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“Modern surveillance systems often utilize multiple physically poor range data. Even for similar sensor types, the different
distributed sensors of different types to provide complementary viewing angles from multiple physically distributed sensors

and overlapping coverage on targets. In order to generate target ..., xploi rovi r ion Further-
tracks and estimates, the sensor data need to be fused. WhileCa be exploited to provide better location data. Furthe

a centralized processing approach is theoretically optimal, there more, mUIt'_pIe sensors provide more robust performance
are significant advantages in distributing the fusion operations due to the inherent redundancy.

over multiple processing nodes. This paper discusses architec- Fusion is necessary to integrate the data from the different
tures for distributed fusion, whereby each node processes thesensors and extract the relevant information on the targets.

data from its own set of sensors and communicates with other rpo 4~ qitional architecture for fusion is centralized. Data
nodes to improve on the estimates. The information graph is

introduced as a way of modeling information flow in distributed from multiple sensors are sent to a single location where
fusion systems and for developing algorithms. Fusion for target the data are fused and the results distributed to various

tracking involves two main operations: estimation and association. users. Recent advances in computing and communication
Distributed estimation algorithms based on the information graph have made other architecture options feasible. These in-

are presented for arbitrary fusion architectures and related to . . . .
linear and nonlinear distributed estimation results. The distributed clude hierarchical architectures where the fusion nodes

data association problem is discussed in terms of track-to-track as- aré arranged in a hierarchy with the lowest level nodes
sociation likelihoods. Distributed versions of two popular tracking processing sensor data and sending results to higher level
approaches (joint probabilistic data association and multiple hy- nodes to be combined. When the higher level node collects
g‘r’;heif/';fra"k'“g) are then presented, and examples of applications ;g cessing results only periodically, significant savings in
given. communication can be achieved.
In a fully distributed architecture, there is no fixed
. INTRODUCTION superior/subordinate relationship. Each node can commu-
In recent years there has been increasing emphasis omicate with other nodes subject to connectivity constraints.
using multiple data sources for detection, tracking, clas- Communication can be adaptive and dependent on the
sification, situation assessment, etc. The synergistic useinformation content and needs of the individual nodes. In
of overlapping and complementary data sources providesan extreme case, each sensor may have its own processor to
information that is otherwise not available from individual fuse the local data and cooperate with other sensor nodes.
sources. For example, radar provides accurate range but The centralized architecture is theoretically optimal if
poor ange data while infrared provides accurate angle butthe communication bandwidth is high enough to send the
sensor data to the fusion node, which has enough computer
mafglsﬁfipt_ fecel\i/\lfeg M/i?; 86 1993; {/evijed chobﬂ 13,,t%]9?h6- e resources to process the data. It is also conceptually simpler.
Labéraforf%ﬂ?\’/eillénc.e ar?c; br?gtoniés g?rglgt(c));tae‘r,eva\::*ne, NeY ;)’2&1- On the other hand, a distributed (including hierarchical)
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Fig. 1. Functional architectures for tracking/fusion.

higher survivability since there is no single point of failure ~ Since the main components of tracking are estimation
associated with a central fusion node. The distributed fusion and data association, distributed fusion for tracking will
architecture is also a necessity since many fusion systemsnvolve distributed estimation and distributed association.
have to be built with existing (legacy) fusion systems as For distributed estimation, most research has assumed a
components. hierarchical fusion architecture. Most results on distributed
While there are many advantages to distributed fusion, linear Gaussian estimation start with the various forms
there are also technical issues on system architecture and®f Kalman filters [9] to derive the distributed equations
algorithms that need to be addressed before high perfor-[10]-[23]. Distributed nonlinear results generally follow
mance systems can be developed. Some important technicalhe same philosophy [24], [25]. The information graph
issues include the following items. approach for modeling the information flow in arbitrary
« Architecture how the nodes should share the fusion distributed fusion architectures and developing fusion equa-

responsibility, e.g., which sources or sensors should tions was introduced in [26]-[29]. The linear and nonlinear

report to each node, and the targets that each nOdefusmn equations for hierarchical architectures can also be

should be responsible for. delzlve?h us(;ngz tg"? 3p§r?ach. iati bl | K
* Communicationhow the nodes should communicate, or the distributed data association problem, early wor

e.g., connectivity and bandwidth of the communication d?a“ with the_tra_c k1o track gssouauon proplem [30], .[31]'
. . - Since then distributed versions of centralized algorithms
network, information push or pull, and communicating

raw data versus processing results such as joint probabilistic data association (JPDA) [32],
« Algorithms how the nodes should fuse data for high [33], or multiple hypothesis tracking (MHT) [34], [35]

. . < have been developed [36], [27]-[29].
performance results and select their communication ! : .
, The structure of this paper is as follows. In Section Il
actions (who, when, what, and how).

we first review the key functional components in a fusion
Compared to centralized fusion on which much research system used for tracking. Section Il presents different
has been performed [1], [2], distributed fusion is a much fysion architectures, the information graph approach to
less mature area of research. The goal of this paper isrepresent the information flow, and what we mean by
to review the current status of researCh, and present anoptima| distributed fusion. A methodo]ogy for deve|0p_
approach for analyzing distributed architectures and devel-ing distributed estimation algorithms is then discussed in
oping distributed fusion algorithms. Section IV and related to standard linear and nonlinear
There are two main types of fusion problems: fusion for results. The effects of dynamic states and process noise
making a decision on a hypothesis such as detecting theare also considered. Section V discusses the distributed
presence of targets or classifying a signal, and fusion for version of the data association problem. Some examples
target tracking. The distributed version of the first type of of applications are given in Section VI.
problems is usually known as distributed decision/detection
fusion [3], [4], and will not be the subject of this paper. -
Instead, we will focus on the tracking problem [5]-[8] and
how it can be distributed.

FUSION FOR TARGET TRACKING

The sensor/data fusion problem [1], [2] is present in
many different applications including surveillance, robotics,

96 PROCEEDINGS OF THE IEEE, VOL. 85, NO. 1, JANUARY 1997



manufacturing automation, etc. In each application area, in difficult situations with high clutter, poor detection or
even though the general goal is to utilize the available dense targets.
data to improve the understanding of some state of the In contrast to the simple nearest neighbor approach,
world, the specific nature of the problem may be quite the JPDA algorithm [32], [33] makes the assumption that
different. For example, parts inspection in manufacturing the nearest detection from the extrapolated target estimate
automation generally involves a known number of coopera- may not always originate from the target and that other
tive static objects in a controlled environment, while fusion detections which are farther away may be the real mea-
in surveillance has to deal with an unknown number of surement. To account for this, the JPDA algorithm assigns
noncooperative dynamic objects in an adverse environment.a weight to each detection within the target validation gate
In this paper, we focus on the problem of determining to represent its likelihood of being associated with the
the location, velocity, type, and other attributes of mul- target. All the detections are then used to update the target
tiple moving objects from sensor data. Such problems, state estimate, the contribution of each detection being
sometimes called tracking, are prevalent in surveillance proportional to their association weights. The probabilistic
applications such as defense or air traffic control, and alsoassociation results from the fact that all detections are used
occur in robotics applications. with weights that depend on their association likelihoods.
A common characteristic in fusion for tracking is that This technique represents an all neighbor approach. One
the sensors do not provide information on the origins of advantage of the JPDA approach is that it readily allows
the measurements. For example, a radar scan providegor the assignment of a single sensor report to multiple
multiple detections of targets and clutter but the detections tracks, thus reducing the difficulty of track conflicts during
are not identified with the targets. Thus a key function in track crossings. Furthermore, memory and computational
fusion is the association of the measurements to the targetgequirements are usually kept fixed as compared to other
before any estimates can be made from the measurementanore complicated approaches. The primary disadvantage is
Fig. 1 shows an architecture for tracking/fusion which that excessive clutter can pull the tracker away from the
is adapted from [37]. The architecture consists of the true target position.

following functions. The MHT approach [34], [35] delays making a firm as-
_ sociation decision when the situation is unclear. Generally,
A. Alignment the hypotheses are formed at two levels—track and scene.

Data alignment is the first step in the fusion process. Track-level hypotheses are formed from possible associ-
Typically data alignment deals with the spatial registration ations of current detections to previous tracks, and their
or temporal prediction of the target tracks based on the likelihoods are computed by comparing the extrapolated
inputs of the sensor suite. Converting the data of eachtrack state estimates with the detections. Each scene level
sensor to a common coordinate system is necessary to fusdiypothesis is a consistent set of track hypotheses (e.g., no
target data from dissimilar sensors. Although conversion two tracks share the same measurements when a measure-
provides a convenient frame of reference, it may create ment can only result from a single target). Scene level
biases when compensating for measurement error that needbypotheses from the same set of detections are mutually
correcting [8]. Temporal alignment extrapolates the tracks exclusive and represent alternate ways of associating the
to the same time as the measurements so that they carmlata. Scene level hypotheses are also scored using track
be compared with each other. It first links one or more likelihoods and probabilities of previous hypotheses. Even
predetermined target kinematic models to the track; then with pruning and other hypothesis management techniques,
the temporal prediction portion of the Kalman filter is used the MHT approach requires more computational resources
to estimate the location or state of the target at the time of but can produce better results in more complex situations.
the next scheduled sensor report. The different approaches are related. In fact, the JPDA

algorithm can be viewed as a special case of the MHT
by combining all the hypotheses after each update. The
B. Association specific choice of techniques depends on the scenario such

Association is responsible for partitioning the measure- as target and sensor parameters, the desired performance
ments into sets that could have originated from the sameand the computation resources available. In other words,
targets. In a recursive processing algorithm, this involves application dictates the specific choice of the association
associating measurements to the set of aligned tracks.approach.

Validation gates are first computed from the extrapolated _

track and sensor errors and used to reduce the numbefc- Updating

of possible associations to a track. Then association is Given a particular association, the estimates of the states
performed using one of a number of possible approaches. for each track are updated with the sensor measurements.

Thenearest neighboapproach assumes that the measure- When the measurement models are linear or can be approx-
ment closest to the center of the validation gate representsimated by linearized models, e.g., measurements of position
the target. All other detections in the gate are then labeledand velocity, the Kalman filter measurement update equa-
as false alarms. Although this simple approach requirestions [9] are used to combine the associated measurements
minimal computational resources, it may not work well with the predicted states. For attributes that are nonlinear in
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nature, e.g., target type, Bayes rule or other approaches such
as Dempster—Shafer may be used. The updated information
is then used again to support future alignment, gating and
association when new measurements are received.

Ill. DISTRIBUTED FUSION ARCHITECTURES
AND APPROACH

Many existing fusion systems have a centralized archi-
tecture with all data processed by a single fusion node.
The availability of distributed computing and the need to
deal with bigger problems, however, will imply distributed
fusion systems with multiple fusion nodes processing data
from their own sensors and communicating with other
nodes to improve upon the local results.

The presence of multiple data sources and fusion nodes
provides many choices in the architecture, i.e., how the
sensors or data sources report to each fusion node and the
connectivity among the nodes. Fig. 2 shows four possible

Hierarchical
Without Feedback

architectures: centralized, hierarchical without feedback, Hierarchical .
. ; . . X With Feedback Distributed
hierarchical with feedback, and fully distributed. In a cen-
tralized architecture, there is a single track database and the Sensor /data Information Fusion node
source consumer

data from multiple sensors are aligned and associated with
the tracks in this database to update the tracks and their staté&ig. 2. Fusion architectures.
estimates. In the hierarchical architectures, the fusion nodes

are arranged in a hierarchy with the higher level nodes ., teq fusion systems and algorithms. The information
processing results from the Iower. level r]odes anq possblygraph has been proposed [28], [29] as a way to represent
providing some feedback. The hierarchical architecture is 4, "information events in a distributed fusion system and
gatural forr:nany 3pp:c|cat'|ofns, edg" a fusu()jn node ;or radzzr their interactions. Using the information graph the common
ata, anot. er node for intrared sensor ata, an @ NOG8htormation shared by arbitrary estimates can be identified
that combines the radar and infrared tracks. ConS|derabIeSO that any redundant information can be removed in the
savings in communication can be achieved if data is com- fusion process. This is especially useful when the commu-

munlcatet;j to tT.e hlg:lerHI_evelshgt ? ratﬁ_tslc:wer t_r;ﬁ? thde nication structure among the fusion nodes is complicated
SENSor observation rate. Hierarcnical archiiecture with 1€d- ., .o 1he jgentification of common information may not be

back is equivalent to periodic broadcast when the feedbaCkeasy
goes to every nqde. In afu_lly dlstnbu_ted archltgcture_, there The information graph contains four types of nodes to
is no pre-determined superior/subordinate relationship, each A . i
: . ! represent the following information events:
node can communicate with any other node subject to . _
connectivity constraints, and the communication can be ° SENSor observation nodésr;
» sensor data reception nodésg;

asynchronous. N . d
For architectures that are not centralized, a key problemis * €ommunication transmission nodégr;
» communication reception nodes (fusion nodésy.

how to combine the results from two fusion nodes. Standard

centralized techniques such as those described in Section The directed links in the graph represent communication.
Il can no longer be used since they usually assume thatA directed path froniNode Ato Node Bmeans that there

the errors in the data to be fused are independent. Thisis communication fronNode Ato Node B Each node has
assumption is usually violated in distributed fusion. In fact, access to the information of the predecessor nodes and the
the rumor propagationor chicken little phenomenoarises maximum information at a node consists of all predecessor
when information arriving by multiple paths has to be fused. observation nodes. A node that is a common predecessor
For example A may tell both3 andC that he saw a target  t0 two nodes contains the common information of those
with medium confidence. Whe® gets this information ~ two nodes. Thus the information graph can be used to
from both B and C, he may not recognize the redundant find the common information of any two or more nodes
information and increase the confidence to high becauseby identifying their common predecessors.

he gets the same conclusions from bdghand C. This Fig. 3—-6 show four examples of fusion architectures and
phenomenon can produce biased and erroneous results aheir information graphs. In each example, time goes from
the fusion nodes. left to right. It is obvious that the multiple information
path problem does not exist for centralized fusion (Fig. 3).
A. Information Graph For hierarchical fusion, without or with feedback (Fig. 4

A model of the information flow among the components and 5), multiple information paths exist, but identifying
in a fusion system is needed to analyze and design dis-the redundant information from the information graph is
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Fig. 3. Information graph: centralized fusion.
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Fig. 4. Information graph: Hierarchical fusion without feedback.

relatively straightforward. At each fusion node, one only source of information for any two nodes. In particular, the
needs to determine the single common ancestor for theinformation at the fusion nodel fuses the estimates at
nodes whose information is to be fused. For hierarchical nodesB andC, whose common information consists of that
without feedback, this ancestor is at the lower level of the at the common predecessor nodesand £. The common
hierarchy, i.e., F1 or F3. For hierarchical with feedback, the information of D and £’ consists of that at the nodé¢sand
ancestor is at the higher level of the hierarchy, i.e., F2. G, which is equivalent to the nodd.

For cyclic communication, each fusion node collects data
from its own sensor, forms the local estimate and then B. Distributed Fusion Approach
communicates it to another node in a cyclical manner. The  The distributed fusion algorithm attempts to duplicate the
receiving node then fuses the incoming estimate with the results of a centralized algorithm as if the actual sensor
local estimate. Fig. 6 shows that determining the common data were communicated instead of the outputs of the
information can be quite complicated. The information tracker/correlators. Fig. 7 illustrates the philosophy of the
graph can be used recursively to determine the commonapproach. On the right side of this figure, Nodes 1 and 2
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Fig. 5. Information graph: Hierarchical fusion with feedback.
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Fig. 6. Information graph: cyclic fusion.

do not process the data but just communicate them to NodeDepending on the system architecture, this may include
3, which then generates the optimal (centralized) estimateprocessing history and previous estimates. When this in-
given the data. On the left side of the figure, each node formation cannot be communicated, the resulting fused
generates the best estimate given its data and sends it t@stimate will be suboptimal.
the fusion node (Node 3) which then combines the local
estimates to obtain the optimal centralized estimate. V. DISTRIBUTED ESTIMATION

In order for the fused estimate to be the same as the op- As discussed before in Section Il, a key part of target
timal (centralized estimate), the information communicated tracking is estimating the target state given the associated
by each node has to contain all the information needed measurements. This target state may involve continuous
to reconstruct the optimal estimate (sufficient statistics). variables such as position and velocity and discrete vari-
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Fused Estimate = Optimal Estimate

For estimation problems that are linear and Gaussian, the
fusion equation becomes

-1 _ p—1 —1 —1
Piy=P "+ Py — Py 3)
Estimate Estimate  Sensor Data Sensor Data
and
Node 1 | rNodeZ —1 A —14 —1a —1 A
ﬁ * * * P1U2-T1U2 = Pl T+ P2 T2 — leQ-TlﬂQ (4)
SensorData  Sensor Data SensorData  Sensor Data where P, and &; are the covariance and mean for the

Distributed Fusion Centralized Fusion Gaussian distributiop(x|Z;), andiUz andzn; correspond

to union and intersection of the data sets. Equations (3) and
(4) can be derived from (2) or directly from the following
standard equations for linear estimation

Pt =Pt + > HE R Ha (5)
2 ) -

Fig. 7. Philosophy of fusion approach.

T

Ple; =P;'T+ Y Hi Ry Hi(zix — HaT) (6)
k

Fig. 8. Fusion by removing redundant information.

wherez and P, are the mean and covariance of the
ables such as target type. In a distributed situation, the mainmeasurements;;,i = 1,2,k = 1,2, .- - are related to the
problem is how to combine the estimates to arrive at the state by
best estimate.
zir, = Hipw + vig, (7)

A. Basic Algorithm and the measurement errarg are independent zero-mean

Let  be the state (e.g., the location or type of a target) to With covarianceR;y.
be estimated and the measurements for the two nodes, one The statex does not have to be static, i.e., it can be
and two, bezi1, 212, 213, - - - and 21, 722, 223, - - -. These the state of a dynamic system, as long as the conditional
measurements may come from multiple sensors at differentindependence assumption is valid. Under these assumptions
times or the same time. Assume the individual measure- the local estimates can be generated by nonlinear filters or
ments are conditionally independent given the state  Kalman filters and fusion involves only a static combination
i.e., p(2ij, Zmn|®) = p(2ij|2)p(Zmn|z). This assumption  of the local estimates.
is valid if the measurement errors are independent across
sensors and over time. The total information available to B. Hierarchical Fusion Algorithm

the two nodes are thenz, = {z11,z,73, -} and The basic fusion equations (2)—(4), can be used with
Zy = {721, %2, 73, --}. The conditional independence the information graph to identify the common information
assumption implies: and develop the fusion equation for any arbitrary fusion
T2 0( Tl architecture. For the hierarchical architectures in Figs. 4 and
p(Z1 U Zia|x) = Pl |)p(Zolr) 1) 5, finding the common information is quite straightforward
p(Zl n Z2|.’L') . . )
and the fusion equations are:
whereU andn are the set union and intersection operations  Without feedback:
respectively. Tt 3
Then the basic fusion equation is given by p(z|Z(tcr,2)) = C_lp($|Z(tCR”,2))M-
p(z|Z(tcr,3))
P(Z1 U Zs|z)p(x 8
(|21 U Zy) = (pl(ZlLJQ|Z§§)( ) ®)
With feedback:
- X
pelZn Z2) P2 Z(tcr,2)) = O™ pla| Z(ton, 2) S 00

_ _ _ p(x|Z(ter,2))°
wherep(x|Z;) is the estimate by node ong(z|Z:) is the 9)

estimate by node twgy(x|Z; U Z,) is the estimate based on Note that in each case the communication does not
the joint informationp(x|Z; N Z,) is the estimate based on have to be synchronized and the local nodes can process
the common information, and is a normalization constant. many measurements before communicating with the high
Basically each of the estimates contains the common infor- level node. The last term in each equation represents the
mation p(x|Z, N Z), which has to be removed (divided) new information received from the lower level fusion
from the product of the two estimates to avoid any double- node. When there is no feedback, the new information is
counting. This equation can be viewed as the distributed the difference between the current and previous estimates
version of Bayes rule. Fig. 8 illustrates the concept behind from the lower level. When there is feedback, the new
this approach. information is the difference between the new estimate and
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the last feedback from the higher level. The distributed conjunction with the basic fusion equation (2), it can be
nonlinear fusion equations in [24], [25] can be derived used to derive fusion equations for arbitrary architectures
by including more nodes at the lower level. For example, [26]-[29]. For example, in the cyclic communication of

assuming communication at each instant and no feedback/Fig. 6, when the fusion equation is used a number of times,

the fusion equation for the fusion nodé with N lower

level nodes is given by [24]

p(z|Z(t, F)) = C™'p(x| Z(t - 1, F)) H %
- (10)

with the help of the predecessor nodes identified before, the
following fusion equation can be obtained:

p(x]Z(tcr, 1))

. p(x|Z(tcr, 1))p(z|Z(ter, 2))
p(x|Z(tcr — 2ta, 1))p(x|Z(tcr — ta,2))

. ) ) ] ) -p(z|Z(ter — 3tq,1)). (15)
For linear observations with Gaussian random variables,
fusion equations can be developed using a similar approach. In this particular case, the common information shared
Different fusion equations for linear systems have been by the two nodes is represented not by one estimate (or
developed in [10]-[23]. The following two common forms, ~probability distribution) but by three.
first appearing in [11], were based upon the information For a general distributed fusion architecture characterized
form of the Kalman filter. by an information graph, the fusion equation is given by

Without feedback: p(z] U 70y = ¢ Hp($|Z(j))a(j) (16)

el jeJ
where Z(9; i € I are the nodes (in the information graph)
to be fused by the fusion nodé,is a subset of information
nodes that are predecessors of thelset(j) = +1 is an
integer-valued function defined oh, and C is a normal-
izing constant. In this equatiom(j) = +1 means that the
information at the node is to be added (multiplication of
probability) while «(j) = —1 means that the information
has to be removed (division of probability) because of
redundancy. Equations for the means and covariances can
be derived for Gaussian distributions to be of the form:

Pty =Pttt — 1) + Z[P;l(ﬂt)

- Pt - 1)] (11)
PL(#|)a(t)t) = P71 (t|t — Da(tt — 1)

+ Z[Pfl(tlt)ﬂ%(tlt)

— Pt - Dag(tlt - 1)) (12)
With feedback:

PNt = Y BTHEH) — (VN — )P - 1) P7h=) o()p (17)
=1 jcJd

(13) P7e =Y a(j) Pt (18)
jeJ

In order to identify the common information using the
information graph and generate the sktthe processing
history (or pedigree) also needs to be communicated in ad-

(14) dition to the estimate. Using this additional information, the
fusion node can extract the relevant parts of the information
In the aboves; (t|t), 2:(¢|t — 1), i(¢[t), and Pyt = 1) graph and construct the optimal fused estimate on the fly.
denote the updated and predicted estimates and error covariths approach supports fusion in arbitrary architectures with
ances for the lower level nodewhile the nonsubscripted  45ynchronous communication. For some architectures with
quantities denote those at the higher level. As in the complicated information flow, the optimal fusion equation
nonlinear case, (11) and (12) show that the higher level may involve many previous estimates. However, com-

node fuses only the incremental information when there ,iational experience indicates that not much optimality
is no feedback. When there is feedback, the fusion nodejs gacrificed if only the recent history is communicated.

has to remove its own previously sent information before Also, the choice of the architecture and the design of
combining th_e local estimate_s. The process of removing the he fusion algorithm should be considered together. A
common estimates can be viewed as decorrelation to makegjstributed fusion architecture that requires a complicated
the local estimates independent again. fusion algorithm may not be a good choice.

PR = 3 PR

— (N =D)P (¢t = Da(t|t = 1).

C. Algorithm for Arbitrary Architecture D. Dynamic States and Process Noise

Identifying the common information so that it can be  The optimality of the fusion equations in reproducing
removed in fusion is relatively simple in a hierarchical the centralized estimates depends on the conditional
fusion architecture. For more complicated distributed fusion independence of the measurements given the target state.
architectures, identifying the common information is not For static target states, e.g., the state of a stationary target,
as straightforward. The information graph introduced in the measurements are conditionally independent and
Section 1lI-A is useful for this purpose. When used in the fusion equations always yield the optimal estimates.
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For dynamic states, e.g., when the state represents the Node 1 Node 2
position and velocity of a moving target, the conditional o o
independence assumption holds only when the dynamic  Diaosoiors Hisoiaes  Dictbuions  Hoooiases
model does not involve any process noise. For these so
called deterministic processes [28], the distributed fusion
equations produce the optimal estimates from the local
estimates. In particular, in the hierarchical architecture, Track State
each local tracker can process many scans of sensor data Fusion
before sending the results to the higher level to be fused
[21]. This periodic communication reduces the amount
of communicgtion needgd between the' levels. N Fused Track Fused

For dynamic states with process noise, the conditional State Association
independence assumption no longer holds unless synchro- Distributions Hypotheses
nized communication takes place after each sensor ob-Fig. 9. Track state and association hypothesis fusion.
servation time. The loss in conditional independence is
due to the correlation from propagating the process noise.generate target tracks and estimates on locations, velocities,
Since communication at every observation instant requirestype, etc. Target tracks from different nodes are then
high bandwidth, hierarchical communication with periodic fused to improve on the tracks and state estimates. Fusion
update is more desirable. In this case the fusion resultsgenerally involves two operations (Fig. 9): associating the
produce only approximate results [19], [20]. Computational tracks from the different nodes to determine whether they
experience indicates that the approximation is quite good correspond to the same targets, and combining the state

Association
Hypothesis
Fusion

when the process noise is small. estimates for those tracks that are associated. Note that this
) process is similar to association and updating in centralized
E. Implementation Issues fusion (Fig. 1).

The fusion equations in this section prescribe how local  The problem of track state fusion given associated tracks
estimates should be combined to obtain the optimal esti- has been extensively investigated and discussed in Section
mates. In many instances, optimal fusion requires the uselv. By comparison, much less work has been done in
of other estimates communicated earlier so that redundantdistributed data association. This is partly due to the fact
information can be removed. Distributed fusion imposes that data association is already complicated in its central-
additional communication, memory, and computation re- jzed form, with different techniques applicable to different

quirements but it is possible to trade one for the other and scenarios. In the following we review several approaches
between nodes. Consider the hierarchical fusion equationsigr distributed data association.

(11) and (12). These equations can be implemented in
two different ways. The first is for the local nodes to A. Track-to-Track Association Likelihoods

compute the difference between the local updated and A metric for determining whether two tracks should be
predicted estimates and send the new information to the associated is the likelihood of two tracks from different
higher level fusion node. The local nodes, rather than the ,4es being associated with the same target. Given a
higher level node, perform the decorrelation function. The apje of such metrics for all tracks, different association

second approach is for the local nodes to send the best,,nq4ches such as optimal assignment or other suboptimal
estimates. The high level node stores the estimates fromapproaches can be used to make the association decision.
previous time, predict to the current time, find the differ- Suppose a track is formed by associating pairs of
ence with the updated estimates, and then computes th racks. 71 and 72. one from each of the nodes 1 and
fused estimates. This approach increases the memory and, The ijnformatfon graph model can be used to derive
computation requirements at the fusion node. In general, thethe likelihood of the trackr [21]. Let the setJ and the
specific implementation of the fusion equations depends ON ¢ nction a(j) = +1 be defined .as in Section IV-C. and
communlcatllon, 'computatlon, and memory cqn5|derat|ons. (|29, 7)) be the state distribution of a track!) given

In some situations, the local nodes and fusion node may o o\ lative informatio®). Then the likelihood of the

be interested in different parts of the state space. For N 2 e
track 7 formed by associating; andr;; is given by [29]
example, the local nodes may collect data on local areas J

while the fusion node has responsible over a bigger area. L(7]2) = / Hp(x|z(j)77_(j))a(j)u($)' (19)
For efficient computation, the local fusion node may use

lower dimensional models than the fusion node. Conditions
under which the optimal estimate can still be reconstructed
have been investigated in [12] and [25].

jed
The state distribution of the fused track given the associ-
ation is
p(a1Z,7) = C7 [[ p(a]29, 70y (20)
V. DISTRIBUTED TRACKING AND CORRELATION jeJ

In distributed fusion systems for target tracking, a fusion  Inthe above/ - -- u(x) is used to represent a generalized
node or local tracker processes the local sensor data tointegral that may include summation for discrete variables
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such as the type of a target in addition to integration over wherem,,i = 1,2, are the numbers of measurements for
continuous variables such as position and velocity. If the the latest measurement sets of sensors one andztyb =

two nodes do not share any common information at all, 1,2 are the cumulative data sets, a)a}j is the association
then the likelihood of associating two tracks is just the event (hypothesis) that; is the correct measurement, i.e.,
product of the track state distributions. The likelihood is from the target. The first term on the right hand side is
high when there is much overlap in the state distributions computed from the distributed estimation algorithm given
of the tracks and low otherwise. Ideally the metric should the associations as described in Section IV. The second term
involve the states of the tracks at all sensor observationis computed from the individual association probabilities
times since good overlap of track states at a single instantas follows:

may not represent a single target (e.g., tracks from two P, 2|24, Z%)

distinct targets that happen to converge). Using the states at !

all observation times satisfies the conditional independence = D PN CIZE, 2205 (et () (24)
assumption and makes the likelihood formula exact. xtox®

Since using the entire track history is sometimes not L 910l oo 1 Lo - -
practical, most track association metrics consider only the ~ '(x*,x7127, 2%) = P 1Z)P(1Z7)v (x5 x7)
most recent time. Under the Gaussian assumption, with (25)
only two nodes and prior density that is relatively flat, the

o wherey! are the joint feasible events involving all measure-
likelihood becomes:

ments and targets ardq (x?) are binary measurement-target

L(7|Z) = (det(2r(Py + Py)))~"/? association indicators.
X exp .(_%(a@l — 29)T(Py 4+ Py) 7Y@ — 22)) Eve_n t_hough the ;_)rqduct term _implie; tha}t high indiv_idgal
1) association probabilities result in a high joint association

X _ probability, the additional termy(x*, x?) depends on the
wherei; and F; are the means and covariances for the two indjvidual correlation events and reflects the influence of the
tracks. This expression is similar to the standard equationsactyal measurement locations on the combined joint events.
for computing track-to-track association metrics and is valid These equations were derived assuming communication
when the conditional independence assumption holds.  after every observation and are only approximate with less

When the conditional independence assumption is notfrequent communication and in the presence of process
satisfied, such as in a nondeterministic dynamic system with pgise.

process noise, (21) is no longer exact. Expressions have

been developed to approximate the association likelihood as L

well as the fusion of the track state estimates by introducing C- Distributed MHT

additional terms to compensate for the correlation in the The distributed version [27], [29] of the MHT has a

tracks [30], [31]. structure similar to the distributed JPDA. Consider the case
Recently, a general track association metric based on (19)when a fusion node needs to fuse two sets of hypotheses

has been developed for nondeterministic processes [38] and@nd tracks (one can be local and the other coming from

hierarchical architecture. This metric is given by another site). Suppose the two sets of hypotheses and tracks
G are represented b§f*(Z*) and 7*(Z*),i = 1,2, and the
L(7|Z1,Z2) = rZ0i(ra|Z0) (22) probabilities of the hypotheses; and state distributions
1141 2|42

for the tracksr; are given byP(\i|Z%) and p(z|Z*,}).
The maximum information available to the fusion node is
Z = Z*UZ?. The goal of fusion is to obtain the hypothesis
setH(Z), track setl'(Z), hypothesis probabilitie® ()| Z),
and track state distributions(x|Z, 7). Fusion consists of
the following two steps:

wherer; andr, are two tracks based on the data sBts
and Z,, 7 is the track obtained by fusing and and Z

is the fused data. The likelihoods on the right hand side
are the track likelihoods given the data and are computed
recursively using all the observation data. In linear Gaussian
cases, they can be evaluated by Kalman filtering type
operations. This metric uses the track data at all observation 1) Hypothesis formatianFor each pair of hypotheses,
instants and has been shown to perform better than the )\]1. and)\z, that can be fused, a trackis formed by
traditional static distance. associating pairs of tracks} andr?, one from each
node, that could have originated from the same target.

B. Distributed JPDA The result is a set of fused hypothesd$Z%) and

The distributed version of the JPDA algorithm for a tracksT'(Z). Fig. 10 shows the distributed hypothesis
hierarchical architecture is given in [36]. In this case, the and track formation process.
state estimate for a particular target after association and 2) Hypothesis evaluatioriThe probability of each asso-
fusion is given by ciation hypothesis and the state estimate of each fused
my ma track are then computed. The distributed estimation
E{z|Z2', 27} =YY E{zlxjxi, 2", 2%} algorithm is used to compute the likelihoods of possi-
j=0 1=0 ble associations and the resulting estimates for a given
- P{xj. xi|Z", 2%} (23) association. Using the information graph model, the
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Fig. 10. Distributed hypothesis formation.

probability of each fused hypothesis is given by

P(\Z) =C7H [ POD1 29D [] L(712) (26)

jed TEA

whereC is a normalization constant. The likelihood

These include the proper choice of distributed architectures
and the design of distributed fusion algorithms.

Over the past decade and a half significant advances have
been made in the theory of distributed fusion for tracking.
In particular, many distributed estimation algorithms have
been developed for both linear and nonlinear systems, and
hierarchical as well as general distributed architectures.
These algorithms can be viewed as distributed extensions
of linear and nonlinear estimation theory. To address the
data association problem in tracking, distributed versions
of standard approaches such as JPDA and MHT have also
been developed.

Distributed fusion ideas are beginning to show up in
many applications. Besides research prototypes, some cur-
rent or planned surveillance systems have incorporated
concepts of distributed fusion. The application efforts will

of each fused track and the state estimates are givenprovide stimulus for further research on issues such as im-

by (19) and (20). These expressions can be simplified
under Gaussian assumptions.

VI. EXAMPLES OF APPLICATIONS

Distributed fusion techniques are applicable to many real
world problems where surveillance performance can be

pact of limited communication bandwidth, design of com-
munication strategies [43], fusion of outputs from nodes
using different models or algorithms [44], and distributed
fusion management.

REFERENCES

enhanced by cooperation among sensing and processing[1l] E. Waltz and J. LlinasMultisensor Data Fusion Norwood,

nodes. Much of the early work was sponsored by Advanced
Research Projects Agency (ARPA) under the Distributed
Sensor Networks Program. A testbed for distributed acous-
tic tracking of air targets was developed at Lincoln Lab-
oratory [39], [40], and the need for removing redundant
information was noted. A distributed MHT approach to
this problem was developed and demonstrated with both
simulated and real data in [41].

Recent applications include the use of multiple platforms
for airborne surveillance. Each platform has a suite of
sensors and the sensors on different types of platforms

have complementary capabilities. For example, a sensor (8]

(e.g., radar) on one platform has good location accuracy
but poor classification performance, while another platform
has a sensor (e.g., electronic support measure) that is goo
at classification but poor at location. Furthermore, some of
the sensors may be good at wide-area surveillance while
others are suitable for getting high resolution data. Thus by

using a sensor from one platform to cue a sensor on anotheif12]

platform and sharing local processing results, distributed

fusion and resource management provides much better per13]

formance than with the platforms working independently.
A system based on this concept has been described in [42]

VII. CONCLUSION
In many applications distributed fusion is a better archi-

tecture than centralized fusion because of advantages suciie]

as distribution of processing load, lower communication
bandwidth, local authority, higher reliability, etc. The avail-
ability of low-cost and high performance computers has
also made distributed fusion feasible. However, distributed
fusion also presents technical challenges that must be over
come before high performance systems can be developed

LIGGINS et al: DISTRIBUTED FUSION ARCHITECTURE AND ALGORITHMS FOR TARGET TRACKING

thoj

MA: Artech House, 1990.

D. L. Hall, Mathematical Techniques in Multisensor Data Fu-
sion Norwood, MA: Artech House, 1992.

R. R. Tenney and N. R. Sandell, Jr., “Detection with distributed
sensors,IEEE Trans. Aerosp. Electron. Systol. AES-17, pp.
501-510, July 1981.

Z. Chair and P. K. Varshney, “Optimal data fusion in multiple
sensor detection system3$EEE Trans. Aerosp. Electron. Syst.
vol. AES-22, pp. 98-101, Jan. 1986.

Y. Bar-Shalom, “Tracking methods in a multitarget environ-
ment,” IEEE Trans. Automat. Contrvol. AC-33, no. 4, pp.
618-626, 1978.

S. S. BlackmanMultiple-Target Tracking with Radar Applica-
tion. Norwood, MA: Artech House, 1986.

Y. Bar-Shalom and T. E. Fortmafracking and Data Associ-
ation. San Diego, CA: Academic, 1988.

Y. Bar-Shalom and X. LiMultitarget—Multisensor Tracking:
Principles and Techniques New York: YBS, 1995.

B. D. O. Anderson and J. B. Moor&®ptimal Filtering En-
glewood Cliffs, NJ: Prentice-Hall, 1979.

J. L. Speyer, “Computation and transmission requirements for a
decentralized linear-quadratic-Gaussian control probl¢BEE
Trans. Automat. Contrvol. AC-24, pp. 266-269, April 1979.
C. Y. Chong, “Hierarchical estimation,” ifProc. MIT/ONR
Workshop on C3Monterey, CA, 1979.

A. Willsky et al., “Combining and updating of local estimates
along sets of one-dimensional track$EEE Trans. Automat.
Contr,, vol. AC-27, pp. 799-813, Aug. 1982.

B. C. Levy, D. A. Castanon, G. C. Verghese, and A. S.
Willsky, “A scattering framework for decentralized estimation
problems,” Automatica vol. 19, no. 4, pp. 373-384, 1983.

H. R. Hashemipour, S. Roy, and A. J. Laub, “Decentralized
structures for parallel Kalman filtering]EEE Trans. Automat.
Contr,, vol. AC-33, pp. 88-93, Jan. 1988.

H. F. Durrant-Whyte, B. S. Y. Rao, and H. Hu, “Toward a
fully decentralized architecture for multi-sensor data fusion,” in
Proc. IEEE Int. Conf. Robot. AutomatL990.

N. A. Carlson, “Federated square root filter for decentralized
parallel processes,[EEE Trans. Aerosp. Electron. Systol.

26, pp. 517-525, May 1990.

T. H. Kerr, “Comments on ‘federated square root filter for
decentralized parallel processes’ and author's replEE
Trans. Aerosp. Electron. Systol. 27, pp. 946-951, Nov. 1991.
B. S. Y. Rao, H. F. Durrant-Whyte, and J. A. Sheen, “A fully de-
centralized multi-sensor system for tracking and surveillance,”
Int. J. Robot. Resvol. 12, no. 1, pp. 20-44, Feb. 1993.

(2]
(3]

(4]
(5]
(6]
(7]

(9]

(11]

{14]

(18]

(17]

[18]

105



[19] B. Belkin, S. L. Anderson, and K. M. Sommar, “The pseudo- Processing, Sensor Fusion and Target Recognition Rfbc.

measurement approach to track-to-track data fusionpPric. SPIE 7505 Apr. 1997.

1993 Joint Service Data Fusion Sympp. 519-538, 1993. [44] ____, “Adaptive sensor fusion,” irBignal Processing, Sensor
[20] R. Lobbia and M. Kent, “Data fusion of decentralized tracker Fusion and Target Recognition Y/ Kadar and L. Vibeke, Eds..,

outputs,” IEEE Trans. Aerosp. Electron. Syswol. 30, pp. Proc. SPIE 2484pp. 75-82, Apr. 1995.

787-799, July 1994.

[21] O. E. Drummond, “Feedback in track fusion without process
noise,” in Proc. SPIE, Signal and Data Process. of Small
Targets vol. 2561, pp. 369-383, 1995.

[22] G. Frenkel, “Multisensor tracking of ballistic targets,” Rroc.

SPIE, Signal and Data Process. of Small Targetsl. 2561, Martin E. Liggins Il (Member, IEEE) received the B.S.E.E. degree

1995. from the University of Texas, Austin, and the M.S.E. degree in electrical
[23] O. E. Drummond, “Track fusion with feedback,” iRroc. engineering from California State University, Northridge.

SPIE, Signal and Data Process. of Small Targetsl. 2759, In 1986 he joined Rome Laboratory, Rome, NY, where he has worked

pp. 342-360, 1996. on d‘eve_loping a number of fusion and trackin_g tt_astbegls for analysi_s and
[24] D. Castanon and D. Teneketzis, “Distributed estimation algo- application. From 1982 to 1986 he was an Avionics Flight Test Engineer

rithms for nonlinear systemsEEE Trans. Automat. Contr. for radar and navigation at Edwards Air Force Base, CA. His research

vol. AC-30, pp. 418-425, May 1985. interests have included detection, tracking, multisensor and data fusion,
[25] A. Alouani, “Distributed estimators for nonlinear systems,” information fusion, and system resource mangement.

IEEE Trans. Automat. Contrvol. 35, pp. 1078-1081, Sept. Mr. Liggins is a senior member of the National Symposium on Sensor

1990. and Data Fusion, and was its chairman in 1995. He is a member of Eta

[26] C. Y. Chong, S. Mori, and E. Tse, “Distributed estimation in Kappa Nu.
networks,” in Proc. 1983 Amer. Contr. ConfSan Francisco,
CA, June 1983.

[27] C. Y. Chong, S. Mori, and K. C. Chang, “Information fusion in
distributed sensor networks,” roc. 1985 Amer. Contr. Conf.

1985, pp. 830-835. Chee-Yee ChongMember, IEEE) received the

[28] —, “Adaptive distributed estimation,” irProc. 26th IEEE S.B., S.M., and Ph.D. degrees in electrical en-
Conf. Decision and ContrLos Angeles, CA, Dec. 1987, pp. gineering from the Massachusetts Institute of
2233-2238. Technology, Cambridge, MA:

[29] —___, “Distributed multitarget multisensor tracking,” in Since 1991 he has been with Booz, Allen and

Hamilton, Inc., Mountain View, CA (the firm
acquired Advanced Decision Systems (ADS),
where he had beeen working since 1980). From
1973 to 1980 he was on the faculty of the School
of Electrical Engineering, Georgia Institute of

Multitarget Multisensor Tracking: Advanced Applications.
Bar-Shalom, Ed. Norwood, MA: Artech House, 1990, pp.
247-295.

[30] Y. Bar-Shalom, “On the track-to-track correlation problem,”
IEEE Trans. Automat. Conirvol. AC-26, no. 2, pp. 571-572,

Apr. 1981. Technology, Atlanta, GA. His current research
[31] Y. Bar-Shalom and L. Campo, “The effect of the common interests include centralized and distributed tracking and fusion, resource
process noise on the two-sensor fused track covariahEgE planning and scheduling, reasoning with uncertainty, distributed decision
Trans. Aerosp. Electron. Systol. AES-22, pp. 803-805, Nov. ~ making, integration of system techniques, and artificial intelligence. He
1986. was an Associate Editor for the IEEERANSACTIONS ON AUTOMATIC
[32] Y. Bar-Shalom, T. E. Fortmann, and M. Scheffe, “Joint proba- ConTroL and published many papers and book chapters on tracking and
bilistic data association for multiple targets in clutter,”Rmoc. fusion and control theory.
1980 Conf. Inform. Sci. SystPrinceton Univ., Princeton, NJ, Dr. Chong is a member of Tau Beta Pi and Eta Kappa Nu.
1980.

[33] T. E. Fortman, Y. Bar-Shalom, and M. Scheffe, “Multi-target
tracking using joint probablistic data association,” Froc.
19th IEEE Conf. Decision ContrAlbuquerque, NM, 1980, pp.

807-812. lvan Kadar (Senior Member, IEEE) received

[34] D. B. Reid, “An algorithm for tracking multiple targetsiEEE - & the B.E.E. degree from the City College of City
Trans. Automat. Contrvol. AC-24, pp. 843-854, Dec. 1989. ! University of New York, the M.S.E.E. degree

[35] S.Mori, C. Y. Chong, E. Tse, and R. P. Wishner, “Tracking and from Columbia University, New York, and the
classifying targets without a priori identification|ZEE Trans. - - Ph.D. degree in electrical engineering from the
Automat. Contr.vol. AC-31, pp. 401-409, May 1986. - ! Polytechnic Institute of New York.

[36] K. C. Chang, C. Y. Chong, and Y. Bar-Shalom, “Joint proba- —_— In 1963, he joined Grumman Corp. (now
bilistic data association in distributed sensor networkEEE Northrop Grumman) where he is now a Prin-
Trans. Automat. Contrvol. AC-31, no. 10, pp. 889-897, Oct. cipal Scientist in the Advanced Technology and
1986. Development Center. During 1984-1985 he was

[37] T. Kurien and M. Liggins, “Report-to-track assignment in Technical Advisor to the Director of Systems
multisensor multitarget tracking,” ifProc. 27th IEEE Conf. Engineering and Advanced Technology Department at Grumman. In
Decision and Contr.Austin, TX, Dec. 1988. addition, during 1979-1981, he worked with IBM’s T. J. Watson Research

[38] S. Mori, K. A. Demetri, W. H. Barker, and R. N. Lineback, “A  Center in Systems Analysis and Algorithms of Computer Sciences. He
theoretical foundation of data fusion—General track association also served as Grumman'’s Principal Investigator and Manager for the

metric,” in Proc. 7th Joint Service Data Fusion Sympohns Rome Laboratory Pre-detection Fusion program. His research interests
Hopkins Univ., Baltimore, MD, Oct. 1994, pp. 585-594. include integration of surveillance systems technologies, multisensor data
[39] “Distributed sensor networks,” Final Rep., MIT Lincoln Lab., association and information integration/fusion, wireless communications,
Lexington, MA, Sept. 1986. distributed systems and networks, resource management, decision aid and
[40] R. T. Lacoss, “Distributed mixed sensor aircraft tracking,” situation/threat assessment systems, uncertainty models and knowledge
in Proc. Amer. Contr. Conf. Minneapolis, MN, 1987, pp. representation, automated decision making, robust knowledge-based sig-
1827-1830. nal/image processing, and pattern recognition. He has authored more than
[41] C.Y.Chong, K. C. Chang, S. Mori, and D. S. Spain, “Tracking 60 papers and edited two books.
multiple air targets with distributed acoustic sensors,Pioc. Dr. Kadar is the Industry Chair of the Technology Committee of the
Amer. Contr. Conf.Minneapolis, MN, June 1987. Automatic Target Recognizer Working Group. Since 1988 he has been
[42] J. S. Jones and M. E. Liggins, “Off-board cueing and real-time invited conference organizer and chair of SPIE’s Signal Processing, Sensor
sensor resource management for Joint STARS,Piac. 8th Fusion, and Target Recognition I-VI conferences. He received the |IEEE
Natl. Symp. on Sensor Fusiowol. 1, Mar. 1995. Region | Award, the IEEE Aerospace and Electronics Systems Society’s
[43] I. Kadar, Ed., “Optimal communications strategies with band- M. Barry Carlton Best Paper Award, and the AIAA Space Shuttle Flag
width constraints in distributed fusion,” to appear $ignal Award. He is a member of Sigma Xi.

106 PROCEEDINGS OF THE IEEE, VOL. 85, NO. 1, JANUARY 1997



Mark G. Alford (Member, IEEE) received the B.S. degree in electrical Stelios Thomopolous (Senior Member, IEEE) received the Diploma
engineering from the State University of New York, Buffalo, in 1983, in electrical and mechanical engineering from the National Technical
and the M.S. degree in electrical engineering from Syracuse University, University of Athens, Greece, in 1978, and the M.S. and Ph.D. degrees in
Syracuse, NY, in 1988. electrical engineering from the State University of New York at Buffalo,

In 1981 he joined the Intelligence and Reconnaissance Directorate in 1981 and 1983, respectively.
at Rome Laboratory, Rome, NY, as an Engineering Aide, and during In 1995 he co-founded INTELNET Inc., State College, PA, of which
1983-1986 he was with its Signal Intelligence Division. From 1986 to he is the President and CEO. He is principal designer of INTELNET's
1989 he was with General Electric's Aerospace Electronics Division, SmartBoard, Ver-i-Fus, and Fus-A-Fis systems, and real-time information
Utica, NY. In 1989, he returned to Rome Laboratory, where he has tracking software. He also co-founded Intelnet Consulting in 1984. Prior
been working in the Advanced Concepts and Analysis Branch of the to his present position, he held faculty positions at the Pennsylvania State
Surveillance Technology Division of the Surveillance and Photonics University (1989—-1996) and Southern lllinois University (1983-1989). he
Directorate. His current research interests include detection, tracking, andhas lectured short courses on data fusion in the United States and abroad.
identification of weak signal targets, multisensor multispectral fusion, He was responsible for the design, implementation, and validation of the
information fusion, systems analysis, signal processing, and artificial distributed fusion system, RobCFAR, under the Rome Lab Predetection
intelligence. Fusion Program. In late 1993 he was invited by the French CNRS as

Mr. Alford is a member of Tau Beta Pi. an international expert and adviser on data fusion to audit the French
activities on data fusion. he has published extensively in the areas of
distributed decision and estimation theory, data fusion, adaptive control,
neural networks, and data networks.

Dr. Thomopolous organized and chaired the 1993 Conference on Data

Vincent Vannicola (Member, IEEE) received the B.A. degree in physics  ¢gjon for Substance Identification and Security, in Innsbruck, Austria.

from the University of Connecticut, Storrs, and the M.S.E.E. and E.E.
degrees from Syracuse University, Syracuse, NY, in 1956, 1969, and
1973, respectively. In 1982 he received the Ph.D. degree in electrical
and computer engineering from the same university.

From 1956 to 1962 he was a product design engineer with the Light
Military Electronics Laboratory. In 1963 he joined Rome Laboratory,
where his work focused on high-power microwave components, dielectric
gases, high-resolution microwave networks, detection, adaptive radar
algorithms, optical signal processing, polarization processing, and the
modeling and estimation of random processes for frequency and phase
instability in signal sources. His current research interest is in the use of Al
methods toward enhancing signal processing in radar and communication
systems.

LIGGINS et al: DISTRIBUTED FUSION ARCHITECTURE AND ALGORITHMS FOR TARGET TRACKING 107



