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ABSTRACT

This paper focuses on the development of a radio localization tech-
nique for a wireless sensor network infrastructure where a large num-
ber of simple power-aware nodes are spread in indoor environments.
Fixed and moving nodes exchange radio messages but can only mea-
sure mutual power figures such as the received signal strength (RSS)
indicator. Local maximum likelihood estimation from propagation
models suffers from false alarm problems due to incorrect position
information, complex indoor propagation effects and simple hard-
ware radio architectures. Here, we propose a Bayesian approach to
estimate and track the position of a moving node from power maps
obtained through field measurements. To lower the computational
power required by grid-based algorithms, we exploit particle filter
techniques that implement an irregular sampling of the a-posteriori
probability space. Finally, experimental results are presented and
discussed.

1. INTRODUCTION

Indoor positioning techniques with applications to wireless sensor
network (WSN) infrastructures are of great interest nowadays for
their wide spectrum applications. A WSN is a very dense network
of small, low-powered and low-consuming nodes capable of sensing
and storing signals while exchanging messages with other devices.
These nodes can sense either electromagnetic fields (i.e., power or
signal sensors) or elastic waves (i.e., audio or vibration sensors). Lit-
erature about measurement models of both kind is widely available
[1], [2]. A great importance is given to the network self-configuration
and its ability to dynamically grow up or shrink and accommodate
different operational conditions such as unknown node positioning
and cell tracking. In fact, a sensor network has a dynamic topology,
i.e. anchor nodes (ANs) and moving nodes (MNs) are both present,
and nodes can be added or removed. To reduce the communication
overhead, WSN positioning schemes work essentially in a proximity
context, so that only measurements relative to neighboring nodes are
employed. In addition, low-level packet routing strategies must be
set up to allow fast, reliable and power-aware communications [2].
In this paper, we are concerned with localization methods based
on received signal strength (RSS) measurements, as they are rela-
tively inexpensive and simple to be carried out. We refer to a non-
static localization problem, that consists in tracking the position of
a MN in an environment with a given layout and with fixed ANs
located in known positions. Location estimate can be achieved by
exploiting the node infrastructure, i.e. by tracking the most likely
subset (cluster) of nearest ANs, or by exploiting radio propagation
models obtained from field measurements. The first method is rather
efficient but inaccurate for most applications while the latter method
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shows better precision but it is usually very slow. Thus, we pro-
pose an experimental localization method that exploits both the net-
work topology and a log-normal RSS model [3] integrated with field
measurements [4]. Finally, Bayesian filtering [5] is performed in or-
der to alleviate the false-localization problem that arises using RSS
observations. The MN location sequence is modeled as an hidden
Markov model (HMM) and sequentially tracked either by the grid-
based Detection/Tracking Algorithm (D/TA, [5]) or through a canon-
ical Sequential Importance Resampling (SIR) particle filtering (PF)
[6]. The algorithms are centralized, but a distributed scheme is pos-
sible as shown in [7]. The tracked MN position is also used to pre-
dict the next cluster of nearest nodes. Simulations performed on
experimental measurements show that high accuracy localization is
obtained by the proposed approach.

The paper is organized as follows: the localization problem is
presented in Sec. 2, where measurement and network models are
proposed. Sec. 3 introduces the HMM framework and the tracking
algorithms, whose performances are studied in Sec. 4 using mea-
sures from a real field campaign. Sec. 5 draws some conclusions.

2. PROBLEM FORMULATION

We consider a WSN spread in an indoor planar region X C R?. A
node is moving within X while all the others are fixed. We also as-

sume that L, AN are placed in known positions z*) = [zy)7 Zy)] €

X, where zl@ denotes the ith Cartesian coordinate in the two-dimen-
sional (2D) space (i = 1,2; £ = 1,..., L). These known positions
can be either measured during the deployment or estimated by the
WSN itself by using a cooperative localization algorithm [2],[7].

This paper is concerned with the problem of real-time localiza-
tion. At any discrete time instant ¢ € N, the MN position x; =
[1,¢, T2,¢] € X is not directly observable but it is hidden into L
measurements y; = [y1,¢,...,yL,] " exchanged between the MN
and the L ANs. Each observation y, ¢ represents the power of the
signal received, expressed in dBm, over the £th AN-MN link.

If these RSS measurements could be reliably described by a sta-
tistical model, then it would be possible to derive the estimate X
of the MN position through conventional estimation methods. This
is the rationale for the local maximum likelihood estimation (MLE)
approach applied to the current measurement y;. Likewise, based on
the Markovian state-space model, a Bayesian approach could be to
used to estimate the unobserved motion x;.;. In this case, all mea-
surements y1.+ up to the current time instant are exploited by a track-
ing algorithm that refines the a-posteriori probabilities of the states.
The definition of a precise RSS model is crucial for the accuracy of
these localization methods.

2.1. RSS model

Analytical models are usually adopted to describe the relationship
between the measured power y, ; and the MN position. Yet, local-
ization methods based on such models are mostly inaccurate, as the
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Fig. 1. Raytracing simulation of RSS average (top) and fluctuations
(bottom) for a given AN (triangle). The propagation accounts for
N shadowing objects randomly moving within the area, each simu-
lating a person as a cylinder of radius » = 20cm: N = 5 (left) or
N = 40 (right). For increasing object density, the RSS average is
almost invariant, while the variance increases.

received power is strongly affected by unpredictable multipath and
shadowing effects that depend on the specific indoor environment
(i.e., the physical arrangement of objects in the room) and errors
due to the simple radio devices employed in WSN nodes. In order
to guarantee robustness against mismodeling, in this paper we pro-
pose a different approach: we define a log-normal statistical model
whose parameters are tailored to the specific indoor environment by
exploiting experimental measurements gathered during an off-line
calibration phase.
Each RSS measurement y, » [dBm] is expressed by:

Yoo = Yo(Xe) + vt (1)

The first deterministic term ¢, (x+) [dBm] indicates the attenuation
due to propagation and to static obstructions (e.g., walls and furni-
ture), while the additive Gaussian random noise ve ; ~ N'(0, 03 (x¢)),
with zero mean and standard deviation o¢(x¢) [dB], accounts for
the randomness of shadowing (e.g., due to objects or people moving
over the environment). Such a model was validated by raytracing
simulations [8] for a typical indoor environment, as shown in Fig. 1.
These numerical results confirm that not only the expected value but
also the standard deviation of (1) depends on the position x;. Notice
that time-varying measurement errors due to additive noise or inter-
ference are not considered, as we assume that multiple observations
can be averaged over time to reduce the impact of such errors.

As far as localization is concerned, we assume complete knowl-
edge of the power mean §¢(x) and the shadowing standard deviation
o¢(x) for all positions x € X and all AN, as these values are mea-
sured during the preliminary off-line calibration phase. Practically,
our experimental localization approach is carried out in two steps:
1. Off-line calibration: a node is subsequently placed in M dif-
ferent positions {Zm}%zl € X’; at each position and for each AN,
time samples are read from the RSS indicator and they are used to
evaluate a sample average g¢ (2 ) and a sample standard deviation
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Fig. 2. Cluster tracking: a) four subsequent positions estimated
within a cluster; b) transition to the new cluster; c¢) four subsequent
positions estimated within the updated cluster.

0¢(zm). Interpolation [9] is then performed to derive 2D maps of
the RSS mean and standard deviation for the whole space X'.

2. On-line tracking: at each time instant ¢, each AN measures the
RSS of the signal received from the MN. All these L RSS measure-
ments, together with the statistical maps and the knowledge of the
WSN topology, are used by the localization algorithms to estimate
the MN position.

2.2. Clustering of ANs: cluster tracking

In a dense network of low-powered sensors, it is convenient to es-
timate the MN location using only the RSS measurements gathered
by a cluster of L < L ANs in the proximity of the MN. This allows
to save sensor energy and to improve the localization accuracy by
neglecting noisy RSS measurements recorded by distant APs. This
approach is illustrated in Fig. 2: it consists in tracking both the MN
within the active cluster and the cluster itself using two different time
scales. The MN estimate is updated every time instant, while the AN
cluster composition is computed every [V; > 1 time instants depend-
ing on the MN velocity. At time instantt = 1, N; + 1,2N; +1,...
the cluster is rebuilt by activating only the subset of L nodes that
are closest to the last position estimate X;_1, while the other L — L
nodes are put on hold. During the initialization phase (¢ = 1), if
no a-priori information is available about the MN position, all the L
ANs are used for the first localization and then a starting cluster is
selected according the estimate X;. The best results are obtained for
N; = 1, but higher values reduce the computational complexity.

3. MN TRACKING ALGORITHMS

In this section, we introduce the Bayesian framework used for the
on-line sequential estimation of the MN position. At first, a non-
linear and non-Gaussian HMM is defined, then two algorithms are
proposed for the state-sequence estimation: the grid-based approach
D/TA (developed for ultra-wide band radar systems [5]) and the PF
method (also known as sequential Monte Carlo) [6].

3.1. HMM and grid-based filtering

The MN location sequence xi.7 is modeled as an homogeneous
first-order Markov process, described by the system equation x; =
X¢—1 + V¢, where v denotes the driving process. The probabilistic
model of the state evolution is defined according to the known distri-
bution fy(v) of the driving process: p(x¢|x¢—1) = fv(xt — X¢—1).
The initial state distribution p(x1), for any x1 € X, is chosen based
on the available a-priori information about the MN position at time
t = 1: it can be either uniform in case of missing a-priori informa-
tion or impulsive in case of knowledge of the starting location [5].
The state x; € X is hidden into the observation y; € RE , while,
as usual, the observations {y: } are assumed to be conditionally inde-
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pendent given the process x;. Recalling the model (1) and assuming
independence between the AN observations, the L x 1 measurement
vector y, conditioned to state x;, is an uncorrelated Gaussian vec-
tor with mean ¥ (x:) = [1(x:) - - - §r.(x¢)]T and covariance matrix
C(x;) = diag(c3(x:),...,07.(x¢)). Thus, the conditioned distri-
bution is:

_ 1 1 — 2
p(yelxe) = W exp {—5 ly: — Y(Xt)Hcfl(xt)
@
where ||y||& = y"C y is the square norm of the vector y weighted
by the matrix C. For the idle ANs (those out of the active cluster),
we set yo.; = ge(x:) = 0 and 03 (x;) = const for all x; € X, in
order to null their contribution to the conditioned probability.

A local estimate of the state x; can be obtained by applying the
MLE criterion only: %: = argmaxx,ecx p(y:|x¢). Yet, we are in-
terested in a Bayesian approach that exploits the previously defined
dynamic model to evaluate the a-posteriori probability density func-
tion (pdf) p(x¢|y1:+) given the whole measurement set yi.:. The
a-posteriori pdf depends on the (memory-less) likelihood function
p(y¢|x+) and the a-priori (memory-bearing) pdf p(x:|y1:t—1), ac-
cording to:

p(xe|yi:t) o< p(ye|xe)p(xe]yie-1), 3)

where constant terms have been neglected. The a-priori conditional
distribution function is be obtained as:

p(xt|y1:z—1):/P(Xt\xt—l)P(Xt—l|y1:t—1)dxt—1 €]
X

for any ¢ > 1, while it is initialized with p(x¢|y1:1—1) = p(x1)
for ¢ = 1. Once the a-posteriori pdf is calculated from (3), the
estimate of the state x; can be obtained using either the maximum-a-
posteriori (MAP) or minimum mean square error (MMSE) criterion.

In particular, the grid-based D/TA approach [5] relies on a uni-
form 2D sampling of the continuous state space X'. The MN location
X+ 1s assumed to take values within a regular grid Xn composed of
N = N1 N spatial positions, nAz = [n1, nz] Az, with sampling
interval Az, n; = 1,..., Ny and ny = 1,..., No. Equation (4) is
thus approximated by a finite sum. The MN position MAP estimate
is obtained by a forward-only HMM-based tracking algorithm that
calculates (3) and then computes: X; = arg maxx,exy P(Xt|y1:t).
The disadvantage of such an approach is that the uniform grid must
be dense enough to get high localization resolution, thus leading to a
large computational load for the evaluation of (3). Still, efficient im-
plementations might be derived keeping into account the locality of
the random walk model and by introducing a reduced tracking gate.

3.2. Particle filtering (PF)

The PF approach approximates the a-priori pdf p(x¢|y1:.—1) with
a sum of K Dirac pulses equally weighted and centered on a sub-

set {xgk)}szl € X of particles [6]. This subset is finite and dis-
crete but not uniformly sampled as the regular grid used in the D/TA
case. Each particle is sampled from a random variable x; with pdf
p(x¢|y1:4—1). In the following part of the paper, this will be indi-
cated briefly as: x'*) ~ p(x¢|y1.c—1). For large K, we assume that
following approximation holds true:

~ L (k)
P(xe|y1e-1) = i k21 O(xe —x;7). %)

A-posteriori pdf becomes p(x:¢|y1:t) = >, w,@ 0(x¢ —xgk)), where

(k) (k)

each weight w; "’ is proportional to p(y:|x; ) and it is normalized

sothat_, wgk) = 1. Thus, the a-posteriori pdfis completely identi-

fied by the tuples {x\*), w*}X_| . The MMSE estimate of the state
x; at instant ¢ is the expectation X, = E[x¢] which is computed as
the weighted mean X, ~ Zszl wgk)xgk).

Given the tuples {x\"), w* }/_| | the new particles {xgi)l A
at time ¢ 4+ 1 can be generated according the following steps: i) by
executing a resampling process of the current particles according to
their weights and i7) by making them evolve through the state equa-
tion. This is known as the SIR variant of a PF. In the first step (i.e.,
the resampling step), the particles {x\"™}X_, are resampled in a
new set {%\*)1E | such that vk P(x\¥) = x{"™)) = w{™; this
can be done both in a deterministic way or randomly [6]. According
to this method, particles with negligible weights are dropped while
particles with strong weights are dismantled in a lot of smaller and

uniform particles with u?Ek) = % The second step (i.e., the for-

warding step) consists in sampling transitions ng_)l ~ fv(z) and

in evaluating xii)l = igk) + vgi)l for each resampled particle, so

that the new set of a-priori particles {xgi)l}szl is obtained. At the
first iteration (¢ = 1) the a-priori particle distribution is initialized as
xgk) ~ p(x1) Vk. Improved PF or optimized choices of the impor-
tance function may be employed to improve the algorithm effective-
ness [6],[10].

4. VALIDATION ON EXPERIMENTAL DATA

Performances of the proposed localization methods have been eval-
uated by an experimental study carried out with MICA2 Motes at
the Politecnico di Milano [4]. As shown in Fig. 3, the WSN was
composed of L = 6 ANs (indicated as triangles) spread in an in-
door environment having size 10.2mx7.5m. During the calibration
step, a MN was placed at M = 92 different locations. For each
position, RSS measurements were collected by the ANs for a time
interval of 2 minutes (i.e., 1 value per second) and sent to a Personal
Computer for further processing by means of a pivot node. After
calibration, RSS measurements were interpolated [9] to produce 2D
maps of power mean and standard deviation, sampled at spatial in-
terval Az = 0.1m.

The MN path x1.7 was simulated off-line, for a total length of
T = 60000 locations, according a first-order Markov process with
conic-shaped distribution fy(v) of radius e = 0.4m (see [5] for de-
tails). The RSS measurements y1.7 exchanged between the MN and
the ANs were simulated by sequentially accessing the experimental
database built during the calibration phase. Then, we applied the lo-
cal MLE, the D/TA, and the PF methods to the measurements yi.7,
in order to estimate the MN trajectory. The cluster used for localiza-
tion was composed of L = 3 ANs, and it was tracked using a time
step of Ny = 5 samples.

Localization performances are shown in Fig. 3 in terms of root
mean square error (RMSE) of the estimate as a function of the MN
position over the N1 X Nz grid Xn. If Z(x) denotes the set of time
instants in which the MN trajectory flows across X', the RMSE
is computed as: RMSE(x) = {|Z(x)| ™" 2,z (x — %¢)*}/?
where | - | denotes the set cardinality. Notice that, unlike MLE and
D/TA, the PF estimates do not belong to the regular grid of states.

Examples of tracked trajectory are shown in Fig. 3-al-a2-a3,
for a path T = 100 steps long, here forced to be smooth only for
visualization purposes. Estimate errors are indicated as lines con-
necting the true and the estimated positions. Fig. 3-b1-b2-b3 show
the RMSE maps for MLE, D/TA and PF, respectively. A detail is
shown in Fig. 3-cl-c2, where the RMSE performances are plotted
along the 1D sections taken at no = 2m (Fig. 3-c1) and n1 = 2.5m
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Fig. 3. Estimate performances: a) examples of MN trajectory and relative estimation with MLE (al), D/TA (a2) and SIR PF (a3); b)
Computation of RMSE as a function of MN position for MLE (b1), D/TA (b2) and SIR PF methods (b3); c) slices from RMSE maps,
according to section pointed in Fig. b2. Spatial sampling is Az = 0.1 m.

(Fig. 3-c2), respectively. MLE performance in Fig. 3-al-bl is af-
fected by false-localization problems all over the layout (errors up to
5m). In the same conditions, the Bayesian filters (Fig. 3-a2-a3-b2-
b3) reduce the error below 0.5m.

5. CONCLUSIONS

A technique for localization of moving nodes in WSNs has been pre-
sented. The proposed algorithm combines a log-normal RSS model
with power maps, obtained from experimental field data, to estimate
and track the MN position and the cluster of neighboring ANs. Ef-
ficient tracking is performed using the PF approach. Experimental
results show that the computational complexity can be reduced still
achieving high accuracy in the estimation of the position.
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