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ABSTRACT

Most modern maximum likelihood multiple target tracking®ms (e.g., Multiple Hypothesis Tracking (MHT) and Nu-
merica’s Multiple Frame Assignment (MFA)) need to deterenirow to separate their input measurements into subsets
corresponding to the observations of individual targethese observation sets form the tracks of the system, and the
process of determining these sets is known as data associ&eal-time constraints frequently force the use of omgy t
maximum likelihood choice for data association (over somme twindow), although alternative data association cimwice
may have been considered in the process of choosing the ikedgt |

This paper presents a Tracker Adjunct Processing (TAPgBy#tat captures and manages the uncertainty encountered
in making data association decisions. The TAP combinestinpservation data and the data association alternatives
considered by the tracker into a dynamic Bayesian netwoND The network efficiently represents the combined
alternative tracking hypotheses. Bayesian network evid@nopagation methods are used to update the network irofigh
new evidence, which may consist of new observations, nemreitive data associations, newly received late obsengti
hypothetical connections, or other flexible queries. Thgimam likelihood tracking hypothesis can then be redetaadj
which may result in changes to the best tracking hypoth&sis.recommended changes can then be communicated back
to the associated tracking system, which can then updatadtss. In this manner, the TAP’s interpretation makes tine, fi
fixed (formerly maximum likelihood) decisions of the tracKeofter,” i.e., less absolute. The TAP can also assess (and
reassess) track purity regions by ambiguity level.

We illustrate the working of the TAP with several examplass @ particular showing the incorporation of critical dat
or infrequent data. These data ardical in the sense that they are very valuable in resolving amtguin tracking and
combat identification; thus, the motivation to use thesa dathigh even though there are complexities in applyingdtng
data may bdate because of significant network delays, while other data nedgfbequently reportedecause they come
from “specialized” sensors that provide updates only ewvaige in a while.
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1. INTRODUCTION

One requirement of modern tracking systems is that theyigeothe best overall situational awareness given the data
and the processing time available. In order to stay curtbetanalysis that can be performed must be real-time for the
computing resources present in the system. Trackers imanretd environment are under even more time pressure, where
they must coordinate with other remote trackers to mairgedingle Integrated Air Picture (SIAP).

These constraints imply that a lot of interesting, evenaait analysis cannot practically be performed by the teack
For example, newly arrived data may imply that firm decisiorale in the past (such as data association decisions) were
incorrect and should be changed. Multiple frame trackirsiesyis, such as Multiple Hypothesis Tracking (MHBxldress
this data association issue for a small number of frames. éigais Multiple Frame Assignment (MFA) tracking sysfefn
is a specific example of this type of state-of-the-art traglsystem. These systems, however, can neither reconsider n
revise any firm decisions made prior to the current windowarfrfes.
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The key innovation in our design presented herein is to ditiet responsibilities of a tracking system into those that
must always be kept up-to-date and those that involve nahtiree decisions. This organization allows us to process
certain computations outside the tracking system projitaiereas time allows or as needed by the tracking system. We
have identified this tracking system support process a$rteker Adjunct Processpor TAP.

Some examples of non-real-time tracking tasks suitablth®TAP include the following: (i) handling of critical, kat
or infrequently reported data (the focus of this effort)) feconnection of broken tracks; (iii) termination of tkacno
longer being observed by the sensor; (iv) identificatioreafundant or spurious tracks caused by not correctly agsugia
local sensor data to system tracks; (v) detection of theofimgatible” fusion of multi-sensor data to system/netwoakks

based on incongruous kinematic or feature properties.

The critical, late, or infrequently reported data issue raage as follows. The data aceitical in the sense that they
are very valuable in resolving ambiguities in tracking anthbat identification; thus, the motivation to use these data
high even though there are complexities in applying it. Sdata may béate because of significant network delays, while
other data may b&frequently reportebecause they come from “specialized” sensors that proyidates only every

once in a while. This scenario is illustrated in Figure 1.
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Figure 1. Diagram showing the arrival of late/infrequentadat a networked tracking/fusion node. Data arrive at tisalloode from
the remote airborne surveillance radar late because it harsgascan period compared to the local electronically sedrarray radar.
Data arrive very late from the satellite-based sensor tsecthey must be routed via satellite links, processed atngratations, and

then forwarded to the local node. Both remote platforms cawige critical information that can be used to resolve @datsociation and

combat ID ambiguities.

The TAP incorporates critical, late, or infrequently rejgardata by determining when (i.e., where in time) the data ar
to be added, predicting/retrodicting the ambiguous trackbat time for the best re-estimates of the tracks at tha ti
solving an association problem to assign the new data taxkgrey tracks, and finally re-estimating the ambiguousksa
newly incorporating the late data. We give some examplekisfarocess in Section 5. As appropriate, a re-estimate can
be made of the best track hypothesis. The TAP then coordimétk the associated MHT tracking system to determine if

any changes to the MHT’s track hypotheses are desired asseqoence of the new information. This may in turn result
in messages to be sent to other network peers in order to anaBAP.



The TAP has as its core component Numeridsgsyesian Network Tracking Databa@@NTD).*® The BNTD uses
analysis from the associated MHT tracker to form a Bayesiatwirké—8 representing the input observation data and the
ambiguous multiple data association hypotheses from Huokeér. It can then use Bayesian network methods to propagate
the impact of new evidence throughout the network, and tegpothe consequences of such new data or hypothesized
data to the track picture. This forms a very flexible and galsgsproach for addressing the non-real-time issues testri
above. In particular, the BNTD can reconsider, undo, and thd “firmly established” decisions of the MHT tracker in
light of critical, late/infrequently reported data. The FAan then send these recommended changes back to the MHT
tracker.

Of special importance is the BNTD’s processing of attriladéa. Although the kinematic data are of fundamental im-
portance, and late kinematic data can change the intetiorets the track picture, the information provided by kingti
data loses relevance quickly. Attribute data, howeverngkdess frequently over time and may drastically change our
interpretation of the current track picture. The detailshaf BNTD’s processing of attribute data are discussed balow
Section 3.

2. BAYESIAN ESTIMATION BASICS

Here we formulate a very general approach to state estimatfiois is designed to be suitable for the problems we desire
to address and more. Specifically, we want a method that sfforweconsidering our estimates at any time given newly
arrived input evidence from any time. This model is meangtgéneral, but may not always be appropriate as a continually
updated part of a real-time system.

A Bayesian approach to tracking and smoothing yields a fagy@f the probability calculations involved that may be
implemented in a graphical network. Ambiguous data astoomamong observations are modeled by multiple connec-
tions among observations in the network, yielding ambiguoacks. New observation data are added to the network with
connections representing possible data associationstrgdtions already in the network.

2.1 Bayesian Tracking and Smoothing

Suppose we want to consider a sequence of observatighss all associating with each other, i.e., as forming onétrac
Then we can calculate the state PRE;|21.n) for the estimated state; corresponding to the time of the observatign
by first factoring this expression into four terms. The faliog derivation uses repeated applications of the conuifio
probability definition, Bayes’ Rule, and the assumptiort tha observations are made independently of each other.

(|21, evey Ziy ooy ZN)

p(xi|21:-1, Zis Zit1:N)

(SC 21:i—15 i Zi41: N)/p(zlz 15 Ziy Zi41: N)
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p(zilz1.n) = pz

We then define the four parts of this final factoring as follows

pr(xi) = p(zi|z1:-1),
po(xi) = p(xil2i),

pr(2i) = p(zi|zi41:.v), and
po(xi) = p(w;).

Then we have:
p(xi|21:i71)p(a7i|Zi)p(xi|zi+1:N) _ pL(Ii)pC(xi)pR(xi)
plx;)? po(x;)?

p(Ii|21:N) =

The factoring of the termp(x;|2z1.v) into the left, center, right, and prior terms can be looshbught of as follows.
The state distribution at timecorresponding to some observatigrin an established track is the product of the distribution



given only the observation, the distribution of all data beforg, and the distribution of all data aftey. All of these terms
depend on some prior distributipniz; ), so to keep from counting this prior multiple times it is appriately normalized.

Under the appropriate conditioh@ linear dynamic system, with Gaussian density states andsehroughout) this
factoring can be interpreted as the Kalman Filtgy: provides the state propagatign; provides the measurement or
observation function, and the multiplication provides thmdate stepy(z is not involved in strictly forward filtering).
Under these same conditions, this factoring can be intesges the forward-backward variéfif of Kalman Smoothing,
wherepg, is the backward (retrodicted) propagation. Future work agkess the non-Gaussian case.

The prior termp is interpreted as diffuse or uninformatiteén both the filtering and smoothing cases for kinematic
state estimation. This represents what we know about treidtic state of a target before observing it: essentialliging.
This term is normalized away during the estimation process.

2.2 Tracking/Smoothing Using a Dynamic Bayesian Network

The factoring of the state estimate above gives piecesldaifar recursive computation, as reflected in the Kalman fil-
ter/smoother interpretation. The parts of this factorilsg @rovide an organization of the filtering/smoothing penivinto

a graphical network model. With the correct linear/Gausagssumptions this can be cast directly into a dynamic Bagesi
network® The multiplications of Gaussian PDFs represented by thisork are exactly the mean and covariance calcula-
tions given by the Kalman smoothing equations. Figure 2 sremwexpanded example of the dependencies represented in
this network.
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Figure 2.Markov Network produced by the factoring of the state estimde at a given time. The bold arcs in the network show
the propagation of evidence/influence on the state estiatdimet¢2. A state estimate from all the observations earlier in tifneng
the “left”) is propagated to the time2, as is an estimate from all the observations later in timangfthe “right”). These estimates are
combined with the observation at time to form the smoothed state estimate at that time. Note thaagh the dependencies appear
complicated, there are no loops in this network; all estiome¢nds in a “P” state, thereby showing that the graph is bldsn.

Even without the linear/Gaussian assumptions, this Masgkoerganization remains useful since it specifies all the
dependencies of state estimates on other input data aedestithates. This allows us to use alternative motion models
and filtering approaches, which can be chosen to suit thecapiph domain. For example, we may use an Interacting
Multiple Model (IMM) smoothet? in place of the Kalman smoother. The network structure \eithain the same, only the
underlying filters and models in use will change.

2.3 Modeling Ambiguous Data Association

Thus far we have only considered tracking/smoothing fonglsiobservation sequence. The Bayesian network approach
allows for a natural method of modeling ambiguous data @s8on, by keeping ambiguous connections among observa-
tion nodes in the network graph.

While the branching of possible alternative data assarigiaths is a common technique in MHT systems, the BNTD
takes this a step further to model also the convergence afleslternatives where the observation sequence noionge
differs, i.e., is no longer ambiguous. This convergenceaibsestimates corresponds to an addition of PDFs, weiddyted
the relative strength of the data association connectiomdved.



In order to determine the relative strength of the data assor connections, we begin by finding tkebest local
data association hypotheses among the frames involvedthBowe use the input data association problems from the
associated tracker. Thebest hypotheses are found using Murty's method: Thek-best hypotheses are then “averaged”
by building a graph that is a combination of all théest hypotheses, where the weight on an arc of the grapke sutim
of the probabilities of the hypotheses to which it belondse Taveraging” process is illustrated in Figure 3. The deti
this process are given in a previous report.
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Figure 3.Calculation of the averaged data association hypothesis @AH). The k-best analysis of a data association problem yields
two hypotheses. These two data association hypothesesgith p(a:1) = 0.7 in (1) andaz with p(a2) = 0.3 in (2), are “averaged” to
form the ADAH graph in (3). Note that the “sum” of the hypothesorms a new, averaged data association hypothesis gittphliv
the connections of the original hypotheses. The averagiogegs gives a weight to all connections of the original iygses. (Th@
weight connections are eliminated from the graph reprasient The observations, b, andc are at some timeé;, and the observations

d, e, and f are at a later timeé>. The arrows of the graphs indicate time going forward.) Tagdssociations show path convergences
at observations and f.

Figure 3 also shows the convergence of possible altermditeeassociation paths. The predicted state estimatessat th
times are formed using a weighted sum of the PDFs from thegumbis sources, in effect saying the predicted state comes
from an “or” of the possible contributing states. This sunP@fFs is formed using Gaussian moment matcHirig, the
same manner as the mixing of PDFs in IMMs, weighted by the alsgaciation connection weights calculated previously.

2.4 Incorporating Late Kinematic Data

Normally the BNTD receives observation data from the asdeditracking system in roughly sequential order with occa-
sional out-of-sequence-measurements (OOSMs). Theseseqmone interspersed with initial, ambiguous, possibka da
associations among the recently received observationgdda that arrive outside of the tracking system’s windogre¢h
are no data associations available. It is for this case igaBNTD requires extended functionality in order to inskeste
data into the network with the appropriate possible datacasgons.

Data are sent to the BNTD in the form of Associated MeasuréiReports (AMRs). Typically these will include an
association of an observation to a specific track ID. If thithe case, the data associations for this observationraads!
determined; they are the observations in that track ID. Téve observation is placed into the network and connected in
chronological sequence to that track’s observations.

However, the AMR may be of the form that does not give a tracgloagtion to the observation. Moreover, we may
want to reevaluate the track association as determinedebsesit of the system. Accordingly, potential data assauiati
must be determined for associating the new data with théiegidata of the network.

Incoming frames of late data cannot be expected to fit neatitythe existing sequence of frames already received. For
example, late data frames may extend in time through sewéthé existing data frames. In this case, the context of plus
or minus two frames (for example) may not be enough for a dsgacation analysis for the late data frame, and such a
fixed length frame context is seen to be inappropriate in ggne



Although we do not know which frames are before and after &lte dlata, or even if the frames can be arranged se-
quentially, we do know which arcs of the network cross thesrof the late data observations. These arcs are existiag dat
associations among observations of the network and arep@che ambiguous tracks of the BNTD. These ambiguous
tracks are what we want to attempt to associate with the lati@ drhus, an assignment problem is setup between these
tracks and the late data observations. Figure 4 shows tivegs@f adding late kinematic data to the network.

Figure 4.Adding Late Kinematic Data to the Network. Here the existing network ha3; connecting taOs andOs to O4. Then the
new, late kinematic observati@n, arrives and needs to be incorporated into the network. Aakgaciation problem is built to consider
the possible associations of the néy with the existing (ambiguous) tracké),, is at a time corresponding to the vertical dotted line,
and thus could potentially be part of any of the two connastithis line is shown to intersect. The data associationlpnolbhen has
(01,0, 03), (02,0,04) (the existing connections), arid:, O,,, O3), (O2, O,, O4), the new potential connections.

The tracks chosen here may overlap in a way that complicheeagsignment problem. In particular, some of these
arcs may have the same starting observation (or ending\aigar, but not both). We setup the assignment problem to
solve this arbitration among arc starts and ends by usinges-timensional assignment problem. The first and third
dimension are the start and end observations of the caredided, and the middle dimension is composed of the late data.
The assignment problem starts by including the track artsma association to the late data. Then the late data areladde
by forming potential associations with the track arcs whose in which they are contained. The costs of these existing
and potential associations are computed from the new oltseng and the state estimations of the network.

As described so far, the arcs of the assignment problemaleeéifor the late data are of the fofi j, k), wherei and
k select the observations at the beginning and ending of tisérextrack arc of the network, andselects the observation
of the late data frame. The assignment problem also incl(idesk), representing where the late data frame is skipped.

The costs for the assignment problem are determined byqtireglithe existing tracks to the time of the new obser-
vation and calculating the observation to track assignroesit Thek-best hypotheses are retrieved from the assignment
problem’s solutions, and an “average” solution is formedcsAin this solution with a low enough césire added to the
network. Arcs with too high a cost are not added.

Two more details should be mentioned about how this assighpreblem is built. Virtual observations (not corre-
sponding to real data) are kept in the network at times peséihd negative infinity to provide network connectivity to
the start and end of tracks. In the network, the beginningtodiek is represented by an arc from the virtual observation
at the time of negative infinity to the first observation of treck. Similarly, the end of a track is represented by an arc
from the last observation of the track to the virtual obstovaat the time of positive infinity. These (infinite) arcs yna
be among those that cross the time of the late data obsersatighen inserted into the assignment problem, these Virtua
observations should allow multiple associations; thusy thre given the zero index in the assignment problem. Newly
arrived late data may then be associated with a track priits tmrrent beginning or after its current end.

Finally, we would like the assignment problem to allow foe thossibility of late data connecting currently broken
tracks. This is modeled by adding arcs to the assignmenterobf the form(i, j, k) whenever arcs of the fortfi, 4, 0)
and(0, j, k) have already been added; that is, whenever the late dat@saciae with both the end of some track and the
beginning of another.

*Costs in our formulation are negative log-likelihoods,glsmaller values are “better.”



Thus, the incorporation of late data into the network is @fightly more complicated than the normal process of adding
new data. The late data may require the BNTD to produce amvé sotlata association problem, something it normally
receives from the associated tracker. Once added to th@retiie network is updated by propagating the consequences
of the new evidence throughout. We note that this insertidate data right when/where it belongs is exactly what most
out of sequence measurement (OOSM) technitiusire attempting to approximate.

2.5 Updating the Associated Tracking System

If the BNTD has discovered anything interesting or imporfaom its analysis of the data, it needs to communicate this
back to the associated tracking system. This process isrgatished in two steps.

First, the BNTD must determine if it has any changes to thektray picture. It does this by finding its best tracking
hypothesis from the network. An MHT-like algorithm sweepsough the network to find this best hypothesis. This
algorithm is smaller and faster than the typical MHT, sirtogoies not have to generate possible data associations among
the input observations; it can read these from the Bayesmank.

Then, the BNTD compares its best hypothesis with that ofréeker. If there are significant differences, a “perturdati
message” is prepared to send this information to the tradikes message is prepared so as to require the fewest changes
to the tracker’s track picture to bring it into agreementwiite best hypothesis of the BNTD.

3. INCORPORATING ATTRIBUTE DATA

We follow here the distinction between feature and attgligta made by Drummortdwhere attributes refer to discrete
space characteristics of a target, as opposed to featuinéd) vefer to continuous characteristics. An attributeshsas a
target classification or ID, is what one would expect fromeexted external analysis producing critical, late data.

The modeling of attribute data in the TAP/BNTD follows clbsthe methods for kinematic data above. A Bayesian
approach to attribute state estimation is used, and thigsieégs combined with the kinematic estimation in the natwo
The propagation of attribute evidence may then be appliggeatly reduce the ambiguity of the network.

3.1 Bayesian Attribute State Estimation

Following our earlier analysis, only this time estimatingliacrete attribute state from a sequence of associated inpu
observations or measurements, and using our previousoroted have:

p(m|z _ ) _ p(Ii|lei71)p(Ii|Zi)p(50i|zi+1:N) _ pL(Ii)pC(Ii)pR(%)
R p(:)2 po(x )z

Now we analyze these separate terms in more detail spectfie @ttribute state estimation problem.

3.1.1 The Prior Term Py(x;)

Although we argued that the kinematic prior was uninformetind therefore ignorable, for attributes this is not tsijtjc
true. For example, an attribute classifying targets intenfi, foe, and neutral, would have prior expectations lyighl
dependent on the location of the sensor. We should expeghehproportion of friends over Kansas than we would in an
active war zone. Thus, we specify the prior for any attribwte want to model as an adjustable, scenario-dependentinpu
parameter. Finally, we also assume that the prior is cohiiathe entire scenario, i.epg(z;) = po(x) for all 7.

3.1.2 The Central Term Po(x;)

The central ternpe(x;) = p(a;|2;) describes the characteristics of the measurement prondssiay be rewritten as
%. The termp(z;|z;) captures the sensor’s abilities and should be an input peteaifor the sensor in use. The

p(z;) term is the prior, which may cancel out in the expressiorpfaf;|21.n) above. Thep(z;) term is calculated using
the law of total probability:

N
p(2i) = ZP(Zi|$i)P(CUi)-
i=1

This is generally easy to compute in the (discrete) attellmase. Conceptually, théz;) term provides a suitable weighting
for the measurement probabiliyz;|z;).



3.1.3 The Left and Right Terms, Py, (x;) and Pg(z;)

We begin by considering the left term, knowing that the riggnin will be symmetric. The attributes we choose to model
generally do not change over time; friends stay friends atadgget’s ID stays the same. From this we can conclude that:

pr(w:)

p(wil21:-1)

p(zi-1|z1:-1)
p(wi1]|zic1)p(wi1]|210-2)/p(@i-1)
pc(@i-1)pr(zi-1)/po(zi-1).

This recursion starts with the prior, so that(xzq) = po(z).

If the network has multiple paths intg, showing track ambiguity, then the seversal x; ) terms from different previous
paths must be weighted and summed to form the totét;). The weights are determined from the average data assuriati
hypothesis given in Section 2.3. Note that these weighteesemt the existing, previously computed ambiguous data
association probabilities (typically beginning with kmatic only data).

3.1.4 Putting it all together
By way of summary, if we were to put together all of the prew@nalysis for a sequenee y of N singly associated
observations of some attribute, we get the product foriamy{1, ..., N}:
p(ziley)  p(zilw)  plen|own)
p(z1) p(zi) p(zn)

p(xi|z1:n) = po(z)

We note that although this is similar to the kinematic foratioin, what is represented is very different; the probspbili
distributions are all discrete, and the priors all play agigant part.

3.2 Incorporating Attribute Data in the Network

In order to know where the attribute data belong in the nédtwibris expected that attribute measurements will arrive
along with corresponding kinematic measurements froménsar. For example, an IFF sensor will typically return both
kinematic data and several IFF codes indicating the ideatitl class(es) of the aircraft. With the kinematic data we ca
determine where to put the new observation into the netwaskyas done with the late kinematic data. This is only
necessary if the observation is not already associatedr&xlalhy the tracker when sent to the TAP.

The attribute state estimation/smoothing steps take pllace with the standard kinematic state estimation/sningth
The kinematic and attribute update calculations are keytrsge; at this stage they have no influence on each othepexc
that the attribute calculations use the existing data dessoe probabilities, which may be kinematic-only basedlifthe
attribute data are late. We show how everything is put tageththe next Section.

4. UPDATING THE NETWORK DATA ASSOCIATION PROBABILITIES

Updating the full network includes updating all the estieshstates, kinematic and attribute, as well as updatingate d
association probabilities that provide the relative sitbrof the ambiguous tracks of the network. All the statesrare
estimated using the forward-backward smoothing techigeigresented by the factored probability estimates assisd
in Section 3 for attributes and in the Section 2 for kinemedilties. This smoothing relies on the existing data assoniat
probabilities; the next step is to update these associatioipabilities based on the updated kinematic and attristates.

We note that this step implicitly puts loops into our Bayesietwork. Such loops destroy the simple convergence
properties of the Markov network, and several methods haen ldevised to address this situattoh® We prefer to
perform the updates of the states and data associatiointikels as separate steps of a version of the EM algoritht:

(i) calculate the expected value of the data associatiobgtritities, and (i) maximize the likelihood of the state PD
parameters. The initial results of step (i) come from th@eissed tracker’s input to the TAP. The update of the Bayesia
network previously described forms step (ii). Subsequedates of step (i) are accomplished as described below.

Starting likelihoods for data association can be deterthinem the updated states. For the kinematic states, this
likelihood is the usual data association likelihn8gdasically, an estimate that the state means are the sanmepadicted



to the same time, using a Gaussian distribution formed fl@nwo same time state covariances). A match seqié, B)
for the attribute stated = p4(z;) andB = pp(z;) of the attributex; fori € {1,..., N} is:

N
m(A, B) = ZpA(xi)pB(gci).

The kinematic and attribute data association likelihocats/keen two states are then multiplied for use as the dataiasso
tion likelihood of the connection between these statess@ tikelihoods are used in an update pass through the data wit
the MHT-like algorithm of Section 2.5, only now we keep ane tise multiple hypotheses that are found. These multiple
hypotheses are treated like thébest results of other data association problems. We derilreidual track probabilities

by summing the probabilities of the hypotheses that corttanhtrack. Then the connections in the network are updated
with the probabilities of the tracks to which they belong.

5. EXAMPLES

In this section we show several simple examples highligjttie application of typically late attribute data to theolesion

of tracking picture ambiguity. These show how the TAP refitiesunderstanding of the track picture, reinterpreting or
possibly changing the firm decisions of the associated ingckystem. We also show the output of the TAP for a more
complex, realistic simulated scenario.

5.1 Simple Crossing Scenario

We start with a simple example of two targets. They approach ether and may or may not cross with equal likelihood.
The targets’ identities are known prior to the potentialssing from timely attribute data. Figure 5 shows the scenari
prior to the arrival of late data. On the right side, the csloirthe targets are unknown, since the targets may havehsaslitc
positions with each other. The attribute data determinedhi® right side shows this indeterminacy; the probabdifier

red and blue are equal for both targets.
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o 0 Tblue': 0.
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Figure 5.Simple Crossing ScenarioTwo targets, identified as “red” and “blue” in the earlieff{Jgortion of the scenario, travel close
enough to each other to yield an ambiguous crossing. Cigssinot crossing is equally likely in this case. Neither &digidentity is
known after the potential crossing. The highlighted obagons show where the original attribute data were observed

Late data then arrive and report that the upper target wak’“Tdnere are known to be only two targets in the system,
one of which is red; thus, the other must be blue. Furtherptbestargets did not switch, because that would result in a
change of colors. This resolves the ambiguity of the entiemario; there is no potential crossing ambiguity remajiin
Figure 6.

{'recl!l.o} {'red!l.o} {'red!l.o} {'recl!l.o}

{'blue‘: 1.0} {'blue.: 1.0} {'blug 1.0} {'blue‘: 1.0}

Figure 6.Simple Crossing Resolvedln the same scenario as in Figure 5, the targets’ identiteeaaw resolved after late data reported
that the upper target was “red.” The highlighted observatin the right shows where the late attribute information egslied. The
thin crossing connections now show that the likelihood obsing is negligible.



5.2 S-Shaped Ambiguous Scenario with Resolution

In the next scenario, three targets arrive from the left ailmckaown to be targets “A,” “B,” and “C.” B and C approach
and possibly cross. Then the now unknown middle target amwes A and possibly crosses. Crossing or not crossing is
equally likely in both potential crossing cases. This leathe three targets’ identities unknown at the end of theatgn
asin Figure 7.

Late data arrive and report that the middle target at the étttbcscenario is target B. This information is propagated
throughout the scenario, resolving all the ambiguity. Bhisronly one of each target in the scenario, and the targets’
identities are constant; thus, an observation of target Bmméhat neither of the other tracks at that time can be target
B. This resolves the B/C ambiguous track to C, which in tusohees the final track to target A. The result is three fully
identified, non-interacting tracks. (This would be threeizuntal straight lines, A on top, B in the middle, and C on the
bottom, not shown.)

(‘A‘:!.D} ('A':!.D} [‘A‘!,O} ('A':!,E)} (w!_o} N 6T 825, B: 0.25}L A" 0.5, 'Ct Ezs,‘a‘:o,zs}
— —o- o ——l T o AT TC05.8:05]  {A:05.C. 025, 5 0 non e oo

{C: 05,8 0.5] — O=

{’C:0.5,7'8: 0.5} {'C: 0.5,

B 0.5} {'C:0.5,78: 0.5} {'C:0.5.78: 0.5} {'C:0.5.7B" 0.5}

{ct !.U}

Figure 7.“S” Scenario. Three targets travel from left to right. Their identitie® dmown at the beginning, as “A,” “B,” and “C.”
These attribute data were observed together with the lgigield observations in the earlier (left) part of the scendrhe middle target
possibly crosses with one of the outer targets. Then theammkmmiddle target possibly crosses with the other outeeta@rossing or
not crossing is equally likely in both potential crossinges In this manner the interior target forms an “S” shapedecul he target
identities are unknown at the end of the scenario, as seen lhate data indicating that the middle target is “B” resailtdhe ambiguity

of the scenario; there are no crossings, the top target iseAmiddle is B, and the bottom is C.

5.3 Complex Multiple Sensor, Multiple Target Scenario

Here we show a more complex scenario, simulated within dsteamultitarget multisensor simulator. The scenario
contains many sensors (six) observing many targets (aboty) f The sensors are of various types, and the targets are
of several different motion types. Slow and fast movers actuded, as well as targets that are considered friendly and
hostile. Figure 8 shows output from the TAP displayed witlo@le Earth for this scenario.

The challenge here comes from the closely spaced targetse @rgets yield ambiguous data associations that the
tracker has sent to the TAP/BNTD. The result of TAP/BNTD mssing (in Figure 8) shows the smoothed tracks and the
resolution of all the input ambiguous associations.

This scenario shows that the TAP is capable of working witkéaof much greater complexity than simple toy prob-
lems. We have gone beyond the more theoretical examplesotib8g 5.1 and 5.2, to show the ability of the TAP to
analyze real problems.



Figure 8.Complex Multiple Sensor, Multiple Target Scenario. Here we demonstrate TAP output from a complex, realistiaiited
scenario, involving multiple sensor types and multiplgéamotion types. The dark ovals represent observations. sfitraller light
ovals are the track states. The connections show the rsohftthe input ambiguous track associations.

6. SUMMARY AND CONCLUSIONS

We have shown how the TAP concept can be used to off-load it@pippossibly critical, time consuming analysis tasks
from a tracker, so that the tracker can concentrate on thentirgealtime tasks it must perform. We have also highlighte
the functionality of the BNTD, a system designed for usingadety of evidence to update the total tracking picture. In
particular, we have shown the BNTD'’s capabilities in upalgithe tracking picture using late data that may contaiicatit
attribute information.

We have shown by example how the application of critical déa can resolve the ambiguity of entire scenarios.
Other examples have shown how the propagation of attribata can reveal the ambiguity remaining in the tracking
picture which is also important to know. We conclude that T&é provides a useful way to incorporate a variety of
evidence from late data and other sources. This gives thralbtracking system a chance to reconsider its firm decssion
in light of new evidence.
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