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Abstract: Tracking the target that maneuvers at a variable turn rate is a challenging problem.
The traditional solution for this problem is the use of the switching multiple models technique,
which includes several dynamic models with different turn rates for matching the motion mode of
the target at each point in time. However, the actual motion mode of a target at any time may be
different from all of the dynamic models, because these models are usually limited. To address this
problem, we establish a formula for estimating the turn rate of a maneuvering target. By applying the
estimation method of the turn rate to the multi-target Bayes (MB) filter, we develop a MB filter with
an adaptive estimation of the turn rate, in order to track multiple maneuvering targets. Simulation
results indicate that the MB filter with an adaptive estimation of the turn rate, is better than the
existing filter at tracking the target that maneuvers at a variable turn rate.

Keywords: target tracking; Bayes filter; maneuvering target; estimation of turn rate; multiple models

1. Introduction

Target tracking has been discussed in many articles due to its military and civil applications, which
range from threat warnings, to intelligent surveillance and situational awareness [1-9]. Maneuvering
target tracking is the most essential ingredient of target tracking and has attracted the attention of many
researchers. A number of efficient tracking algorithms for maneuvering targets have been developed
and designed in the past few decades [10-18]. The interacting multiple model (IMM) algorithms
were independently developed in [10,11], in order to track the maneuvering target in systems with
Markov-switching coefficients, and in air traffic control, respectively. The mode-set adaptive IMM
algorithm and multiple model method with variable structure were designed in [12,13], to improve
the performance of IMM algorithms when tracking a maneuvering target. By combining the IMM
method with the joint probabilistic data association (JPDA) and multiple hypothesis tracking (MHT)
techniques, respectively, the IMM-JPDA filter and the IMM-MHT filter were developed in [14,15],
in order to track multiple maneuvering targets. By applying the switching multiple models technique
to the probability hypothesis density (PHD) filter and multi-target Bayes (MB) filter, respectively,
Pasha developed a PHD filter to track maneuvering targets in the presence of clutter and noise [16],
and Liu designed a MB filter for multiple maneuvering target tracking, in the case of low detection
probability [17].

As mentioned above, the existing methods for maneuvering target tracking apply the IMM
approach, or the switching multiple models technique, to the tracking filter. In these methods, a finite
set of dynamic models are used each time. Because the motion mode space of a target is continuous,
a sufficiently large set of dynamic models is usually required to cover the range of possible motion
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modes of the target. Such a large set is impractical because an increase in the number of dynamic
models, also leads to an increase in the computational load. Additionally, it is worth noting that the
actual motion mode of a target at any given time, may be different from all of the dynamic models,
even if a sufficiently large set of dynamic models are used by the filter.

When tracking the target that maneuvers at a variable turn rate, a limited set of dynamic models
with different turn rates are usually used by the filter [12,16]. Since the turn rate of a target at any
given time is unknown and random, its actual turn rate at any given time may be different from the
turn rates in dynamic models. This difference causes the filter to provide an inaccurate state estimation
of the target at this time.

To track the target that maneuvers at a random turn rate, we establish a formula for computing
the turn rate of the target. This formula solves the estimation issue of the turn rate by using the state
vector of a target at a previous time, and its measurement at the current time. Applying the estimation
method of the turn rate to the MB filter, we present the MB filter with an adaptive estimation of the
turn rate. Its performance is demonstrated by the simulation results.

2. A Brief Description of Pasha’s PHD Filter

Pasha’s Gaussian mixture PHD filter is applied to the tracking of multiple maneuvering targets in
systems with linear Gaussian jump Markov system models, and is used as the comparison object in
this paper. We will first give a brief description of this filter. A simplified version of Pasha’s Gaussian
mixture PHD filter is composed of the following four steps:

Step 1: Prediction

N1
Let vp (01, 70-1) = 1 Wik-1(rix—1)N(xig—1;mix1(rig—1), Pix—1(rix—1)) denote the

i=
posterior intensity at time k — 1, where Ny_; is the number of Gaussian terms at time k — 1 and
N(-;m,P) is a Gaussian distribution with mean vector m, and covariance matrix P; r;x_1, X;x—1,
Wi k—1("ik—1), Mix—1(rix—1), and P;;_1(r;,_1) are the model label, state vector, weight, mean vector,

and covariance matrix of Gaussian term i, respectively. The predicted posterior intensity is given by:
N1 M,
U1 (i 1) = Y Y Wik (rig) N (e 1 i1 (7 ), Piie—1 (i) ¢))

i=1 rirk:1

where M; is the number of models used, and wj yx_1 (*ix), M kjk—1(7ix), and P; g1 (r;x) are given by:

Wikk—1(Tix) = Psitrjk—1 riglrik—1)wig—1(rix—1) ()
m; pie—1(rix) = Feo1(rip)mix—1(rig—1) ®3)
Py (rix) = Q1 (rik) + Fio1 (rije) Pig—1(rix—1)Ff_1 (rig) 4

where pg is the survival probability; F,_1(;x) and Qy_1(r;x) are the state transition and process
noise covariance matrices, respectively, of model r;; and ;1 (rix
probability from model 7;;_; to model 7; .

tix—1) is the Markov transition
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Step 2: Update

If the predicted posterior intensity is given by Equation (1), then the updated posterior intensity
is given by:

Nk—l M,
Ok (XK, ) = '21 Z1wi,k\k(ri,k)N(xi,k;mz‘,k|k—1(ri,k)rpi,k\k—l(ri,k))
=1 Tip=
My N1 M, j j . 5)
+j§1 igl VZI‘: w,',k‘k(ri,k)N(xi,k;mi,k|k(ri,k)/Pé,k|k(ri,k))
where:
Wik (rix) = (1 — pp i) Wi k-1 (rik) (6)
m§,k|k(fz‘,k) = m;pk—1(rik) +Aik(rig) - (0 — Hrig)m g1 (rig)) ?)
Pf,k‘k(fi,k) = (I —Ajx(rix) - H(rig))Pigp—1(rix) (8)
-1
Aige(rig) = Piype—r (rig) H' (1) [H(ri ) Py g1 (rig ) H (ri) + R(ri)] )
w]:k|k(rik) _ Pl\?,kwi,k\k—l("i,k)N(yj,k?H(ri,k)mi,k\k—l(”i,k)rH(”i,k)Pi,k\k—l(rr,k>HT(”i,k)+R<ri,k>) (10)
L 4 - r
Ack+PDk kZl] % 1we,k\k—](”c,k)N(y/,k;H(re,k)me,k\k—l (rege ) H(re ) Pejpi—1 (rig ) H (reje)+R (re )
=1 Tek=

where M, is the number of measurements at time k, Yix denotes a measurement at time k; H(r; ;) and
R(7;)) are the observation matrix and covariance matrix of observation noise, respectively; and I, A x,
and pp x denote the identity matrix, clutter rate, and detection probability, respectively.

Step 3: Generation of the Birth Intensity

The birth intensity is generated from the measurements at time k and is given by:

My . . .
_ J v a1q)
¥(xXp, 1) = le%kN (sl (rip), Pl (rjx) (11)
]:
i it j j j T
where n,  is taken from measurement Yik = [ "ok Tyk } ; and n, = [ Pk 0 Ty k 0 } ,
rik=1, w]%k = pr,and P],y,k = P, where p, and P., are the known parameter and covariance matrix,
respectively.

Step 4: Combination of the Updated Posterior Intensity and Birth Intensity

The posterior intensity at time k is obtained by the combination of the updated posterior intensity
in Equation (5), and the birth intensity in Equation (11), which is given by

o (%, 7x) = O (%%, 1) + 7 (2, 7x)
Nk—l M,
= Y X wigr(rip) N mge—1(rix), Pigr—1(rix))
i=1 T,‘/kil (12)
My Neca My 5 j p M i o
+];1 igl szi wi,k|k(”i,k)N(xi,k? mi,k‘k(”i,k)r i,k‘k(ri,k)) + jgl w%kN(xj,k? m, P%k)
el -

After this combination, the Gaussian terms whose weight is less than threshold T are pruned, and
the posterior intensity, which is composed of the remaining Gaussian terms, is propagated to the next
time step. Those Gaussian terms whose weight is greater than 0.5 are picked as the output of the filter
at time k.
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3. Estimation of Turn Rate

In this Section, we will estimate the turn rate of a maneuvering target by using its state
vector at time k — 1 and its position measurement at time k. Figure 1 shows a maneuvering
target with turn rate wy which moves from point O° at time k — 1, to point E at time k. Let
X 1= [ X1 Xk—1 Yi-1 Y1 }Tand Xy = { X Xk Yk Yy }T denote the state vectors of the
target at times k — 1 and k, respectively, where (xx_1,yx_1) and (xg, yx) denote the position coordinates
of the target at times k — 1 and k, respectively, and (x;_1,1/;_;) and (xx, ;) denote its velocities at times
k —1 and k, respectively. Obviously, in the x-y Cartesian coordinate system, the Cartesian coordinates
of points O° and E are (x;_1,yx_1) and (xg, yk), respectively.

y
A

v
=

Figure 1. Moving trajectory for a target with turn rate wy.

We introduce an x° — y® Cartesian coordinate system, whose origin is located at point
O°¢. The introduced x® — y© Cartesian coordinate system is shown in Figure 2. The coordinate
transformation from position coordinates X in the x-y coordinate system, to position coordinates X in
the x® — y® coordinate system, is given by:

X — [ CO.SLKk,l SN &p_1 ‘| % (X [ Xj—1 ‘|> (13)
—SINA«j_17 COSKk_q Y1
where ay_1 is given by:
Xj_1 = arccos B (14)

2 2
\V Xk—1 T Vi

Similarly, the vector transformation from velocity vector V in the x — y coordinate system, to velocity
vector V© in the x® — y*® coordinate system, is given by:
COS &y sinay_
VC:[ C okl Hlxv (15)
—Smuaj_1 COSAk_1
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T
Using Equations (13) and (15) to address position coordinates X = { Xk—1 Yk—1 } and velocity vector

T T
V= X1 Y, | instatevector X;_; = [ X1 Xk—1 Yk-1 Y1 } , respectively, we obtain

the state vector of the target in the x® — y® Cartesian coordinate system, as:

9'5,271 2 ° 2

X = x’g‘_l - \V Xk—1 T Vi1 (16)
751 0
Y1 0

Since the target moves at turn rate wy, from time k — 1 to time k, the state transition matrix of the target
motion is given by:

sin wi At cos wrAt—1
1 wi k 0 (}i;k k
0 coswpAty 0 —sinwiAty
F(wk) = 0 1—cos wi Aty 1 sin wy Aty (17)
Wi Wi
0 sinwiAty 0 coswipAty

where Aty =ty — tx_1 is the interval between times k and k — 1. Using the state transition matrix in
Equation (17), we obtain the state vector of the target in the x® — y® Cartesian coordinate system at

time k, as:
r /-2 2.
Xj—1+Yg_1 Sinwi Aty

e w
X k

Xy Vi +y2 cos Wi Aty
k-1 —
Xp=| § | =Fw)Xi_; = e (18)
X1 +Yk_1 (1—cos wiAty)

Vi Dr

[.2 2.
| \/ Xk—1 T Vi_q SinwiAty |

»
»>

v
=

Figure 2. Transformation between two coordinate systems.
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Based on Equation (18), the position coordinates of point E in the x* — y© Cartesian coordinate

system are given by:
-2 -2 .
[ ° ~| \/ X—1+Yi_q sinwi Aty
k ==

K (19)

1/ 5‘%—1 +yi71 (1—cos wiAty)

Wi

i

and the angle ﬁk in Figure 2is given by
¢ 1-— At
y]; arct COS Wi Aty

= arc tan ;
P X sin wy Aty

(20)

We assume that a sensor observes the position of the target and we use (4, ) to denote the
position measurement of the target in the x — y Cartesian coordinate system at time k. Obviously,
the position measurement of the target at time k is its position coordinates at this time, if no
measurement error appears in the measurement of the sensor. Therefore, we have:

ol I I " x = X (21)
Ty Yk r Yi
where (r{,r7) is given by:

ri COS X1 sinay_1 % e | | Xk—1 (22)
r; —sinag_q1 COSAk_q Ty Yk-1

Replacing (x{, y) in Equation (20) with (r%, r;) in Equation (22), we obtain:

rE

1-— At
arctan —Z = arc tan M (23)
ré sin wy Aty
Letc = % and ¢ = wyAty, we have:
(®+1)cos’¢p —2cosp —c*+1=0 (24)
Solving Equation (24), we obtain:
e\2_(.e)\2
ﬁarc cos (rj)Z (rf)z, ifry >0
()" +0p)
Wi = N2 (o2 (25)
- arccosM ifre <0
At () +(r)* y
where:
re = (rx — Xg—1) cos ag—1 + (ry — Y1) sinag_1 26)
ry = —(re — xg_1)sinag_q + (ry — yg_1) cosax_1

Obviously, if no measurement error appears in the position measurement of the target, wy in
Equation (25) is its turn rate from time k — 1 to time k. Otherwise, we use wy in Equation (25) as the
estimation of its turn rate from time k — 1 to time k. Thus, by using the state vector of a target at a
previous time, and its position measurement at the current time, we may estimate its turn rate at the
current time.

4. MB Filter with an Adaptive Estimation of Turn Rate

In [19,20], Liu presented the MB filter to track multiple targets in the presence of clutter and noise.
In this section, we apply the estimation method of the turn rate to the MB filter in [20], in order to
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develop the MB filter with an adaptive estimation of the turn rate. This filter consists of the following
four steps:

Step 1: Prediction

In this step, we predict the marginal distribution and existence probability of each target at the
current time, according to its marginal distribution, existence probability, and the estimation of the
turn rate at a previous time.

Let N(xjx_1,mi(—1,Pix-1), Pix-1, and w;r_1 denote the marginal distribution of target i,
its existence probability, and the estimation of the turn rate at time k — 1, respectively, where
i=1,2,---,Ng_1 Nx_1 is the target number and N(-; m, P) is a Gaussian distribution with mean vector
m and covariance matrix P. The predicted marginal distribution, existence probability, and turn rate of
each target at time k are given by:

N (i 1 g1, Pige—1)i = 1,2, -, Ngq (27)
Piklk—1 = PskPik—14=1,2,--,Ng_q (28)
wi,k\k—l = wi,k*l/i =12 rNk*l (29)

where p; « is the survival probability, and m; ;1 and P; ;1 are given by:
m; -1 = Flwig—1)mix 1 (30)

Pyt = Qi1+ F(wije—1)Pi_1F' (wij—1) (31)

where T denotes the transpose, Q; y_ is the covariance of process noise, and F(wj ;1) is given by:

sin(wi,k,lAtk) 0 o 1—COS(wi,k,1Atk)
Wik-1 Wik-1
COS(wi/k,lAtk) 0 - sin(wi,k,lAtk)
1
0

1
10
F(wi,k—l) - 0 17COS(wi/k,1Afk) sin(w,',k,lAtk) (32)
0

Wi k-1 Wi k-1

sin(w;x—10t) cos(w; k—10t)

Step 2: Estimation of Turn Rate

In this step, we use the measurements at time k, and marginal distribution of target i at time k — 1,
to estimate its turn rate from time k — 1 to time k.

. . T

Let Yik = { ”;,k r]y,k } denote the measurement at time k, where j = 1,2, - , M, M is the
number of measurements, and r;  and r]y x denote the x and y components of measurement y; ;; and
letm;; | = [ U Mokt Mok le,k—l } denote the state vector of target i at time k — 1, where

Uy 17; 1) denotes the position coordinates of target i and (17} ,_;, 17; 1) denotes its velocities.
According to Equation (25), the turn rate of target i that corresponds with measurement y; ;, is given by:

2 2
ij Sgn(yf,]') (xf]) - (yf,j)
Wy = T arccos—r v

k™ tk-1 (xj,j) + (yi,j)

e : j i

[ xl-,]- 1 . l COS & f—1 S &; 1 ] % ([ r%f'k ] _ [ 17’9"—1 ]) (34)
e | T | —sina . J !
Yij SMajr—1 COS&jk—1 Ty k My k-1

i=12---,N¢e1,j=12,---, M (33)

where
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®jk_1 = Arccos U’;kfl : (35)
\/(W;kl) + (’.7;,1#1)

1, ifyf,]- >0

-1, ifyf’j <0

Considering that the turn rate of a target is generally within a known range, the turn rate of target i
that corresponds with measurement y; ;, may be given by:

sgn(v;;) = { (36)

- Wmax lf wk] > CUmax
ij 3
wk —_— wk]L’ lf wmax < wke < wmax (37)
—Wmax lf Wk] < —Wmax

where wmax is the maximal turn rate.

Step 3: Update

In this step, we use the marginal distribution N(x;;_1;m;,_1,P;r_1), predicted existence
probability p; i x_1, turn rate estimation w,lc’] , and measurement Y to obtain the updated marginal
distribution, existence probability, and turn rate. The updated distribution and existence probability of
target i that corresponds with measurement Yk are as follows:

N(xigmy , PYYi =12, ,Ni_1,j=1,2,--- , My (38)

. i i T
i,j PD kPik|k— 1N(y'kakmk k,llHkPk k—lHk +Rk) . .
pif = I A= 12 Nei= L2 My (39)

Ack+PDk Z Peklk— 1N(y/k/Hkmk‘k 1H P;’(,(,1HZ+R/<)

where:
m s = F(wmix 4o
ch'\jkq = Qix1 + F(w )Py F () .
mk] = mklk 1 H AL (W - H"mk\k ) 4
Py = (I-A;; Hk)Pk\k 1 @
Ajj = Pk'\]k Hi [Hkpk\k (Hy + Rk}il )

where Hy and Ry, are the observation matrix and covariance matrix of the observation noise, respectively,
I denotes the identity matrix, A, ; denotes the clutter rate, and pp y denotes the detection probability.

Equations (27) and (38) indicate that a marginal distribution N(x;,_1;m;x_1,P;x_1) at time
k-1 generates a prediction distribution N (x;y;m;g—1, Pjxr—1) and My update distributions
N(x;ix; mk , ) j=1,2,---,M at time k. To decrease the computational load, we merge these
Mg +1 dlstrlbutlons toa smgular distribution. The merging procedures are as follows:

Let N(x; mk’],Pk ), j = 1,2,---,Mg + 1 denote the M; + 1 distributions where
N (x; k,m;{Mk+1 P;Mkﬂ) = N(%;x; M k-1, Pikjk—1)- Similarly, let p;;’j, j=12---,M+1and wf{’j,
j=1,2,---, My + 1 denote the corresponding existence probabilities and turn rates, respectively,
where py ’M"H = pZ Kk—1 and wy PMHL Wi kk—1- We first find the index of the maximal existence

probability from pk ,j=12,--+, My +1, namely:

= 45
q argje{l,{.r}%kJrl}{Pk} (45)
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We then use the distribution, existence probability, and turn rate with index g, as the marginal
distribution of target i, its existence probability, and the turn rate at time k, respectively, namely:

N(xi,k; mi,k! Pi,k) = N(xi,k; m;'(,q/ P;c,q)/l = 1/ 2/ Tty Nk*l (46)
pix=p"i=12--,Ny4 (47)
wip=wTi=1,2- N4 (48)

Step 4: Generation of New Target Distribution and the Output of the Filter

In this step, we use the measurement at time k to generate the marginal distribution of the new
target as:

N(xx; m]%k, P]%k),j =1,2,---, M (49)

. . , T . . T
] _ J J ] — J J

where n,  is from measurement Yix = { "ok Tyk } , and m, . = [ " 0 Tk 0 } and

P/W « = Py where P, is a known covariance matrix. Meanwhile, we designate parameter p, as the

existence probability of the new target and assign 0 as its turn rate, namely:
p]%k =0y,j=1,2--, M (50)

w]%k =0,j=1,2--,M; (51)

We then combine the marginal distributions of the existing targets in Equation (46), with those of
new targets in Equation (49), to form the marginal distributions of individual targets at time k, as:
Ny mip P Y, = (N (i mig, Py YNt U NG, P )LV 52
{N (i mix, Pig) §; 2 = {N(xigmix, Pig) b, { (xjsm., 1, P ) }j:1 (52)
where Ny = Ni_1 + M. The corresponding existence probabilities and turn rates of individual targets
at time k, are as follows:

Sy M

{oudity = {pist iy U {p]%k}j:1 (53)
M

{wd ity = {wihiy u{e] ) ].:kl (54)

After this combination, we prune the targets whose existence probability p; i is less than threshold
T, and propagate the marginal distributions, existence probabilities, and turn rates of the remaining
targets to the next time step. Those targets whose existence probability p;  is greater than 0.5 are
picked as the output of the filter at time k.
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5. Simulation Results

In this section, we use an example to reveal the tracking performance of the MB filter with an
adaptive estimation of the turn rate for multiple maneuvering targets. In this example, Pasha’s PHD
filter [16] is used as the comparison object, and the OSPA distance [21], with parameters ¢ = 50 m and
p = 2,is used as the measure. The covariance matrix Q; ;_1, observation matrix Hy, and covariance
matrices Ry and P, used in the experiment, are as follows:

At AB

3 0 0
SkOAZ 00
Qi,k*l = Q(Uv) = 2 k AE A O-Z% (55)
0 0 =7 F
3
0 0 Sk a2
100 0
H, = 56
k [o 0 1 01 (56)
2
lop 0
R=| v 57
k 0 0‘320‘| ( )
2500 0 0 0
0 625 0 0
P, = 58
v 0 0 2500 O (58)

0 0 0 625

where 0, and o, denote the standard deviations of noises.
Three coordinated turn models with different turn rates are used in Pasha’s PHD filter. The state

transition and covariance matrices for models r;; = 1, rj;y = 2, and r;; = 3 are given by
Fa(rig=1) = Flwp =0°571), Q_q(rix = 1) = Q0o = 1ms™2), Fe_1(rix = 2) = F(wg = 5571),
Qi1(rix = 2) = Qv = 3ms™?), F_1(rix = 3) = Flwy = —5°7") and Q4 (riy = 3) =

Q(0, = 3ms—2), respectively. The Markov transition probabilities among different motion models
are given by:
0.9 0.05 0.05
fik—1)] = | 0.05 09 0.05 (59)
0.05 0.05 0.9

[tk—1(rik

H(r;)) and R(r;y) of Pasha’s PHD filter are given by H(r; ;) = Hy and R(r;x) = Ry.

Example 1. Five targets are considered in this example. Targets 1,2, 3, and 4 appear at t = 1s,t = 15, = 3,
and t = 3, respectively, and disappear at t = 70s. Target 5 appears at t = 5s and disappears at t = 60s. Each
target changes its turn rate at t = 15s, t = 30s, t = 40s, and t = 555, respectively. The initial positions and
moving trajectories of these five targets are shown in Figure 3.
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400 T T
O initial position
T4 target trajectory

300+

200

100+

y/m
o

-100

-200

-300

40 I I m I I I I
-200 -300 -200 -100 0 100 200 300 400

Figure 3. Moving trajectories of five targets.

We use parameters Aty = 1s, 0y = Om/sz, op = 1m, pgy = 1.0, A = 1.25 % 107> m~2,

and pp ; = 0.95 to generate the simulation measurement. Figure 4 shows the simulation measurement
for a trial. Setting the parameters of the proposed filter to Aty = 1s, 0, = 1m/s, pgy = 0.6,
Ay =125x107m™2, ppy = 0.95, T = 0.001, 05, = 2m, p, = 0.1, and wmax = 6°/s, and the
parameters of Pasha’s filter to Aty = 1s, 0, = 1m/s, psy = 1.0, A, = 1.25 x 1075 m~2, pPpx = 0.95,
T = 0.001, 0y = 2m, and p,, = 0.1, respectively, we use the proposed filter and Pasha’s filter to address
the simulation measurements for 150 trials. The experimental results are shown in Figure 5. Based
on these experimental results, the proposed filter performs better than Pasha’s filter, most of the time.
Two factors are responsible for this result. The first factor is the difference between the actual motion
mode of a target, and the dynamic model used by the filter. This difference causes Pasha’s filter to
provide an inaccurate state estimation of the target. The proposed filter reduces this difference by
estimating the turn rate of the target at each given time. The second factor is the filter’'s memory.
Due to the poor memory of Pasha’s filter, it is prone to discarding the information of a target from the
posterior intensity, and cannot provide its state estimation if the target is not detected by a sensor at
each point in time. In contrast to Pasha’s filter, the proposed filter provides the state estimation of a
missed target, due to its sufficient memory of the target. The effect of the filter’'s memory on the OSPA
distance has been discussed in detail in [20]. As shown in Figure 5, a peak appears at ¢t = 60s, because
the proposed filter furnishes the state estimation of target 5 at its disappearing time. According to
the definition of OSPA distance in [21], the OSPA distance is used to measure the similarity between
two different sets. The excessive or deficient state estimation of the target will be punished with the
cutoff distance.
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Figure 5. The experimental results for 150 trials.

To reveal the effect of the clutter rate and detection probability on the tracking performance of
the proposed filter, we use different clutter rates and detection probabilities to generate simulation
measurements, and use the proposed filter and Pasha’s filter to address the simulation measurements,
respectively, for 150 trials. Tables 1 and 2 show the results obtained from different clutter rates and
detection probabilities. Table 1 suggests that an increase in the clutter rate leads to a larger OSPA
distance for both the proposed filter and Pasha’s filter, but the proposed filter performs better at each
clutter rate than Pasha’s filter. A similar conclusion is also reached from the result in Table 2. A decrease
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in the detection probability enlarges the OSPA distance of the proposed filter and Pasha’s filter, but the
proposed filter obtains a smaller OSPA distance than Pasha’s filter at each detection probability.

Table 1. OSPA distance (m) at five clutter rates.

Aek (x1076m~2) 3.125 6.25 9.375 12.5 15.63
Proposed filter 5.18 5.61 6.05 6.32 6.48
Pasha’s filter 13.03 14.37 15.22 15.97 16.61

Table 2. OSPA distance (m) at five detection probabilities.

Pp,k 1.0 0.95 0.9 0.85 0.8
Proposed filter 5.04 6.32 7.79 11.67 12.95
Pasha’s filter 8.78 15.97 21.65 26.14 30.40

The performance time is also an important measure for the performance of a filter. Table 3 displays
the required time of a trial for the proposed filter and Pasha’s filter, at different clutter rates. Based on
Table 3, the proposed filter requires more time than Pasha’s filter for each trial, because the proposed
filter is used to estimate the turn rate of the target at each time step, and this estimation requires a
number of calculations.

Table 3. Performance time (s) at five clutter rates.

Aek (x1076m—2) 3.125 6.25 9.375 12.5 15.63
Proposed filter 3.14 4.96 7.70 10.70 14.37
Pasha’s filter 1.08 1.98 3.67 6.33 10.49

6. Conclusions

In this study, the formula for calculating the turn rate of a maneuvering target is derived. Based on
this formula, we may estimate the turn rate of a target by using its state vector at a previous time,
and its measurement at the current time. Applying the estimation method of the turn rate to the MB
filter, we present a MB filter with an adaptive estimation of the turn rate, to track multiple targets
maneuvering at a random turn rate. Based on simulation experimental data, we test the performance
of the proposed filter, by comparing it with Pasha’s filter. The experimental results suggest that the
proposed filter is better than Pasha’s filter at tracking the targets that maneuver at a variable turn rate.
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