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A Track Correlation Algorithm for Multi-Sensor Integration

Michitaka Kosaka,* Shoji Miyamoto,} and Hirokazu lharai
Hitachi Ltd., Asao-ku Kawasaki, Japan

A ftrack correlation algorithm in a multi-sensor integration system for a surveillance mission is proposed. The
performance of such track correlation processing is strongly dependent not only on the target state estimation
error distribution but also on the target spatial density distribution. Therefore, a track correlation problem is
formulated as the likelihood ratio test problem which can take both target state estimation error distribution and
target state spatial density distribution into consideration. From this formulation, the correlation algorithm for
on-line processing is derived by modifications and approximations. Through analytical evaluations and simulation
studies, it is shown that the proposed algorithm is superior to the conventional nearest neighbor algorithm. -

1. Introduction

N the multi-sensor integration for surveillance missions

discussed by C.L. Bowman,! sensor-level track files are
selected to provide the measurements for a multi-sensor in-
tegration algorithm in response to computational and timing
requirements, as well as system reliability and flexibility. Track
correlation processing and track filtering are indispensable for
such multi-sensor integration.!~3 This paper deals with a track
correlation algorithm suitable for integrating multi-sensor
track files.

There are two important requirements for the track correla-
tion problem in multi-sensor track file integration, where each
sensor track file usually has mutli-target-track data. One of
the requirements is the low frequency of the correlation error
* and the other is the high speed of the correlation processing.
Because of these requirements, the nearest neighbor algorithm
(or the gate algorithm) or the maximum likelihood correlation
algorithm! based only on the target state estimation error are
most popular for multi-sensor track file integration. However,
track correlation error depends on target state spatial density
distribution, as well as target state estimation error. From this
point of view, the track correlation problem should be for-
mulated as the likelihood ratio testing which can take both
target state estimation error and target state spatial density
distribution into consideration.

Based on this formulation of the track correlation problem,
a new track correlation algorithm suitable for multi-sensor
track file integration is presented. The algorithm has been
derived through some approximations and modifications of
the log-likelihood ratio function in the likelihood ratio testing
formulation. Next, the optimization technique of threshold
parameters in correlation algorithms is discussed in order to
obtain the minimum correlation error. Finally, analytical
evaluations and simulation studies are carried out to show the
feasibility of the proposed approach.

II. Multi-Sensor Integration System

Multi-Sensor Integration System Model

The multi-sensor integration system for target tracking dis-
cussed in this paper can be modeled as Fig, 1. In this model,
each sensor site has a sensor such as radar or sonar, an
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estimator such as Kalman filter or a-8 tracker, and a track file
for storing target track data. The notations in Fig. 1 are as
follows:

X;(t) = the ith target state vector

Y, ;(¢) = the jth sensor’s observation of the ith target

X;;(t) = the ith target state estimate (track data)

. at jth sensor site

X;(t) = the target state estimate in the multi-sensor
integration system

t = time

)z(t) is gbtained using the track filter® or by linear combina-
tion of X;;(z) as

A M A
X(n=Xx ¢ X (1) ey

where M is the number of track files in a multi-sensor

_ tracking system. In order to integrate the multi-sensor track

files, a track correlation is indispensable as preprocessing for
track filtering or track combination.

Track Correlation Problem Statement

Sensor site R; is assumed to have n, tracks in its track file
and sensor site R, to have n, tracks in its track file. Then, the
track correlation problem can be formulated as follows:

Track Correlation Problem
X()eR, 1<i<n

X,(t)eR,, 1<j<n,

and, )?,.l(t) and )?jz(g) are assumed to be n-dimensional track
vectors. Then, find X..,(#) in R, such that it has the same
target track as X; (7). Here, j* is satisfied with 0 <j* <n,,
and j* = 0 implies that there is no same target track as X;,(?)
in R,. X;(1), X;,(¢) are denoted as

X, (1) = [x}l(t)""’xi'i(t)]

2o () =[52(0),.., x5(0)]
where xf (1), x5 (¢) are position or velocity parameters and so
on. Furthermore, Z, () is defined as the difference between

X1 (1) and X, (?), that is,

Z (1) = Ra(1) = Ro() = [2(0),e 25 (0] - (D
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By using Z,(¢), the above problem can be reduced to the
following hypothe31s testing problem. ‘

Hypothesis Testing in Track ‘Correlation

Let H, and H, be the following events:

Hy: the event where X,l, ij are tracks of the same target,
that is, -

Z,(1) =0 3)

H;: the event where X,l, X;z are tracks of different targets,
that is, -

’ Z}j(t)=m+v (4)

then, the track correlation problem is reduced to detecting the
acceptance of H, or H; from Z, ().

In the above formulatlon, m and v are n-dimensional
vectors as '

m=(myg,...,m,)
o=(vy,...,0,)

The term v is an estimation error vector due to the target state
estimation error of R;, R;, and m is a vector of the difference
between the ith target and the jth target.

In a multi-target environment, n; or n, is usually a large
number. Therefore, there are two important requirements for
the track correlation problem such as the low frequency of
correlation efror and the high speed of correlation processing.
From ‘these reasons, the nearest neighbor algorithm (or the
gate algonthm) is the most popular approach to this problem,
which is given as follows.

Nearest Neighbor Algorithm
if. (lzl_](t)l < el) n.

< N(z5(0)] <e,), then accept Hy;
otherwise accept ‘H. :

III.  New Track Correlation Algorithm

Correlation Problem Formulation Using Likelihood Ratio Testing

Generally speaking, in a multi-target environment, it is
difficult to distinguish or identify tracks of each sensor site
when the target spatial density disttibution is dense. On the
other hand, it is easy to distinguish each track when the target
spatial density distribution is sparse. Therefore, the track
correlation problem is strongly dependent on the target spatial
density distribution, as well as the ta:get state estlmatlon error
distribution.

Consider the multi-target tracking environment in an air
surveillance system. Targets are aircraft, so that aircraft veloc-
ities and altitudes are more similar than their horizontal
positions. Therefore, the spatial density distribution of veloc-
ity or altitude is more dense around m,; = 0 compared to that
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Fig. 1 Functional model in a multi-sensor tracking system.
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of a horizontal position parameter.  Considering such a dif-
ference in each parameter’s spatial density distribution, it is
possible to formulate the track correlation problem for a
multi-sensor integration system as the well-known likelihood
ratio testing problem.

First, we introduce the following two conditional probabili-
ties: 1) P(Z|H,): the conditional probability of Z under Hy,
which - depends ‘on the target state estimation error; 2)
P(Z|H,): the conditional probability of Z under H,, which
depends on the target state:estimation error and the target
spatial density dlstnbu'uon that is,

Z'R'Z] (%)

P(Z|H,) = WCXP[—V?-
P(ZlHljé—z;,‘/—%—Tl‘f—ww ,.f_wwexp[~1/2 (Z—m)t
R~1(z-,ﬁ) -f(m) dm] (6)

where R is the covariance matrix of a vector Z.
Next, the likelihood ratio L(Z) is defined by

| L(Z) = P(Z|H,)/P(Z|H,) (7)

Then, using the likelihood ratio testing theory, the track
correlation problem is reduced to detect the acceptance of H;
or-H, from Z;, accordmg to the following relationship:

Accept H, if L( Z, ;) >C.
Accept Hyif L(Z,;) <C,

where C, is the threshold of hkehhood ratio testing.

Slmphﬁed Correlation Algonthm

In the correlation processing using likelihood ratio testing,
the acceptance of H, or H; can be determined by using the
above hypothesis testing. However, integral calculations are
needed for carrying out the hypothesis testing. Therefore, the
processing time is not short enough to implement it on the
on-line processing system. This problem can be solved by
modifications "and approximations based on the following
assumptions. First, each component’s estimation error is as-
sumed to be independent in order to derive an effective
correlation algonthm It is also assumed that 2’ is a zero-mean
Gaussmn white noise with a covariance of o, and the prob-

od
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Fig. 2 Estimation error distribution and spatial density distribution.
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ability density function p,(z") of z* is given by

() = —(z")?/20} 3
pi(z ) mfﬁ e (8)

Next, the state spatial density distribution function f(m) of
m is assumed to be resolved into each component spatial
density distribution function f;(m;) of m,, that is,

f(m) =f,(m) ‘,fz(mz)' e ofy(my) )

Then, the target spatial density distribution functions can be
assumed to be specified as in Fig. 2. Each component spatial
density distribution function f,(m,) is assumed to be normal-
ized by the State estimation error standard deviation ¢;. In
Fig. 2, for example, i=1 represents a position dlstance
parameter, i =2 represents an altitude distance parameter,
and i = 3 represents a velocity difference parameter

In the following, the subscript ij of Z, i zk 5 is omitted for
simplicity. From the above assumption, P(Z|H,) and
P(Z|Hy) can bé computed by the product of each parameter ]
‘conditional probability P,(z’ |Hy), P;(z'| Hy), that is,

P(Z|Hy) =i=1£[1Pi(Z"IHo) (10)
P(Z|H1)=EE(Zi|H1) (1)

where P;(z'|H,), P,(z'|H,) are the conditional probabilities
of z' under H, or H,. From the relationship of the Egs. (10)
and (11), the likelihood ratio function L(Z) can be given by
the product of each parameter s likelihood ratio function
L(z'):

£(2) - 1L () 12

L(z') = P(Z'|H,) /P(2'| Hy) (13)

' By introducing log-likelihood ratio functions 7(Z), T; (z%) such
as

T(Z) =t L(Z) (14)
T(z') =t L(z') (15)

the hypothesis testing in track correlation can be carried out
by using the following relationship:

If7(Z) =), T,(z') > C,, then accept H,
i=1
n
IfT(Z) =Y, T(z') <C,, then accept H,
i=1 ’

It is notable that the component spatial density distribution
functions f;(m,),..., f,(m,) are different from each other as
in Flg 2. Therefore, the log-likelihood ratio functions
T(zY, T,(z?%),... can be shown as in Flg 3. From Fig. 3, it is
easy to see that the log-hkehhood ratio function of each
parameter has a different value at z=0, and a position
parameter is superior to an altitude parameter or a velocity
parameter for deciding Z € H, or Z € H,, if component spa-
tial density distribution functions are assumed to be as in Fig.
2. Moreover, L,(z') is the monotone increasing function, and
the following relationship is obvious near z/ = 0:

fi(my) <fo(my)) < -+ <f,(m,) (16)
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that is,

Li(2Y) <Ly(2%) < -+ <L,(2") (17)
Then, each parameter’s T,(z') can be given as in Fig. 3, and
T(z ) has the minimum value at z'=0. By deﬁmng the
minimum value of T;(z°) as T,;™*, we can obtain the following
relatlonshlp

Tlmin < szin < e < Tnmin (18)

and
T(Z)= L T()>T(2)+ LT™  (19)
i=1 i=2
Introducing C,(i) such that

a()=¢- ¥ mo (20)

j=i+1

if Ty(zY) > C.(1), then Z € H,. This fact shows that if T;(z!)
> C,(1), only one detection is needed for deciding to accept
H, or H, instead of n detections. This feature is very im-
portant for the detection problem such as the track correlation
problem in multi-sensor track file integration, where most of
all detections are accepted by the event of H,. In the case of
Ty(z") < C.(1), the following test is performed.

zk: )>C,(k),then Z € H, (21)

i=1

If Z ¢ H,, then we increase k, thatis, k=k + 1. If T(Z) < C,
this track is a candidate of the same target. And after check-
ing up all tracks in the track file, the track which minimizes
the log-likelihood ratio T(Z) is chosen as'the correlated track.
Next, in order to avoid too much calculation for the log-likeli-
hood ratio function, T;(z') is approximated as in Fig. 4, that
is,

T(#)=¢ itdi< || <di, (22)

where j=1,...,M,, and ¢ is a constant. From these ap-
proximations, the value of 7;(z’) can be obtained easily by a
table-looking-up method. Due to these approximations, the
calculated T(Z) is not the true log-likelihood ratio value, but
this approximation error due to these approximations of log-
likelihood ratio functions is small enough to accept this pro-
posed algorithm in the multi-sensor integration system'such as
a surveillance system. The feature of this proposed algorithm

5.0
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Fig.3 Log-likelihood ratio curve.
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is sumimarized as follows: 1) the detection criterion is the
approximated log-likelihood ratio; 2) the event of H; can be
detected by few steps.

IV. Threshold Optimization Technique

Optimization Criteria

In correlation processing for multi-sensor track file integra-
tion, the threshold optimization is very important in order to
minimize the correlation error. There are two errors in the
hypothesis testing described in Sec. II, that is,

1) Type 1 error: does not correlate to the same target-track,

2) Type 2 error: correlates different target-tracks, E,.
Furthermore, in correlation processing, there are three correla-
tion errors as _follows: R

Case 1: When the same target-track of X (¢) exists in R,

Error 1: does not.correlate, E
Error 2: correlates to different target-tracks, Ep

Case 2: Wheén the same target-track of X, (r) does not exist
in R,

Error 3: correlates to different target-tracks, E. where
E,\, E,, E,, Eg, E. are the probabilities of each event and

E,=E (23)
E.=1-(1-E)" (24)
If it is assumed that the probability of Case 1 is P, and that of
Case 2 is P,, then the probability of the correlation error can
be calculated by

Ce=P, (E,+Ez)+P, E. (25)

Threstiold parametérs in correlation algorithms can be opti-
mized so that Cy has the mlmmum value.

Optlmlzatlon of the Nearest Neighbor Algerithm

According to the nearest neighbor algorithm which is de-
scribed in Séc. II, it is easy to see that

E =1~ I_—Il Ey; (26)

= [=]1 E,, (27)

where
E=f" ipi(zi‘Ho)dzi (28)
Ey = f_e;p,.(qul) dz' (29)

e; is a threshold parameter in the nearest neighbor algorithm.
If more than two tracks are detected to be H,, chicose that
track which minimizes the difference of position parameter
zF«. Then, Ep can be calculated by

Ep=(1-E)[1-(1-P)"7" (30)

P is the probability of % <zP* and can be given by
1 €p a
P.=E; - a|H bjH;)dbda (31
2= B p(alto) [ p,(bi) dbda (31

where j* is the index of the samé target-track in R,. From
above equations, Cp is a function of threshold parameters
e;,i=1,..., n. Therefore, the thireshold parameter optimiza-
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tion problem can be reduced to minimizing Cg(ey,..., €,).
Therefore, a nonlinear optimization method is applied to this
problem. If p,(z'|Hy), p;(z'|H,) are differentiable, then the
well-known modified Newton-Raphson method can be ap-
plied: Defining the vector e as e=(e,,..., e,), the optimiza-
tion of thresholds can be carried out by using the following
€quations:

eh D =) _yGTlg (32)
- 3%C :
G= Gade, (33)
e=e(k)
z; = «-T-—;—— ( E“l)
aei e=e(k)

where k is the iteration index and w is satisfied with CE(e("))
>C [ e(k+ ]

Optimization of the Proposed Algorithm
In order to evaluate C; of the proposed algorithm, two
probabilities are defined as

D= P(T,(z‘) = ¢j|same target)

4= P( T.(z) = ci| different targets)
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then
' n
P(T1 =C.,,...,T,=C] |same target) =11r,,
i=1
. n
P( L= Cb s---» T, = Cy |different targets) =]1 9ip,
i=1

Using the above probab111t1es E, can be given by probablh—
ties such as C} + --- +C} > C,, that is,

- u{IT.,)
pres (39)

i=1

Similarly, E, can be given by

-0(Tla)
(-f G, < ce) (36)

i=1
Furthermore, Ej can be calculated by the following equation:

Y P[1(2)=¢lzen,]
Ci<C,

x(1-{1-P[1(2) <glzem]}"") (37)

where j is the index of a cofrelated different target. From the
above probabilities, the optimal threshold C, can be obtained
by minimizing CE

Numerical Evaluatlon

Numerical evaluation is carried out based on the followmg
conditions:

P('|H,) = —le*—;e'ziz/z (38)

P2\ H) = e /20 (39)

N=100,n=4,P,,P,=1/2

Evaluation case 1: o, =30.0, 6, =150, 0; =80, g,=5.0

Evaluation case 2: 6, =0, =05 = o= 15.0

Under the above condltlons E,, Ez, E;, and Cy are
calculated by the threshold optumzahon techniques described
here, and the results are shown in Table 1. These results show
that the proposed algorithm is supetior to the nearest neigh-
bor algorithm because the correlation error probability of the
proposed algorithm is less than that of the nearest neighbor
algorithm.

V. Consideration of the Assumption
of Independency

A simplified a]gonthm can be derived based on the assump-
tion of independency of each component s estimation' error.
However, accordmg to Bar-Shalom,” each component’s esti-
mation error is not mdependent This means that the matrix
R™! in the Eq. (6) is not a diagonal matrix, so that the
proposed algorithm based on the assumption of independency
of each éomponent’s estimation error seems to be unrealistic.
However, the proposed algorithm is still effective to the
multi-sensor track file integration because of the following
reasons. ’
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Table 1 . An.example of analytical correlation error evaluation

Algorithm - E, Ep Ec - G
Case 1 N.N? 00564 00217 00762 0.0771
, LR.T® 0.0503 00123  0.0683 0.0654
Case 2 NN 0.0257 00117  0.0430  0.0402

LRT 0.0246 0.0039 . 0.0346 0.0315
#N.N = nearest neighbor. °L.R.T = likelihood ratio test,

X observation data (sensor 1)
0 observation data (sensor 2)

observation area
(sensor 2)

.~ observation area
(sensor 1)

Fig: 6 Multi-target motlon and sensor’s observatlon in a simulation
study.

R~ in Eq. (6) is a real symmetric matrix so that R~
be diagonalized by an orthogonal matrix 7, that is, R’
= T'R™IT. Therefore, Z’ = TZ, whose components are inde-
pendent of each ‘other, can be obtained. Z’ can be used
instead of Z in the proposed algorithm. In the case that R is
a constant matrix, the use of Z’ does not make the correlation
processing time too large. On the other hand, in the case that
the matrix R is a time-dependent matrix, the use of Z’ makes
the processmg timé too large because T is a time-dependent
matrix ‘and needs to be calculated in each hypothesis testing.
Therefore, in this case, this method is unrealistic when applied
to multi-sensor mtegratlon which needs the high speed of the
correlation processing.

If the component errors are not 1ndependent the derived
simplified algorithm is an approximation of the likelihood
ratio testing. In -order to show the feasibility of the proposed
algorithm even in-the case that the assumption is not valid, a
simple simulation study was carried out. In this simulation,
the following conditions are assumed:

1) A target state is three-dimensional and the covariance
matrix R is glven by

1 u ﬁ2
R=|wy 1 u, (40)
u, uz; 1

The correlation coefficients u; of each component’s estimation
error are assumed to be distributed uniformly on (0, u), u <
1.0. ‘

. 2) Each component s spatial denS1ty distribution is assumed
to be a uniform distribution on (0,7.00,), 5, = 1.0.

- The likelihood ratio testing results under the condition of
u; =0, which corresponds to the proposed algorithm, were
compared with the true likelihood ratio testing results. A
simulation result is summarized in Fig. 5. The influence of
independency assumption to correlation etror is dependent on
the upper limit u of a uniform distribution. Under the as-
sumed condition, the correlation error due to the assumption
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Table 2 A comparison of correlation processing performance
in a simulation study

Ratio of throughput
Algorithm Ratioof S in-decision processing
Nearest neighbor (n = 2) 1.00 1.00
Nearest neighbor (n = 5) 0.73 1.07
Likelihood ratio testing 0.38 0.98

X---Ex+ Ep

nearest neighbor
(n=2) (n=5)

nearest neighbor likelihood ratio test

Fig. 7 Spots where correlation error occurred.

of independency is less than 3.0% even in the case of u=1.0.
The correlation error due to the independency assumption
depends on various factors such as the distribution of correla-
tion coefficient u,, components’ spatial density distributions
and so on. However, from the above simulation results, the
proposed algorithm seems to be effective even if the indepen-
dency assumption is not valid.

VI. Simulation Study

Simulation Model

The target motion model in each axis of a three-dimen-
sional Cartesian coordinate system can be approximated by
the following equations:

x(t+dt)=x(t) +x(t)dt+ x(t)dt*/2 (41)
x(t+dr) =5%(t)dt+ x(1) (42)
)

A simulation study of correlation processing in a multi-sensor
tracking system which can be modelled as in Fig. 1 was
carried out. It was assumed that 100 targets are generated in
the area of Fig. 6, and each sensor site observes and estimates
targets’ states during a ten-second period. The observation
error of each sensor site is given by additive Gaussian white
noise with a zero mean. The well-known a-8 tracker is used in
the sensor site 1 (R,) and the Kalman filter is used in the
sensor site 2 (R,) in Fig. 1. Correlation processing for multi-
sensor track file integration is performed for a 100-second
period.

An Example of the Simulation Study

The performance of the following three correlation al-
gorithms is compared by simulation study:

1) Nearest neighbor algorithm (n = 2, position parameter);
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2) Nearest neighbor algorithm (n=35, position, height,
velocity parameter);

3) Likelihood ratio test algorithm.
Fig. 6 shows an example of multi-target motion and observa-
tion, and Fig. 7 shows the spots where correlation errors
occurred. The symbol “x” shows a type 1 error and “0” shows
a type 2 error. In addition, the correlation etror rate and the
throughput of the hypothesis test per one correlation are
compared in Table 2. The correlation error rate S is defined
by § = (N, + N,)/N, where N, is the number of type 1 error
occurrences, N, is the number of type 2 error occurrences;
and N is the total number of correlation processings. The
ratio of § in Table 2 means the relative ratio, for example, the
ratio between S of likelihood ratio testing and S of nearest
neighbor (n=2) in the case of likelihood ratio test. The
throughputs are also compared by the ratio of each algorithm’s
throughput in the hypothesis test processing. These results
show that the proposed algorithm is almost the same as the
nearest neighbor algorithm in the processing speed but can
reduce the frequency of correlation error occurrences. There-
fore, the proposed algorithm is better for multi-sensor track
file integration than the well-known nearest neighbor al-
gorithm.

VII. Conclusion

A track correlation algorithm for multi-sensor track file
integration has been developed by applying the log-likelihood
ratio testing theory and simplifying it through modifications
and approximations. Furthermore, the threshold optimization
technique has been discussed in order to minimize the prob-
ability of correlation error.

It is considered that the concept of this correlation al-
gorithm can be applied to various detection problems which
need high-speed and highly accurate processing, for example,
the star identification problem in an attitude determination
system using a star sensor.
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