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Maneuvering Target Tracking Based on EBPSK
Modulated JRC System

Yu Yao, Huanglong Teng, and Lenan Wu

Abstract—Aiming at the existing problems of current
algorithm for maneuvering target tracking, the paper proposed
a new scheme that uses a joint radar-communication (JRC)
system with Kalman filters to accurately tracking the target
with the generalized likelihood ratio test (GLRT) theory. First,
the tracking model of extended binary phase shift keying
(EBPSK) modulated JRC system is introduced. Also,
generalized likelihood ratio (GLR) and marginalized likelihood
ratio (MLR) algorithm were given. Moreover, an adaptive
maneuvering target tracking algorithm using interacting
multiple model (IMM) technique is combined with Kalman
filters to adapt the target maneuver. In addition to theoretical
considerations, the EBPSK modulated JRC system based on the
proposed algorithms on maneuvering target tracking problem
are validated and evaluated by computer simulations.

Index Terms—Extended binary phase shift keying (EBPSK),
interacting multiple model (IMM), Kalman filter, maneuvering
target tracking, joint radar-communication.

. INTRODUCTION

The extended binary phase shift keying (EBPSK)
modulated joint radar-communications (JRC) system in the
literature [1]-[4] showed excellent constant false alarm rate
(CFAR) target detection performance when performing radar
measurements for uniform motion and maneuvering targets.
EBPSK modulation technique [5], [6] can achieve a very high
spectrum efficiency without excessively penalizing the power
efficiency. In addition to the high range resolution, the system
is stable and offers reliable target detection ability in long
distance [7], [8]. A simple amplitude threshold detector in the
JRC system can demodulate the EBPSK modulated pulse
echos, resulting in a simple receiver structure [9].

Maneuvering target tracking problem has attracted
substantial interest, which is very meaningful for modern
radars [10]-[13]. The generalized likelihood ratio (GLR) and
marginalized likelihood ratio (MLR) method are proposed for
maneuvering target tracking. The MLR test appears to be
more efficient than the GLR test assuming more prior
information [14]. In this paper, Aiming at the existing
problems of current algorithm for maneuvering target
tracking, a model adaptive maneuvering target tracking
algorithm using IMM based Kalman filters is proposed.
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Weighted least square estimation for target location and
Kalman filtering for target tracking based on one or more
different models(maneuver model, the different parameter of
maneuver model) are used in EBPSK modulated JRC system.
The proposed algorithms offer good tracking accuracy and
model adaptation as illustrated in the computer simulations.

The rest of this paper is organized as follows: Section Il
introduces the tracking model of EBPSK modulated JRC
system. Section Il describes generalized likelihood ratio
algorithms. Section IV illustrates IMM based kalman filters.
Some indicative simulation results and performance analysis
are presented in Section V. And finally, Section VI gives the
conclusion of the paper.

Il. THE MODEL oF EBPSK MODULATED JRC SYSTEM
The EBPSK modulated JRC system model for tracking and
estimation of maneuvering target in AWGN (Additive-White
Gaussian Noise) is shown in Fig. 1.
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Fig. 1. The tracking model of EBPSK modulated JRC system.

Let u be the input that is responsible for maneuver and let n
be the maneuver onset time so that u, = 0 for k<n and u, # 0 for
k > n over the time window [k-s, k). Consider the following
maneuver hypotheses in terms of input value:

H,:u, =0 forallk e[k-s,k)
H,(un):u, =u,,, =.u,_, =u=0

€]

for some ne[k —s,k)

where the input level u and the maneuver onset time n are
unknown. The likelihood ratio of H; vs Hq with given u and n
is:

k

Hl(u,n))

A(u,n)= f(zs v )

f(zsk
where 7 stands for set of measurements{z,..., z}. A
principle widely used is to replace the unknown likelihood
functions by their maxima over the unknown parameters (u, n).
That is, replace f(zk Hl(U:n)) with
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Denote by

The joint

f(zsk
J(un

maximum likelihood estimate (4,R) is found in two steps as

A ):max(uyn) f(zf Hl(u,n))
)=logA(u,n) the log-likelihood ratio.

follows:
1) Find G(n)=argmax,J(u,n) as the input estimate
given onset time n and then
(G,7)= arg[max]J (a(n).n)
U n
The main reason for this two-step approach is the ease at
finding L](n).

2) The GLR maneuver detector declares detection of a
maneuver if the generalized log-likelihood ratio:
k

{[H, (0.0))
f(zl‘ HO)
exceeds a properly chosen threshold. Under the

linear-Gaussian assumption, ((n)= Z(n)e( ) is easily

obtainable (the least-squares estimate of u given n)
where Z(n) = MSE [lj (n)] is the mean-spuare error matrix

®3)

f
3(4,R) =log )

of G(n). It can be easily verified that:

1

;%) s

3[a(n).n z;%m [a(n).n] ©®

where Z, is the residual at time k under Hyand S, = cov(z,).

The marginalized likelihood ratio (MLR) method appears
to be more efficient than the GLR test assuming more prior
information. Its basic idea is to obtain the marginal ML
estimate N that has the maximum likelihood for an average U,
rather than using the joint MLE ((, A1) . In essence, MLR test
checks the ratio of average likelihoods, as opposed to the ratio
of most probable likelihoods in the GLR test. The hypotheis
testing problem is formulated with respect to the marginalized
log-likelihood ratio (MLR).

E [ f (zsk

f(z Hl(n))
f(z

f(zk HO)

S

k
s

Hl(u,n))}

k Ho)

S

(6)

J(n)=log =log

where
f(z Hl(n)):E[f(zf Hl(u,n))}:jf(zsk Hl(u,n))f(u)du

The testis max, J (n)>0. Theinput U in the formulation

k
S

is considered as a random variable, in contrast to the GLR
method where it is assumed a deterministic constant. The
input level is eliminated by averaging over all possible levels.
Clearly the crucial problem of threshold determination of the
GLR test is circumvented in the MLR formulation. Under
some condition and with a special choice of the GLR
threshold, both tests coincide. The MLR test is also more
robust than the GLR test to unknown noise levels.

119

1R
In this algorithm, input estimates g, (n) for all possible

GENERALIZED LIKELIHOOD RATIO ALGORITHMS

maneuver onset time n are computed and the one that
maximizes the log-likelihood log f (zk i )is taken to be

the input estimate and the corresponding N as the onset time

estimate 1 . The maneuver detection in this algorithm is done
based on the generalized likelihood ratio (GLR) test, hence
the name GLR algorithm. Specifically, this algorithm for
MTT consists of the following:

1) Input estimation. For each n=k —s, ...,

MLE

k —1, obtain the
Then

d, (n)=argmax, log f (7:|0,n)

(23, (n).n).

estimation.  Obtain the MLE
A=arg max log f

max (zk (n), ) argmaxAJ[ (n).n]

k-s<n<k
which is given by the linear-Gaussian assumption.
Maneuver detection. A maneuver is declared
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State estimate correction. Use
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maneuver is declared.
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The principle of IMM based Kalman filters algorithm can
be summarized as follows: The trajectory of moving object is
filtered with Kalman filters using a number of different
models (maneuvering model or different parameter
nonmaneuvering models). At the beginning and the end of
filtering, weighted sums of the results of each model are
computed according to their probability. Assuming that there
are I motion models ( I state transition equations):

(k) j=12,..r (7)

where the mean is zero, covariance matrix is white noise
sequence. And measurement model is:

Z;(k)=H, (k)X (k)+V; (k)

IMM BASED KALMAN FILTERS

X, (k+1) =, (K) X, (K)+G, (k)W

(8)

Transition probability from model i to model j is pj;, the
probability of model j at time k-1 is yj(k—l), prediction
of
g, ZZPijﬂi(k—l)’ the mixed probability from model i to

probability model j(normalization constant) is

model j: H; (k_1/k_1)=zr: Py 4 (k_l)/fj. The mixed
i=1

state estimation of model j:
i (k-1/k- 1:2 (k=1k=1) g (k-1/k-1) ~ (9)

The mixed variance estimation of model j:
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P, (k-1/k-1)=
: . . r\(10)
k=K1 Rk X, (-1, -1k )
i=1
with X, (k=1/k-1)=X; (k=1/k-1)-X,; (k-1/k-1).

Updating model probability: The likelihood functions of
model j:

1.
srep] -0 1,

with v, (k)=Z (k)-H(k)X;(k/k-1) is the innovation
S;(k)=H k)IDj(k/k—l)H(k)T+R(k) is the variance of the
innovation.  The  probability  of
w; (k)=A; (k) /c.

Interactive Output: The total state estimation:

model j s

r

X (k/k)=YX,

=

(k/7k) (k) (12)

The total estimation of measurement error variances:
k/k Z”J k/k( k/k)+X (k/k)[ (k/k)] )(13)

with X; (k/k) =X, (k/k)=X (k/k).

We use three models in this paper, the 1st model is
nonmaneuvering model, the system noise variance of the 1st
model is zero; the 2nd and the 3rd model are maneuvering
model. Assume that the system noise variance of the 2nd
model is Q =0.001l , and the system noise variance of the 3rd

model is Q =0.01441 . Markov transition probability matrix
of control model is expressed as follow:

0.95 0.025 0.025
p=[0.025 0.95 0.025
0.025 0.025 0.95

Assuming that the transition probabilities of the models
are £, =0.8, u, =0.1, u,=0.1 (These parameters can be

modified). The parameters of these models are defined as
follow:

O o< < X X

X< < X X
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Initial state would be expressed as:

X(Z/Z):{ZX(Z) M ,(2) w 00

[ s ST 0 0 00
S2IT 257172 0 0 00
2 2

p(2/2)= 0 0 25y 6y2/T2 00
0 0 o,IT 250/T° 0 0O
0 0 0 0 00
| 0 0 0 0 0 0]

The mean value of filtering error is:

Z[x %(k/k)] e

The standard deviation of filtering error is:

7 i 2% 05 (k10T [, (0 09

where M denotes simulation number of Mente-carlo,

k=1,2,...,N, N, is the sampling number.
V. SIMULATION
In this section, the maneuvering target tracking

performance of EBPSK modulated JRC system with IMM
based Kalman filter algorithm is simulated. Simulated orbit:
at the beginning, the target bears a constant velocity on y-axis,
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and its initial value is 450m/s. The target moves in uniformly
accelerated motion and makes a 90-degree sharp turn on
x-axis between 200th-300th scanning intervals, accelerated
velocity is ux=uy=20m/sz. Then the target makes a

gradual 90-degree turn again on x-axis between 305th-330th
scanning intervals, accelerated velocity is u, =u, =3m/s®.

At the last, the target is moving in uniform motion again
between 330th-450th scanning intervals. In Table I, a
summary of the important parameters of the simulation model
is provided.

TABLE I: SIMULATION PARAMETER
Simulation parameter
Carrier frequency:

! f, =10GHz
Down-_conversmn 100MHz
Sampling frequency f

-  =1GHz
Modulation parameter )
scanning period K=2ZN=7
Standard deviation of the noise 100 and 200

Real tracks and filtering tracks of flight target
corresponding to standard deviation of the noise 100 and 200
are shown in Fig. 2. The simulations are in the AWGN
channel. The results are obtained from 500 Monte Carlo
simulations.

The shape of filter curve can be adjusted and swings
slightly at the two sides of true target track. And the margin
fluctuation of filter curve get higher as increasing the standard
deviation of noise as shown in Fig. 2, respectively.

The experiments showed the EBPSK modulated JRC
system achieved good filter effect and could be effective to
tract the position of the target in some cases, whether flight
target is in maneuvering or non-maneuvering.

Maneuvering target is measured on X and y-axis,
respectively. The filtering error mean curves of the flight
target corresponding to standard deviation of the noise 100
and 200 are shown in Fig. 3.

The mean curves of filter values on x and y axis are show in
Fig. 3. There are 4 major fluctuations on x and y-axis for the
mean curves due to two sharp turning. The fluctuations of the
means curves filter value would become small when the flight
target travels in straight lines.

The filtering error standard deviation cruves of the flight
target corresponding to standard deviation of the noise 100
and 200 are shown in Fig. 4.
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Fig. 2. Real tracks and filtering tracks corresponding to standard deviation of
the noise 100 and 200.
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Fig. 4. The standard deviation corresponding to standard deviation of the

noise 100 and 200.
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The standard deviation curves of filter values on x and y
axis are show in Fig. 4. The target motion process can be
shown clearly to distinguish between Uniform and
maneuvering. There are two major fluctuations on x and
y-axis for the standard deviation curves due to two sharp
turning. The former is bigger than the latter because the first
turning is sharper than the second turning. The standard
deviation of filter value would become really small after the
filtering process get into the steadiness.

From the above analysis we could see, The EBPSK
modulated JRC system based on IMM Kalman filters would
be less affected by the maneuvering of the target. The
proposed system has the capability of fast and precise
maneuvering target tracking, which costs a large computation.

VI. SoME COMMON MISTAKES

The tracking and estimation problems of maneuvering
target are considered, and an EBPSK modulated JRC working
scheme with Kalman filters is proposed in this paper. The
maneuvering tracking model of the proposed system is given.
The generalized likelihood ratio (GLR) and marginalized
likelihood ratio (MLR) method are proposed for maneuvering
target tracking. Weighted least square estimation for target
location and Kalman filtering for tracking based on one or
more different models are used in the proposed system.
Furthermore, the adaptive maneuvering target tracking
algorithm using an IMM based Kalman filters is proposed.
The simulations and measurement results of the proposed
system demonstrate excellent tracking performance for
maneuvering targets.
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