are compared with pre-set thresholds:
Ω MM

{

G G
= v , v , ω , ω , γ , α

}

⎡
⎢1
⎢
Fk = ⎢0
⎢
⎢0
⎢
⎢⎣0

ωk

1 −
0
0

1 − cos(ωk T )

ωk

cos(ω k T )
− sin(ω k T )

1 − cos(ω k T ) ⎤
⎥
ωk
⎥
sin(ω k T ) ⎥
(12)
⎥
ωk
⎥
sin(ω k T )
⎥
cos(ω k T ) ⎥⎦

where ω k = ω k −1T + ω k −1 , and the angular acceleration
ω k is provided by the moment of the force, i.e.
ω k = f {FG , x, y} .
The partial derivatives with respect to the four variables
in the state vector are easily computed leading to the
Jacobians of the vector f x (k ) . The mathematical
expression for the (1,1) element of f x (k ) matrix is
hereafter reported as example:

(10)

G
where v , ω are the target speed and the angular
G
v , ω
the corresponding
velocity, respectively,

accelerations, γ is the ship heading, and α is the
persistence time of the current MM.
The default motion model is the CV. In the lack of
sensor measurements at time step k-th, i.e., when the
uncertainty on the ship intention is high, the force
contribution in (2) is evaluated, thus leading to potential
values for ω and ω at time step (k+1). In parallel, the
information in the k-th target state vector is used in order
to infer if the vessel is following a preferred route (e.g. the
vessel is within a sea lane or it has completed the
manoeuvre to avoid the collision with the coastline).
Specifically, the target heading is compared with the local
minima directions in the Navigation Potential φ map
around the current target position (introduced in [3]).
Local minima directions in φ can be easily extracted via
Radon transform, [12], and represent most likely
(“preferred”) directions to be followed by vessels. If the
target persists on a preferred direction, the CV motion
model is maintained. Conversely, the CT motion model is
selected, and the ω value previously evaluated is used in
the prediction. Transition back to CV model is actuated if
the force contribution, i.e., ω , diminishes below a given
threshold or if the persistence time in such MM exceeds a
maximum time interval.
The combined model is referred to as CV-CT EKF. It
enriches the CV model with the KB-induced effect on
target angular velocity ω , described by CT.
When operating in CT mode, the 4-state vector
prediction in (4) becomes
xˆk +1|k = f (k , xˆk |k ) = Fk xˆk |k

sin(ω k T )

0

∂f x (1,1)
∂x

= 1 + x
x = xˆ k | k

cos(ω k T ) ∂ω k T
∂x
ωk

− x
+ y
− y

5

sin(ω k T ) ∂ω k
2
∂x
ωk

+
x = xˆ k | k

+
x = xˆ k | k

sin(ω k T ) ∂ω k T
ωk
∂x

(13)
+

x = xˆk | k

1 − cos(ω k T ) ∂ω k
2
∂x
ωk

x = xˆ k | k

Simulation Rationale

The performed analysis is based on the use of the
Kalman Filter and Extended Kalman Filter, ([13]), with an
update interval of 1 minute. This is comparable to the
shore-based VTS radar scanning rate or the average
transmission rate of AIS transponders, ([7] and [14]). The
state transition matrix of the filter is specified in
accordance to the motion models and strategies reported
in Section 4. Specifically, the following filters are
hereafter considered:
Constant Velocity KF (CV KF);
Constant Acceleration EKF with the exploitation of
the Knowledge Base (KB-CA EKF)
Constant Velocity + Coordinated Turn EKF with
the exploitation of the Knowledge Base (KB-CVCT EKF).

(11)

while for the prediction of the state covariance,
expressions in (5) and (6) are still valid.
The transition matrix Fk is given by:

The reported analyses address the navigation (N) and
rotation (R) states, hence the use of the CV and CT
models only. The effect of the friction force in (3) is
negligible in these cases.
The current investigation is focused on the filtering
performance. We therefore consider separated targets with
unity probability of detection within the sensor coverage
and no false detections, e.g., due to the clutter and noise,
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thus neglecting any kind of association error. This
reproduces ideal single target tracking conditions.
Gaps of coverage are inserted randomly during the
target path evolution. Specifically, gaps of L (L = 30, 60)
minutes are simulated for each 2-hour navigation segment.
The target evolution duration is 4 hours on average. The
track continuity is then checked and errors against ground
truth are recorded. Track-loss condition is reached if the
position error grows larger than 10 times the theoretical
measurement error on the XY plane.
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Figure 5 reports the filtering performance for nonintermittent signals received along a single target path.
Specifically, a set of 50 simulation runs have been carried
out with random measurement errors, and the performance
of the tracking filters has been recorded in terms of
occurrences of track-loss condition. The performance is
reported in terms of percent occurrence of track-loss
condition over the track total duration. It is evident that
the introduction of the knowledge does not affect EKF
performance in case of measures availability.
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Figures 7 and 8 report the results obtained by the
proposed filters over several simulation runs. The position
of the coverage gap (30 and 60 minutes, respectively) is
randomly selected along the path. It is evident that the
KB-CV-CT EKF outperforms the other filters in most
cases. However, the recorded improvement for the track
under test is not very significant for small temporal gaps.
In case of larger coverage gaps (L = 60 min, shown in
Figure 8), track continuity definitely increases even
though filter parameters need to be further optimised.
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Figure 6. Track evolution over a single ship target for the
considered tracking filters with intermittent measurements
(single run).
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Figure 5. Track evolution over a single ship target of the
considered tracking filters with full measurements
coverage.
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Figure 6 shows an example of the tracking results when
different filters are applied. Specifically, the black plots
(‘+’ symbol) represent the measurements recorded by the
sensor: a coverage gap of 60 minutes is simulated. When
the measurements are missing, the CV KF (red ‘*’
symbol) and KB-CA EKF (blue ‘x’ symbol) filters
provide wrong results in terms of state prediction; it is to
be stressed that the fluctuation of the signal leads to
erroneous ship heading estimation, which is then
propagated in the absence of measurements. Conversely,
the KB-CV-CT EKF (pink ‘o’ symbol) yields a good track
continuity by exploiting the constraints introduced by the
sea lane (contour plot).
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Figure 7. Simulated performance over a single ship target
for the considered tracking filters with intermittent
measurements: Occurrence of track loss condition
(coverage gaps of L=30 minutes).
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Figure 10. Simulated performance over complex target
scenario for the considered tracking filters with
intermittent measurements: Occurrence of track loss
condition (coverage gaps of L=60 minutes).

Figure 8. Simulated performance over a single ship target
for the considered tracking filters with intermittent
measurements: Occurrence of track loss condition
(coverage gaps of L=60 minutes).

A global improvement might be achieved by adapting
the KB filter configuration. In the presented analysis, the
filter has been tuned globally for the entire maritime
scenario: it does not consider local parameters, such as
ship characteristics, sea conditions, navigation rules, etc.
These features might have - on average - a non negligible
effect on the prediction of the target path, which should be
taken into account in the building up of the Knowledge
Base. The enrichment of the KB will be subject of further
investigation. On the other hand, the reported results also
suggest that the exploitation of the KB might have a
superior impact on later processing stages, e.g. track
association - which are not bound to the specific EKF
assumptions.

The analysis of a complex traffic scenario, composed by
30 ship targets from Figure 2, led to the results reported in
Figure 9 and Figure 10. Here the track loss indicator is
depicted for coverage gaps of L = 30 min and L = 60 min,
respectively. The track loss indicator shows the
improvement introduced by the KB-CV-CT EKF with
respect to the CV KF that does not exploit the context
information. The average reduction of track loss condition
is around 10% - 20%.
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This paper addresses the exploitation of Knowledge
Base within multi-target tracking applications for
maritime surveillance. Specifically, techniques for the
inclusion of a priori information into the Extended
Kalman Filter have been formulated and discussed.
Results over synthetic data in a real scenario demonstrate
that KB filters are promising techniques for achieving
increased track continuity in the absence of continuous
measurements, i.e., tracking information sources that are
intermittent due to sensor coverage gaps, loss of
communication, non-cooperative targets, etc. The
presented results pave the way for operational exploitation
of maritime Knowledge Base in data fusion architectures.
Specifically, in this paper, the level 1 JDL step ([6]) has
been considered, which basically consists of target
tracking. The reduction of occurrences of track loss
conditions leads to an enrichment of the input tracks for
higher levels of inferences (e.g., anomaly detection),
which have not been addressed here. Such “enriched”
tracks will be characterised by a modified covariance
matrix that must be later properly considered. The
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Conclusions and Future Work

30

Figure 9. Simulated performance over complex target
scenario for the considered tracking filters with
intermittent measurements Occurrence of track loss
condition (coverage gaps of L=30 minutes).
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exploitation of the Navigation Field concept throughout
the end-to-end data fusion architecture needs to be
investigated and is subject of the research work carried
out by the authors within the IPP Multi Sensorics
program.
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