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ABSTRACT

Multiple-sensor scheduling for target tracking applications
using expectation propagation (EP) is examined. The method
is an alternative to that of [1] wherein an Extended Kalman
Filter (EKF) was used to predict the next state for sensor
scheduling purposes, and a sequential Monte Carlo parti-
cle filter (PF) method was used to implement the target
tracking. In this application, EP is used instead of PF to
estimate the unobserved state variable. Initial simulations
show the EKF+EP (with scheduling) algorithm performs
at least as well as EKF+PF, with a shorter run time and
less programmatic complexity. EKF+EP (with scheduling)
also performs better than EKF+EP (without scheduling).

1. INTRODUCTION

Over the last few years, a frequently examined method for
producing accurate state tracking of dynamic systems has
been particle filtering (PF) [2]. In particle filtering, random
samples from a known distribution are produced and used,
in conjunction with the tracking state equations and the
observed data, to estimate the position and velocity of the
tracked target. When coupled to a predictive method such
as the Extended Kalman Filter (EKF), this not only allows
the tracking of a target, but the efficient use of sensor assets
to accomplish the tracking. Reference [1] explored the im-
provement in the error covariance matrix when individual
sensors were scheduled subject to the constraint that the
trace of the predicted error covariance matrix was chosen
to be minimum over a set of sensors.

We consider here target tracking in sensor networks,
where different types of sensors are available for use. These
sensors may be able to measure a particular parameter very
accurately (range, range rate, angle); however, no one sen-
sor can measure everything well. Thus, an effort is made to
combine sensor measurements in such a way as to increase
the accuracy of the target position estimate.

Unfortunately, the problem of fusing multiple sensors
very quickly becomes intractable. Tracking even a single
target requires estimation of position very rapidly. This
puts stringent requirements on the speed of not only the
sensor package but the computational engine used to fuse
the measurements into a single estimate. The communica-
tion and control links between the sensor package and the

computational engine must also be able to handle a high
data rate.

Despite its the flexibility and good performance in tar-
get tracking [3], PF is computationally very intensive and
requires excessive memory to store the particles and weights.
The generation, tracking, and update of several hundred
trajectories requires extremely efficient, highly-complex cod-
ing. Recently, a computationally more efficient alternative
known as Expectation Propagation (EP) was proposed in
[4]. When coupled to an EKF, the method is also known as
the iterative EKF smoother [5]. EP has a very straightfor-
ward implementation, which results in much less complex
coding, faster execution, and less stringent requirements on
storage. In addition to its computational advantage, EP
has shown to provide performance comparable or closer to
that of PF [4, 5, 6, 7], making it a potentially favorable
choice for many of the tracking applications. Motivated by
the advantages of EP, we investigate in this paper an EP
solution to target tracking and sensor scheduling.

This paper is organized as follows. A brief description
of the tracking problem will be in Section 2. A background
discussion of EP follows in Section 3. The application of
EP to the problem is presented in Section 4. The results of
our study of this problem are given in Section 5. Finally,
Section 6 gives a brief summary and some conclusions.

2. PROBLEM FORMULATION

The scheduling and tracking problem is formulated in a sim-
ilar fashion to that in [1]. A single target is moving through
two-dimensional Cartesian space, tracked by a sensor suite
located at the origin. We let x; be a real-valued random
vector representing the target state at time index k. We
then define z; as the observation vector at time k, also a
real-valued random variable. The state consists of the po-
sition and velocity in the Cartesian frame while the obser-
vation vector consists of the range, range rate, and bearing
to the target:

Xk = Tk e Yo Gk (1)
T

(2)
The dynamic state system is a linear model with an

additive Gaussian noise driver. The measurement is a non-
linear model, but again with additive Gaussian noise

zy = Tk Tk Ok



xk = Fxp1+wi1 (3)
zr, = h(xp)+ny (4)
In this model, F is the state transition matrix and mod-
els the target state kinematics, while h is the non-linear
relationship between the observation and state vectors.
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The vectors w and n represent the process and mea-
surement noise drivers, respectively. Both are modeled as
zero-mean Gaussian noise and are uncorrelated with each
other.

Rather than merge or ”fuse” the data from several sen-
sors, a single sensor is chosen to conduct each measurement.
This is accomplished by estimating the covariance likely
to be present after a measurement by a particular sensor.
Since the error covariance matrices for each sensor are con-
stant, this estimation is carried out by exhaustively updat-
ing the total state estimation covariance using the current
estimation of the state error covariance and the (constant)
error covariance of each sensor. The sensor which results
in the smallest error covariance (measured by the trace of
the predicted error covariance matrix) is chosen for the the
next measurement.

To summarize, the problem consists of scheduling mul-
tiple sensors so as to minimize the estimated error covari-
ance, estimating the unobserved state variable x through
propagation of prior estimates through the state equations,
estimating the posterior distribution p(xx|zx), and itera-
tively updating and smoothing prior posterior distributions
p(xk—n|zk—n)-

3. BACKGROUND ON EXPECTATION
PROPAGATION

EP is an extension to belief propagation (BP) and is spe-
cially developed for distributions outside of the exponen-
tial family [7, 4]. EP has relatively less complexity and
may produce comparable performance to particle filtering.
Moreover, EP is potentially more powerful and applicable
to wider problem than BP.

Consider K independent observations generated from a
statistical parametric model z, = f(x,ng), where f(-) is
a parametric function, x the unknown parameter, and ny
random noise. Given the prior distribution p(x), our object
is to obtain the posterior distribution p(x|z1.x). Unfortu-
nately, except for limited cases where, for instance, f(-) is
linear and ny is Gaussian, the posterior distribution can-
not be derived analytically. Instead, EP can be applied to
approximate the desired posterior distribution.

EP consists of two major parts: initial density estima-
tion and iterative refinement. In the first part, an initial

estimate on p(x|z1.x) is constructed by sequentially incor-
porating the observations from k£ = 1 to K. Note that the
order is imposed for convenience of our composition and
would be natural for dynamic systems, but it is not neces-
sary in EP nevertheless. To see the procedure in detail, we
assume that, at step kK — 1, we have obtained an approx-
imation of p(x|zi.k—1), say, ¢(x|z1.x—1). We, however,
restrict ¢(x|z1:x—1) to be from the exponential family, a key
requirement of EP when approximating posterior distrib-
ution. This is because that, with a distribution from the
exponential family, only a fixed number of expectations (the
sufficient statistics) need to be propagated. Now, to incor-
porate the new likelihood p(zk|x) at step k and to obtain
the new approximation ¢(x|z1.x) from p(z|z1.x), we start
from the following relationship

pzk|x)p(X|z1:8-1)
Z
p(zr]|x)q(x|21:1-1)
Z
= q(Xlzl:k) (7)

where Z is the normalizing constant. Since §(x|z1.x) may
not be in the exponential family, we need to project §(x|z1.x)
to the exponential family distribution to obtain the required
approximation ¢(x|z1.x). Based on the criterion that the
Kullback-Leibler (KL) distance between the original and
the projected is minimized, it is shown in [4] that the pro-
jection is equivalent to moment matching. For example,
if q(x|z1:x) is chosen to be Gaussian, then the moment
matching matches the mean and variance of ¢(x|z1.x) to
those of G(x|z1.x). When f(-) is not linear, the moments
of §(x|z1.x) cannot be obtained analytically. Techniques
including quadratic approximation and unscented transfor-
mation can be used instead to approximate these moments.
Note, with ¢(x|z1.x) and ¢(x|z1:.x—1), the corresponding ap-
proximated likelihood function can be also obtained as
qa(x[z1:x)

ala o) o LI 0
When the above steps are finished at k£ = K, we obtain an
initial estimate on p(x|z1.x)-

In the second part of EP, the approximation ¢(x|z1.x)
is refined iteratively. In each iteration, refinement is also
performed sequentially from 1 to K by recycling the K
likelihoods. Specifically, at the kth step, two sub-steps are
included:

p(x|z1:1)

~

1. Remowal of the approrimated likelihood: The approx-
imated likelihood is removed according to

q(x|z1:x)
4(z ) ®)

where z1.x;—1 represents the collection of the obser-
vations except zj.

q(X|Z1: 55— k) o

2. True likelihood recycling and moment matching: The

true likelihood p(zg|z) is then combined with ¢(x|2z1.x;—k)

by the same fashion as in (7) and the refined ap-
proximation ¢(x|zi.x) is obtained through moment
matching.
After one sweep from k£ = 1 to K, this refinement iterates
again until the convergence of ¢(x|z1.x ) and EP outputs the
converged q(x|z1.x) as the final approximation to p(x|z1.x ).



4. SENSOR SCHEDULING AND TRACKING

In Section 1 the tracking problem was described as being
one of sensor scheduling. Of a suite of (in this case) three
separate sensors, one is chosen for the measurement so as to
minimize the estimated total MSE for that measurement.
To choose the proper sensor, an EKF prediction step is
carried out using the previous value for the state variable
x and the previous estimate for the covariance matrix P.
Once the sensor for the measurement has been chosen, the
measurement is executed using that sensor, a full EKF pre-
diction and update process is executed to predict the next
value of the state variable. This provides sufficient infor-
mation to calculate the mean and variance of the estimated
likelihood function at time k. Finally, the EP algorithm is
begun to incorporate that measurement (and the estimate)
into a new estimate for the state variable.

As stated in Section 3, the first objective of EP is to
calculate the posterior distribution p(x|z1.x) VEk. Since
the measurement measurement zy is related to the state
vector xx through a nonlinear function h(x, ), this dis-
tribution must be approximated by another distribution,
q(x|z1.x). This approximate posterior can be expressed
(through Bayes’ theorem) in terms of the estimated likeli-
hood and the previous prediction of the posterior:

q(xk|Z1:x) o< q(2Zk %K) q(Xk|Z1:0-1) (10)

From the dynamic state system, we can write the fol-
lowing estimated distributions:

N(Fx;-1,Q) (11)
N(h(x,),N) (12)

Q(Xk|xk71)
q(zelxr) =

where Q and N are the covariance matrices of the process
and the measurement. Further, we can also write:

z

q(xk|z1:6-1) = q(Xk|xe—1)q(Xk—1]|Z1:6—1)dxk—1  (13)

Let us assume we have an estimate for the posterior at
time k — 1:

q(xp-1]z21:6-1) = N (Xp—1jp-1, Pr—1j6-1) (14)

Then we can write the estimate for the integral in 13
as:

q(xx|z15—1)
= N(Fxp—1, QN (Xp—1j6—1, Pr_1jp—1)dXk—1

= N&Xijk-1,Prip-1) (15)
where
Kilh—1 FXp,_16-1 (16)
Piueor = FP_y FT 4+ Q (17)

Since zj is related nonlinearly to xj, we estimate the
posterior using an EKF step:

q(Xklz1:) = /\/(ﬁk\k,Pkr\{c) i
I
G = Pk\klekT Hk'Pk|k71HE +N;  (18)
h i
Xek = Xpp—1 G ze —h(Xy,_,) (19)
Py = [I—GHg]Pyjp_1 (20)

Hy, is the Jacobian matrix of h(x, ) evaluated at x; =
Xkk—1 and can be written as:

2 org org org org 3
ox o oY oy
He — 2 a9y B oir g (21)
ko= Oz, O, Ay, Yy,

O¢r  O¢k 0%k  Ooi
oxy, Oy, Oy oYy,
Since the estimated posterior in exponential form, no
moment matching is required. With the parameters thus
estimated, we can now calculate the estimated likelihood:

q(xk|z1:%)
Z X X —_—
q( k| k) Q(Xk\szl)
o< N(jik, Ak)
Ap = (P;\}c - PI:|}<—1)71 (22)

e = M(PriXek — Prp i Repo1)  (23)

Now that we have calculated an estimate of the poste-
rior at time k, we begin the second half of the EP process.
As discussed in Section 3, the smoothing process requires
two steps. First, if the time index i under review is less
than the most recent K, an EKF smoothing step is accom-
plished:

J. = PyuFTP Y, (24)
Xig = K1 +Jdi Xipyx — Xy (25)
Pyx = Py +Ji(Pip1x *Pi+1\i)J? (26)

Next, we remove the estimated likelihood from the smooth-

ing densities, over the length of the smoothing window.
This is accomplished using the equations:

q(xi|z1:x,—4) N(x_ik, P_ijx)
Pyx = (PZ_\; - 5\;1)_1 (27)
Xk = PP —A\ ) (28)

where the notation {par}_; x means the estimate of the pa-
rameter {par} based on inputs from time 1 : K, with time 4
removed, and {par}; x means the estimate of the parame-
ter {par} based on inputs from time 1 : K, at time i. Next,
another EKF prediction is accomplished, and a new mean
and covariance for the likelihood function is calculated. The
EKF process in (24) through (26) is then repeated for the
next prior point, and so on, until the entire smoothing win-
dow is covered.

The second step of the smoothing process begins with
the most prior point in the smoothing window. First, the



mean and error covariance of the predicted density at time
¢ are calculated:

FX;_1)i—1 (29)
FPi—1|i—1FT +Q (30)

Then, the true likelihoods are incorporated into the pos-
terior density at that point:

Xili—-1 =

Pijic1 =

Pii = (Ppia—NH7" (31)
Pi\i(Pii171}2i\i71 + i) (32)

The algorithm for the sensor scheduling and tracking
using EP can be stated as follows:

Xili =

At time index k = K:

1. Calculate the mean and error covariance of the pre-
dicted density using equations (16) and (17)

2. Evaluate the Jacobian of the non-linear measurement
function at xj = X |x—1 using equation (21)

3. Calculate the estimated covariance matrices of the
individual sensors (N, is the covariance matrix for
Ssensor s):

5 h 1 Tagy—1 I
Piix = Prx-i +tH N H (33)

4. Choose the sensor for observation K by choosing the
qovariance matrix N that minimizes the trace of
Pk

5. Perform EKF moment matching using equations (18)
through (20) where N is the covariance matrix of the
chosen sensor

6. Calculate the mean and covariance of the estimated

likelihood function p(zk|x k) using equations (22) and
(23)

ee For time index ¢ = K : —1 : K — (windowsize) + 1
7. Perform Kalman smoothing (for i < K) using equa-
tions (24) through (26)
8. Remove the likelihood using equations (27) and (28)
9. Calculate the Jacobian of the non-linear measure-
ment function at x, = X_;x using equation (21)

10. Perform new moment matching using equations (18)
through (20), but evaluated thus:
h i

T T -1
h i

11. Obtain the new mean and covariance for the like-
lihood function at ¢ using equations (22) and (23)

evaluated thus:
o= (PP (37)
i = N(Pyl%ig —PT X k) (38)

ili

ee For time index i = K — (windowsize) + 1 : K
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Fig. 1. True vs. estimated trajectories (”good” PF)

12. Calculate the mean and error covariance of the pre-
dicted density using equations (29) and (30)

13. Incorporate the true likelihoods into the posterior
density using equations (31) and (32)

14. Evaluate the convergence. Return to step 7 if con-
vergence is not reached; otherwise, return to step 1
and begin with next time index

In evaluating the convergence, the Kullback-Leibler (KL)
divergence of the two most recent estimated filtering dis-
tributions of the state variable is calculated at the end of
an EP smoothing/update loop. Smoothing and updating
is terminated when this difference falls below a predefined
threshold. If we assume the estimated posterior density
Aq(xk|z1:x) at the end of EP iteration i to be:

q' (xk|z1:6) = N (Xi 1, Phr) (39)

then the KL divergence at the end of iteration i + 1 is
given as:

KL(¢"q")
= (X — X;T;:)T(PZT;)_I(XZU@ - X;CTkl)
+tr(Pe(PL) ™ = 1)
o Pi(PE (10)

5. SIMULATION RESULTS

The algorithm was tested against a notional 35-second data
set, with 3 separate sensors. The smoothing window size for
EP was set at 10, and the convergence threshold was 1073.
FEach sensor was modeled as accurate in one of the three
observed variables (range, range rate, and angle) and could
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Fig. 2. True vs. estimated trajectories ("bad” PF)

be thought of as generic radar, Doppler, and infra-red (IR)
sensors. The sensor measurement covariance matrices were
similar to those used in [1], although in [1] only 2 sensors
were used.

In addition, the same EP algorithm was tested without
the scheduling step, using only the angle sensor. Finally, a
scheduled PF algorithm (with 200 particles) was also tested
against this data.

Figures 1 and 2 show show two different results of the
test. Since particle filtering is a stochastic process, the re-
sults can vary from run to run, depending on the initializa-
tion as well as the random draws by which the particles are
populated. EP, however, does not vary significantly from
run to run. Thus, the only difference seen in figures 1 and
2 is in the particle filtering result.

As can be seen, all three algorithms tracked the true
trajectory to some degree. However, the scheduled EP algo-
rithm provided the closest track, followed by the scheduled
PF algorithm. Further, the PF algorithm had significantly
different track results, depending on the run, while the EP
algorithm converged to a single track.

Figures 3 and 4 show the estimated error covariance
matrices. Plotted are the total MSE versus time, in loga-
rithmic units. The total MSE is calculated from the trace
of the error covariance matrix. As would be expected, in
figure 4 the total MSE for the PF implementation is much
higher than for the scheduled EP implementation. How-
ever, figure 3 shows a total MSE of somewhat the same
order as the scheduled EP implementation (although still
slightly worse).

Note, however, that the total MSE for the scheduled EP
implementation does not change from run to run. Also note
that the total MSE for the unscheduled EP implementation
is relatively constant over a long period of time. This is
due to the fact that a single sensor (with its associated
covariance matrix) is used in this implementation.

Besides a consistency from simulation to simulation,
what was purchased by switching to EP over PF? As noted
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Table 1. Average run times for each implementation

35

Method Parameters Run time 10
EP (sch) W =10, KL = 10~3 | 0.449 £ 0.016
EP (unsch) | W = 10, KL. = 10 ° | 0.509 + 0.025
PF Particles = 200 0.908 +£0.016

in Section 1, EP is a more straightforward implementation
than PF. It is less complex to program, and it is less strin-
gent in terms of memory requirements. Most importantly,
however, it is a faster implementation.

Table 1 shows the average runtimes for each implemen-
tation, at the parameters given, as well as the standard
deviation. A total of 30 runs were averaged for these times.
As can be seen, the scheduled EP algorithm ran in half the
time as the scheduled PF algorithm. Further, the scheduled
EP algorithm actually ran slightly faster than the unsched-
uled EP version. This is most likely due to the fact that,
since the scheduled EP algorithm chooses which observation
to use based on predicted error covariances, the smoothing
and update iterations were likely fewer than with the un-
scheduled EP. The computation time lost in the scheduling
algorithm was more than made up in the smoothing and
update.

6. SUMMARY AND OUTLOOK FOR FUTURE
STUDY

A new method for sensor scheduling and target tracking is
presented. The method makes use of the EP algorithm
rather than the currently-used PF algorithm. Not only
is the EP algorithm more efficient in computational time
and storage, it also provides better tracking performance
than PF. Future study of this (and similar) problems would
likely examine the use of different prediction/update meth-
ods (such as the unscented Kalman filter), and much more
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rigorous programming methods for PF and EP to better
validate our run time results.
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