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I. I NTRODUCTION

Localization of nodes in wireless and sensor net-
works is important because the location of sensors is
a critical input to many higher-level networking tasks,
such as tracking, monitoring and geometric-based
routing. Recently there has been intense research
investigating using wireless networks as a localiza-
tion infrastructure. If successful, using the same in-
frastructure for both communication and positioning
would provide a tremendous cost and deployment
savings over a speci�c localization infrastructure.

We have designed and implemented the Real Time
Bayesian Positioning (RTBP) system which utilizes
the Received Signal Strength (RSS) and Bayesian
statistical inference [1] for real-time positioning.
With the fully distributed and scalable architecture
design, the RTBP system is �exible to choose the
localization algorithm at run time and localize mul-
tiple trasmitting devices in real time. In addition,
by harnessing prior knowledge, we have introduced
a Bayesian graphical model [2] that eliminates the
requirement for training data as compared with ex-
isting approaches, thereby introducing a fully adap-
tive zero pro�ling approach to location estimation.
Further, we have developed a novel real-time sam-
pling technique [3] which reduces computational
cost signi�cantly and solves Bayesian networks 9
to 17 times faster than the standard solver using
WinBugs. Hence the RTBP system can localize 1
to 10 sensor nodes in less than half a second,
and scales to localize 51 objects simultaneously
with no location information in the training data
within 6 seconds. The source �les of the RTBP
system are available through http://www.panic-
lab.rutgers.edu/Research/GRAIL/ under software.

1Please send all the correspondence to Yingying Chen
at yingche@cs.rutgers.edu.

Fig. 1. Main software components

II. A RCHITECTUREDESIGN

Our goal is to develop a general-purpose indoor
localization system. The RTBP system is designed
with fully distributed functionality and easy to plug-
in localization algorithms. As shown in Figure 1, The
main software components are Server, Landmark,
and Solver. The Landmark component collects the
RSS reading for each transmitting device and sends
it to the Server together with the coordinates of
the landmarks. With the simplicity of design, the
Landmark component is stateless and is deployed in
each landmark with known locations, also referred
as Anchor Points or Access Points. Upon receiving
the RSS readings from each Landmark module, the
Server collects the complete set of RSS readings for
each node, decides on which localization algorithm
to use, then forwards the RSS information to the
corresponding Solver module. The Solver is �exible
and easy to scale. Many different kinds of localiza-
tion algorithms can be plugged in as illustrated in
Figure 2. The Server and Solver components are fully
decoupled.

For localization using Bayesian networks, in ad-
dition to theWinBugs Solverwhich utilizes the sta-
tistical WinBugs tool, we have implemented theFast
Solver. TheFast Solveris developed by using a novel
sampling technique and can perform localization 9



Fig. 2. Solver scalability and �exibility.

to 17 times faster than theWinBugs Solver. The
other localization algorithms [4], [5] such as RADAR
(R), Simple Point Matching (SPM), and Area Based
Probability (ABP) can be added on easily with this
�exible architecture design. During localization, there
are multiple Solver instances available and each can
represent one type of algorithm. Once the localization
results are returned by the Solver, the Server displays
the positions of the unknown transmitting devices. If
there is a need to localize hundreds of transmitting
devices simultaneously, the Server can perform load
balancing among the different Solver instances as
shown in Figure 2. Plus, this centralized localization
solution also makes enforcing contracts and privacy
policies more tractable.

III. B AYESIAN NETWORKS

The Bayesian network is a graphical model that
encodes dependencies and relationships among a
set of random variables. The vertices of the graph
correspond to the random variables and the edges
represent dependencies. Bayesian inference in con-
junction with Bayesian networks offers an ef�cient
and principal approach for avoiding the over-�tting
of data.

In the RTBP system, we have developed several
Bayesian graphical models to encode the relationship
between the RSS and the location based on signal-to-
distance propagation model. We have built both non-
hierarchical (M1) and hierarchical (M2) Bayesian
graphical models as presented in Figure 3 and 4.

The location measurement process is slow and
labor-intensive. By contrast, gathering RSS readings
without the corresponding locations does not require
human intervention. For example, snif�ng devices
can perform RSS measurements repeatedly at essen-
tially no cost. So, we pursue the idea that different
access points behave similarly and the prior knowl-
edge may provide suf�cient constraints to obviate

Fig. 3. Non-hierarchical Bayesian graphical model

Fig. 4. Hierarchical Bayesian graphical model

the need to know the actual locations of the training
data observations. As a result, we have extended M2
model to introduce a new model called M3 whose
training data comprise solely of signal strengths of
unknown locations [2]. This leads to a truly adaptive,
zero-pro�ling technique for location estimation. The
RTBP system fully supports M1, M2 and M3 models
for performing localization.

IV. D EMONSTRATION

Figure 5 is an illustration of RTBP system demo
setup. The demonstration is performed by using
Telosb motes. 4 Telosb motes with 5dBi omnidirec-
tional antenna connected to Inspiron 2200 laptops are
deployed as 4 landmarks with known locations. The
system demonstration consists of two parts. The �rst
part is an interactive game of hide and seek. A visitor
can hide a transmitting mote in an unknown position
on the demo �oor. The RTBP system can locate the
coordinates of the unknown object in less than one
second. The second part is to show that RTBP can
localize multiple transmitting devices simultaneously
within a few seconds.
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Fig. 5. System demo setup
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