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Target Association Using Detection Methods

Jonathan D. Wolfe¤ and Jason L. Speyer†

University of California, Los Angeles, Los Angeles, California 90095-1597

A residual-based scheme is presented for solving the radar track-to-track association problem using bearings-
only measurements. To accomplish track association between two stations, the residuals of a bank of nonlinear
� lters called modi� ed gain extended Kalman � lters are analyzed. Once tracks have been associated between two
stations, tracks from additional stations may be associated with tracks from the � rst two stations by checking
algebraic parity equations. Traditional track association methods rely on the local stations’ estimated target
positionsand error variances. These local estimates may be quite inaccurate or even divergentwhen using bearings-
only measurements. Our method bypasses this dif� culty because our � lters use raw data from multiple stations.
An example demonstrates that our methods yield results superior to those of standard methods.

I. Introduction

S UPPOSE that several spatially distributed radar installations
are each tracking several targets. Associating a given target to

its track at each of the radar stations is an important issue, which
the radar literature refers to as the track-to-track association prob-
lem. Suppose further that the stations use passive sensors that only
measure bearings to the target, without measuring range. In this pa-
per, we outline a strategy for solving this association problem by
analyzing measurement residuals.

Bearings-onlyobservation functions fall into two special classes
of nonlinear functions, called modi� able and approximately modi-
� able nonlinearities,which are de� ned as follows:

De� nition 1. A time-varyingfunction f : Rn ! Rq is called mod-
i� able if there exists an operator A : Rq £ Rn ! Rq £ n such that for
any x , Nx 2 Rn ,

f .x/ ¡ f . Nx/ D A[ f .x/; Nx].x ¡ Nx/ (1)

De� nition 2. A time-varying function f : Rn ! Rq is called ap-
proximatelymodi� able if there existsa regionD ½ Rn and operators
A : Rq £ Rn ! Rq £ n and E : Rn £ Rn ! Rn £ n such that for any x ,
Nx 2 D,

f .x/ ¡ f . Nx/ D [A. f .x/; Nx/ C E.x; x ¡ Nx/].x ¡ Nx/ (2)

where limkx ¡ Nxk ! 0 kE.x; x ¡ Nx/k=kA. f .x/; Nx/k D 0.
Song and Speyer’s modi� ed gain extended Kalman � lter

(MGEKF)1 is a globally convergent, unbiased, nonlinear observer
for systems whose measurement functions are modi� able or ap-
proximately modi� able. In this paper, the observers we design for
bearings-only track association are MGEKFs.

An earlyattempt at solvingthe track-to-trackassociationproblem
was made by Singer and Kanyuck.2 In their paper, they incorrectly
assumed that estimation errors local to each station were uncorre-
lated. Bar-Shalom,3 Bar-Shalom and Fortmann,4 and Bar-Shalom
and Campo5 later corrected this error by accounting for the correla-
tion between the local estimationerrors due to the common process
noise of the target. Later researchers have integrated the problem
of track association directly into the process of separating the mea-
surements corresponding to actual targets from clutter.6;7 In all of
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these references, it is assumed that both range and bearings were
measured. In some of these references, the possibility of using a
MGEKF to handle the situation of bearings-only measurements is
mentioned, but none have a discussion of the details of such an im-
plementation, in particularproblems associatedwith the asymmetry
of single stationestimationerrors.Estimates basedon bearings-only
measurements from a single station are especially uncertain along
the line between the target and the receiver. This uncertainty is re-
duced when measurements from physically separated stations are
used.Our method attempts to take advantageof this phenomenonby
using estimates constructed from several stations’ measurements.

The paper is organized as follows. We show in Sec. II that
bearings-onlymeasurement functions are modi� able. (Prior results
only showed that they were approximately modi� able.1) We then
demonstrate in Sec. III that incorrect associations between two
radar stations can be interpreted as sensor faults, so that a bank
of modi� ed-gain fault detection � lters can be used to determine the
track associations. Section IV contains the main result, an algo-
rithm for solving the bearings-only track association problem. The
applicationof this algorithm to an example in Sec. V compares our
approach to a conventional track association method. Section VI
concludes the paper.

In the sequel, inertial Cartesian coordinates describe the motion
of each target in three dimensions via the state vector

xt D [X t Y t Z t PX t PY t PZ t RX t RY t RZ t ]T (3)

and the dynamics of each target are assumed to be of the form

xt .k C 1/ D A.k/xt .k/ C B.k/wt .k/ (4)

Note that we include an acceleration state to model maneuvering
target dynamics.

II. Modi� ability of Bearings-Only Measurements
Song and Speyer1 showed that the azimuth angle azt

s 2
[¡¼=2; ¼=2/ and the elevationangleel t

s 2 [¡¼=2; ¼=2/ fromstation
s to target t , as shown in Fig. 1, are modi� able and approximately
modi� able, respectively.The region D in which the elevation angle
was approximately modi� able excluded an ellipsoidal region near
the sensor, making their algorithms dif� cult to implement for situa-
tions where the angular sensor gets close to the target, for example,
in the terminal guidance of a missile. We improve this situation
somewhat by introducing the new angle 9 t

s 2 [¡¼=2; ¼=2/ and de-
scribing the position of the target in terms of 9 t

s and 8t
s

1D azt
s .

Note that 9 t
s can be calculated from azt

s and el t
s via the equation

9 t
s D tan¡1

³
Z t

s

X t
s

´
D tan¡1

³
tan el t

s

cos azt
s

´
(5)

This section is devoted to proving that the measurement function
for 9 t

s is modi� able.
Let Nxt be an estimate of xt and assume that the position of the

measurement station in inertial space, xs D [Xs Ys Zs], is known.
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Fig. 1 Angles for target bearings.

Then X t
s , Y t

s , Z t
s , NX t

s , NY t
s , and NZ t

s can be computed by taking the
difference between elements of xt , Nxt , and xs .

Suppose that station s measures the bearings of target t with the
measurement vector zt

s . De� ne hs.xt / by

hs.xt /
1D

"
8t

s

9 t
s

#
D zt

s (6)

The measurement residual corresponding to hs.xt / is then

hs.xt / ¡ hs.Nxt /

D

"
tan¡1

¡
Y t

s

¯
X t

s

¢
¡ tan¡1

¡
NY t
s

¯
NX t

s

¢

tan¡1
¡
Z t

s

¯
X t

s

¢
¡ tan¡1

¡
NZ t

s

¯
NX t

s

¢

#
1D

µ
tan¡1®

tan¡1¯

¶
(7)

Applying the trigonometric identity

tan¡1.a/ ¡ tan¡1.b/ D tan¡1[.a ¡ b/=.1 C ab/]

we obtain

µ
tan¡1®

tan¡1¯

¶
D

2

666664

tan¡1

¡
Y t

s

¯
X t

s

¢
¡

¡ NY t
s

¯ NX t
s

¢

1 C
¡
Y t

s

¯
X t

s

¢¡ NY t
s

¯ NX t
s

¢

tan¡1

¡
Z t

s

¯
X t

s

¢
¡

¡ NZ t
s

¯ NX t
s

¢

1 C
¡
Z t

s

¯
X t

s

¢¡
NZ t

s

¯
NX t

s

¢

3

777775
(8)

µ
tan¡1 ®

tan¡1 ¯

¶
D

2

6664

tan¡1

³
Y t

s
NX t

s ¡ NY t
s X t

s

X t
s

NX t
s C Y t

s
NY t
s

´

tan¡1

³
Z t

s
NX t

s ¡ NZ t
s X t

s

X t
s

NX t
s C Z t

s
NZ t

s

´

3

7775 (9)

De� ne

H
¡
zt

s

¢
1D

"
sin

¡
8t

s

¢
¡cos

¡
8t

s

¢
0 0 0 0 0 0 0

sin
¡
9 t

s

¢
0 ¡cos

¡
9 t

s

¢
0 0 0 0 0 0

#

(10)

Let d1
1D

p
[.X t

s/
2 C .Y t

s /2], D1
1D d1=[X t

s
NX t

s C Y t
s

NY t
s ], d2

1Dp
[.X t

s/
2 C .Z t

s/
2], and D2

1D d2=[X t
s

NX t
s C Z t

s
NZ t

s]. Note also that
sin.8t

s / D Y t
s =d1, cos.8t

s/ D X t
s=d1 , sin.9 t

s / D Z t
s=d2 , and

cos.9 t
s/ D X t

s =d2. Therefore, we can express D1 and D2 as func-
tions of the estimates and measured angles:

D1 D D1

¡
zt

s; Nxt
¢

D 1
¯£

cos
¡
8t

s

¢ NX t
s C sin

¡
8t

s

¢ NY t
s

¤

D2 D D2

¡
zt

s ; Nxt
¢

D 1
¯£

cos
¡
9 t

s

¢ NX t
s C sin

¡
9 t

s

¢ NZ t
s

¤

If we express the trigonometric functions in H.zt
s/, D1; and D2

in terms of X t
s; Y t

s ; Z t
s , NX t

s;
NY t
s , and NZ t

s , we can write Eq. (9) as a
function of zt

s and Nxt :
"

®
¡
zt

s; Nxt
¢

¯
¡
zt

s; Nxt
¢

#
D

"
D1

¡
zt

s; Nxt
¢

0

0 D2

¡
zt

s ; Nxt
¢

#
H

¡
zt

s

¢£
Nxt ¡xs

¤
(11)

Finally, we can rewrite Eq. (11) as
µ

¡1

¡1

¶
D

"
1=®

¡
zt

s; Nxt
¢

0

0 1=¯
¡
zt

s; Nxt
¢

# "
D1

¡
zt

s; Nxt
¢

0

0 D2

¡
zt

s; Nxt
¢

#

£ H
¡
zt

s

¢£
xt ¡ xt ¡ Nxt C xs

¤
(12)

and combine it with Eq. (7) to obtain hs .xt / in modi� able form,

hs.xt / ¡ hs.Nxt / D
2

66664

¡
D1

¡
zt

s ; Nxt
¢

tan¡1 ®
¡
zt

s; Nxt
¢

®
¡
zt

s; Nxt
¢ 0

0 ¡
D2

¡
zt

s; Nxt
¢

tan¡1 ¯
¡
zt

s ; Nxt
¢

¯
¡
zt

s; Nxt
¢

3

77775

£ H
¡
zt

s

¢
[xt ¡ Nxt ] (13)

where we have made use of the identity

H
¡
zt

s

¢
[xs ¡ xt ] D

µ
0

0

¶

Thus,we have replacedtheelevationangleel t
s , fromwhich Songand

Speyer1 producedan approximatelymodi� able functionwith a new
angle 9 t

s . Like the azimuth angle 8t
s , angle 9 t

s leads to modi� able
measurement functions.

III. Converting Incorrect Associations
into Sensor Faults

Suppose that station s can view several targets, indexed by i , and
measures the bearings of each target. Then each of these measure-
ments zi

s is generated by hs.xi /, as in Eq. (6). Now suppose that
another station, using its local observations, generates a state es-
timate of one of the targets that station s views. This estimate Nx j

corresponds to x j , the true state of the j th target at station s, but
neither station knows the value of index j . Our goal is to determine
which of the tracks at station s is the j th one, using only fzi

s g, the
measurements local to station s, and Nx j , the other station’s state
estimate of one of the targets.

To this end, let us form the following error residual between the
estimate Nx j and the measurement zi

s , making use of the result from
the preceding section:

zi
s ¡ hs.Nx j / D hs.xi / ¡ hs.Nx j / D G

¡
zi

s; Nx j
¢
.xi ¡ Nx j / (14)

where from Eq. (13)

G
¡
zi

s ; Nx j
¢

D
2

66664

¡
D1

¡
zi

s ; Nx j
¢

tan¡1 ®
¡
zi

s ; Nx j
¢

®
¡
zi

s; Nx j
¢ 0

0 ¡
D2

¡
zi

s; Nx j
¢

tan¡1 ¯
¡
zi

s; Nx j
¢

¯
¡
zi

s ; Nx j
¢

3

77775

£ H
¡
zi

s

¢
(15)
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By introducing a zero term into the measurement residual, we can
rephrase it as

zi
s ¡ hs.Nx j / D hs.xi / ¡ hs.Nx j / (16)

zi
s ¡ hs.Nx j / D G

¡
zi

s; Nx j
¢
.xi ¡ Nx j / (17)

zi
s ¡ hs.Nx j / D G

¡
zi

s; Nx j
¢
.xi ¡ Nx j C x j ¡ x j / (18)

zi
s ¡ hs.Nx j / D G

¡
zi

s; Nx j
¢
.x j ¡ Nx j / C G

¡
zi

s; Nx j
¢
.xi ¡ x j / (19)

zi
s ¡ hs. Nx j / D G

¡
zi

s; Nx j
¢
.x j ¡ Nx j / C ¹i j

s (20)

where ¹i j
s

1D G.zi
s ; Nx j /.xi ¡ x j / represents the difference between

xi and x j as a sensor fault. If i D j , we have correctly guessed the
associationbetweenmeasurementand estimate, and there is no fault
(¹i j

s D 0). If i 6D j , then ¹
i j
s 6D 0, playing the role of a sensor fault in

the residual.

IV. Algorithm for Track Association
from Bearings-Only Measurements via Fault

Detection Filters
Suppose that there are S radar stations, with known inertial coor-

dinates, that make bearings-onlymeasurements in three-spaceof T
different targets. We assume that all measurements at each station
have been grouped as tracks of each target visible at that station
using conventionalmeans.4;8;9 In this section, we propose an algo-
rithm for associating the tracks at all stations to their corresponding
targets.

Assume that each measurement station s is located at known
inertial coordinates .X s; Ys; Zs/. Let Nx1i denote a fault detection
� lter’s estimate of the target corresponding to the i th track at the
� rst station.The bearings-onlymeasurementfunctionfor the station
s of the same target is thus

hs.x1i /
1D

2

6664

tan¡1

³
Y 1i ¡ Ys

X 1i ¡ Xs

´

tan¡1

³
Z 1i ¡ Zs

X 1i ¡ Xs

´

3

7775

From the results of the precedingsection, the error residual of track
j at any station s, generated by target i at station 1, is given by

z j
s ¡ hs.Nx1i / ¼ G

¡
z j

s ; Nx1i
¢
.x1i ¡ Nx1i / C ¹i j

s C v j (21)

where G.z j
s ; Nx1i / is given by Eq. 15 and the sensor noise is

v j D N .0; V j /

The approximatestructureofEq. (21) is due to thereplacementof the
measurement function in G.¢; ¢/ with the actual measurement (see
Song and Speyer1). Note that, by default, ¹ii

1 D 0, 8i D 1; : : : ; T .
The following algorithm, illustrated in Fig. 2, associates tracks

between stations.
Algorithm (track association):
1) Let i D 1.
2) Run a bank of T detection � lters that operate on data from

stations 1 and 2, where the j th � lter attempts to detect ¹
i j
2 . Each

� lter is constructed using the dynamic detection � lter procedure
given next. All but one of these detection � lters should register a
fault. The track corresponding to the � lter that detected no fault is
associated with zi

1 . Without loss of generality, label this track zi
2 .

3) For each track zl
s , s D 3; : : : ; S, l D 1; : : : ; T , perform the al-

gebraic parity test given subsequently.If the result of the parity test
is zero, then zl

s is associated with zi
1 and zi

2 .
4) If i < T , increment i by 1 and go to step 2. If i D T , we have

completed the track association procedure.
Note that estimatesobtainedin step2 areused in step3. Therefore,

stations 1 and 2 should be chosen to maximize observabilityof the
targets.

Dynamic Detection Filter
For any estimator of x1i , the estimation residual determined by

the measurements zi
1 and z j

2 will not converge to values near zero
unless zi

1 and z j
2 correspondto the same target. One such estimator is

the MGEKF1 given as

Nx1i .k C 1/ D A.k/Ox1i .k/ (22)

ri j .k/ D

(
zi

1.k/ ¡ h1[Ox1i .k/]

z j
2.k/ ¡ h2[Ox1i .k/]

)
(23)

Ox1i .k/ D Nx1i .k/ C Ki j .k/ri j .k/ (24)

Mi j .k C 1/ D A.k/Pi j .k/AT .k/ C Q.k/ (25)

Nhx1i .k/ D

2

6666666666666666664

¡
NY 1i ¡ Y1n

1 C
£¡

NY 1i ¡ Y1

¢¯¡
NX 1i ¡ X1

¢¤2
o¡

NX 1i ¡ X1

¢2

1n
1 C

£¡
NY 1i ¡ Y1

¢¯¡
NX1i ¡ X1

¢¤2
o¡

NX1i ¡ X1

¢2

¡
NZ i j ¡ Z1n

1 C
£¡ NZ i j ¡ Z1

¢¯¡ NX 1i ¡ X1

¢¤2
o¡ NX1i ¡ X1

¢2
0

¡
NY 1i ¡ Y2n

1 C
£¡

NY 1i ¡ Y2

¢¯¡
NX 1i ¡ X2

¢¤2
o¡

NX 1i ¡ X2

¢2

1n
1 C

£¡
NY 1i ¡ Y2

¢¯¡
NX1i ¡ X2

¢¤2
o¡

NX1i ¡ X2

¢2

¡
NZ i j ¡ Z2n

1 C
£¡ NZ i j ¡ Z2

¢¯¡ NX 1i ¡ X2

¢¤2
o¡ NX1i ¡ X2

¢2
0

¢ ¢ ¢

¢ ¢ ¢

0 0 0 0 0 0 0
1n

1 C
£¡

NZ i j ¡ Z1

¢¯¡
NX1i ¡ X1

¢¤2
o¡

NX1i ¡ X1

¢2
0 0 0 0 0 0

0 0 0 0 0 0 0
1n

1 C
£¡

NZ i j ¡ Z2

¢¯¡
NX1i ¡ X2

¢¤2
o¡

NX1i ¡ X2

¢2
0 0 0 0 0 0

3
77777777775

(26)
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Table 1 Radar station positions

Station x Position, y Position, z Position,
identi� cation m m m

1 50 1 0
2 50,000 1 50
3 25,000 ¡400 100

Fig. 2 Track association procedure.

Ki j .k/ D Mi j .k/ NhT
x1i .k/

h
Nhx 1i .k/M

i j .k/ NhT
x1i .k/

C Vi j .k/

i¡1

(27)

QG
£
zi

1.k/; z j
2.k/; Nx1i .k/

¤
D

2
4 G

¡
zi

1.k/; Nx1i .k/
¢

G
¡
z j

2.k/; Nx1i .k/
¢

3
5 (28)

Pi j .k/ D
©
I ¡ Ki j .k/ QG

£
zi

1.k/; z j
2.k/; Nx1i .k/

¤ª
Mi j .k/

£
©
I ¡ Ki j .k/ QG

£
zi

1.k/; z j
2.k/; Nx1i .k/

¤ªT

C Ki j .k/.V i j /¡1.k/.Ki j /T .k/ (29)

where

V i j .k/ D diagfVi ; V j g (30)

The weighted innovations process of the MGEKF,

º i j .k/ D
h

Nhx1i .k/M
i j .k/ NhT

x 1i .k/
C Vi j .k/

i 1
2

ri j .k/ (31)

should be close to a zero-mean, unit variance white noise sequence
only if zi

1 and z j
2 correspond to the same target.

Algebraic Parity Test
This test determines if zl

s , S ¸ s > 2, T ¸ l ¸ 1, is associatedwith
zi

1 and zi
2, where zi

1 and zi
2 are already known to be associated with

each other. Suppose that Ox1i is the state estimate generatedby zi
1 and

zi
2. Then, if zl

s is associated with the tracks zi
1 and zi

2 ,

º.k/1i
l

1D
h

Qhx1i .k/M
i j .k/ QhT

x1i .k/
C V i j .k/

i 1
2 ©

zl
s.k/ ¡ hs [Ox1i .k/]

ª

(32)

should be close to a zero mean, unit variance white noise sequence.
Here, the approximatemeasurement matrix Qhx1i .k/ is computed in a
manner similar to the � rst two rows of the matrix in Eq. (26), but
referenced to (X s , Ys , Zs), the location of station s, instead of the
location of the � rst station (X1 , Y1 , Z1). The algebraic parity test is
simply to evaluate the parity equation (32).

V. Example
The track association algorithm presented in the last section is

applied to simulation data in this section. Three radar installations
were located at the positions given by Table 1, and two targets
were both modeledas ninth-orderlinear time-invariantdiscrete-time
systems with the dynamics

Px.t/ D Fx.t/ C C w.t/ (33)

where

F
1D

2

66666666666664

0 0 0 1 0 0 0 0 0

0 0 0 0 1 0 0 0 0

0 0 0 0 0 1 0 0 0

0 0 0 0 0 0 1 0 0

0 0 0 0 0 0 0 1 0

0 0 0 0 0 0 0 0 1

0 0 0 0 0 0 ¡® 0 0

0 0 0 0 0 0 0 ¡® 0

0 0 0 0 0 0 0 0 ¡®

3

77777777777775

C
1D

2
66666666666664

0 0 0

0 0 0

0 0 0

0 0 0

0 0 0

0 0 0

1 0 0

0 1 0

0 0 1

3
77777777777775

(34)

and where w is a zero mean Brownian motion process with covari-
ance I3 £ 3 and ® D 1

10 is the time constant for the � rst-order � lters
that model target maneuvers as colorednoise processes.We sample
this model at intervals of T D 0.1 s to generate the discrete time
dynamics

x.k C 1/ D Ax.k/ C Bw.k/ (35)

where

A D eFT ; B D
Z T

0

eFt B dt; E[w.k/] D 03 £ 1

E[w.k/wT .l/] D I3 £ 3±kl (36)

The targets began the simulation with the initial conditions

x1.0/ D [50 220,000 30,000 250 ¡1000 0 0 0 0]T

x2.0/ D [50,000 20,000 35,000 ¡250 1000 0 0 0 0]T

This con� guration corresponds to the two targets initially moving
directlytowardeachother, in a linethat almostpassesthroughstation
2. In the simulation, they pass closest to each other at t D 99:2 s.
Each measurement station measures the angles 8t

s and 9 t
s to each

target at every sample time. These measurements are subject to
additive, normally distributed zero-mean white measurement noise
with standard deviation 1 deg. We assume that the measurement
noise is independent between sensors at all stations. Each MGEKF
begins with the a priori information

Ox1i .0/ D [25,000 120,000 32,500 0 0 0 0 0 0]T

Pi j .0/ D 107 £ I9 £ 9

Finally, we assume that the local stationswere able to separate their
measurements from clutter perfectly using methods like those of
Reid9 orBar-ShalomandFortmann,4 orFortmannandBar-Shalom.8

Figure 3 plots the weighted innovations of a MGEKF that uses
measurements from stations 1 and 2 that correspond to the second
target, whereas Fig. 4 plots the weighted innovations of a MGEKF
that uses measurements that are mismatched. Note that the inno-
vations for the correct match appear to be a zero mean white noise
sequence,whereas the innovationsfor the incorrectmatch are larger
and are not white. To betterobserve the behaviorof these sequences,
theirmeanswereestimatedusinga Kalman � lter (assumingthat each
element of the weighted innovationof the MGEKF was a measure-
ment of a process that had integrator dynamics, process noise with
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Fig. 3 MGEKF residual for matching tracks.

Fig. 4 MGEKF residual for mismatched tracks.

Fig. 5 Filtered MGEKF residual for matching tracks.

covariance10¡3, and measurement noise with covariance1). These
estimates (Figs. 5 and 6) clearly show that the mean corresponding
to a mismatch looks nothing like that of the matched case.

After the tracks had been associated between the � rst two sta-
tions, algebraic parity tests attempted to associate the targets ob-
served by the third station relative to those observed by the � rst
and second stations. Two plots of residuals generated by the alge-
braic parity tests appear in Figs. 7 and 8. Again, the residuals for

Fig. 6 Filtered MGEKF residual for mismatched tracks.

Fig. 7 Parity test residual for matching tracks.

Fig. 8 Parity test residual for mismatched tracks.

the mismatch are much larger than those correspondingto a correct
association.

For purposes of comparison, Fig. 9 plots the error statistic de-
veloped by Bar-Shalom3 and Bar-Shalom and Fortmann4 for both
a correct and an incorrect track association (using the same data
sequences that were used by the � lters in Figs. 3 and 4). Note
that the chi-squared error statistic does not change much between
the matched and mismatched cases. We also noticed that there
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Fig. 9 Error statistic suggested by Bar-Shalom3 and Bar-Shalom and
Fortmann4: ( Ãx1 ¡¡ Ãx2)T E[( Ãx1 ¡¡ Ãx2)( Ãx1 ¡¡ Ãx2)T ]( Ãx1 ¡¡ Ãx2 ).

Fig. 10 Euclidean norm of error in tracking target 1.

were several instanceswhere nearly singularmatriceswere inverted
in the algorithm that computes the covariance of the difference
between two local estimates.

Part of the reason for this dif� culty is explained in Fig. 10, a
plot of the Euclidean norm of the estimation error. The solid line
correspondsto a MGEKF that uses measurements from both station
1 and 2, whereas the dotted line is from a � lter that only used station
1 measurements. Any method that relies on estimates that only use
a single station’s measurements is subject to a large error. This is
not a huge concern for linear estimators, but the matrix Pi j de� ned
by Eq. (29) may not necessarily re� ect this error.

We have also encountered cases where a single station measure-
ment MGEKF was divergent in the radial direction to the target, but
no such dif� culties have appeared when data from two geograph-
ically disparate stations was used. One way of generating such a
divergent case was to decrease the maneuver colored noise auto-
correlation parameter ® to 1

20
or below. We note that values of this

parameter below 1
20 correspond to slower maneuvers, a commonly

encountered situation.

VI. Conclusions
This paper describes residual-based techniques for solving the

radar track association problem for bearings-only measurements.
The association between the tracks at two stations can be deter-
mined by examining the residuals of a bank of MGEKFs. Once this
association is established, an algebraic parity test can � nd the cor-
respondencebetween tracks at other stations and targets tracked by
the � rst two stations.

One may ask why detection � lters are necessary: Why not do
everything with algebraic parity tests? Although the detection � l-
tering step is not strictly necessary, it does improve the quality of
the track associations because the state estimates constructed from
two widely separated stations are so much more accurate than the
estimates from a single station.

To ensure the quality of the estimates from the MGEKFs, one
could delay the algebraic parity testing steps for associating tracks
from additional stations. If these parity tests are replaced with ad-
ditional detection � lter banks until the estimates before and after
including a new station’s measurements are suf� ciently close, then
the � delity of the estimates can be guaranteed.
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