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Abstract: - To trade off tracking accuracy and interception risk in a multi-sensor multi-target tracking
context, we study the sensor-scheduling problem where we aim to assign sensors to observe targets over
time. Our problem is formulated as a partially observable Markov decision process, and this formulation is
applied to develop a non-myopic sensor-scheduling scheme. We resort to extended Kalman filtering for
information-state estimation and use unscented transformation for trajectory sampling in order to reduce the
number of samples required for Q-value approximation. We make decision using a simulation-based
approximate dynamic programming method called policy rollout, which is implemented by means of
receding horizon control. The effectiveness of our approach is substantiated through an example in which

multiple sensors are deployed to track a single target.
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1 Introduction

We assume that a sensor network consisting of
several sensors collects target information in a
battlefield. A typical purpose of sensor scheduling
is how to activate sensors to trade off quality of
service and usage cost for the network. Traditional
scheduling methods that are generally myopic
optimize the immediate reward to evaluate the
instantaneous benefit resulting from a single action
[1-3]. However, the non-myopic scheduling scheme
outperforms the myopic scheduling scheme in some
special cases because it considers the long-term
benefit resulting from a sequence of actions [4-6].
In the literatures [7] and [8], the balance of tracking
accuracy and power consuming has been
considered. Furthermore, the work in [9] used a
multi-mode sensor to track as more targets with
high-priority as possible based on a presettable
tracking requirement. Schneider and Chong attempt
to track and discriminate targets of a specified type
to desired levels using non-myopic scheduling
approach [10]. Moreover, another alternative
approach called multi-armed bandits (MAB) is
applied to solve the non-myopic sensor-scheduling
problem in recent years [11, 12]. Though MAB
formulation is a special case of POMDP and its
analytical solution is feasible, most sensor-scheduling
problems are difficult to formulate using this MAB
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structure because several restrictive constraints on
the scheduling problem must be satisfied.

The signal interception can betray the existence
and location of the sensor to the enemy and thus
increase the vulnerability of the sensor, so we
regard the interception risk as the sensor usage cost
and focus on the trade-off between tracking
accuracy and interception risk. Our research is
inspired by the works [13-15] in which sensors are
scheduled by incorporating Monte Carlo sampling
and particle filtering into the rollout method to trade
off tracking error and power consumption, but there
exist some appealing features in this work. First, we
try to trade off tracking accuracy and interception
risk under the POMDP framework. Second, we
propose a novel sampling method based on
unscented transformation to decrease the number of
samples when simulating information-state
trajectories for Q-value estimation in the rollout
method.

2 Problem Formulation

For clarity and ease of presentation, we made some
assumptions:

(1) All targets are moving independently, and each
target must be tracked by only one sensor at each
time step.

Issue 4, Volume 8, October 2013


mailto:iron_zay@126.com�
mailto:shanganlin@163.com�

WSEAS TRANSACTIONS on SYSTEMS and CONTROL

(2) All sensors are independent of each other, and
each sensor can track no more than one target at
each time step.

(3) There are M sensors located at fixed positions to
track N targets (M>N).

(4) All targets and sensors work in a 2D plane.

The POMDP problem is a special Markov
decision process (MDP) in which the underlying
state is unknown and the observations can yield
uncertain information about the underlying state. We
usually describe a POMDP by some elements
including underlying state space S, action space U,
observation space Z, state transition law p(S/Sk.1 Uk),
observation law p(Zy|Sk uy.1), initial state distribution
po and one-step reward function r(S,u).
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Fig.1 POMDP for sensor scheduling
We assume that past decisions, plus past
observations, are available to select the current
action. Let 7, ={Zi,...,ZVq,...,Uc1} denotes the
information set including past information up to
time step k. Starting from the initial state Sp with

known distribution p,, a POMDP evolves as follows.

At current time step k, the system state S, =S5 and
the observation Z,<=Z of targets are available.
Select the action u, =7/ based on information set
7, to obtain the next observation, and then the
one-step reward r(Sy,Uy) is incurred. After that the
underlying state transits from Sy to Sy.; according to
the state transition law p(Se.1|Sx Ux), and an
observation Z,,; can be obtained in terms of the
observation law p(Zy1|Sk+1 Ux). The action uy and the
observation Z,,; are added to the information set
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n, to generate #,,. Fig.l reveals the causal
sequence of a POMDP for sensor scheduling.

We formulate our scheduling problem as a
continuous-state discrete-time POMDP in which the
elements are stated next. (See more details about
POMDP in [16] .)

2.1 Action, State and State Transition Law
To denote the sensor assignment at time step k, the
action ;= (u% ) IS @ MxN matrix, where
uf, =1 or u% =0 indicates scheduling decision
on whether sensor j is activated for observing target
i from time step k to time step k+1. Only one of the
elements in each column equals to unity, and at
most one of the elements in each row equals to
unity.

The underlying state vector Sy is comprised of
the dynamic state X, and state estimator Y. At
time step k, the system state is written as

- Ar T - - - T

S, :[“‘k _\k] X, :D;C X;ﬂ
Here X[ =[x xi vi v ]" represents the dynamic
state of target i at time k, including target position
and velocities in Cartesian coordinates. Notice that
the state estimator Y. of X, evolves via extended

Kalman filtering (EKF) in this paper. The state
transition law p(Sk«1/Sk k) is given by

PUSE|Sem e )= p( X | X :’})(4{'k|4‘:’k-1 H;H) (1)
where the dynamic state transition law p(Xy|Xc.1) is

defined through the target dynamics equation that is
a nearly constant velocity model in our simulation.

X, =F X+ o, )
F=dag(F, . Fy) I =diag(T',,---.T'y)
1 7, 00 20
. 01 0 0 o T, 0
000 1T o 0 T/)2
0 0 0 1 0o T
Wy =@}, -0, ]T N [m;,k_l 0} 4 ]T

where Ts is the sampling interval, and wy is the
unrelated zero-mean Gaussian process noise with
the covariance matrix W.

Based on EKF, the estimator transition law
P(Y: | Yioi Uga) IS given by

P(A{YkL‘:Vk—l ”k—l)
o . . 3)
:JP(X;( | Zy Xy 1ty )P(Zk | oy 1y )dzk

1 Ze o S =5
(& ~ ey gy Uy = A = Ay
P(Ak\zk R ”H):” i — i
‘O Z;“,Y;C,I, Uy i}lv;; T'—-JY;C
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p(Zklik_l Uk-1)=j p(Zklxk Uk-1) P(Xk|77k_1 Uk-1)dxk

where p(ZXk Uk.1) is the observation law, and the
conditional probability p(Xy| 7, ,Uc.1) constitutes the
predicted information state explained later.

2.2 Observation and Observation Law
The overall observation Z, of dynamic state X,
can be written as

Zo=[zt - 2] =h(X)+uL®1 v, (4)
h(Xu)=[h(XE) by (X9)] vie=[vd e v ]’

Here the symbol & denotes the Kronecker
product, | is the identity matrix, h;(-) stands for
the true value of nonlinear observation of target i,
and v! is the unrelated zero-mean Gaussian
observation noise of sensor j. The nonlinear
observation of a target is obtained in polar

coordinates and can be written as
h(Xi)=[r & ] (5)

with

" :\/(Xi =sc; (X)) + (v - sei (y))’
G :tan{wJ

X —sc;(x)
(% =gy () %+ (v —s¢4 (¥)) Vi

. 2 . 2
\/(xi—sc,-(x)) +(yi —s¢;(y))
Here ri,6i and frl are the range, the azimuth
angle and the range rate of target i, and
yper=l =yl 23y T are the corresponding
Gaussian noise. It is noted that the coordinates
(sc;(x),sc;(y)) are the position of sensor j, and the
coordinates (x.,yi), (Xi,y.) are the position and
velocities of target i, respectively. Note that the
observation law p(ZySk Uk.1)=p(Zx/Xk Uk.1) is defined
by the expressions (4) and (5).

2.3 One-step Reward and Objective Function
The signal interception occurs as overlaps happen to
multiple window functions [17, 18], so that we
define three window functions as follows.

(1) The window function of pulse signal for sensor j
is defined as FJ(T/,z)), where T/ is the pulse
repetition interval, and z} is the pulse width.

(2) The window function of scanning antenna for
target i is defined as Fj(TJ =360/yi,7i =wi/yi),
where i is the antenna rotation rate, and i is
the antenna beam width.

(3) The window function of scanning receiver for
target i is defined as F/(T/,zi =BT/f;), where
T is the time required for the receiver to scan
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across a frequency band f;,and B; is the receiver

passband. _
Therefore, the interception probability P of

sensor j is derived from the three window functions

above.
.

s

PU= =1—xe ™ (6)

T2 T
(e d e d (e, )=, o d ) d, )
(7)
Here x~1 for radar examples, and dj is the

minimum interception duration to declare a valid
interception. Note that uj} is the i-th column vector
of u,, denoting which sensor is assigned to
observe target i.

By combining the tracking accuracy with the
interception risk, the one-step reward is defined as

r(Seou) =X, - Xk\\l—alnﬂ(l-aui) )

Here ||-||, denotes the L, norm of a vector. The

second term in (8) represents the interception cost
of all selected sensors with no interception during
the sampling interval. The coefficient « is the
balance factor that adjusts the impact of interception
cost on the one-step reward.

2.4 Information-state Transformation
The standard POMDP problem generally has to be
converted into MDP problem for solutions using
so-called information state y, ={ p(X, |7,) for all
Xy }, which is the probability distribution of state X,
conditioned on the information set 7, including the
history of past measurements and actions up to time
step k. Consequently, the equivalent MDP with the
underlying state y, is called as information-state
Markov decision process (IS-MDP). We will depict the
state transition law p(y, | 7., U,,) . the one-step
reward R(y,,u,) and the objective function J for our
IS-MDP formulation.

The state transition law p(y, | 7., u,,) of our
IS-MDP problem is written as

p()(k | s kal)

= [P(21Z¢ 22 U a)P(Ze | 2 Uty
L Zos Hewr U = 2= X
0 Zy\ Jw Ues = X * X

p(ZkU(H uk—l):j p(Zklxk uk—l)p(xklnkfl uk—l)ka

where Z,, y,, and u,, are devoted to acquiring
X« using Bayesian rule as

p(zklxk uk—l) p(xk|77k71 uk—l)
(Zklxk uk—l) p(xk|77k4 uk—l)dxk

9)

p(lk |Z, %4 ukl):{

D(Xklﬂk)ZJ-p (10)
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p(Xk 7 kal):J‘ (X, Xk—l) p(Xk71|77k71)d><k,1 (11)

Here the symbol %, ={ p(X, |7, u,,)forall X, }
is the predicted information state which is the
representation of information state before obtaining
observation Z,. It is theoretically possible that the
evolutional information state could be iteratively
computed by the equations (9), (10) and (11).
However, we can observe that the information state
. Can be approximated to Gaussian distribution
N(X,,B) duo to Gaussian noise and nonlinear
observation. It is feasible to represent the information
state through the sufficient statistics ( X, , R, ) we keep
track of which using EKF. Therefore, the state transition
law p(x, |z, U.,) 1s_equivalent to the statistic
transition law  p((X«,R) | (X1, P1) Ugy) N
EKF.

Derived from the one-step reward in (8), the
mathematical definition of the one-step reward in
IS-MDP is given by

R(Zk’uk):J‘r(Sk'uk)p(xk |77k)dx

=trace(sqrt(R))—a-In ﬁ(l pu )

where B, is the covariance matrix in EKF, and the
symbol sqrt(P ) denotes the matrix consisting of
the square roots of all elements in B,. Thus, the
objective function is the expected total one-step
reward over a horizon of H time steps

ZM[ZR (SeUy ) }

(12)

k=0

= E Z[trace(sqrt(Pk))—aInﬂ(l_plu;)}

v Zuafog

S H-1 N ;
= E {Z[trace(sqrt(Pk))]}_amkHH(l_Pluk)
v Lo —0i-1

(13)
where TIP2TIY,(1-P%) is the probability of all
scheduled sensors with no interception over H time
steps. We have represented our problem in the form
of information state, and our goal is to find an
optimal policy 7z ={z,,---,7,,} , which is a
sequence of mappings u, =7z, (x,) to minimize
the objective function J in (13).

3 Approximate Solution

The main issue to solve our problem is the curse of
dimensionality and computational complexity. We
use a simulation-based approximate programming
method called policy rollout [19, 20], which
approximately solve a POMDP based on the
Q-value approximation.
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3.1 Q-value Approximation
It is known that the Q-value [21] is defined as

QH—k(Zk’u )
=R(z.u )+E( s (Zea) LU )

= R(Zk'uk)+J"]H—k—1 Zk+1)p()(k+1 |Zk'uk)dlm

where Q,_, (x..u,) Iis the Q-value in a horizon of
H-k time steps, and J; . (x..,) Iis the optimal
value over H-k-1 time steps given the next
information state y,, . The first term in the
Q-value expresses the immediate reward at time
step k and the second term denotes the expected
reward in future. The rollout method is to give
Q-value approximation by surrogating J;, , ,(%,.1)
with J%, . (%.,) incurred by a base policy 7.
The base policy is a suboptimal heuristic mapping
that is easy to implement.

Suppose that the horizon length H is sufficiently
large, the remaining horizon is still H steps away
regardless of the time step k. This leads to the
receding horizon control [22], which estimates the
Q-value at each time step k and chooses an optimal
action u;.

Qu (Zk’uk ) ~ R(Zkvuk)+ E(‘]zb—l(lk+1)|lk Uy ) (15)
U: =arg rrain Qn (2, Uy) (16)

Here the base policy is the closest distances policy
(CDP), which assigns the sensors with the minimum
sum of distances between the sensor positions and
the estimated positions of the targets

(s, 05 oo, 1|

(17)
where X! and Yy} are the position estimators of
target i in x and y directions.

(14)

7, (2 )=argmin

U= Ui+ Uk

3.2 Rollout Based on UT Sampling

The rollout method is implemented with ease, but
computationally intractable because there must be
enough samples to evaluate the expected future
rewards. In fact, the computational requirement of
the rollout method depends on the length of the
simulation runs and the number of samples required
for the Q-value approximation. Traditional rollout
methods employ Monte Carlo sampling to estimate
the Q-value by averaging the cumulative rewards
from the N Monte Carlo simulation runs. The resulting
action minimizes

Qu (X U)=R(z U )N 3% (el 2 W)
where yp, is the n-th information state sample
derived from the current state y, . Note that Monte
Carlo sampling has to collect a large number of
random samples to evaluate the Q-value without
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considering the horizon length and the number of
the targets. Moreover, Monte Carlo sampling is a
time-consuming random sampling method, and the
use of more samples in the rollout method induces
expensive computation. Unscented transformation
(UT) was developed as a method to propagate mean
and covariance information through nonlinear
transformations [23], but we use it to afford the
initial state samples in the rollout method. Unlike
Monte Carlo sampling, unscented transformation
sampling could engender numbers of deterministic
samples according to the concrete tracking scenario,
resulting in large decrease on the samples especially
in a tracking mission with a small number of targets
to track. Fig.2 illustrates the rollout algorithm based
on unscented transformation sampling, which we
name as UTR for short (see Fig. 2 in Appendix).

Starting from the initial state sample X{, we
propagate the state sample and observe it to
simulate the evolutional information state by EKF
[24]. Each initial state sample gives birth to a
trajectory over H-1 steps to produce the
accumulated future rewards. Specifically, the
candidate action Uy is selected at the first step of
the H-length horizon, and the base policy =, is
used for the remaining time steps to generate the
future action sequence. We summarize the UTR
algorithm systematically in Algorithm 1.

Algorithm 1 Rollout based on UT sampling

1. Given y, at current time step k, use (18)
and (19) to sample the integrated sigma points
&? and the sigma weights S, .
2. Select a candidate action u, and compute
immediate reward using (12).
3.Lett=k, (X¢,R")=(X«,R) for n=0,---,20 .
4. Process all sigma points in parallel through
the following steps.
Propagate system state samples via (20).
Acquire the measurements by (21).
Update information state for sigma point n
using EKF in (22) and (23). A
5. Starting at time step k+1 from (X7, B
and Xy, transact the following procedure for
n=0,---,20 .
for t= k+1 to k+H-1
Determine the action u, through CDP.
Calculate the one-step reward in (12).
Implement step 4.
end
6. Evaluate the approximate Q-value for
information state trajectory in (24)
7. Enumerate all actions and choose the best
action minimizing the Q-value.

Notice that we implement Algorithm 1 at each
time step k to make scheduling decision in real time.
The equations mentioned in Algorithm 1 are given
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as follows.
T
& = )Zl? 0 B Vier " Vien
~r| ‘7n (18)
& +(Wo+)pl), n=l-o
,20°

W@ P, n=o+1-
;
:[)Zk 0---00 - 0]
|\
E(n) E(vn)

oo =diag| P ,W,---\W V,---.V
AN ALY
E(ana)  E(v)
where o __is the dimension of the sigma point,
((c+A)pk), denotes the n-th row of the matrix
square root and A=&*(oc+@)—o, & is the
spreading parameter, and ¢ is a factor usually
chosen to be 3 o [25].

1
= 19
ﬂn:O /At+ ﬂn_l 2(1 (7) ( )
X, =F-X"+T-af (20)
Zl, =h(X{)+ul @17, (21)
X" =F-X!, B"=F-B"-FT+-W- rr (22)

H= k=B HT (HPMHT+V)
ax X:itnﬁ
where V,, is the covariance matrix of observation

noise of all the assigned sensors.

Qu (7 Ue) = ROz Uy )+Z{

k+H-1

2R

t=k+1

(' u, )} (24)

4 Simulation Experiment

We aim to assign redundant sensor assets to track
multiple targets, but it is burdensome to enumerate
all the candidate actions in Algorithm 1. Clearly, the
number of the candidate actions is [],(M —i+1)
for the exhaustive search. To reduce the number of
the candidate actions, we plan to adopt a partition
strategy in which M sensors are divided into N
groups and each group consisting of m; sensors is
responsible for tracking a single target. This
strategy only needs to search for []\,m candidate
actions. It is obvious that m>1 and >'m =M, so
that the following inequation holds

N
M-i+l-m= > m —i+I1>N-i>0
i'=1, i'=#i

Note that (25) has proven that TT,(M —i+1)>[T.m .

(25)
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That is to say, the partition strategy is more tractable.
Fig.3 shows the multi-target tracking scenario of the
partition strategy for M=10, N=3.

Target 1

- Target 2

o _ : j—\ : l"‘. \i\,‘ _

5;.' ;?-E' Scnsor\Groupl » t"-‘«.\:

Target 3

000

oo | ooo | oool-
nmnl 000

Semm (.roup 3 Schedulmg Sensor Group 2

Centre

Fig.3 lllustration of the partition strategy

In view of the partition strategy, we verify the
UTR algorithm via an example in which four
sensors (Sensor A, B, C and D) are located at the
fixed posmons to track a smgle target whose
process noise is o =a, =7 m/s>. The two window
functions of the target are F, (7. =100 ms, 7, =0.05
ms) and F, (I, =200 ms, 7, =27.8 ms). The
particular parameters in the simulation are displayed
as follows: the horizon length H=8, the spreading
parameter ¢ =0.1 and the balance factor « =200.
To demonstrate the performance of our approach,
the CDP and the minimum one-step reward (MOR)
method are involved. We use two scenarios for the
performance analysis. All sensors have the same
observation noise in scenario 1 but Sensor A is more
prone to be intercepted than the other sensors, while
all sensors have the same interception probability in
scenario 2 but Sensor C has the smallest observation
noise. The sensor parameters in the experiment are
shown in Table 1.

Table 1 Sensor parameters in the simulation

Sensor Scenario  Scenario
Parameter 1 2
ar —2£)O°m Sensor Sensor
Tg —2 A, B, A B.D
Error o, =30 m/s C,D '
Statistics . =100 m
s =1 Sensor C
a, =10 m/s
Fo(To=2, Sensor
Window 7,=0.02) ms A 5
Function Fo(T,=1.88, Sensor gnsBor
7,=0.1) ms B,C.D cD
T=1s Se/r;\sor
Sampling Sensor
Interval _ Sensor
T=2s B C.D AB,
s C,D
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The accumulated tracking errors and interception
costs from the CDP, MOR and rollout policies are
shown in Fig.4 (see Fig. 4 in Appendix), which has
demonstrated that our rollout policy outperforms the
other two methods.. What is significant here is that
our rollout policy is able to automatically trade off
tracking accuracy and interception risk. The UTR
largely decreases the interception risk in scenario 1
despite of a little sacrifice on the tracking accuracy,
while the rollout policy reduces the tracking error
with no increase in interception cost in scenario 2.

Fig.5 displays the estimated trajectories and the
sensor sequences (see Fig. 5 in Appendix). Notice
that the true target trajectories are shown by the
solid lines, and the estimated target trajectories are
shown using the marks whose shapes represent the
selected sensors. In scenario 1, our rollout method
avoids selecting Sensor A to decrease the
interception risk. In scenario 2, our rollout method
prefers selecting Sensor C to reduce tracking error.

5 Conclusion

In this paper, our multi-sensor scheduling problem
is how to assign redundant sensors to track multiple
targets over time to trade off tracking accuracy and
interception risk. This scheduling problem is
formulated as a POMDP to develop a hon-myopic
scheme. We parameterize the information state as
Gaussian distribution and use EKF to keep track of
it. To solve this continuous-state discrete-time
POMDP, we introduce unscented transformation
into the rollout method to sample numbers of the
information-state trajectories. We choose CDP as
the base policy and implement our rollout policy in
the manner of RHC. At the end of this paper, we try
to demonstrate the effectiveness of our scheduling
scheme through a simulation, which involves
multiple sensors tracking a single target. The
simulation results indicate that our non-myopic
scheme outperforms the myopic schemes in trading
off tracking accuracy and interception risk.
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