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Abstract 0 Modern Electronic Warfare Systems have to
deal with information retrieved from a number of
heterogeneous sensors possibly belonging to different
cooperating platforms. Sensor Data Fusion algorithms are
therefore required to properly handle such concern. In this
paper we describe a process of sensor data fusion introducing a
new idea of combining a mathematical programming algorithm

In this paper we present an architecture of sensor data
fusion techniques aimed at providing a continuously updated
situation assessment from the data obtained from different
sensors of an EW suite. This architecture represents a
simplified version of a core component of an Elettronica
S.p.A. product named EW-Manager. This is aimed at being

an integrator of all the information provided by on-board and
distributed sensors enabling sensor data fusion also in the
case network centric operations.

with a heuristic search techniques based on genetic algorithms.
Keywords O Electronic Warfare, Multi Sensor Data Fusion

Il. RELATED WORKS
Over the past two decades, significant attention has been
Electronic Warfare [1] is a military discipline aimed afocused on multisensory data fusion for both military and
controlling the use of the electromagnetic spectrum (EM). mon-military applications [2][3][4]. Data fusion techniques
consists of two major subdivisionElectronic Attack§EA) combine data from multiple sensors, either of the same or
and Electronic Support(ES) Measures EA consists of all different types in order to achieve more specific inferences
those techniques having the purpose to degrade the efficietiegn could be achieved by using sensors independently.
of the enemy to exploit the EM spectrum. ES is instead aimedThe Joint Directors of Laboratories (JDL) Data Fusion
at searching for, intercepting, identifying and locating sourd&orking Group, established in 1986 by the US Department
of intentional and unintentional radiated EM energy for thef Defence (DoD), has codified in [2] a process model for
purpose of threat recognition, targeting and planning. ES da&tata fusion and a data fusion lexicon. Intended to be very
can therefore be used to produce signals intelligence, @gneral and useful across multiple application areas, the JDL
provide targeting for electronic or destructive attacks and psocess identifies: functions, categories of techniques and
produce measurement and signature intelligence. [Bgecific techniques applicable to data fusion.
operations are performed by means of the use of passivdt consists of four key sub-processes:
sensors as:Radar Warning Receiver{RWR) for the 1. Object Refinemenit is aimed at fusing sensors’
detection of Radar threat emissiohsiser Warning Systems data in order to determine the identity and other
(LWS) for the detection of Laser threat emissions Missbile attributes of entities and also to build tracks
Warning SystemgMWS) for the detection of emissions in representing them. A track is usually directly
the IR spectrum. based on detections of an entity, but can also be
Modern platforms (i.e. aircraft, helicopters, ships, etc.) are indirectly based on detecting its actions. The
nowadays equipped with several sensors, of the product from this level is called th8ituation
aforementioned classes, ensuring detection for any kind of Picture;
waveform radiated by the enemy. However the 2. Situation Refinementdynamically attempts to
simultaneously presence of several sensors, either of the same develop a description of current relationships
or different type, that can be even be overlapped in their among tracks in the context of their environment;
detection areas, produce a huge amount of information 3. Threat Refinemenfprojects the current situation
requiring a proper synthesis in order to be exploited. Such into the future to draw inferences about enemy
synthesis, also calleBituation Assessmentas commonly threats, friend and foe vulnerabilities, and
demanded to the pilot that, continuously looking at different opportunities for operations;
displays, typically one for each sensor, had the duty to 4. Process Refinement: it is a meta-process that
understand and assess what entities refer to emissions coming monitors the overall data fusion process to assess
from the same platform. This kind of effort reduces the and improve real-time system performance. This
pilot's time to take and actuate decisions. Things are even is an element of resource management.
worst in the case of net-centric operations where dataA knowledge base represented byuwpport databasés
retrieved from on-board resources have to be compared @80 required. It containg priori information aimed at
shared with those retrieved from other cooperating platformsupporting the data fusion process. Results obtained as output
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277



ISSN: 1983 7402

of the process are maintained in a dedicate data base called
Fusion Database.

I1l. THE EW-MANAGER DATA FUSION ARCHITECTURE

The EW-Manager data fusion component, from hereafter
referred to as EWMDF in order to distinguish it from the
generic sensor data fusion concept (DF), has an architecture
compliant to the JDL process model and depicted in Fig. 1.

The support databaseentity is represented, in the
EWMDF, by aMissionLibrary. The EWM Mission Library
contains:

e a set of data representing the entities (i.e.
waveforms and platforms) the pilot is supposed to
meet during a mission. Waveforms are described
by means of a numeric representation of their
fundamental characteristics (i.e. emitted RF, PRI,
PW, etc.). Awaveform models always defined
as being associated to agtive sensoinstalled
on aplatform Each platform is also described by
means of its possible behaviour. Thehaviour
model is described as a state machine of the
different functions a platform can perform
through its sensors and related waveforms. All
these data are required to properly cue the data
fusion algorithms.

e a set of models describing the measurement
characteristics of the available sensors;

e a set of objective functions exploitable to
properly cue the EWMDF behaviour.

The Fusion Database is instead represented by a track file,
called Fused Track File The EWMDF uses it in order to
maintain:

« thesensor tracksthe original track data retrieved
from the available sensors;

« thedomain tracks: tracks obtained as output from
the Object Refinemenghase;

« the platform tracks tracks obtained as output
from theSituation Refinememhase.

With respect to the JDL DF process, ject Refinement
phase has been implemented, in the EWMDF, by means of
four steps:

e The Spatial Correlation is aimed at identifying
clusters of tracks compatible in direction of
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calleddomaintracks each domain track contains
the best measurements of the involved sensors.
The Identification process takes as input the
domain tracks and compares them with the
waveform modelsdescribed in the Mission
Library. The process aims to associate those
tracks to intelligence data. At the end of the
process, domain tracks together with their
identifications (if any) are inserted into thesed
Track File

Platform Recognitionthis process aims to assess
what are the platforms present in the EW arena,
starting from the data retrieved during the
Identificationprocess. When a track is compatible
with more than onewaveform modelsor the
identified waveform models are installable on
several platforms according to th&lission
Library, ambiguities arise. When this kind of
ambiguity is present, th®latform Recognition
process tries to resolve it according to the logic
described in the following section. The result of
this process is therefore a new set of tracks, called
platform tracks, representing the platform that are
supposed to be present in the environment.
Behaviour Prediction Once the information
about the platforms (thplatform track$ and the
related emitted waveforms (thdomain tracks)
are available and updated into thRased Track
File, the EWMDF process can exploit the
mission library to infer what class of behaviour
the detected platforms are currently performing.
This information is useful to predict their possible
future activities.

Object Refinement ! Situation Refinement ® ! Threat Refinement

Feature Platform
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11| Recognition

Spatial
Correlation Based
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arrival (DOA) and range (when this informationFig. 1: The EWM Sensor Data Fusion Process

is available). The process is described in section
A. The resulting clusters, also called

A. The Spatial Correlation

compatibility sets, define the sets of tracks that The Spatial Correlation has the responsibility of
can be object of further data fusion analysigdentifying compatibility setsby grouping tracks which are
Tracks belonging to different compatibility setssimilar for directions of arrival and ranges, when the range
are not allowed to be fused together during theneasurement is available.
process. To this end the process exploits a model of the sensors,
e Feature Correlation and ldentification The from which the handled tracks are retrieved, in order to
Feature Correlation is responsible to fuse estimate measurement errors. o
different tracks, belonging to the same These models, defined by means of probabilistic curves
compatibility sets, of the same type (i.e. RFrepresenting the related measurement dispersions, are
Laser, IR, etc.) but provided by different sensor§ompletely customizable (i.e. by choosing the kind of curve,
(i.e. two or more RWR, etc.). the related variance, etc.) and contained in thdission

The output of this process is a new set of track&ibrary.
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Sensor tracks contained into thesed Data Basdefine a B. Feature Based Correlation and Identification
graph having as nodes the tracks and edges representing for each detected compatibility sets, tierrelation
compatibility relationships. processaims to associate tracks retrieved by different sensors

As an example suppose to have detected the followiigg the same type (i.e. RWR, MWS, LWS, etc.) referring to
compatibility pairs:  (T1,72) (T1,T3) (T1,74) (T3,T4) the same entity (i.e. an RF waveform, an IR emission, etc.).
(T5,T6), a matrix representation can be provided by meansis process is essentially based on a comparison of the
an NxN matrix having row elements (i) and column elemenisarameters characterizing the involved entities aimed at
(i) representing the involved tracks and values at thging tracks having strongly similar characteristics within
intersection (i,j) equals to 1, if the compatibility pair (i.)the compatibility sets. When such compatibility is claimed a
exists, 0 otherwise. ) ) ~domain trackis created by a proper merge of the involved

Fig. 2 depicts the matrix representation of an associatigicks’ parametersDomain tracksare maintained into the
graph. A graph representation of the same dataset is depiqigded Track Filavhere a relationship with the related sensor
in Fig. 3. Starting from this representation the tracacks is also kept. The resultipmain tracks are then
compatibility sets can be defined as the sub-graphs, of Hgject of an identification analysis. The identification is a
association graph, that are completely connected. process of comparison between thwnain trackparameters

In other terms as each compatibility set has to Bg,g thewaveform modelsontained in theMission Library
composed by tracks that are all spatially associable, we gfjge comparison process produces an output value (called
interested ir_1 finding the set of nodes in the association grapf&ntification scorg for each pairdomain track waveform
that are all linked together. _ model) The identification score is a value representing the

In graph theory, this kind of graph is calletique [5].  gegree at which thdomain trackhas characteristics similar
More formally aclique of an undirected graph G = (V, E) is a5 those described in theaveform modelA list, called
subset of the vertex set, such that for every two vertices in fgentification list,is therefore created for eadomain track
there exists an edge connecting them. ) i _and consist of a set of references to each waveform model

The size of a clique is the number of vertices it containgaying received anidentification score greater than a
Several algorithms already exist aimed at finding thgyeshold when compared to the relatiEnain track If an

maximum cliques of a graph [5][6] and are exploited tQyentification list contains more than one entity, ambiguities
address theSpatial Correlation problem modelled in the e

described way.
Following the example, the existing maximum cliques €. Platform Recognition

the graph depicted in Fig. 3 are those linked by different type The Platform Recognitiorprocess has the responsibility to
of edges: (T1,T2) (T1,T3,T4) (T5,T6). associatedomain tracksinto platform tracksby taking into

A track Ti can belong to more than one clique, as in thgcount their identifications. After theeature Correlation
case of the T1 track, and hence to more than oR@dldentificationphase the EWMFused Track Filecontains
compatibility set. domain tracks each one related to a list of possilateeform

In this cases both the hypothesis are kept, demandingnf@delshaving an associatddentification score Because a
the following phases of the process the responsibility taveform modelis always described in thdission Library
disambiguate the multiple association relationships. as belonging to an emitting sensor installed on platform, the

identification scorealso expresses the degree of confidence at

T1 T2 T3 T4 T5 T6 which adomain trackis supposed to belong to a platform. It
T 111100 can therefore happen thatlamain trackcan be supposed to
721100 00 belong to several platforms with different confidence levels,
3101100 depending on th@entification scores. Exploiting these data
T4 1 01100 it is possible to produce a matrix d@main
12 8 8 8 8 1 1 trackg,[platformd) having as value of theth row andj-th

column the identification scoreat which the tracki is
Fig. 2: An example of compatibility matrix supposed to belong to the platfopnmormalized with respect
to the maximunidentification score
An example of this kind of matrix, calle®latforms
@ Matrix, is depicted in Fig. 4. Thé&latform Recognition
@ process createsRlatforms Matrixfor domain tracks of each
__________ @ compatibility set. Consequently it tries to find the set of
track/platform associations maximizing an independently
definedobjective functionThis approach makes possible to
@ have a core algorithm process independent of the criterion by
@ which a tracks/platforms association is evaluated. Such
criterion can be in fact strongly variable depending on the
strategic needs and has been therefore well encapsulated in a
separated component, thbjective functioritself, that is part
Fig. 3: An example of compatibility graph and related maximum cliques of the EWM Mission Library The problem of the Platform
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Recognition process is therefore aptimization problem reproduction roulettewhich is proportional to the related

based on anulti-criteria objective functior7]. probability. In the present example the selection operator
In order to find a good enough solution while respectingenerates a random number equal to 0.78 (c) so that the A4

real time constraints, an evolutionary heuristic approa@diement is chosen. Any time an element is selected a copy of

based on genetic algorithms has been chosen. it is introduced in a set namedating pool As soon as the
Genetic algorithms have been proposed for the first tinmeating poolcontains a predefined number melementsm

by John Holland (Michigan University) in 1975[8]. Theynew elements are created from them by the application of the

consist of research algorithms based on the biologic evolutiorossover and mutation genetic operators.

metaphor as they exploit mechanisms conceptually similar toThe crossover operator (

the natural selection and sexual reproduction. The execution

flow of a genetic algorithm basically consists of four steps. In Fig. 6) starts with the random selection of two elements of

the first step a set of elements is defined. This set is calledha mating pool and a point in their genotype which is called

population In the population each element represents @ossover point (single-point crossover).

possible solution for the task the algorithm has to address. To

this end it is coded as a string of bits which is called 1:o.§+05;4;A 12
genotype y =N
[ 4 com et 0.3=0.12+0.18
P1 P2 P3 P4 P5 P6 L\ 4
T1 0.0 0.0 0.1 0.3 0.3 0.3 Dbl .3
T2 0.0 0.0 0.2 0.0 0.6 0.2 Fig. 5: An example of reproduction roulette
T3 10 0.0 0.0 00 00 0.0 Two new elements can be then generated by exchanging
the portion of both genotypes at the right of the crossover
T2 0.3 00 0.0 0.7 00 00| Point. Dependently on the problem the algorithm is supposed
' ' ’ ' ' | to solve, the single point crossover approach can be modified

by changing the way the genes are changed among the two
Fig. 4: An example of Platforms Matrix parent elements. Once the descendants have been created ¢

From the initial population the algorithm starts an iterativéutation can be applied to them depending on a mutation
loop where, at each iteration: probability pm). When mutation is applied to a genotype

« The objective function is evaluated for eactf®Me of its bits are randomly selected and changed (i.e. from

element of the population. The objective functiorP to 1 and vice versa). As the crossover represents the sexual
produces as output a value (called fitness production, the mutation models the genetic mutation that

representing the degree at which a solutio an occur in_nature as a result of the sexual reproduct.ion. The
satisfies the task to address. The higher is tHEW generation of elem_ents take the plt_;lce of the previous one
resulting value the better is the solution quality: and the process continues as exple_uned. for a predefined
- If the best fitting element is considered a goo umber of times by prpwdmg, at each iteration, a better (or at
enough solution, the algorithm successfull east equal to the previous iteration) solutlon_o_f the problem.
terminates. In order to address thelatform Recognitionproblem

. Otherwise the algorithm selects a subset Otl:lrough genetic algorithms a binary representation for

elements starting from the population preferrin _roblem solutions has to be _defined. As_th_e_process _aim_s to
those with the highest fitness according to i)lnd t_he tracks/plf’;\tform associations maximizing an objef:t!ve
reproduction probability rule; unction, a solution can be mpdelled as a matrix admitting
< FErom this subset the alg}orithm creates ne only boolean values where the_j)(element is 1 |f_the track_
clements by applying genetic operators (i ‘ﬁ_as to be related to th.e pIat_fomO othermse (Fig. 7). This
Crossovermndmutation); ind  of representation fits v_veII Wlt.h the genome
. ' _ representation needed by genetic algorithms. In fact such
*  The algorithm calculates the fitness for these N®Watrix can be easily encoded as a string of bits by simply
elements and proceeds from the bullet 2. concatenating all of its rows (Fig. 8).

A typical criterion to estimate .the reprodgction prob_ability Having adopted this binary representation for the possible
has begln proposed_b_y Holland in [8]. In.thls formplaﬂon t.h§olutions, the genetic flow resolving théllatform
probability of an individual to be chosen is proportional to 'tﬁecognitiortask has been designed in this way:
fitness. Such probabilities are typically used in _ order to First of all the initial population of solutions is
model a sort of roulette for the elements reproduction, called created. In order to improve performances, the

reproduction roulette As an example Fig. 5 depicts four S S .
. population is created avoiding the generation of
elements, namely A1, A2 A3 and A4 with probabilities 0.12, solutions that are not applicable. For instance,

0.18, 0.3_ and 0.4 respectively of being selected for the considering that each track can be associated to
reproduction. Each of these elements holds a place in the
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one platform, there cannot more thanone 1value 0 00010000010100000000100
for each row;
* An externally defined objective function is Fig. 8: A Genetic representation of the solution depicted in Fig. 7

S\r/:\lllij;tnegd ;gr Oeuigztlgdle;ggf fretgtraesp:r?t?rigu?r?e As an example suppose to .define an objective function
degree at which the solution satisfies the probIen’i‘?‘k'ng Into account thedentification scores an_d the ”“mb‘?r

« If the best fiting element is considered a 9008f tracks associated to a_platf_o_rm._Th|s objective function
enough solution the algorithm Successfullyevaluates the sum of tr_\e identification score values for each

terminates. platf_orm (by column with respect to Iaesources_ Matrix _

. Otherwise the most fitting individuals are chose multiplied by the number o_f assomated tracks. Fig. 9 depicts
for the reproduction according to theq.he trend of the best solut|(_)n (blue I|ne_) and of _the average
reproduction roulette: fltnegs among the polpulatlon.(black I|ne)_ obtained by an

R _ plication of genetic algorithms to find a solution

*  From these individuals new solutions are creategd, imizing this objective function with respect to the
by applying specific cross-over and mutalionp,,itorms Matrix depicted in Fig. 4. Approximately at the
functions. The cross-over function has beeggn cycie (generation) the algorithm finds the solution

designed in order to avoid the creation of nof:iepicted in Fig. 10. Such solution remains the same up to the

valid individ.ual_s: Thig means that .St"%”.ing fromend of the algorithms (programmed to execute 200
two parent individual$ andj, a son individuak

. . ) generations). The same process, with the same input (the
IS created by randomly choosing a row indgk ( Platforms Matrix depicted in Fig. 4), produces a different
and assigning t& the formerg rows ofi followed

by the | f Th on f . ~°output as soon as the objective function is changed. For
y the latterg rows ofj. The mutation function IS ,qance jf the objective function is changed in order to sum
then applied by randomly selecting a row of th

i 7 . 0 I 0 ®nly the higher identification score associated to each

Lesu ting matrix; sett:jng ? 'trs] values Ito fanh latform, the results are depicted in Fig. 11 and Fig. 12. As it

ence setting a randomly chosen value of thg ,,ssiple to note in this case the algorithm try to find the
selected row to 1.

. _association that maximize the number of most possible
« A selected percentage of the previous generatlcmatforms_

most fitting individuals is always kept in order to

avoid regression in the solution research. The 45

others are instead replaced by the new solutions; VW
e The objective function is evaluated for the new al

solutions and the algorithm proceeds from the

third bullet.

Maximum and Average Fitness
T T T T

3.5 v

Crossover peint

Fitness

" Mo [1[1]o] 1]o]o] [i[o[1[1] 1] o[ 00| ** ’
kg crossover mutation
" afo o[ 1] 1[0 0] PG 11 o] e

2 I I I I I I I I I
0 20 40 60 80 100 120 140 160 180 200

Generation

Fig. 9: An example of genetic solution search
(T1,P5), (T2,P5), (T3,P1), (T4,P1)

Fig. 10: An Example of solution to the Platform Recognition problem

Fig. 6: the crossover operator

P1 P2 P3 P4 P5 P6
The adoption of genetic algorithms have had several

T1 0 0 0 0 1 0 advantages. First of all it is strongly customizable as it is
driven by externally defined objective functions the customer

T2 0 0 0 0 1 0 can define. The adopted objective function can be runtime
changed dependently on the context. It always execute a

T3 1 0 0 0 0 0 fixed number of iterations in a fixed time which is a very

important characteristic in real-time systems.

T4 0 0 0 1 0 0

Fig. 7: An example of solution
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- ‘ Ma‘ximum and A‘verage Fitne‘ss ‘ ZXIJ = 1 D]
2.6 I i
2.4+ ZXII - 1 DI
j
e x; 20 O, ]
g 2
[ C. . o .
18} The costs" represent the identification score while the
re variable % represents the assignment of platform j to track i,
14 taking value 1 if the assignment is done and O otherwise
(fitting to the genome representation needed by genetic
0 50 100 1%0_ 200 250 300 a|gorithms)_
generaen This formulation allows also fractional variable values, but
Fig. 11: An example of genetic solution search there is always an optimal solution where the variables take

integer values. The first constraint requires that every
(T1,P6), (T2,P5), (T3,P1), (T4,P4) platform is assigned to exactly one track, and the second
Fig. 12: An example of solution to the Platform Recognition problem constraint requires that every track is assigned exactly one
platform. There is a large class of algorithms for solving the
assignment problems. Earlier assignment algorithm, such as
] ) ] ‘the Hungarian method proposed by Kuhn [15] were only
In the previous subsection we proposed an iteratigpplicable to square assignment matrices. Newer faster
algorithm based on an evolutionary heuristic approach. Ogfethods include the Jonker-Volgenant (JV) relaxation [16]
belief is that there might be an improvement of thgchniques as well as Bertsekas’s Auction algorithm [17]. In
performance of such approach if we combine it with gyr opinion, the Auction algorithm is the most efficient
rational choice of the elements of the population. “assignment algorithm currently available and we decided to
Our approach combines a mathematical programminge it in order to solve the assignment problem for our

algorithm with heuristic search techniques based on genegigplication. An example of the Auction algorithm solution
algorithms. More specifically, we use the deterministic

solution from a linear programming algorithm as an elemeunsing the costsc'j in thePlatforms Matrix depicted in Fig. 4
of the population of the genetic algorithm. is the same of that depicted in Figure 6. In Figures 12 and 13
To this end, we can recast the Platforms Matrix depicted ihe genetic solutions obtained without and with he Auction
Fig. 4, as a gain matrix in the classical assignment problénitialization are plotted versus the number of generations. As
[14]. we can see from these figures, the genetic algorithm
The assignment problem is one of the fundamentglith/without a good initialization is characterized by a
combinatorial optimization problems in the branch ofigh/low fitness level as well as by a quick/slow rate of
optimization. It consists of finding a maximum weightconvergence.
matching in a weighted bipartite graph.
In its most general form, the problem is as follows: o . _ MasiniieAnngnihess
There are a number of agents and a number of tasks. Any
agent can be assigned to perform any task, incurring some
cost that may vary depending on the agent-task assignment. |
is required to perform all tasks by assigning exactly one agent
to each task in such a way that the total cost of the
assignment is minimized.
We can immediately see the analogy with our problem
replacing the platforms and tracks with the agents and tasks
respectively.
The mathematical formulation can be written in the
minimum cost flow format

maxzz G X; o
i

subject to the constraints Generation

Fig. 12: An example of a genetic solution search without the Auction
initialization

D. Improving on the genetic algorithms using the Auction
algorithm as initial guess

Fitness

1
g 10 12 14 16 18 20

[ ]
i8]
=
- |-

282



ISSN: 1983 7402 Sao José dos Campos, 28 de setembro a 01 de outubro de 2010

parts each one performing a specific function with respect of
the whole DF process.

Each part of the DF component exploits different classes
of algorithms depending on the task it has to address. As an
example theSpatial Correlationsub-process adopts graph
research algorithms to find subsets of compatible tracks while
the Platform Recognitiorexploits genetic algorithms in order
to find a proper disambiguation of the possible detected
platforms. The resulting product is a software component
capable to scale seamlessly with respect to the amount of data
and the user needs.

The development and refinement of the presented
component has been done exploiting a distributed simulation
environment based on STAGE [10] and HLA [11]. This
simulation framework has been properly extended by us in
order to make it strongly representative of the data flow the

] 10 12 14 16 18 20

E?\\
ok
I
ok

Generation

EWMDF will handle in real operations. This approach has

Fig. 13: The example as in Figure 12 of a genetic solution search with f8Babled us to test the product with respect to several scenario

Auction initialization

We should also mention that the improvement of the
Auction initialization over the “plain” genetic algorithm is
due to the particular choice of the objective function. There
might be situations in which the multi-criteria objective
function does not satisfy the Auction algorithm constraints
(every platform is assigned to exactly one track and every
track is assigned exactly one platform). We intend to
investigate these cases and possibly modify the Auction
algorithm in our future works.

E. Behaviour Prediction and User Feedbacks

Once assessed what platforms are currently present in the
environment and what are their related domain tracks, the
Behaviour Predictiorprocess can finally be executed in order
to project the observed situation into the future to draw
inferences about next enemy’s actions.

To this end this process exploits a specific section of the
Mission Library in which classes of behaviours can be
modelled by means of state machines of functions each
platform can perform by means of its available waveforms,
weapons, etc. Taking as input the recognized platforms and
the observed domain tracks, thBehaviour Prediction
process can therefore recognize what is the class of behaviour
that is most fitting with respect to each platform and,
depending on it, identify its possible evolution. Moreover an
information about the degree of threatness can be associated
to each state of the modelled behaviours. Exploiting all these
information the EWM is capable to depict a complete
situation assessment to the system user, enriched with
information about the enemy’s possible future actions and
related threatness.

IV. CONCLUSIONS

In this paper we have presented a simplified overview of a
data fusion (DF) architecture for the new Electronica S.p.A.
product called EW-Manager.

Following the ‘Separation of concerns princifil¢9] the
presented architecture has been designed by means of a set of
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