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Abstract—The task of tracking targets carrying active radio-
frequency identification (RFID) tags based on the received signal
strength indication (RSSI) values of tag transmissions is a clas-
sical Bayesian filtering problem. Since the problem is nonlinear,
no closed-form solution is known and tractable approximations
must be used. Unscented Kalman Filtering (UKF) and Particle
Filtering (PF) are two leading candidates proposed in literature.
However, a head-to-head comparison of the two is currently
unavailable. In this paper, we address this issue by comparing
and contrasting these two tracking techniques in terms of their
tracking accuracies and consistencies in various scenarios. Based
on extensive simulation results as well as real-life experimental
data, we conclude that the UKF significantly underperforms
relative to the PF in two realistic scenarios: (i) when there are
significant co-dependencies in the motion of the targets, and
(ii) when a diverse radio environment affects the propagation
characteristics of the tag transmissions (like occlusions, multipath
and shadowing). The second situation is especially significant
because it implies that the success of the UKF is contingent on a
free-space like environment. Therefore, it is not a robust solution
in practice.

I. INTRODUCTION

Localization of targets is a problem of great practical
significance. Applications include surveillance, access control,
robotics, and even location-based marketing [1]. Of particular
interest is the ability to track targets carrying active radio-
frequency identification (RFID) tags, by exploiting metrics of
their periodic transmissions such as time of arrival (TOA),
time difference of arrival (TDOA), angle of arrival (AOA), and
received signal strength indication (RSSI) [1, 2]. RSSI-based
tracking has the decisive advantage of being operable with
inexpensive hardware. It comes from ’free’ in many existing
systems such as IEEE 802.11. Therefore, it will be the focus
of this paper.

Probabilistic state-space models are powerful tracking tech-
niques that rely on a maneuver model for the evolution of
the tag positions and an observation model that relates the
positions to observed metrics of the signals from the tags
[3, 4]. If these models are linear and all the noise processes are
additive Gaussian, then the classical Kalman Filter [5] is the
optimal (Bayesian) filter. Unfortunately, this is rarely the case
in practice. Although Newton’s laws for independently moving
targets can be formulated as a linear state-space maneuver
model, realistic extensions for co-dependent motion are based
on decidedly nonlinear interactions. Similarly, observation
models are nonlinear.
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In cases where the strict conditions of linearity and Gaus-
sianess are not violated too severely, one possible approxima-
tion is to use the Extended Kalman Filter (EKF), which relies
on linearizing the maneuver and observation models. However,
this is typically found to perform rather poorly [6]. A better
solution is the Unscented Kalman Filter (UKF) [7], which uses
several deterministic ‘sigma points’ to capture the transforma-
tion of the mean and covariance through the nonlinearities.
Another competitive solution is given by the Particle Filter
(PF), which does not depend on any conditions of linearity or
Gaussianess [3, 8]. A practical and robust implementation of
the classical PF is the Sampling Importance-Resampling (SIR)
PF.

Variations of the classical Kalman Filter (EKF, UKF) and
the PF are well-known tools and they have been used for the
specific problem of target tracking based on RSSI, cf. e.g. [9-
11]. However, to our knowledge, a head-to-head comparison
of these techniques for RSSI-based tracking has not been
made. We address this issue by comparing and contrasting
UKF and PF tracking in terms of their tracking accuracies
and consistencies. Based on simulations as well as real-life
experiments conducted on a ZigBee test-bed, we conclude that
the PF significantly outperforms the UKF whenever the radio
propagation characteristics are rich and diverse and/or several
targets move with strong co-dependencies. As such, the PF
is more robust for inexpensive indoor applications like RFID
tracking systems.

The outline of the paper is as follows. In Section II, a popu-
lar system model for RSSI-based tracking is presented. For the
sake of completeness, we also briefly summarize the UKF and
the SIR-PF tracking algorithms. Sections III and IV form the
novel contribution of this paper. Section III presents several
simulation results for realistic tracking scenarios. Section IV
reports real-life results obtained from experiments performed
on a ZigBee test-bed. Section V provides our conclusions.

II. SYSTEM MODEL AND TRACKING ALGORITHMS

In this section, we present a maneuver model [4] and a
RSSI observation model based on the far-field equation [9-
12]. The goal is to track M targets equipped with RFID tags,
which are moving in some bounded two-dimensional region.
N sensors are placed at arbitrary but known locations in this
area. The tags make transmissions at regular intervals of T’
seconds. Each sensor listens to these transmissions, evaluates



the RSSI values and forwards all the data to a central Fusion
Center (FC), which localizes and tracks each target.!
The sub-state vector of target m at time k is defined as
T
Xok = [ XD VL XD VE] (1

m,k "m,k “*m, m,

where the variables are the positions and velocities with
respect to some fixed two-dimensional coordinate system. The
total state of all M targets at time k is then defined as
T
] )
Following the example of [4] and [13], we postulate that the
total state is governed by a discrete-time first-order Markovian
system

Xit1 = f (Xk, Ur) = AX + BUy + €depeng (CXi) . (3)

Xy = [XT X3, X5 0 - X0k

This state-space equation arises from discretizing Newton’s
laws of motion [4] and accounting for inter-target interactions
along the lines indicated by [13]. The first term AXj corre-
sponds to the inertia, where A is a 4M x 4M matrix with the
sub-matrix 0 1
term BUj, corresponds to the accelerations due to independent

random maneuvers in all dimer;sions, where B is a 4M x 2M
T

? repeated along the diagonal.

repeated along the diagonal. The second

matrix with the sub-matrix

The 2M x 1 term Uy is a stochastic process of accelerations
assumed to be iid. N(0,Q), where Q = oZI. The third
term €gepeng (CX) accounts for the feedback based on the
interactions between the targets, where the constant €gepen > 0
controls the strength of these interactions. C is a suitably
chosen interaction feedback matrix and g¢(-) is a suitably
chosen nonlinear function that is applied to the argument
component-wise.

The total state vector is hidden in the sense that it cannot
be observed directly. Only RSSI observations are measured.
Using the far-field model [12], the RSSI in dBmW of a
transmission from target m heard at sensor n at time k is

q)m + Fn(w(xm,k))
_1OPIOg10”¢(X7n,k) -1, + Winnk-

Zm,n,k =

“4)

T
Here, (X, k) = [XS)kaj)k} is a function that simply
returns the position part of the state vector. ®,,, is the transmit
power of target m. The second term T',(-) is a gain due
to occlusions and quasi-static multipath propagation effects.
The third term accounts for the path-loss due to geomet-
ric spreading. The path-loss exponent p is a fixed constant
typically in the range 2 ~ 6, depending on the nature of
the radio environment. r,, is the known location of sensor
n. The quantities ®,,,m = 1,2,..., M, and the functions
I.(),n=1,2,..., N, are assumed to be known, which can
be accomplished by a combination of initial training followed

For simplicity, we will not discuss distributed implementations of the
tracking algorithms (e.g. [11]), noting that the comparative advantages and
disadvantages of centralized UKF and SIR-PF schemes essentially carry over
to distributed implementations.

by blind identification for fine tuning. This is essentially a log-
linear model with a slope (path-loss exponent) and constant
offsets (transmit power and gain). We allow different gains
for different parts of the area. This is a ’switching’ behavior
because different parts of the area can have different radio
propagation characteristics. Finally, Wy, ,, 1 is postulated to
be i.i.d. Gaussian for all m,n,k, distributed according to
N(0,02). It accounts for perturbations due to fast fading in
the received signals caused by temporal variations in the radio
environment and the non-idealness of the RSSI measurement
mechanism.

Thus, there are M x N RSSI observations at each time
k, corresponding to all the combinations of m targets and n
sensors. Let us collect these observations in the vector Zj.
Similarly, let the observation noise terms be collected in a
corresponding vector Wy. (Let us name the covariance of it
R.) We can succinctly rewrite the observation equation as

Z, = h(Xi, Wy), (&)

where h(-) is implicitly defined according to equation (4).
Equations (3) and (5) form the basis of the Bayesian filter. At
every time slot k, the goal is to infer the hidden state Xj, given
the observed sequence Z.;, = {Zi}le. The filter output is the
posterior density p(Xy|Z1.;) and the optimal state estimate in
the minimum mean squared error (MMSE) sense, Xk, is the
mean under p(Xy|Z;.;). In principle, this conditional density
can be obtained by the recursion

p(Xk‘lek) =
e p(Zi X / (X X)Xt | Z1 ) AX 1

where c is a normalizing constant. An analytical (closed-form)
solution does not exist because the integral is intractable.
Hence, some form of approximation has to be used, for which
the UKF and the SIR-PF are two leading contenders.

A. The Unscented Kalman Filter

The UKF algorithm is briefly presented here. For more
information, please refer to [7].

First, let us define the process to create sigma points. We
start with a L-dimensional distribution with mean m and
covariance matrix S. We have parameters «, 3, x and

(6)

A=a*(L+k)—L. (7)

The set of sigma points {gi}fio are
s"=m ®)
gi:m—i—(\/(L—i-/\)S).,i:l...L ©)
gi:m—( (L+A)S)A,i:L+1...2L. (10)

is i™ column of the square root of the matrix

(VIZ+Xs).
(L+))S using the definition B = AA” if A is the square root
matrix of B. The weights for these sigma points are

(1)



Algorithm 1 For each time slot k

Algorithm 2 For each time slot &

Start with previous time slot’s estimated state X)_1 and
covariance Pj_1.
Augment with the Gaussian processes in (3) and (5), i.e.

~a ~T T
Xi1 = [Xiy BIUT] EIW]]

P,
Z—l = 0

0
0
0 R

o

Create sigma points from this augmented result. Denote the
sigma points xj,_. Let us distinguish the state part X’ ._1,
the Uy part X, ,_, and the the Wy part xjy ;.

Prediction
XZX,k|k—1 =f (Xfx,k—vxﬂ,k—l)
N oL
Xkjk-1= 2250 WXx k-1

of T . ) .
Prp—1=2220We [sz,mkfrxk\kfl} [XzX,klkfl_Xklkfl}
Ve =h (XS( ke|k— 17X%/V,k71)
Zk - Zz =0 W’Lp)/k
Update
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Pxz = Zi:o we [sz’k|k,1 - Xk|k71} [’Y}; - Zk}

Kalman Gain
K =Px,P,,

Qurren} Estimate X
X = Xpjp—1 + Ki(Zy, — Zy,)
P, =Py — KiP K[

o A

_ 2
We= o5+ 1-a+5) (12)
WC—WS—72(L+)\),Z7§O. (13)

Typical values for the parameters o, 3 and & are 1073, 2 and
0 respectively.

The UKEF retains the same structure of the original Kalman
filter [5] and the posterior density is Gaussian, which is
completely characterized by a mean and a covariance matrix.
The UKF is summarized in Algorithm 1.

B. The Particle Filter

SIR-PF, a popular variant of the PF, is presented here. For
more information, please refer to [3, 8].

First, let us denote P candidates of the true state vector
{52 }Zl. They have the same dimensionality and components
as the true state vector Xy. Each candidate is called a particle
with weight w}. We generate these particles by drawing

Start with previous time slot’s particles and weights, 52_1
and wy_,.

Draw New Particles
Draw P samples of the Gaussian process in the maneuver
model (3). Denoted each sample Uj.

& =F (&1 0))
Weight
wi = wi_,p(Zy|€},), where the likelihood is given by (14)

and (15).
Normalize the weights so that Z

lwk_l

Current Estimate
e
Xk = 21:1 wiﬁi

Resample using Algorithm 3 if necessary.

Algorithm 3 (&, w]) = RESAMPLE(€}, w})

Construct the cumulative probabilities {cp}i :f of wi.

for j=1---P do
Generate a uniform random variable u ~ U0, 1].

Find the smallest p such that u < ¢,.
Set ,Si = ¢} and wi = 1/P, i.e. all particles have the

same weight.
end for

samples using the maneuver model (3) instead of another
support function because our case is simply Gaussian. The
key idea of the SIR-PF is to weight these particles using the
observation model (4). The observation likelihood between a
single target m and a single sensor n for the m-th part of a
particular particle 52 is?

1
(Zm,n,k -

P aléini) =on { o

+ 1OP 10g10 ||¢(£2nk>)

@ — Lo (9 (€1 1))
- rn||)2} .
(14)

Therefore, the total observation likelihood given the observa-
tion vector Zj, is

m=M n=N

p(Zil€) = [1

m=1 n=1

A summary of the SIR-PF is presented in Algorithm 2.
The resampling step described in Algorithm 3 avoids the
degeneracy problem of the original PF.

2We drop the scaling factor in front of the exponential because it is the
same for all likelihoods and they are all re-weighted in the end.
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Fig. 1. The Floor Plan for Simulations

III. SIMULATIONS

We use simulations carried out in MATLAB to compare
the UKF against the SIR-PF for the RSSI-based tracking
problem described in Section II. We generate target trajectories
using the system model and use both filters to estimate target
positions. The performance metric is the mean squared error
(MSE) between the true positions and the estimates, i.e.

Il (Xk) — (X)|>

A2=F
M

(16)

The area is a 20m by 20m room divided into L = 2 cells and
N = 6 sensors are placed at arbitrary locations, as depicted in
Figure 1. The path-loss exponent p is 2. The cells are used to
define the I, (-) gains in the RSSI observation model (4). First,
we define a quantization function ¢(-) that accepts a position
and returns cell number [ = 1 or | = 2 depending on where
that position lies. Then, we define the T',,(-) gains as follows:

Ipe1.2(l=1)=0

21k
Dps.o(l =1) = =5 + 3si
n=3..6(l = 1) = =5+ 3sin[;—c]
. 21k
Fn:l...Q(l - 2) - _5 + 38111[25000]

Pn:3...6(l = 2) = 07

i.e. each cell has its own unique I',,(-) gain parameters. The
values are very similar and therefore the radio propagation
characteristics are almost uniform, which simulates a free-
space like area. We use the same observation noise variance
a;i = 2 for all sensors. M = 3 targets, which start at rest
at the center of the room, are tracked as the targets ping the
sensors every 1" = 1 seconds. They are all moving at process
noise variance o2 = 10716 & 0.0032. All the transmit power
terms ®,, are fixed to 0 dBmW. The following results are
averaged over 10° time slots. In order to reduce the number
of particles required and to avoid sample impoverishment,
the PF resamples at every time slot using a process noise
variance that is 100 times larger than the actual variance.
Because the number of particles required is not known and
must be determined empirically, we simluate over a range of

TABLE I
INDEPENDENT TARGET TRACKING RESULTS IN A UNIFORM RADIO
ENVIRONMENT

Mean Squared Error (m?) over Time

Filter Number Mean Variance 5-th 95-th
of Particles percentile  percentile
PF 400 2.0167  51.8348 0.22438 5.2874
PF 600 1.5627  29.1302 0.2033 3.9803
PF 800 14354  42.2231 0.1889 3.3609
PF 1000 1.1085 1.6233 0.1833 2.9789
PF 1200 1.0419 1.1447 0.1776 2.7881
PF 1400 0.9946 0.9624 0.1744 2.6045
PF 1600 0.9703 0.9936 0.1705 2.5312
PF 1800 0.9279 0.7032 0.1674 2.4306
PF 2000 0.9153 0.6733 0.1666 2.3730
UKF 0.6607 2.9418 0.0883 1.6088

numbers until increasing the number of particles ceases to
affect the performance. The number of sigma points required
for the UKF is 2L +1 = 73, where L is the dimension of the
augmented state-space.

A. Independent Targets in a Uniform Radio Environment

In this section, all M = 3 targets are independent, i.e.
€depen — 0.

Table I shows the MSE of the filters. We note that the
number of particles required for the PF is several orders higher
than the 73 sigma points required for the UKF. While the filters
are different and the numbers are not directly comparable, they
are good rough estimates. Since the maneuver model (3) is
effectively linear, the only nonlinearity in the system is the
log-linear part of the path-loss term and the UKF is able to
handle it. UKF is the better solution in this case due to lower
computation costs. In terms of the finer statistics, we notice
that the UKF is less consistent compared to the PF counterparts
given sufficient number of particles. The 5-th and 95-th
percentiles of the UKF are tighter but the variance is somewhat
larger. This implies that the near-linearity assumption imposed
by the UKF is correct most of the time but fails and introduces
large errors beyond the 95-th percentile.

B. Co-Dependent Targets in a Uniform Radio Environment

Now, we allow the targets to move in a herd. We choose

€depen = 0.03, a nonlinear feedback function g(z) =
tanh( ;12}:%2) and a feedback matrix
C =
-2 0 0 0 1 0 0 0 1 0 0 O
0o 020 0 0 1 0 0 0 1 o0
1 0 0 020 0 0 1 0 0 O
o 0 1.0 0 0 -20 0 0 1 O
10 o o0 1 0 0 0 -2 0 0 O
o 0 1 0 0 O 1 0 0 0 =220

Table I shows the MSE of the filters. As expected, the
nonlinearity introduced by the target co-dependencies degrades
the performance of the UKF since the maneuver model (3) is
now nonlinear. We want to emphasize that PF performs just as



TABLE II
CO-DEPENDENT TARGET TRACKING RESULTS IN A UNIFORM RADIO
ENVIRONMENT

Mean Squared Error (m?) over Time

TABLE III
INDEPENDENT TARGET TRACKING RESULTS IN A DIVERSE RADIO
ENVIRONMENT

Mean Squared Error (m?) over Time

Filter Number Mean Variance 5-th 95-th Filter Number Mean Variance 5-th 95-th
of Particles percentile  percentile of Particles percentile  percentile
PF 400 3.0439 96.4359 0.2835 8.6751 PF 400 2.2501 86.9879 0.2306 5.6174
PF 600 2.0970 38.0786 0.2458 5.8184 PF 600 1.4776 11.3010 0.2078 3.9049
PF 800 1.7047 21.2095 0.2262 4.4895 PF 800 1.4643 25.1264 0.1940 3.4948
PF 1000 1.4637 21.5093 0.2134 3.8130 PF 1000 1.1334 2.0740 0.1860 3.0075
PF 1200 1.3140 8.0860 0.2036 3.3818 PF 1200 1.0597 1.3596 0.1811 2.8137
PF 1400 1.1333 1.4368 0.1980 3.0062 PF 1400 1.0189 1.0675 0.1784 2.6852
PF 1600 1.1153 1.6006 0.1921 2.9326 PF 1600 0.9724 0.9731 0.1739 2.5345
PF 1800 1.1446 12.1027 0.1878 2.7982 PF 1800 0.9552 0.8714 0.1717 2.4964
PF 2000 1.0032 0.9044 0.1815 2.5832 PF 2000 0.9236 0.7004 0.1686 2.3850
UKF 2.7791 151.7598 0.1100 8.2607 UKF 4.1770  191.5075 0.1006 21.9899
. | C 1 S 1
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C. Independent Targets in a Diverse Radio Environment ' x\ § §
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€depen = 0. We introduce additional nonlinearity in the observa- ! = =
tion model (4) by making the T',,(-) values non-uniform. This '
’switching’ bahavior creates multi-modalness in the system, | \ X
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I'h—6(l=1) = —10+ 3sin| il ] Kaiser 4090 at our department. The modules used are Rabbit
2257220 4510W (http://www.rabbit.com) kits. One radio is designated
[h—1(l =2)=—15+ 3sin| ] as the target, which broadcasts to any sensor that is listening
23220 every T' = 1.5 seconds. Five radios are used as sensors. The
Ih—2(l=2)=-15+3 sin[25000} last radio is attached to a personal computer acting as the FC,

Ih—s.6(l=2)=0.

Table III shows the MSE results. The non-uniform gains
severely degrade the performance of the UKF to the point
that the UKF is worse than the PF with a low number of
particles. Obviously, the level of uniformness in the radio
environment affects how badly the UKF performs. However,
the PF has the same performance and consistency in all the
simulation scenarios presented (all with the same observation
noise variance o2 = 2) because it does not assume any
linearity and the posterior density is not fitted to a uni-
modal Gaussian. Therefore, the PF is much more robust and
insensitive to the fine details of the environment and scenario.

IV. REAL-LIFE EXPERIMENTS ON A ZIGBEE TEST-BED

In this section, we present experimental results for single
target tracking in an office, which is characterized by rich and
diverse radio characteristics.

performing centralized data collection and tracking.

The area plan is depicted in Figure 2. The area is 17m by
14m and the left side is shown as a dotted line because we
only use the right half of the entire office. We select fifteen
pre-defined calibration points that cover the entire area. Each
calibration point defined a neighborhood and possesses its own
unique I',,(-) parameters for the path-loss model. We perform
initial training of the unknown model parameters and then
compare the estimated positions against the true locations at
these points. For the latter, we leave the target at each point
perfectly stationary for approximately 100 time slots, during
which we collect the RSSI measurements. This corresponds to
a trajectory that stops and suddenly moves, eventually covering
the entire area.

Figure 3 shows the distribution of the T, () values obtained
at the calibration points. This diverse range of values is
roughly the same as the ones used in simulation results
Section III-C, exhibiting *switching’ behavior. Thus, we expect
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TABLE IV
SINGLE TARGET TRACKING RESULTS IN AN OFFICE

Mean Squared Error (m?) over Time

Filter Number Mean Variance 5-th 95-th
of Particles percentile  percentile
PF 32 4.3422  197.2740 0.0309 222779
PF 64 2.2880  62.7280 0.0213 10.2499
PF 128 22012 78.6879 0.0156 10.3343
UKF 7.1944  189.2249 0.0151 41.8589

similar results.

We apply the same precedures as in Section III. Table IV
summarizes the results. The only difference is that the number
of targets is M = 1 now so the number of particles required
for the PF is different and the number of sigma points for
the UKF is 2L 4+ 1 = 23. It can be seen that the UKF
fails to function and loses track frequently. For instance, in
Figure 4, we show the true horizontal position (the longer
dimension in the floor plan) of the target against the UKF and
PF estimates. We observe that the UKF fails to track two of
the calibration positions. Compared to the simulation results
in Section III-C, the experimental results are worse due to a
larger observation noise variance. However, in both cases, the
PF, given sufficient number of particles, performs better than
the UKF in terms of MSE by a ratio of approximately 4 : 1.
Therefore, we conclude that the UKF is unsuitable even in the
case of single (independent) target tracking in an environment
where the radio propagation characteristics are rich and diverse
due to the ’switching’ behavior.

V. CONCLUSION

We have performed simulations and real-life experiments
to analyze the tracking results of the UKF and the PF for
the Bayesian filtering problem of RSSI-based tracking. The
UKF assumes near-linearity and uni-modal Gaussianess in the
system while the PF does not. We have shown that these
assumptions are very fragile and easily violated under two
realistic conditions: when the targets are moving in a herd
with co-dependencies and when the radio propagation charac-
teristics of the tracking area are diverse, exhibiting ’switching’
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Fig. 4. Horizontal Coordinate of the Experimental Results

behavior. While the first condition may be alleviated in many
applications such as single target tracking, the second condi-
tion cannot be ignored. Any indoor environment introduces
occlusions and multipath propagation effects, resulting in
highly diverse parameters in the RSSI observation model (4).
The only way to reduce these effects is to create a free-space
like environment, which is generally not achievable. Due to
the poor performance of the UKF, we conclude that the PF is
the better solution.
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