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Abstract – Various multisensor data fusion
architectures have been utilized to support the Maritime
Surveillance (MS) in maritime tactical and strategic
operations. The military tactical situation is mechanized
through data fusion thus improving the quality of target
tracking system. One of the major problems is that the
surveillance area is generally large, hence making it
difficult to arrive at a feasible data fusion architecture.
The latter arises due to timing, accuracy, and different
types of sensors and sensor platforms. In this paper,
various data fusion architectures for MS are discussed.
The proposed system interacts with the data fusion
processes at different information levels. This
architecture is employed to support the MS for a typical
maritime tactical scenario. The proposed architecture
has an acceptable performance.
Keywords: Data fusion, maritime surveillance, situation
assessment, threat assessment, strategic defense.

1

Introduction

Multisensor data fusion is one of the effective
approaches for solving different sets of problems having
common characteristics. It uses the data from multiple
sensors to perform inferences that may not be possible
from a single sensor alone. Data from different sensors
are combined using signal processing, pattern and image
recognition, artificial intelligence, and information
theory. Input data from sensors can be target positional
data, such as angular data, range information, and
identity.
Numerous multisensor data fusion architectures
have been discussed in the literature [1-10]. A common
feature of these architectures is that they incorporate
multiple levels of data processing within the data fusion
process. In 1980, the intelligence cycle [11], the Joint
Directors of Laboratories (JDL) model [12,13], and the
Boyd Control, also called the Observe, Orient, Decide,
and Act (OODA) model have been introduced [14]. In
1990, the Dasarathy model [15] and the Waterfall model
[16] have been developed. Recently, the Omnibus [17]
and the extended OODA [18] have been proposed.
Situation assessment establishes a view of enemy
activities, events, locations, and maneuvers. Threat
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assessment is different from situation assessment as it
estimates the degree with which engagement events may
occur. Many authors have provided various overviews of
the situation and threat assessment problems [19-25].
In this paper, the main existing data fusion
architectures are reviewed. Then, a new model which
may be regarded as the combination of the current
models is proposed. The proposed data fusion model is
then employed in the defense and surveillance areas.
Defense applications include maritime surveillance, airto-air and surface-to-air defense, strategic warning and
defense, and battlefield intelligence.
Maritime surveillance requires target detection,
tracking, and identification. The identification includes
target’s identity, events, and activities. The activities of
interest may be the launch of a missile from a ship,
submarine, or ground based missile battery. The
maritime surveillance area includes surface, subsurface,
and airborne targets in a considerable large area. A large
number of ships, submarines, and aircrafts may be
involved in the surveillance process.

2

Data Fusion Architectures Overview

In the maritime surveillance environment, multiple
observations and existing knowledge are employed using
data fusion. In this section, we will review the existing
data fusion models.
2.1 The Intelligence Cycle [11]
The intelligence process can be described as a cycle
that can be used for modeling the data fusion process.
The intelligence cycle comprises four phases; collection,
collation, evaluation, and dissemination. In the collection
phase, raw intelligence data are obtained. The sources
are electronic sensors or human derived sources. The
data is presented in the form of an intelligence report
which has a high abstraction level. In the collation phase,
the associated intelligence reports are analyzed,
compared, and correlated. In the evaluation phase, the
collated intelligence reports are fused and analyzed. In
the dissemination phase, the fused intelligence is
distributed to military commanders who use the
information to produce the required decisions.

2.2 The JDL Model [12,13]
The JDL model has been proposed by the US Joint
Directors of Laboratories Data Fusion Sub-Group in
1985. The JDL model is divided into five levels . At level
0, the pre-detection activities such as pixel or signal
processing, spatial or temporal registration is present.
Level 1 is concerned with estimation and prediction of
target location, behavior or identity. Level 2 investigates
the relations among entities such as force structure and
communication roles. Level 3 delineates sets of possible
courses of action and the effect on the current situation.
Level 4 is an element of Resource Management used to
close the loop by re-tasking resources to support the
objectives of the mission.
The JDL model is not intended to prescribe a strict
ordering on the data fusion levels. This was indicated
diagrammatically by the use of an information bus rather
than a flow structure. Nevertheless, data fusion system
designers have consistently assumed this ordering.
Clearly, there is a need from users to have an ordering
while the authors of the JDL model rightly defend the
need for a model which admits systems with different
hierarchies at different levels.
2.3 The Boyd Control Loop [14]
The Boyd control loop (or OODA) loop is divided
into 4 phases. The observe phase is comparable to the
JDL Level 0 and part of the collection phase of the
intelligence cycle. The orient phase includes the
functions of JDL Levels 1, 2 and 3. It also includes the
structured elements of collection and the collation phases
of the intelligence cycle. The decide phase includes JDL
Level 4 and the dissemination activities of the
intelligence cycle. The act phase has no direct analogue
in the JDL model and is the only model that explicitly
closes the loop by taking into account the effect of
decisions in the real world.
2.4 The Waterfall Model [15]
The Waterfall focuses on the processing functions
at the lower levels . The sensing and signal processing
levels correspond to JDL level 0. The feature extraction
and pattern processing levels correspond to to JDL level
1. The situation assessment level corresponds to JDL
level 2. The decision making level corresponds to JDL
level 3. The major limitation of the Waterfall model is
that the feedback is not explicitly depicted.
2.5 The Dasarathy Model [16]
The Dasarathy model is based on fusion
functions rather than tasks and may therefore be
incorporated in each of the fusion activities. Many
researchers have identified the three main levels of
abstraction during the data fusion process as decisions
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(symbols or belief values), features (intermediate-level
information), and data (more specifically sensor data).
As was pointed out by Dasarathy, fusion may occur
both within these levels and as a means of
transforming between them.
2.6 The Omnibus Model [17]
The Omnibus model overcomes some of the main
limitations of the previous models while capitalizing on
their advantages. In the Omnibus model, feedback is
explicit and the previously neglected concept of loops
within loops is acknowledged. The cyclic nature of the
data fusion process is made explicit by retaining the
general structure of the Boyd loop. The fidelity of
representation expressed by the Waterfall model is then
easily incorporated into each of the four main process
tasks. The levels in the process where fusion may take
place are explicitly indicated.
2.7 The Extended OODA Model [18]
The Extended OODA model provides a mechanism
for multiple concurrent and potentially interacting data
fusion processes. It is decomposed into a meaningful set
of N high-level functions. These functions are examined
in terms of the Observe, Orient, Decide, and Act
decision loop that constitute the OODA model. Each
function can be further decomposed and evaluated with
respect to each OODA phase. The extended OODA
model is consistent with the OODA model in the high
level as it closes the loop between the decision making
and its environment. It is also consistent with the
increasing level of abstraction for information processing
in each level of the JDL model. It also provides the "loop
within the loop" capability of the Omnibus model.

3

Multisensor Data Fusion Application to
Maritime Surveillance

Many benefits can be earned when using
multisensors data fusion in multitarget surveillance
systems. The data from each sensor can be used to
complement the data of the other sensors to obtain
broader coverage and more accurate target estimates and
ID decisions and in turn eliminate the false tracks and
the countermeasures. The tracking accuracy can also be
improved using similar sensor types such as distributed
infrared sensors or radars for position estimates.
The actual deployment of the automated multiple
sensor systems is very difficult since we have to
accurately choose the proper tracking architecture to get
more accurate surveillance pic ture than what we can get
using the manual integration of data from the individual
sensors. The proper tracking architecture must consider
important issues such as time alignment and
synchronization of tracks and measurements, the

resolution of the sensors, data association using
dissimilar nature data, and the registration problem. The
multisensor data fusion has been widely used in the last
decade in the military application. The military defense
applications include the air-to-air and surface-to-air
defense, strategic warning and defense, battlefield
intelligence, and maritime surveillance.
For the air-to-air and surface-to-air defense, it is
necessary to detect, track, an identify aircraft at proper
ranges so that the defense weapons would have enough
time to respond to the threats . In the strategic warning
and defense scenario, the aim is to detect the indications
of the strategic actions and to be able to detect and track
ballistic missiles and warheads and to detect the enemy's
military activities such the enemy’s force distribution,
movements, and intention. In the battlefield intelligence,
the aim is to detect and identify ground targets to get a
better idea about the enemy’s force, tactics, and
strategies. This system utilizes the enemy order of battle
and creates the enemy database. This database should
include the identification, location, and characteristics of
the enemy’s military units. This helps us to determine
the enemy’s intent and situation and we will be able to
calculate the degree of threat.
In the maritime surveillance area, the sensors could
be co-located, distributed, or combinations of co-located
and distributed. The co-located sensors may be RADAR,
LADAR, IR, EO, and ESM located on the satellite,
aircraft or ship (i.e. mobile platforms). The distributed
sensors may be a number of radars with different
coverage ranges and regions. The fusion process may
have different sensors that produce dissimilar outputs
such as radar and imaging infrared sensors. The design
and analysis of distributed systems is not easy when only
angle measurement data are available. Similarly, the
passive ESM sensors produce only target identification
but can not provide range measurement. Thus, a wide
variety of sensors and configurations can be used in the
multisensor environment. A Typical scenario of the
maritime surveillance environment is shown in figure 1.
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Fig. 1 Typical Maritime Surveillance Scenario [26]
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As shown in figure 1, three different platforms are
involved in the surveillance process; two ships and one
helicopter. Three aerial targets are presented, two
fighters and one missile. Radars, infrared, ESM, and
laser radar sensors are distributed onboard ships and
helicopters. The multiple observations of positional,
activity, intent, and identity data are combined to
determine an estimate of the targets behavior.
In this paper, modern data fusion architecture is
developed, which includes the data collection level
where the sensors are used while distributed on different
platforms. The second level processing, called low-level
processing includes the data association, data alignment,
sensor registration, and identity and position fusion. The
high-level processing includes the Situation Assessment
(SA), threat assessment, and sensor management. The
general proposed architecture is shown in Figure 2.
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Fig. 2 The proposed target tracking architecture
The proposed target tracking architecture interacts
with the data at different processing levels as shown in
figure 8. It is considered as a combination of the existing
data fusion architectures as it has the advantage of data
ordering presented by the JDL model, the act phase
added by the OODA loop, the loop-in-the-loop
introduced by the Omnibus model, and finally the
function level processing presented by the extended
OODA model.
3.1 Data collection level processing
The data collection level is comparable to the JDL
level 0 and the Boyd control loop Observe phase.
Clearly, the environment includes different sensors and
platforms which make the tracking problem more

complicated. These complications are due to the
complexity of arriving at perfect communication links
between the platforms and the fusion center as well, the
data collected from the sensors are of different nature
and so the fusion process should consider this difference.
However, using the different information enables us to
draw a considerably complete picture of the surveillance
area. The preliminary knowledge data base and the
regional information (weather, the nearest coastal
defense bases, sensors coverage information, weapon
coverage information, etc.) are included in the data
collection level. The intelligence reports are also useful
to get better knowledge about the force distribution,
intent, and activities of the enemy.
The output of this level is the targets data which are
collected fro m different sources, namely IR, IFF, ESM,
LADAR, and Radar. These data are the position,
attribute, activities, and intension of the targets and are
collected using three different platforms, command and
control ship (platform #1), another ship (platform #2),
and helicopter (platform #3) which is a part of platform #
2 and can be co-located onboard the ship to reduce the
number of platforms to two instead of three. The
collected data contains the information about 3 aerial
targets, fighter (platform #1), fighter (platform #2), and
attacking missile (platform #3), as shown in figure 1.
3.2 Low-level data processing
The low-level data processing involves the data
association issue, the data alignment problem, the sensor
registration problem, and the position & ID fusion. The
low-level data processing is comparable to JDL levels 1,
and 3 and the Boyd control loop Orient phase.
3.2.a Data Association
Data association is the way to correlate
observations from multiple sensors into data groups each
related to a single target. The problem is difficult in a
dense tracking environment where we have many close
targets of unknown identities. Data association compares
the observations and determines which observations
belong to what target. The main objective is to associate
in a correct fashion such that we correlate every
measurement to the target that it comes from. Due to the
uncertainty of measurement origin because of the noise
or clutter, the performance measure of the whole
tracking system will depend mainly on the data
association. Conventionally, several tracking algorithms
have proposed ranging from the nearest neighbor to the
probabilistic data association technique. Recently, the
knowledge-based systems have been employed to solve
the data association problem [27-31]. These knowledgebased systems include fuzzy logic, neural networks,
artificial intelligence, and Viterbi algorithms.
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3.2.b Data Alignment
Data alignment transforms data received from
multiple sensors into a common spatial and temporal
reference frame. Alignment functions include
coordinate, time, and unit conversions. Data alignment is
very important issue as the measurements are collected
using different platforms. The coordinate alignment
problem is solved by using the global coordinate system
instead of using the local coordinate frame of each
platform. The data here are transformed and used in the
polar coordinate system as the IR, ESM sensors provide
only angle information and the LADAR and radar
provide both the angle and range information. The time
alignment problem could be solved by synchronizing the
platforms and with the global fusion node. However, due
to the different sampling period of the sensors used, the
measured time is asynchronous and time alignment is
still needed. The Least Squares Method can be used to
derive the time alignment expression of the sensors, [32].
3.2.c Sensor Registration
Sensor registration is one of the main problems that
can affect the performance of the overall tracking
system. The registration error must be corrected to be
able to estimate and correct the sensor measurement
biases so that the multiple sensor measurements and
tracks can be referenced to a common coordinate system.
The registration error can cause the formation of ghosts.
The most important sources of registration error are the
misalignment of the measurement axes, the measurement
bias error, and the sensor location error. Many
registration methods have been discussed in the literature
including the simple averaging method, cross
correlation, matrix inversion, least-square, Kalman
filtering, neural networks, parallel processing techniques,
and artificial intelligence-based methods [9,33-40].
3.2.d Position Fusion
The sensor fusion problem requires the
development of methods to combine the data from
multiple sensors for tracking and identification. The use
of multiple sensors requires the fusion of different types
of data such as sensor reports containing measured
attributes (target type and feature).
The dual tracking and identification problem can be
developed by performing data association based on
kinematic quantities and then computing the target ID. In
the proposed data fusion system, an alternative approach,
shown in figure 3, has been employed [41].
The
composite
kinematic/ID
single-sensor
multitarget (SSMT) tracker involves three main
modules. In the gating module, the kinematic gating is
performed first and then the attribute gating is
performed. The data association module employs the
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The second alternative for combining the sensor
data is the central-level fusion shown in figure 5. In this
approach, all the report data are sent directly to a central
processor where a master track file is maintained. The
advantage of this approach is the improved tracking
accuracy because the target track is performed using the
observations from more than one sensor and thus
resulting in fewer miscorrelations. Another advantage is
the improvement of track confirmation and continuity.
The disadvantage of using central-level fusion is when
one sensor becomes faulty it will affect the central-level
tracking performance.
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loading, the reduced computational loading, and the
higher survivability due to distributed tracking
capabilities. The disadvantages are due to the fact that
the central-level tracks are updated with sensor-level
track data, instead of sensor report data. If a central-level
track is updated with a sensor-level track, the usual
assumption of error independence from one update
period to another is not valid.
Track Association and Fusion

attribute gating output in parallel with both the kinematic
and attribute association. Then, the association outputs
from kinematic and attribute are combined by
determining the similar measures to provide an input to
the estimation module. In the estimation module, the
measurement-to-track assignment strategy is chosen first
and then the kinematic and identity estimates are
updated. From the output of the estimation module, the
composite kinematic and identity tracks are fed back to
the gating module to assess in screening the infeasible
kinematic and attribute pairs.

Update
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Fig. 3 Composite kinematic/ID single-sensor multitarget (SSMT) tracker
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In a multisensor tracking system we must first
define the level at which sensor data will be fused into
tracks. There are three ways to combine the data: sensorlevel, central-level, or combined data fusion.
The sensor-level fusion is shown in figure 4. Each
sensor will maintain its own track file. Then, the sensorlevel track files will be updated using communication
links among the sensors and between the sensors and the
central track file. The sensor-level tracks must be
combined into a central track file. Thus, each sensor will
have separate track files and a central track file will be
formed as a composite of these files. The advantages of
using sensor-level fusion are the reduced data-bus
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Fig. 5 Central-level data fusion
There are several other approaches which are
intermediate between sensor-level and central-level
tracking which is called hybrid or combined fusion. One
method averages all the measurements from a given
target for a certain time interval and uses this average to

update the central track. Another method forms a
central-level track from one of the sensors and then
allows selected measurements from all sensors to update
that central track.
In the real world, the problem forces a constraint of
using specific fusion architecture over the others. Based
on present work, it has been found that combined fusion
architecture, shown in figure 6, is a more efficient means
of tracking the problems encountered in MS, [42].
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of the command and control operator. This is due to the
fact that the operator is only concerned with the ultimate
control and not with the detailed control.

Compute the likelihood ratio of the fused ID

Compute Decision rules

Check
condition
#1

yes

Friend Target
END

no

Track-to-track
Association

Check
condition
#2

yes

Hostile Target

END

no

Fig. 6 Combined Position Fusion Block diagram
3.2.d Identification Fusion
Identity fusion combines data related to identity
such as actual declarations of identity from sensors or
other parametric data. Identity fusion techniques include
cluster methods, adaptive neural networks, templating
methods, Dempster-Shafer, and Bayesian inference
methods. The proposed ID fusion flow chart for one
cycle is shown in figure 7.
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3.3 High-level data processing
The high-level data processing involves the
situation assessment issue, the threat assessment issue,
and the sensor management. The high-level data
processing is comparable to JDL level 4 and the Boyd
control loop Decide phase.
3.3.a Situation Assessment
The Situation assessment system provides
information about enemy ’s activities, events, locations,
and maneuvers. All these aspects will allow us to know
what is happening or what is going to happen. The
situation assessment is a considerably subjective system
which yields to a high performance that can not be
obtained with the same system under the sole authority
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Fig. 7 ID Fusion Flow Chart
3.3.b Threat Assessment
Threat assessment is different from situation
assessment as it estimates the degree with which
engagement events may occur. Threat assessment
determines the lethality and the compositional
assessment of friendly and enemy forces. It also
evaluates the indications and warnings of events,
targeting calculations, and weapon assessment
calculations. Many authors have provided various
overviews of the situation and threat assessment
problems , [43-44]. The block diagram of the situation
and threat assessment model is shown in figure 8.
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proposed system interacts with the data fusion processes
at different information levels. This architecture is
employed to support the MS for a typical maritime
tactical scenario.
The large-scale maritime surveillance system
involves the multiprocessing between distributed data,
external interfaces to real-time sensors, mobile platform
constraints, and reliability requirements. It also involves
data fusion systems which include the fusion algorithm
selection, proper timing to fuse data, and man-in-theloop role. Future work is directed towards adding two
issues to the fusion testbed. Firstly, man-in-the-loop
which assess in the decision-making process based on
the situation and threat assessment measures. Secondly,
the model selection module which will allow the choice
of the suitable association technique based on the
maritime situation measures.
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Figure 8 Situation and Threat Assessment Model
3.3.c Sensor Management
The sensor management is employed to optimize
the use of sensor resources by adapting their use to the
present tactical situation. The sensor management
system should be responsive and adaptive to changes in
the environment and the changing goals of its platform.
This system produces a number of demanding tasks such
as observation prediction for each sensor type and entity
in the track database. Sensor management schedules
sensors to ensure observational coverage of activities of
interest and also monitors the performance and status of
all sensors in the system.
3.4 The Act Phase
At the command and control system, the situation
and threat assessment data are collected, based on this
data the command and control system assign the suitable
weapon and send the fire orders to the defense weapon
launchers. These launchers are distributed on platforms
in remote locations such as a coastal defense missile
battery or a fighter outside the surveillance area.

4

Conclusion

In this paper, the maritime tactical situation is
mechanized through data fusion architecture. This
architecture improves the quality of the overall target
tracking system. The proposed data fusion system
considers the data alignment problem thus improving the
timing problem. It also utilizes the hybrid fusion
architecture to improve the accuracy. The compositional
kinematic/ID fusion is used in the sensor level
processing. The ID fusion algorithm is developed to
assess the threat and perform a situation assessment. The
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