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ABSTRACT

An algorithm is derived for signature-aided tracking which uses features (e.g. high-range resolution radar
(HRRR) profiles), or functions of features, in addition to kinematic measurements to associate measurements
to known tracks, clutter or new tracks. The approach taken here is to derive the probability of the measurement-
to-track association hypotheses which incorporates the likelihood of features as well as the traditional approach
of using the kinematic measurement likelihood. It is assumed that the probability density function (PDF) of
the features (or some function of the features) is available from a library. The approach to probabilistically
characterizing the PDF of the profiles relies on the availability of a class-specific library for each target type.
The class-specific library of PDF's characterizes the profiles conditioned on the target class from which the profile
originated and the aspect at which the profile was obtained. The algorithm is evaluated using the SLAMEM ™
simulation.
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1. INTRODUCTION

In the kinematic approach to the data association problem, an estimate of the target’s state (kinematic values
such as position, velocity, etc.), is utilized to predict the value of the next radar measurement of that target.
Given a set of measurements from the radar, the measurements are assigned (associated) to the various tracks
considering the likelihood that each measurement could have originated from each track. The likelihood is
typically a kinematic measurement likelihood, meaning that the elements of the measurement vector are related
to the target motion or position parameters and are independent of the shape of the target itself. Thus, the target
is treated as a point target for the simple reason that traditional low-range resolution radar returns depend
solely on the kinematic parameters of the target. With the advent of high-range resolution radar, “shape”
information in addition to kinematic information on the target can be extracted from the measurements.

In many tracking scenarios, this newly available shape information, which we shall refer to as a signature
or feature vector, is used to classify the target (i.e., identify (ID) the target). In this paper we propose a data
association algorithm which utilizes the target signature in addition to the kinematic measurements to aid the
association of measurements to tracks. The approach taken here parallels that of multi-hypothesis approaches
(such as the N-scan algorithm,! the probabilistic data association (PDA) algorithm? or Joint probabilistic data
association (JPDA) algorithm?®) in the sense that hypotheses are formed assigning measurements to tracks.
Then, the probability that each hypothesis is correct is calculated. The inclusion of a signature or feature
likelihood in the hypothesis probability calculation is what marks the difference between the current approach
and the traditional approaches. Depending on the various target types present, utilization of target signatures
should significantly improve data association performance over traditional data association methods.

Implementing the SAT algorithm requires that a likelihood function of the features or signature be available.
The derivation in subsequent sections is general enough to accommodate a likelihood function of the signature
itself, a likelihood of features extracted from the signature,® or the likelihood of a function of the signature
(i.e., a data statistic).
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2. NOTATION

Before developing the SAT algorithm, we define some of the notation used and information required to implement
the algorithm. The following information is assumed to be available before updating the tracks at time &.

o A set of known tracks:
T:{t17t27t37"'7tN} (]-)

As we will assign measurements to known tracks, clutter or new tracks, we shall need a designation for
clutter and new tracks in addition to the set of known tracks. Let ¢y represent a generic track to which
measurements assumed to originate from either new tracks or clutter (also referred to as false alarms or
spurious measurements) are assigned.

e A set of state estimates, X *, and error covariance matrices, X, for each known track
{il(k - 1|k - 1)7Ez1(k - llk - 1): s ;ch(k - 1|k - 1)JE$N(k - 1|k - 1)} (2)
where
%i(k — 1|k — 1) = B{x;(k — 1)|2"* '} 3)

and Z*~! represents the measurement history given by
ZF1 = {z(1),2(2),...,2(k — 1)} (4)
e For each track there is a vector of class probabilities
Py(k—1) = [P (wi]€*1) -+ Py (wrle® )T (5)

where Py, (w;|E¥~1) represents the probability that track ¢; belongs to an object from class w; given all the
evidence up through time k& — 1. The evidence for our purposes will generally be the feature information
although any information yielding clues about the identity of the tracks can be considered evidence.

e A new set of measurements consisting of both kinematic and feature information denoted

z(k) = {z1(k),z2(k),...,zm(k)} (6)
= {YI(k)aSl(k)aY2(k)aS2(k):"'aYM(k):SM(k)}J

where y]-(k) represents the j* kinematic measurement and s;(k) represents the corresponding feature
measurement.

3. MEASUREMENT-TO-TRACK ASSOCATION ALGORITHM

Before deriving the association hypothesis probabilities, we first outline the basic steps of the SAT
(signature-aided tracking) algorithm.

1. First, x;(k — 1|k — 1) and ¥,,(k — 1]k — 1) for each track are utilized to implement a gating process
resulting in a list, for each track, of measurements which may be associated with a particular track.
Additionally, the feature likelihoods for associating the various detections to tracks is utilized as a
gating metric. Note that a measurement may be associated with a known track, clutter or a new
track. The result of this step is a wvalidation matrix € whose M columns represent measurements
and whose N + 1 rows represent tracks to which measurements may be associated. The elements of
Q are determined by

(7)

Q. = 1 z;(k) may have originated from ¢;
1 0 z;(k) low probability of originating from ¢;

*in the sequel, boldface letters such as x represent vectors



2. Based on the results of gating, form all possible measurement assocation hypotheses denoted Ay (k)
for h = 1,2,3,...,H. An association hypothesis takes the set of measurements and decides the
number which result from clutter or new tracks, ny, and the number which result from known
tracks, np. After hypothesizing the values of ny and np, the actual mapping of measurements
to tracks is made. This mapping can be summarized by a vector of length M (the number of
measurements) whose elements contain the index of the track to which the measurement is assigned.
An example is presented below to aid the understanding of this process. Assume that a set of 5
validated measurements is received, {z1(k),z2(k),z3(k),z4(k),z5(k)}, and that we have 3 known
tracks. One possible hypothesis is to decide that of the 5 measurements, 2 belong to known tracks
(i.e., np = 2) and 3 belong to either new tracks or are spurious (i.e., ny = 3). Now that the number
of clutter points, new tracks and detected tracks is chosen, a choice of which of the 5 measurements
originate from clutter, which originate from new tracks and, finally, which measurements originate
from which targets. The array [2 0 0 3 0] is one possible assignment given np and ny and indicates
that z;(k) is associated with known track t, z2(k), z3(k) and zs(k) are all associated with the
generic track to, and z4(k) is associated with known track ¢3. Note that for this assignment, track ¢;
is assumed undetected.

3. For each assocation hypothesis, A (k), calculate the probability P(Ap(k)|Z*) for h=1,2,...,H.

4. Calculate the probabilities of associating specific measurements with tracks as follows. Let 8, ; =
{Measurement j originated from track t;} where to represents clutter or new tracks, and t1,t2,...,tN
represent known tracks. Find P(6;, ;|Z¥) by summing the probabilities of all hypotheses in which
measurement j is associated with track ¢;. These calculated probabilities could be put into a matrix
which is subsequently processed by a 2-D assignment algorithm® yielding a hard decision on how to
associate the measurements to tracks. Alternatively, the hypothesis with the maximum probability
of being correct may be chosen to update the track estimates.

4. DETERMINING THE HYPOTHESIS PROBABILITIES

We now derive expressions for determining the various hypothesis probabilities. The derivation here parallels
that used in multihypothesis tracking save for the inclusion of feature measurements. We begin by separating
the measurements z(k) into the kinematic and feature parts.

P(Au(k)|Z%) = P(An(K)IS*, V") (8)
Is(k), y(k), S* 1, Y5 )
Py (k),s(k)[An(k), Y*~1, S*=1) P(An (k)Y * 1, SF71)

p(y(k),s(k )|Y’c LS ’

where h = 1,2,..., H. Note that the denominator in (8) is merely a normalizing factor which is independent of
the particular hypothes1s. Thus, we simplify (8) to

P(An(k)|Z*) = Bp(y (k),s(k)[An(k), YE1, SE=H P(An(K)), 9)

where we have eliminated the conditioning of Ay (k) on Y*~1 and S¥~! since without conditioning on the current
measurement as well, the truth of A,(k) is unaffected by Y*~1 or S¥~1. Next (9) is manipulated into

P(An(k)|Z*) = Bp(s(k)|y (), An(k), Y, S* Np(y (k)| An(K), Y571, S¥=1) P(AR(K)). (10)

At this point a discussion of the factors influencing the densities of both the profiles, s(k) and kinematic
measurements, y(k), is necessary. The density of a kinematic measurement is typically assumed to be Gaussian
distributed with a mean and covariance determined by the Kalman filter estimates of the track with which that
measurement is associated. Thus, the density of y(k) depends on A (k), which associates y(k) to a track. The
density also depends on the history of kinematic measurements, Y*~! which yields an estimate of the target
dynamics. Without incorporating the orientation of the target into the dynamic state and using the profiles



to estimate it, the history of feature measurements, S¥~1 has no influence on the density of y(k). A feature
measurement is a function of the target type and aspect angle with which the radar illuminates the target. The
aspect angle, in turn, is a function of the relative position of the target and radar, which is known, and the
orientation of the target which must be estimated from the kinematics. Thus, the density of s(k) depends on all
kinematic measurements, Y* a hypothesis, Aj(k), which associates the feature with a specific track and, finally,
depends on S*~! which influences the target type as quantified by the vector of class probabilities, P;(k — 1).

Before continuing with the derivation of the different densities in (10), a comment on an alternative appli-
cation of conditional probability to (9) is in order. We could have applied the rules of conditional probability
to (9) to yield

P(An(K)|Z*) = Bp(y (K)|s(k), An(R), Y71, S H)p(s(k)[An(k), Y1, S* 1) P(AR(K)). (11)

While this is a perfectly valid application of conditional probability rules, the resulting densities are less suitable
for our purposes. The density p(s(k)|Ax(k),Y*~1, S*¥~1) lacks conditioning on the most recent kinematic mea-
surement. Thus, the orientation estimate at the current time (k) (necessary to look up the feature PDF in the
library) must be estimated from past data unlike the feature density in (10) which includes conditioning on the
most recent measurement. The density p(y(k)|s(k),Y*~1,S%~1 A, (k)) poses other difficulties. Note that it is
conditioned on the current feature measurement s(k). While s(k) contains information about the orientation of
the target, which in turn affects the density of the kinematic measurement, accessing this information requires
a search over a library of profiles indexed by target type and orientation with respect to the radar. Clearly, this
process is not amenable to real-time applications.

While the kinematic and feature measurements have been discussed without reference to the specific type of
measurement (e.g., synthetic aperture radar (SAR) profile or high-range resolution radar (HRRR) profile), the
particulars associated with the various measurement types will be addressed as needed. We now continue with
our derivation of the hypothesis probabilities by determining the individual probabilities and densities in (10).

4.1. Kinematic Measurement Density, p(y(k)|Ay(k), Y+ 1)

First note that y(k) = {y,(k),y2(k),...,ya(k)} is the set of all current kinematic measurements. Condi-
tioning the density on a specific track-to-measurement association, we shall assume that the measurements are
independent. The density of y(k) is then written

p(y(R)|An(k), Y* 1) = T] oy (R)IY* T, An(k)). (12)

j=1

The form of the individual densities in (12) depends on whether the measurement is associated with a known
track, clutter or unknown track and also depends on the type of measurement received. For a measurement
associated with an ground moving target indicator high-range resolution (HRRGMTT) radar, we assume that the
kinematic part consists of a range, range rate and bearing measurement (i.e., [R R 6]7), and that the signature
part consists of an HRR profile. For a measurement associated with a SAR image, however, the kinematic part
consists of position in Cartesian coordinates (i.e., [z y 2]). Given a SAR image, we assume that the following
processing steps take place

1. The 3-D position of an object detected in the image is extracted (local terrain maps are available).
2. The relative orientation of the object in the image is estimated.

3. A profile of the object in the image is extracted.



4.1.1. y;(k) originates from a known track ¢; for 1 <i < N

In this case the measurement is assumed to be Gaussian distributed about the predicted measurement, Srj(k|k —
1) = E{y;(k)|An(k), Y*~1}, with a covariance matrix, 3y, (k|k — 1). However, it is not a true Gaussian but a
truncated Gaussian since the measurements were first validated by a gate. Accordingly, the density must be
scaled by the probability that the measurement “falls” within the gate of some track (denoted Pg)

1 1

(k)T ! — Dy, 5
o) 115y, (k= 1 T2 g s B2 (Rl = Dy (R)), - (19)

p(;(R)[YEH, Ap(k)) =

where y;(k) € R? and vy, ;(k) = y;(k) — ¥, (k|k = 1).

The evaluation of Pg is based on the type of validation used. While we often speak of the gating as spatial
(i.e. depends on position in R?), it is really a gate on the measurement space of which y;(k) is an element. The
measurement space may include velocities as well as positions in R%. For example, the measurement vector for
a GMTI radar is y = [R R 0] where R is the range to the target, 6 is the bearing to the target and R is the
range rate (i.e., radial velocity) of target. Thus, P may be calculated using

Po= [+ [ oy, 0V M)y, () (14)
Ve

where V¢ is the region of the gate.

4.1.2. y,(k) originates from clutter or a new track (track tp)

The standard assumption is that clutter, or a measurement from a new track, is likely to appear anywhere,
equally likely, within the validation gate. Thus, we say it is spatially distributed uniformly. Denoting the volume
of the validation region as Vi, the PDF of a measurement originating from clutter is given by

1

p(y;(B)Y* ™, Ap(k)) = v

(15)
Again, the term “volume” may mislead us into thinking that the validation region is a subset of 3-dimensional
space. The validation region is simply a subset of the measurement space which, again, may contain velocity
as an element of the space in addition to any physical region (2-dimensional in the case of ground targets,
3-dimensional in the case of airborne objects or 1-dimensional in the case of road-clamped ground targets).

4.2. Class-Dependent Feature Measurement Density

In the class-dependent approach to determining the feature likelihood, the PDF of the feature (or a statistic
derived from it) is conditioned on the specific class type from which the feature is assumed to have originated,
and the aspect from which the target was illuminated by the radar. Given a class type and aspect, then, the
appropriate PDF is accessed from a library of PDFs.

As in the case of kinematic measurements, s(k) = {s1(k),s2(k),...,sp(k)} is a set of feature measurements
which are assumed independent when conditioned on a specific hypothesis, Ay (k). Thus,

p(s(k)|An(k), S*71 V) = Hp(Sj(k)lAh(k);Sk_l,Y'“)- (16)

Again, just as in the case of kinematic measurements, a feature measurement may be assigned to one of the N
known tracks, or associated with track tq if it is assumed to have originated from a new track or simply be a
spurious measurement. Before continuing, note that in the derivation that follows, the PDF of the feature vector
is sought. However, we may map the feature vector into a statistic for which we have a PDF. An example would
be the “electronic length” of an object which can be derived from the profile. Suppose that &;(k) = g(s;(k)) is



a statistic derived from the feature measurement. Alternatively, then, the likelihood for the vector of statistics,

§(k), given by
M

pE(R)|AR(K), S* 1, Y*) = [] p(& (k)| AR (K), S*=1,YH), (17)

i=1

is used in place of the likelihood of features in (16). It is likely that &(k) is mot a sufficient statistic since
information is generally lost in computing attributes like the electronic length. This loss of information must
be accepted when the PDF's of the feature vectors themselves are not available.

4.2.1. s;(k) originates from a known track ¢; for 1 <i < N

We now derive the PDF of a feature vector which is associated with a known track t;. Assuming that the set
of object classes is mutually exclusive and exhaustive (i.e. that a target must belong to (only) one of the L
classes), we can write, using the total probability law,

p(s; (k) An(R), Y, 8% = 3 p(sj(k),ti € wilAn(k), Y*, 551 (18)

L
> p(sj(k)|ti € wi, An(k),Y*, S* ) P(t; € wilAn(k), YV, S¥7),
=1

where we have assumed that Ap (k) associates s;(k) with track ¢;. By summing over the target classes, we have
conditioned the feature density on the target type, which is one of the variables upon which the density directly
depends. The other variable affecting the density is the aspect with which the radar “views” the target. Since
the database of signature PDFs is assumed to be accessed by class type and aspect angle, we must further
manipulate (18). Denote the aspect, which is specified by an elevation and an azimuth, of target t; as v, (k).
Conditioning on the aspect angle leads to the following expression

p(s; (k)| An(k), Y*,551) =

L
3 { [+ [ il € wr, u(6) 5, (w008, (B AR, Y, S, (k)} P(t; € w|SFY) (19)
=1

Note that P(t; € wi|S*¥~1) 1 = 1,2,..., L are simply the prior class probabilities for track #;. The feature
likelihood conditioned on class type and aspect angle, p(s;(k)|t; € wi, An(k), 9y, (K)), is assumed available from
a library of signature/feature PDFs. The remaining term, p(v,, (k)|Ax(k),Y*, S*71), is the PDF of the aspect
angle(s) given the track measurement history (including the current kinematic measurement) from which the
signature is assumed to have originated. The aspect angle can be estimated from knowledge of the track state,
but there is uncertainty in the track state estimate as well as the assumed knowledge of the sensor platform’s
position and orientation. This uncertainty must be reflected in the PDF. Due to the number of different
possible errors (sensor position and orientation errors, road network errors, etc.), only an approximation of
p(¥,, (k)|An(k),Y*,S*¥71) is possible. For example, a gaussian PDF centered about an estimate of %,, could
be used in (19). The estimate of 4, can be derived from a combination of the track estimate and an estimate
arrived at through road clamping.

4.2.2. s;(k) originates from a new track or clutter

A received measurement (kinematic and feature) may originate from clutter (i.e., false alarm) or from a previ-
ously unknown target. It is assumed that processing of the radar returns eliminates any measurements whose
signature is obviously not a target. Thus, given a set of “valid” measurements from the radar there is no way
to distinguish a signature as having originated from a new track or clutter. The formula in (18) is still valid;
however, since t; (the track to which the feature is assigned) represents a possibly new track, there is no history



of measurements. Eliminating the conditioning on past measurements in (18) yields the following formula for
the feature likelihood

L

p(s;(R)[S*, YRy (k), An(k)) = Y p(s;(k)lto € wi,y (k) Plto € wi), (20)
=1

where we have let t; = to since the measurement is assigned to a previously unknown track. The term,
P(tg € wy), represents the probability that a track belongs to an object of class w; given no other knowledge.
This can be assumed to be uniformly distributed over the set of possible target classes. Alternatively, using
prior knowledge on the type of targets found in a particular region/scenario, a different distribution could be
utilized. Again, the feature likelihood, conditioned on class type and aspect, is assumed to be available from a
database. Thus, we condition the feature likelihood in (20) on the apsect angle to obtain the equivalent to (19)
for the case of a feature originating from a previously unknown track.

p(s;j (k)| An(k), Y, 851) =

L
3 { [ [ #1001t € i Mn0), 5, (0035 <k)|y(k>>dwto<k)} P(to ew) (21)
=1

The azimuth and elevation angles can be assumed to be distributed uniformly without any other information.
However, given y(k) we have some information about the object aspect angles. The elevation, albeit a noise
corrupted version, can be found directly by the range and bearing measurements. While the azimuth is unknown,
it is theoretically possible to find the distribution of the azimuth conditioned on knowing the range rate (i.e., the
radial component of the target velocity vg) and the distribution of the vehicle speed. Mathematically, we wish
to determine p(v,.|vR) for which we need a distribution on the vehicle speed ||v||. For example, the vehicle
speed might be assumed to have a beta distribution on [0, ||V||maez] where ||V||maz is the maximum vehicle speed.
Using this density and the relationships between 9., ||[vrl|, |[vr|| (the tangential velocity component) and ||v||,
the distribution of 1,. can be found.

4.3. Unconditional Hypothesis Probability

The remaining term for calculating the hypothesis probabilities in (8) is the unconditional probability p(Ax(k)).
Carefully defining all the information implicit in “Ax(k)”, facilitates the computation of this probability. Defin-
ing the following events

e M = {there are M validated measurements}
e ny = {ny of the M measurements originate from false or unknown tracks}
e np = {np of the M measurements originate from detected, known tracks}

e ( is the mapping of measurements to specific tracks,

allows us to write a hypothesis as the set of events given by
An(k) = {M, ny, np, (}. (22)
Calculating the probability of a hypothesis is accomplished using conditional probability rules as
p(An(k)) = »p(¢, M,ny,np) (23)
= p(ClMi nu, nD)p(MJ nu, TLD)
(
(

= PC|M;TLU,"D)I9(”U,”D|M)I7(M)
= p(¢|M,ny,np)p(nu|M)p(np|M)p(M),



where p(M) is the same for all hypotheses and gets absorbed into any normalization constant. Given specific
values for np, M and ny, let N¢ represent the number of different mappings of measurements to the particular
np detected tracks. Given the specific np tracks detected, there are N, = ﬁ ways that the same set
of targets can be detected given there are M total measurements. Assuming that these mappings are equally
likely, p(¢|M,ny,np) = NLC = % The second term in (23) is the probability of receiving ny clutter
points or new tracks which is often modelled as a Poisson random variable. Under this assumption, p(ny|M)
is given by
AvVa)™v
pnolan) = P o a ), (24)

where ny is the number of measurements assumed to have originated from new tracks or clutter (i.e., false
alarms), Ay is a density factor (the number of expected returns per volume) and Vg is the volume of the
measurement gate. Finally, p(np|M) is simply given by

p(np|M) = (PpPg)"? (1 — PpPg)N ", (25)

where N is the number of known tracks. Putting all these formulas together results in the following a priori
probability that hypothesis Ap(k) is correct

(M —np)! ((/\UVg)”U

M! nU!

p(An(k)) = eXp(_/\UVG)) (PpPg)" (1 — PpPg)N~"". (26)

5. SIGNATURE LIKELTHOODS

We now discuss the determination of the signature PDFs. As mentioned previously, signature PDFs can be
built for the signature itself. Thus, for the case of HRR profiles, the signature is a vector of values where each
value represents the value of the profile in a particular range bin (see Figure 1). Consider each range bin value
to be a random variable. If we assume that the noise in each range bin is independent, then we can build a
PDF for the entire profile as the product of the PDFs for the individual elements of the profile. Thus, the PDF
of the profile s(k) in Figure 1 is given by

m

p(s(k)|w, %(k)) = [] p(sj (k) |w, Yaz, ), (27)

j=1

where v, and 1,; are the elements of the aspect vector corresponding to the azimuth and elevation, respectively.
A parametric form for the PDF of the range bin values is assumed (e.g., Gaussian, Beta) and the parameters
determined using a training set of profiles for each class and aspect.

An alternative to finding the PDF of the signature itself is to find the PDF of a function of the signature.
The function represents a data statistic which, for most cases will not be a sufficient statistic. However, as
long as likelihood functions can be determined for the data statistic for each class and aspect, we can utilize
this as the signature likelihood function within the framework for the feature-aided tracker. As an example of
using a statistic in place of the feature, suppose that given the profiles of two targets from the same class and
viewed from the same aspect, we compute some score which measures the “similarity” of the profiles. Due to
statistical variations in features within one class, the resulting score must be statistically modelled by a PDF.
Calculating the feature likelihood for our association problem, then, could be done in the following manner.
Given a class type and aspect estimate, the score between s;(k) and a “typical” profile from the same class and
viewed from the same aspect is computed. The resulting score is substituted into the PDF, thereby generating
the likelihood p(&;(k)|An(k), S*=1,Y*). This approach was implemented in the algorithm testbed (see Section
6). The statistic used was the SHARP MSE score.®



Figure 1: HRR profile as a vector of random variables.
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Figure 2: Block diagram of simulation environment.



Track duration: Defined by correct track-to-target pairing with a
four minute confusion window allowed

@) @0 <0) <5«
=/ \_D//

Track

History | o7 NI "o e |

>
Nominate Perfect Track LWI
Target Association Duration Window Allowed

Figure 3: Illustration of performance metrics used to measure track time.

6. SIMULATION RESULTS

The algorithm was tested in a simulation environment called SLAMEM™ which incorporates motion models
for ground vehicle operations, sensor models and road networks. This tool has been used for analysis and as an
algorithm testbed. A diagram of the environment is shown in Figure 2. In addition to ground vehicle operations,
road networks, terrain and sensor models, a database of HRRR measurements has been incorporated into the
simulation. To test the algorithm, two HRRGMTI radars at an altitude of 66,000 feet pass frames of detections
(10 second revisit rate) to the fusion and tracking algorithm which updates estimates of each track’s kinematic
state as well as class type. In one scenario, there were two target vehicles belonging to the same class and
a varying number of background vehicles all belonging to the same class which was distinct from the target
vehicles’ class. The vehicles move about on 180 km of road in an area 12x12 km?2.

The background vehicles move around continuously for 1.25 hours while the two target vehicles begin moving
at a time uniformly distribed over the first 15 minutes of the simulation. The performance measure is based
on the track duration of the target vehicles. Two measures of track duration were used. A perfect track time
is defined as the time measured from the track initialization of a target vehicle to the moment that a detection
from some other vehicle is used to update the track. In other words, the perfect time is a measure of the track
purity. The other measure of track duration that was used allows for track impurity in the following way. The
metric track duration represents the time from the track initialization of a target vehicle to the point at which
the track has not been updated by a target detection in 4 minutes minus a 4 minute window. Thus, for the
metric track duration, detections from other vehicles are allowed to update the track of the target vehicle as
long as detections from the target vehicle are subsequently used to update the target vehicle’s track within 4
minutes of being updated by the detection of another vehicle. An illustration of the two different track duration
measures is shown in Figure 3.

A comparison of the metric track times for the feature-aided tracker with the kinematic tracker is shown in
Figure 4. The number of background vehicles is varied and the metric track duration obtained by averaging over
Monte Carlo runs. Clearly, for this particular tracking algorithm, features significantly improved the tracker.

To compare the difference between the perfect track time and the metric track time, the times are plotted
in Figure 5 for the case of 60 background vehicles. The plot is the probability distribution function of the track
duration and is plotted both for the feature-aided tracker and pure kinematic tracker. It is interesting to note
that for the kinematic tracker, there is little difference between the perfect track time and metric track time.
This suggests that in the case of pure kinematic tracking, once detections from other vehicles are incorporated
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Figure 5: Comparison of perfect track times and metric track times for 60 vehicles

into the track of a target vehicle, the track is most likely going to be lost; whereas, in the case of feature-aided
tracking, the track can often recover and continue tracking the correct vehicle.
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