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On A Simple Adaptive Tracking Filterl
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Abstract

This paper presents a simplified adaptive tracking filter for a maneu-
vering target. The filter is very simple and easy to implement. No prior
knowl edge of the maneuvering characteristics is needed; the tracking errors are
quite small when the target maneuvers. While the target does not maneuver, the
tracking errors are a bit larger than others, but are still much smaller than
measurement errors. This method can be used either with 1inear measurements or
nonl 1nea; measurements. Simulation results for various target maneuvers are
presented.
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ON A SIMPLE ADAPTIVE TRACKING FILTER

I. INTRODUCTION

The problem of tracking a maneuvering target has been discussed by many
authors [1] - [7]. For most of these filters, the maneuvering chgracteristics
of the target are assumed. When the actual target maneuver does not meet the
assumpt fon, the tracking accuracy usually is poor.

Chan et al [6], [7] proposed a tracking scheme with input estimation, in
which a model of the maneuvering characteristics is not needed. They estimate
the acceleration (maneuver) inputs from the residuals and use a detector for
checking the magnitude of the estimated input. Only when the magnitude exceeds
the preset threshold level are the estimates used to update the Kalman filter.
However, there are some weaknesses in this scheme.. The first one is that when
the target manuevers significantly, the rms errors in position are very large.
The second is that when the target performs a small maneuver which lasts some
time, the acceleration will be so small that the estimates will not exceed the
threshold level and will not update the Kalman filter; after a long time the
errors will get 1larger and larger. Lastly, the detector 1is somewhat
compl icated.

A simplified adaptive tracking filter is presented here which uses a sim-
plified target model. It is assumed that the target moves in a straight line
with constant speed. Also, smoothed residuals are utilized to control the gain
calculation of the Kalman f{lter. Then, based on the characteristics of the
feedback system, the filter decreases the tracking errors autonaticilly. In
this method, neither the characteristics of the maneuver nor the assumptions

about the acceleration is required. The algorithm is very simple and easy to

implement. When the target performs a maneuver, the ms value of position
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errors are much smaller when compared with Chan's results [6]. When the target
does not maneuver, the errors are a little larger than Chan's but still less
than the measurement errors. This method also can be generalized to the case

of nonl inear measurements by using the extended Kalman Filter or a “bilinear”

type of filter [8], [9].

II. AN ADAPTIVE TRACKING FILTER
Consider the motion of a point mass in the plane with constant velocity as
the target model, which can be described by the 1inear difference equations,

i.e.,

Yoy = Fly + GHy. (1)

where xﬁ = [x(NT), ;(NT), y(NT), J(NT)] with prime and dot designating trans-
pose and time derivative, respectively; x(t), y(t) are the target Cartesian
Coordfnates; T is sampling time of measurements; Wy s a zero-mean Gaus-
sian random vector with covariance E{HNH&} = rN (in the experiments, it is as-

sumed that GWy = 0), and

p- -

1 T 0 0
o 1 0 O
F (2)
o 0 1 T
(0 0 0o 1].

At first, assume the measurements have been converted to rectangular coor-

dinates. The measurement nofse is an additive, zero-mean, white, Gaussfan ran-

dom vector, so that the measurement equations are

Zy = HXy + V) (3)
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Jroney




where

[1 0 0 o]
H= . (4)
0 0 1 0O

E{vy} = 0. E{vuvig = Rydyys (5)
where 3jx is the Kronecker-delta function.

The estimates of the state at the time NT of the original Kalman filter
are [10]

A A N A

Xy = Fy 1 + Ky(Zy - HFXy 1) = FXy ) + KySys (6)
[} TR "1

Ky = FPy_;F'H [HFPN-IF H' + RyI7, (7)

The residuals are
A
Sy = Zy - HFQN-I = H(Xy = FXy_y) + Yy (9)

When the initial values of estimates and covariance matrix (Qo. Pg) are
chosen, Equations (6) - (8) can be used recursively to calculate the
est imates.

If the target does not maneuver, the target model describes accurately the
target motion, and if the mean of the initial error equals zero, the mean of
the residuals should be zero. - When the target maneuvers, the target model will
become inaccurate, the mean of the residuals will no longer remain zero, and
tracking errors occur. The Kalman filter can be viewed as a feedback system.
If the gain Ky has appropriate values, the errors can be reduced automat-
fcally. But when Gy = 0, Ky and Py will tend to zero so that the restid-
uals will no Tonger affect the estimates. (If Gy ¢ 0, Ky and Py

eventually will tend to small values, and the residuals camnot significantly
affect the estimates.) The tracking errors could become larger and larger, and

s




eventually the filter will fail in tracking. In other words, the Kalman fiiter
“tracks" the erroneous model rather than the maneuvering target.

From (9), it is seen that the residuals contain two terms. One {s meas-
urement noise, with mean equal zero. Another is due to the model error when
the target maneuvers. If a simplified smoothing {s performed, then the
smoothed values of the resiudals can represent in some sense the errors pro-
duced by target maneuvering. When the smoothed values exceed some threshold
values, the adaptive filter will reinitial ize the previous value of the co-
variance Py.1, then the gain Ky can be appropriately adjusted to pro-
vide proper feedback and the estimated errors can be reduced automatically.
The block diagram of the presented adaptive tracking filter is shown in Fig-
ure 1. Here, the portion below the dashed 1ine corresponds to the conventional
Kalman-Bucy filter.

The average of the residuals consisting of some previous time points and
including the present time point as the simplified smoothed values 1is chosen,
so that

Sh = [SN + SN'I * eee * SN-"*IJ / M. (10)

Now, the gain formula 1s given by

Ky = FPF'H'CHFPF'H' + R\D, (11)
Po when S, > | s, |,

P = (12)
Pr-1 when 5y <| s |s

Py = {1 = KHIFPF (I = KyH)' + KRk ' (13)

When the values Sy and Pg are chosen appropriately the estimate errors will

be kept within a reasonable range.




This method can work for a variety of target maneuvers, even when the man-
euver is small and lasts a long time. The weakness of this method might be
that when the target does not maneuver, the rms values of estimate errors are a
1ittle larger than for the ordinary Kalman-Bucy filter, but they still will be
less than measurement errors. This 1is because the two factors in residuals
Sy mix together, and using the simplified smoothing, the stochastic compo-
nents cannot be el iminated. So sometimes switching occurs even when the target
does not maneuver. This is the cost for simplicity and for keeping small

tracking errors when the target maneuvers.

II1I. THE ADAPTIVE TRACKING FILTER WHEN MEASUREMENTS ARE NONLINEAR
We can geﬂeral ize this method to nonlinear measurements. When the meas-
urements are made using polar coordinates

by

Zu =
N
™~

= BFh(X,), (14)

where b is bearing, r is range,

: 1Y
bN = tan 1 ;% R (15)

™ * ("Nz "’Nz) " e

The extended Kalman filter (EKF), and other nonlinear filters, can be adapted
to this scheme. For the EKF, the measurement matrix Hy s no longer con-
stant. With the target model in Cartesian Coordinates, it is a function of
est imates,

Mav 0 Pawy O asen "
= ST A (17)
0 X = FXy_y

HN-

hZIN 0 'h23N




R e i , (18) |
X ¥ ] x = FX
; N-1
-X
haw = 7,2 ' (19)
¥ | x = Fx
,_ N-1
Ny = X (20)
2N T2 77 ’
X" +y B
Rpan * —2—12-177 . (21)
23N
X" +y -
( ) X = FXy
Similar to Equations (9), (11), and (13), the other formulae are ]
. :
Sy = Zy - BFh(FXy ;) ». (22) i
. 9
Ky = FPF'HLCHGFPF'HL + R,]™D (23) g
N NLFNFPR“Hy + Ry 4
Py = (T = KyHOFPF'(T - KyH)' + K\RyKy (24) "

In this case, the estimates x, y can be used to estimate bearing and range as
well as the rms errors of bearings and range. )
If the measurements are made using two bearings from two sensors in
separate locations, this method will result in larger tracking errors. The i
problem does not arise from the filter scheme itself, but from the sensitivity
of the measurement method.
From the geometry, exhibited by Figure 2, it can be seen that, even when
the target does not move, with the two-bearing measurements, the range error
'. may be very large even if measurement errors are small. The geometrical ~

relationships are [11]

: r Zo:'s" 2 q° (25)

bl = tan




bz - tan'l r sin b

L

b, = b, + ab,,

rcosb-d°’

172
2~ ~ ~ ~ ~ ~
AL 1 + cos (b2 - bl) - :cos(b2 - bl)cos(b2 + bl)

_y {cos(b, - ;) - cos(b, + B,)
8 = tan-! 271 TR T

sin(bz + bl)

ab=b-B,
AY"Y‘-,P\.

Here aby, aby, Ei. '52 dre measurement errors and measurement bearings

A
respectively; b, r, b, ? are real and estimated values of bearing and range

respectively. For a numerical example, if

x = r cos b = 2000 yds
then r = 4472.14 yds
by = 1.0680 rad (61.19

and the errors shown in Table I

s ¥ =
» b=
°)

result,

(26)
(27)

(28)

(29)

(30)

(31)
(32)

r sinb = 4000 yds , d = 200 yds,

1.1071 rad. (63.43°)
bz = 1.1479 rad. (65.77°).

Table I. Position Error Sensitivity Relative to
Two-Sensor Locations

+0.05
+0.05

+0.05
-0.05

-0.05
+0.05

1.1672
-0.0501

4583.98
-111.84

1.1078
-0.0007

11887.93
-7415.79

1.1039
0.0032
1984. 56
2487.58
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VI. SIMULATION RESULTS

In applying the simplified adaptive tracking filter, two factors need to
be considered. One is the number of residuals M used to get the simplified,
smoothed values. It is relevant to the accuracy of the smoothed residuals. If
the target does not maneuver and the measurement noise is white, then in (9),
the mean of Sy equals zero and the standard deviation of the components of
the Sy are inversely proportional to the square root of M. However, a large
M will reduce the “weight" of the recent measurements. So generally the appro-
priate value of M is 3-5. In this simulation M = 3,

The second factor is how to choose the threshold level §;. If the
threshold level is low, tracking errors when the target maneuvers can be quite
small. However, at a low setting, tracking errors when the target does not
maneuver will tend to be large. This is due to occasional unexpected rein-
itializing. In practice of course, the filter would need to ignore certain ex-
traneous “outlyers.”

_For a fast-turn maneuver (see Figure 3(a)) different rmms errors for dif-
ferent S are shown in Figure 4 for 1inear measurements and in Figure 5 for
nonl inear measurements. The standard deviation of the measurement noise s 100
yds. (in x, y) for the linear observation and 100 yds. in range and 0.035 rad.
in bearing for the nonlinear observation. The results are about as expected.
One and three tenths (1.3) times the standard devfiation of measurement noise is
selected for S| as a compromise between transient error (due to maneuver) and
steady error. Of course, more analysis is necessary to "optimize® this
selection.

As a comparison with the method of Chan et al [6], [7] almost the same

target maneuvering and data is used. There is just a 1ittle difference. When
the target maneuvers it is assumed that the magnitude of the target velocity is




constant and the direction of the target velocity changes uniformly with time
rather than discontinuously. The equations of the adaptive tracking filter are
as given in Section II with data T = 10s, § = 130 yds and

10000 500

] s N=1,2,3, ..., 100.
500 10000

The initial conditions of the target are given by xg = 1000 yds, xg = O, {
yo = 10000 yds, yo = -15 yd/s. The mean of the initial errors is zero,

and
10,000 0 0 0
0 100 0 0 j
Po = 0 0 10,000 ol-
0 0 0 100 i'

For the first target motion (see Figure 3,a), the target mov.. in a
straight 1ine at constant speed until t = 400s (N = 40), it then makes a fast
turn moving with angular velocity 0' = -x/100 rad/s until after 50s it has ex-

ecuted a 90° turn. It then continues in a straight 1ine at constant speed on |

this new course. The second motion (Figure 3,b) is much l1ike the first, how-
ever the turn 1s siower with o= -¥/400 rad/s. In this case the turn takes
200s. In the third motion (Figure 3,c), the target carries out a turn iden-
tical to that in the second motion, then assumes a course parallel to its orig-
inal one by performing a fast turn with 0. = x/100 rad/s. In the fourth motion
(Figure 3,d), the target performs a fast cfircular turn (3- -x/100 rad/s).
Completing 1t in 200s, it then continues on this original course. The last
motion (Figure 3,d) 1s a very slow 90° turn with & = -x/1000 rad/s, which takes
500 sec to complete. In all of these motions, the maneuver begins at t = 400s
(N = 40).

For each kind of target motfon, 50 samples are run and the rms errors are

computed. The standard deviation of the measurement noise {s as given above




with sample mms values about +20% about this value. Figure 6 shows the rms

tracking errors for the corresponding motfons with 1inear observations.
For nonl inear measurements,
0.0012 0.175
RN = ’ N=1, 2, ..., 1000,
0.175 10000
SL1 = 0.045 rad and S 2 = 130 yds.
Again, the standard deviation of the measurement noise is 100 yds. in range and

0.035 rad. in bearing with the sample rms values approximately $20% about this

sample mean. The rms tracking errors of bearing and range for the trajectorfes
given in Figure 3 for the above are plotted in Figure 7.

According to these results, the adaptive tracking filter ATF is very ef-
fective, and the errors are significantly less than by the method of Chan, et
al [6], [7]. A rough comparison with this popular method is made in Table II.

Table II. Comparison of Methods

Max. RMS Position Error, Yds.
Motion ATF (6] 73
Figure 1(a) 91-121 180 260-~350
Figure 1(b) 82-88 190 290
Figure 1(c) 91-121 215 300
Figure 1(d) 121-122 * 360
Figure 1(e) 89-90 * *

*Not available
Maximum velocity errors by the proposed method are approximately 10 to 50
percent less than the method of Chan, et al using their method as the base for

comparison. '




V.  CONCLUSION
A simple adaptive tracking filter has been presented here. For each meas-
urement sample, the filter produces the residual sample and does very simple

smoothing. In turn, the smoothed residuals adapt the filter gain. This method

can be used for either 1inear measurements or nonlinear measurements. The re-
sulting tracking errors are small for all cases studied. Also, the method is
very simple, robust and involves few computations. No prior knowledge of the
maneuvering characteristics of the target is required. If it is known how fre-
quently the target maneuvers, the threshold level can be adjusted to optimize
the method's performance. If there is an operator monitoring the smoothed
residuals, the threshold level can easily be adjusted to achieve better
tracking performance.

Since a class of "bilinear" filters has shown improved performance over
extended Kalman filters for typical nonmaneuvering cases and the above non-
1inear observations [8] and [9], it is expected that the planned adaptation of
the present algorithm to the "bilinear” filter will yield even better perfor-

mance than that shown above.




o -t e

(1]

2]

[3]

(4]

[s]

£6l

7]

(el

(9]

[10]

(11]

0 U 0 Wi AR B s o 0 AN .4 .29 AT 05 01

REFERENCES

R. A. Singer, “Estimating Optimal Tracking Filter Performance for Manned
Maneuvering Targets," IEEE Trans. Aerosp. Electron. Syst. Vol. AES-6, pp
473-483, July 1970. '

K. Springarn and H. L. Weidemann, “Linear Regression Filtering and Pre-
diction for Tracking Maneuvering Aircraft Targets," IEEE Trans., Aerosp.

Electron. Syst. Vol. AES-8, pp 800-3:0, Nov 1972,

R. J. McAulay and E. J. Denhnger, "A Decision-Directed Adaptive Tracker,"
IEEE Trans. Aerosp. Electron. Syst. Vol. AES-9, pp 229-236, Mar 1973,

AES-15, pp 237-244, Mar 1979.

N. H. Gholson and E. L. Moose, “Maneuvering Target Tracking Using Adap-
tive State Estimation,” IEEE Trans. Aerosp. Electron, Syst. Vol., AES-13,
pp 310-317, May 1977

G. G. Ricker and J, R. Williams, "Adaptive Tracking Filter for Maneuver-
ing Targets," IEEE Trans. Aerosp. Electron. Syst, Vol. AES-14, pp 185-
193, Jan 1978,

Y. T. Chan, A, G, C. Hu and J. B. Plant, "A Kalman Filter Based Tracking
Scheme with Input Estimation,” IEEE Trans. Aerosp., Electron, Syst. Vol.

Y. T. Chan, J. B, Plant and J. R. T. Bottomley, "A Kalman Tracker with a
Simple Input Estimator,” IEEE Trans, Aerosp. Electron. Syst. Vol. AES-18,
pp 235-240, Mar 1982.

T. U, Halawani, R. R. Mohler and W. J. Kolodziej, “A Two-Step Bilinear
Filtering Approximation,” IEEE Trans. Acous., Speech and Sig. Proc., To
appear 1984,

W. J. Kolodziej and R. R. Mohler, "On a Proposed Nonlinear Filtering
Approximation,” IEEE Trans. Info., Th., To appear 1984,

A. Gelb, Applied Optimal Estimation, The M,I.T. Press, Cambridqe, MA,
1974.

R. S. Engelbrecht, "Passive Source Localization from Spatially Correlated
Angle-of-Arrival Data," IEEE Trans. Acous., Speech and Sig. Proc., To ap-
pear 1983. ]




Torget
Motion

SL Po
51
—N Pty |
~| Smoothing Switching |———9— Caiculating
£ ey 4 n-1

Figure 1. Adaptive Tracking Filter

Oeloy |




Ak
Sensor ]}ﬂ- GJqu 2

Figure 2: Geometry for Two-Bearing Measurements.

. .‘,r'fﬂwm“«ﬂ‘?@?f‘mf('ﬁﬂ‘ -

it sttt




t=400s e
4000 | k t21000s 4000 | Q{om /°
v

------- P> -
7ts 450s b -
: t=1000s #
L o 17e00s
° 2000 8000 > *yq © 2000 8000 “vd
y (a) First Motion y (b) Second Motion _.
4yd [t=0s 4yd Jt=0s 'A

8000 |- 8000 -

t =400s
4000 |- b/ t=500s 4000} )
\ t=600s
\ —t = 650s

L ' o e’\i'- . —>
X :
© 2000 8000 T yd 3000[~.___ 800 yd |
1t=1000s J, ‘
(¢) Third Motion t=1000s
Ayyd [t=0s (d) Fourth Motion
8000 I-
a - Fast Turn
4000 | t=400s b- Slow Turn
¢ - Circular Maneuver
d - Slow-Fast Turn
‘ e - Very Slow Turn
. B _
0 3000 - x
t =1000s
t=900s

(e) Fifth Motion
Figure 3. Simulated Target Trajectories.




8,
"4

L At

o8§8§8

Wﬁ&e

25— 80—

IZOt

100
30
60
401
20

o

e

;ngm’ M””%*’

L A L L 'l

20 40 60 80 100

Fig. 40 rms tracking errors in position, fast furn. SL = 100yd

Fig. 4b rms trocking errors in position, fost furn. SL

+
m-
+
140}
120}
+
100}
go} *
+* 1#,.
60 +at
»" & #M
40F Wv
20}
0 22) 40 60 80 100
gvd
120 &
m. X
00"“ " A
\ x 2 L] 2
€O Mk Y oyl g
‘o:-
20}
02 46 & ® 10

’

y

4yd

120
100
80

60

40

20

o)

= 160 yd

- e = M‘...A_.‘.-,!..,,‘..,.,.._. B st R el A

i
120+
'oo i
of Foay
::P. gl W e,
20k

N

20 40 60 80 100
Fig. 4c rme trocking errors in position, fast turn. s s 130 yd

b 3

PRSP R I .




t r
120
4d 100} %
0.04 | 8o}
o 500
003 eo@"%%’ ?’° zg
0.0l 20}
ok 20 40 60 80 100" 0 20 40 60 80 loo"
Fig. 50 rms trocking errors in position, fost furn, SL s 0.035 & S, = 100 yd
I ro Lz ;
:
ar
v x :
l - '
Ab 20 x ;
100} x i
0.04 | 8o} i ‘
003 r so#“:.%x x* ';.‘,;:"‘ '-'q'm(- x
! ) X S x
| 002} a0} s o
’IF X
o Xo}) F 20}
0 20 40 60 80 ooV 0 20 40 e 80 1o~
Fig. Sb rms trocking errors in position, fast turn, SL s 0.045'“ = 130 yd

Sandith o




120
100 100+
] %
BOL“ "': '5;;.?.,: o, o 5 'l' x x
i 60F k["ﬂ - x ﬁ.‘ x_ " 60f ;& w " g 'i"
a0k x Mgy g L ol llﬂtﬂ:“ L o .l.&.‘.
20 20
A ' 'y 2 'l ' ] i L 1
0 20 40 60 86 wo°N 0 20 40 60 80 00
Fig. 66 rms tracking errors in position, slow furn, SL' 130 yd
X y
4yd tyd
120F x 120
x
100F x 100 -
w. "h."’ ** ao }'.'
. " ke LAY
o - g o W Vil
40F L
20F 20+
0 26 40 e 80 o'V 0 20 40 60 80 100
Fig. 6b rms trocking errors in position, siow-fost turn, SL- 130 yd
A'yd AyN
120 * . 120+ »®
100r x "‘x ': 100 l.:l "x
x x .‘ X%
8o} x ",:" 80} .: :“. .
o]y % n ox %, 6o} 3" oy &
sob ) “M' rys * ‘f‘ lx' .
20} 20F
O—26 4 e 8 w00 0 20 40 60 80 0o
Fig. 6c rms trocking errors in position, circle m, S = 130 yd
’ $yo 7’76
n ’.l ¥ ” l". b ]
2 Sl g f x 1 . 2%
of F I, o} e e
40} 40
2°L zo-
0 20 40 e 8 oV 0 20 40 8 80 wo |

Fig 6¢ s racking errers in position, very siow furn, SL' 130 y¢




Fig. 7c rms trocking errors in position, circle furn, sL = 0.048
1

rod’

S, =130yd
L2

e i TP v
- - o T =TT —
? r
4o 00}
Qo4 | 8ot s,
Rl
003} » 60} . "'“:N' .
ool ¥ 20
1 1 L e 1 _— 1 'l —— I .
° 20 40 60 80 100 ° 20 40 60 80 100"
Fig. To rms trocking errors in position, slow turn, SL = 0.045 ¢ SL =130 yd
| ro 2
4
140 x
120§ *x
4o 100} x
004 L 80t X X g x :
003 60} kL |
o x 4
. xy . .
002} s,.'p"'hg“..’i-& sof “~ o 7
oy ;
o001 | 20F }
i A [l L L i L ' I N 1 ‘
"2 40 e 8 0" 024 e 8 0o "
Fig. 7Tb rms trocking errors in position, slow turn, SL; 0.045 SL; 130 yd
s, i
140}
4b 120} .
b L] - x *
29 o 9 LR
704 o 5 x Bo - m l"l
| v ¥ N x ., x
?.03 ’&. X, :’ ‘:' v 60 ; M“:‘ﬂ
<02 - X x X ﬁﬂ x m 40F
201 + 20}
Ao A y - - N A ’ ) 4 L e 1
=246 e w0 100" "2 40 e 8 oo"

BER Lal -




