Probabilistic Indoor Tracking of Mobile

Wireless Nodes Relative to Landmarks

Keyong Li} Dong Guo: Yingwei Lin,Y and loannis Ch. Paschalidis

Abstract

The profile-based approach is known to be advantageous wlemies to inferring positions of
mobile wireless devices in complex indoor environmentse plast decade has seen a significant body
of work that explores different implementations of this egarh, with varying degrees of success.
Here, we cast the profile-based approach in a probabilistiméwork. Launching from the theoretical
basis that this framework provides, we provide a suite oéftdlly designed methods that make use of
sophisticated computations in pursuit of high localizataccuracy with low hardware investment and
moderate set-up cost. More specifically, we use full distidnal information on signal measurements
at a set of discrete locations, termithdmarks Positioning of a mobile node is done relative to the
resulting landmark graph and the node can be found near ankkdor in the area between two
landmarks. Key elements of our approach include profiling $lgnal measurement distributions over
the coverage area using a special interpolation technigueip-tier statistical positioning scheme that
improves efficiency by adding movement detection; and jolosterhead placement optimization for
both localization and movement detection. The proposetesyss practical and has been implemented
using standard wireless sensor network hardware. Expatatg our system achieved an accuracy
equivalent to less thah meters with a95% success probability and less tharmeters with ar87%
success probability. This performance is superior to \weliwn contemporary systems that use similar

low-cost hardware.
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Index Terms

Wireless sensor networks, localization, probabilistiofiing, hypothesis testing, optimal deploy-

ment.

I. INTRODUCTION

Demand for reliable indoor positioning of mobile wirelessvites is rapidly emerging. Using
such a functionality, businesses can better manage theipregnt and personnel; museums
can provide automatically guided tours and enhance vistqreriences; hospitals can track
their patients, personnel, and valuable mobile equipnrestue workers can navigate through a
disaster cite more easily; malls can guide shoppers to fapstores they seek; large warehouses
can track their fleet of forklifts [1]; and security agence strengthen the protection of critical
assets such as nuclear and biochemical materials.

In contrast to indoor positioning, technologies for outdpositioning are relatively mature.
These include the GPS technology that is widely used todatyalso technologies using the
cellular network (see [2], [3]). Translating, however, sbesuccesses to indoor environments is far
from straightforward. First, the GPS technology is hardbetional indoors due to heavy signal
attenuation by the building structures. Moreover, theutettbased technologies for outdoor use
cannot produce satisfactory positioning accuracy wherfronted with the rich effects of the
indoor environment on the signals. The indoor environmear be very complex, and also
dynamic due to, for example, people moving and doors opeantyclosing. The triangulation
or trilateration techniques, on which GPS or cellular tealbgies are based, can be inaccurate
and ineffective under such conditions.

The main objective of this chapter is to describe a new priisab approach to indoor
localization of mobile wireless devices. As we will see, teehnique is quite general and can
handle any type of information from wireless signals thatasrelated with location; from very
basic information related to signal strength and availakith almost any hardware, to more
sophisticated information such as angle and time of arriiaé approach we propose is built on
rigorous decision theory and that rigor allows us to proviggformance guarantees and tackle

associated problems such as tracking and optimal systefoyaegnt.
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A. Related work

Given the interest in indoor positioning, a wide range ofdad positioning solutions have
been proposed, with varying degrees of success. [4] impl&dean infrared-based positioning
system Active Badgg for low-accuracy applications. [5] proposed an ultrasbiiased system
(Crickel) that achieved high accuracy, but the system requires #taliation of a dense network
of ultrasound beacons. Acoustic signals are also used bgytem proposed in [6] but without
the need of infrastructure nodes. In the wireless positigrmamp, many types of signal measure-
ments can be useful, ranging from the most basi®keeeived Signal Strength Indication (RSSI)
— to more sophisticated ones including signal phase, tifrezvoval (TOA), angle-of-arrival
(AOCA), and multipath components (MPC) [7], [8].

Among the RSSI-based approaches, the methods in [9], [10], [12] compare mean RSSI
measurements to a pre-computed signal-strength map. ficydar, [9] tested two methods. The
first one uses a map of mean signal strength that is profilem@ffivhile the second assumes a
signal propagation model taking into account how many wealsin the path. The former was
shown to be superior, achieving an accuracy of 75% etrérmeters and 50%: 3 meters. This
system and others succeeded in demonstrating the fepsilfilmeaningful positioning services
using wireless sensor networks and injected enthusiasnthietfield. Their performance, though,
leaves room for improvement. Many other works followed.][8proved upon [9] by taking the
probabilistic nature of the problem into account through tise of Bayesian network techniques.
Another probabilistic method appeared in [14] where botbbpbilities of RSSI measurements
and a hidden Markov model of device movements are being attin [10] proposed a method
based on mean RSSI profiling, but used power-level divetsitachieve an accuracy of 80%
< 3 meters. However, further improvement of the performancéhiwithis framework (e.g.,
by increasing the density of “reference signatures”) seamikely. Another related idea that
combines information from GPS at some locations to redueen#ed of profiling was proposed
in [15] and achieved accuracies betwe&eand7 meters. Yet another class of systems such as in
[16], [17] use stochastic triangulation techniques bug @ a path loss model, thus, introducing
a modeling error. In addition to the evidence provided by {8]r earlier related work based on
signal strength profiling [18], [19] has also been shown wuce the mean error distance (by a

factor of about 3.5) compared to stochastic triangulati®eterences to many other systems can
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be found in [20] and [21].

B. Key contributions

Despite the extensive literature, several fundamentatiures remain. On one hand, there have
been some efforts to understand the theoretical limit oéless-signal-based device positioning.
For example, [22] obtained a Cramer-Rao bound of wirelesgdaositioning, but the result
was built upon the presumption that positioning is donegisiistance and angle of arrival mea-
surements, and these measurements follow Gaussian diginb. A wider range of techniques
were considered by [23], but similar assumptions (esplgdiaé Gaussian assumption) were put
in place. Such assumptions might be overly simplistic inttieeindoor positioning context. On
the other hand, most positioning systems proposed to datediunned away from sophisticated
decision rules for the fear of implementation difficulties mobile devices. To a certain extent,
our work suggests that by careful algorithm design that Esadistributed processing, it is
possible to implement complex decision rules to achieveisbland accurate positioning using
existing low-cost hardware.

Due to the rather diverse applications of indoor positignand the rapid evolution of the
hardware capabilities found in wireless devices, the positg problem should not be considered
in just a single context. Instead, it is meaningful to explarspectrum of techniques that reflect
different constraints and trade-offs of hardware investineomputational complexity, set-up
cost, and positioning accuracy. In particular, the presemk strives to achieve high accuracy
with low hardware investment and moderate set-up cost, atcttst of fairly sophisticated
computations. More specifically, our approach does notirecadvanced signal measurements
such as angle and time of arrival (AOA and TOA), and the amairdcomputation needed is
kept under a threshold such that contemporary hardwarecesfflOne can argue that we treat
computational power as a constraint and seek to minimizeseost and maximize accuracy.

Even though our primary motivating application is to lo¢aeck nodes of a wireless sensor
network, other settings can be served by the exact sameiteeswe develop. In particular, the
nodes can correspond to a wireless phone with Wi-Fi accesgyme other Wi-Fi device that we
want to locate. Many of the practical applications we oettirearlier can easily be implemented
in a smartphone “app,” thus, locating and tracking the phiarem indoor environment becomes

important.
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Our contribution goes beyond a successful positioningiireg system with attractive experi-
mental results. The approach differs from what has beenideresl in the literature and is based
on a set of formal techniques that result in analytical penBince guarantees. As we will see,
positioning is done relative to Eandmark graph The nodes of this graph are a chosen set of
landmarks, or places of interest; and the edge defined betaeg two nodes corresponds to
the contiguous geographical area between the landmarksh/gaints in the coverage area are
defined to be the landmarks depends on the specifics of thecafh. What is important is
that the device’s position is resolved either to a node ofl#meimark graph, if the device is
in its vicinity, or to an edge if the device is in the area beswdwo landmarks. The following

topics are then covered:

A. We construct appropriate probabilistic descriptorsoasged with a device’s position from
a limited amount of RSSI measurements. This process is catynkmown asprofiling.
The descriptors that we construct go beyond mean valuesatahees to record the shapes
of the measurement distributions. We also associate a araed family of probability
density functions (pdfs) to each location, which introdsi@g®me analytical challenges,
but proved to produce more robust performance. Our expetaheesults show that such
information is of significant value to performance.

By “a limited amount” of measurements, we mainly mean tha cen directly measure the
RSSI distributions only for a finite number of positions dhgrithe profiling phase. Without
much loss of generality, we assume that these positiongida@rwith the landmarks. In
order to construct the probabilistic descriptors of a desicposition, we adopt a pdf
interpolation technique which originated in statisticdlypics simulations [24]. To the
best of our knowledge, this approach is novel for local@atproblems. Practices that
are equivalent to some form of interpolation are not forefgry., [14]), but these have
been carried out rather implicitly without formal designdagvaluation. Thus, the present
chapter makes a contribution in introducing a formal tegbrito the field, which is also
validated by experimental data.

Earlier versions of probabilistic-descriptors have begui@ed in [25], [18], [19]. However,
the descriptors in [25] are single pdfs rather than pdf faesil Although [18] used pdf-

family descriptors, the way that they were constructeddadckmalism. A related question
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to the profiling discussion is: “In what length-scale is pdferpolation meaningful for
RSSI signatures?” Clearly, we would like to minimize measwegts but interpolating the
pdfs of two very distant locations would not make sense. Tjsstion is investigated
experimentally, and interestingly, the answer confirms ititaition expressed in earlier
work.

B. We develop a two-tier device tracking system that reliesR&SI measurements made by
a set ofclusterheadgositioned at some of the landmarks. Clusterheads are sistalic
nodes positioned at these landmarks with the exact sameitiipa as other devices,
potentially though with line power to accommodate theirvieause. The motivation for
a two-tier system is that we would like to exploit the factttmaost mobile agents in
indoor environments are on the move only occasionally. Fately, we found it possible
to detect whether a mobile node has moved from its previokistyvn position based on
observations from a single clusterhead. We call thisrtiewement detectiqithe lower tier).
When movement of a device has been detected, the upper timoiseid, which detects the
new position of the device using multiple clusterheads. \lethis tier localization as it
is how localization is commonly construed. The decision®ath tiers are formulated as
composite hypothesis testing problems. We develop theisiguheory and characterize
the probability of detection error. Movement detection bBa®wer run-time cost, and in
many applications the device being tracked can remain atiaraion for a long period
of time. The two-tier design thus results in significant sgg. We also consider and
address the problem of optimally placing clusterheads deoto minimize the probability
of making incorrect decisions. Similar results have beegely lacking in the literature
except for [25], [18], [19], which considered a single ti€he present chapter extends the
optimization to jointly considering localization and maowent detection, and establishes
that this is computationally feasible.

C. We present a working system that demonstrates the prhtgtich our approach. Our
system achieved an accuracy equivalent to 95% meters and 87%c 3 meters, which
should be considered of high-quality compared with welihkn contemporary systems.
We also examine the accuracy of our formal pdf interpolatod find that interpolations
with two end point®) meters apart may replace empirically measured pdfs witix geod

precision. This is significant for improving the efficiency profiling and reinforces the
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findings in [10].

Notation: We use bold lower case letters for vectors, and bold uppee tetsers for
matrices. Our discussions will involve both probabilityndéy functions (pdfs) and probability
mass functions (pmfs). With a slight abuse of terminologg, will use the term pdf throughout.

Organization: The remainder of this chapter is organized as follows. $adli formulates
the problem and identifies the key components of our apptasamely:

« profiling,

. sensor placement,

« localization, and

. movement detection.
Profiling is handled in Section Ill and the key technique preed is that of interpolating pdfs.
The main theoretical underpinnings of our system and thecested algorithms are presented
in Section IV. More specifically, Subsection IV-A reviewsnse basic facts from information
theory which are important in the mathematical developneémiur algorithms. Subsection 1V-B
describes how (binary) localization and movement detaatiecisions can be taken by a single
clusterhead. Subsection IV-D describes how multiple elttads can collaborate (in a distributed
fashion) to arrive at an accurate localization decisiorbs®gation IV-C presents our approach to
optimal clusterhead placement. Section V contains all egpegmental results and Section VI

gathers some concluding remarks.

Il. TRACKING PROBLEM FORMULATION

An overview of the tracking problem formulation is shown ilgére 1. Consider the problem
of tracking a wireless sensor network node in a contiguoasefz”, which typically corresponds
to some indoor environment, e.g., a hospital building, aveation center, or a warehouse. As
a way of discretizing this space, we consider a given sdamfimarksand construct what we
call alandmark graphas follows. The node set of this undirected graph is the sé&rafmarks
v ={V;|]i=1,...,M}. Alandmark can be a room, a reception area, a cubical, age@eea
or an intersection of aisles. We draw an edge between landntbat are neighbors (in some
geographic sense); i.e., the edge sétis {E;; |t =1,..., M, j > i, V; € A4;}, where.4; is the
set of neighboring landmarks 1d. In reality, such an edge may represent a section of a corrido
or pathway. There are many different ways to formally defineeaghborhood and this is left to
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Map the coverage area to a landmark graph,
whose nodes and edges are locations of interest
for localization

Y

Measure the wireless signal properties (e.g., RSSI)
between every pair of landmarks

Y

Process raw measurements to generate a
probabilistic signal profile of the landmark graph

Y

Compute metrics that help distinguish location profiles
in a statistical sense

v

Determine a clusterhead deployment plan that
ensures efficient and reliable localization decisions

Y

Deploy clusterheads and implement a two-tier
tracking system involving full-scale localization
and less costly movement detection

Fig. 1. Overall tracking problem formulation.

the user; one approach could be to set a radius and consldi@n@inarks within that radius of a

node to be its neighbors. With a slight abuse of notation, eveetimes also write(l) j € .4, if

V; € A, and(2) (i,j) € & whenE;; € &. In what follows, docationrefers to either a node or an

edge. The set of all locations will be denoted By/={L;, |l =1..., N}, whereN = M+ |&|.
The next step is profiling, i.e., to associate to various tiooa appropriate probabilistic

descriptors of some features of the wireless signal. Heraugeethe RSSI, which is measured

between all pairs of landmarks. (Additional RF features naigo be used if available.) Let

Y® € {n,...,nz} be the RSSI received at landmakk which takes values from atk-
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dimensional discrete set. We then have a collection of aogbidistributions:
k .
qi( )(y):Frec(Y(’“):yM), Y="mn1,...,0r, ,,k=1,..., M, (1)

wherek is the index of the receiving landmark and the index of the transmitting landmark. In
(1), FreqY® = 4|V;) simply denotes the fraction of measurements for which = y. Using
these empirical distributions, we build the probabilistescriptors of all locations using methods
introduced in the sections that follow. As the result of gnod), we obtain pdfs of RSSI that
characterize the signals transmitted from each locatiahraceived at each landmark. In fact,
for improved robustness we associate with each node and@dye landmark graph a family
of pdfs parametrized by vectoss and,;, respectively. These are the location descriptors, or

profiles:

") . (2)
pij (IOU), (Z,j) S g, k= 1, ce ,M.
We may also list the pdf families in terms of the locationdngshe notation
pywig (), L=1,...,N, k=1,..., M. (3)

The former notation will be used when we discuss profilingjlevthe latter will be used while
introducing the decision rules for positioning.

While the wireless signal transmissions are profiled for yveair of landmarks, for the
actual operation that follows we do not suggest placing acdeat every landmark to listen to
the signals transmitted by the mobile nodes; that would bstefal. Instead, devices for that
purpose, which we call “clusterheads,” shall be placed atlyhe “best” K < M landmarks
where the RSSI measurements carry the greatest amountatidloénformation. The clusterhead
placement decisions are naturally based on the resultsofifipg, and we will cast this problem
as aMixed Integer Linear Programming (MILR)roblem.

Finally, movement detection and localization are done bgniparing” the clusterheads’
RSSI measurements with the location profiles. Formulateaypsthesis testing problems, these

decisions are made in statistically meaningful ways.

[11. PROFILING

This section focuses on how to generate the location profiles (2) and (3), using the
empirical RSSI distributions, i.e., (1). The key technidguithe interpolation of RSSI distributions,

or more generally, pdfs.
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A. Interpolation of pdfs

A naive way of interpolating pdfs is to calculate a simple gited average. However, one
may quickly find that the naive way can produce unnatural ltes&or example, given two
Gaussian pdfs with different means, their naive interpofatlways has two peaks.

A more sophisticated approach has appeared in a work orstgtati physics simulation
[24], which we adopt with several generalizations. Giv€npdfs, p;(x), p2(z),...,px(x), let
Ui, o, - -, i ando? o2, ... o2 be their means and variances, respectively. het RX have
elementspy, po, ..., px € [0,1] satisfyinngi1 pi = 1. These are the weights that we assign to

the K source pdfs. We are now seeking an interpolatedzpdf), whose mean and variance are

K K
Lo = Zpiui and Uf, = Zpiaiz. 4)
i=1 i=1
Let
ag; .
gl(x) = —(x—,up) + i, ©= 17"'7K'
Op
Then define
A K 0;
pp(x) = >0, pi—pi(&i(x)). (5)

Op
Intuitively, this operation can be described as: take a copgach source pdf, stretch and
shift it such that the variance and mean equraﬁsand L, respectively, and finally sum these
copies together with the weights adjusted in proportionh® $tandard deviations of the source
pdfs.
We next prove that the mean and variancepgfz) are indeed given by (4). Our proof is
different from the one given in [24], but is inspired by thedlissions in that paper. We believe

our proof is more complete, concise, and intuitive for thegant context.

Proposition 111.1 The pdf given in (5) satisfies
(@) /pp(x)dx =1,
©) [ epalo)ds = sy ©)

(c) /x2pp(x)dx = Jf, + ,uf,.
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11

Proof: In general, thex-th moment of the pdf in (5) can be written as

[an@ae =50 [ Zpiew)is

P o
= Zf; pi/ [(fz — Mz‘)(;_j + Mp] pi(&)dg;.

The last equality holds becausgg;/dx = o,/0,. Denote the integral in the above by

o [0
1@ 2 [ 6 -mZ+ ) i
We will show thatI;(«) equalsl, p,, ando, + 2, respectively fora = 0,1, and2. Note that
if these were true, thet;(«) is constant with respect tg thus the weighted sum df(a) over
i simply equalsl;(«), and the proposition is proved.

The case oty = 0 is trivial.

Fora =1,
) = [ (6 =102 4 ) miteds
= /fzpz fz df ,uz:| O'_ _'_,up
= (i — ) ~hp
= lip.
Foroa =2,
L(2) = e 2 d
@ = [6-mZ+ ) nes
2
= / (& — )” 0—’2’ +2(&6 - #i)a—éup + | pi(&i)dés
2 % 7i
= 03% +2(pi — Mi)%ﬂp +
= O'i—i—,d?).

u
In addition to the nice feature of interpolating the mean amadance, formula (5) also
interpolates the shapes of the pdfs in some sense. For exampken the original pdfs are
Gaussian, the interpolation is also Gaussian.
When the random variable takes discrete values, an issueaisthie transformatiort(z)

may produce a value for which probability mass is not defira.approximate formula that
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solves this issue is also provided by [24] for the case ofrputlating two pdfs. We gener-

alize the method to more than two pdfs. Assume that the pilitied are defined for values

—00,...,—1,0,1,...,00. For integersj andl, and fori =1,..., K, let
0,
Yijt =max ) §(j +0.5) &Gi(—05) | ¢ (7)
min — Imax
[+0.5 1—0.5

whereo, and¢; are defined as before. To understand the quantity let C; yan denote the
transformed cell&;(j —0.5), &(j +0.5)], andC) pmt denote[l — 0.5, 1+ 0.5], the cell for which
the probabilities are defined. Thep; is the proportion ofC; ;¢ that overlaps withC; yan, S€€
Fig. 2. Note that the length af; ;¢ is taken to bel; otherwise,y;;; should be normalized by

the length ofC; ,ms. The approximate formula is then

pp(J) = Zfil pi >y Vit pi(l). (8)

Formula (7) is chosen such that

0 .. .
> Vigl = P Vi, j, and 32 i =1, Vi, L.

P

Formula (8), to which we refer abnear interpolation is what we use in our experiments.

Hereafter, we denote the linear interpolation f6fpdfs with the coefficient vectop € RX by

Interpolp, p1, p2, - - -, PKc)-

j-0.5 j+05

£(-05) &(+0.5)

| | |

i
L |
I-0.5 [+0.5

Fig. 2. Interpretation ofy; ;.
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B. Associating pdf families to locations

It suffices to consider the RSSI profile of all locations oledrby a clusterhead placed at
one of the landmarks. The index of the clusterhead is thupresped in all formulae of this
subsection.

First, we “regularize” the empirical pdfs to eliminate zeslements. This is necessary because
the number of our sample measurements during profiling itefidis a result, some RSSI value
7, that is possible but rare for a locatidn might not be observed during profiling, leaving tita
element of the empirical pdf equal to zero. If we use the elgdipdf directly as the probabilistic
descriptor of the location, then when appears, we would rule odt; immediately, regardless of
how many total observations are made and how the rest of theradtions resemble the profile
of location L;. This is clearly undesirable. To mitigate this problem, we rthe empirical
pdf with a discretized Gaussian-like pdf of the same mean\am@nce. Namely, let be an
empirical pdf with mean and variancer?. Let ¢(u, 0?) be a Gaussian-like pdf whose domain
is discretized to the sdt;,...,nr}. Lety € (0,1) be a chosen mixing factor — typically we

set~ to a small value such as 0.1 or 0.2. Then the pdf after regaitoin is

q = Interpol e o(p, %)
ot

Second, consider the areas represented by the landmarnies. wie use the pdf-family frame-
work to achieve robustness. Specifically, suppbséas neighbors —4; = {V},,...,V,, }.

Let o, = (6",...,0{") € R', 8, > 0 elementwise, and_!_, 6" < 1. Let
A
1= 07
o)
Po, =
6.

Then the pdf family associated witti can be defined as an interpolation bf- 1 empirical
pdfs:

pi(-16:) = Interpol(pg,, G (), @ (), - -+ @ () -

This is motivated by the fact than when localization decisi@are made, the mobile node we

seek to locate will never be exactly on top of a landmark amdpitif of the RSSI measurements
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may not match well with the pdf associated with that landmB8rkinterpolating among all pdfs
corresponding to neighboring landmarks, we create a pdflyawhich is very likely to have a
member that matches well our measurements.

Last, consider the edges of the landmark graph. For the saas®mns we outlined above, we
associate with the edde, j) another pdf family defined as a set of parameterized intatjpois
of two pdfs, where the two source pdfs are drawn from the pufilias representing landmarks
i andj. Specifically, letd;; € (0,1) and,; be a vector concatenatiré)y, 8;, andv;;. The pdf

family associated with edgge, j) is
A Vi
pi;(+|0:;) = Interpol ,pi(+165),p;(:16;)
— 9y
The collection ofp;(-|0;)’s andp;;(+|0,;)’s corresponds to the pdfs defined in (2), which are then

rearranged as in (3).

C. An alternative interpolation technique

One may propose another theoretically attractive intefpmh technique based on geodesics
in the space of probability distributions. We only discubs two-pdf case for simplicity. A

well-known geodesic that connects two pgfgz) andp;(z) is a p—parameterized curve
P (2)p (z
[ @t

where p € [0,1]. We will refer to this as thegeometric interpolation Like in the linear

interpolation case, one can verify that the geometric pakation of two Gaussian pdfs remains
Gaussian. However, our experiments show that the perfarenah this interpolation is inferior
to that of linear interpolation. The reason is that it emjes too much the common support

of both source pdfs.

D. An alternative Gaussian model

In the above, we associate a family of generally shaped pdéath location. If a Gaussian
model of the RSSI is used instead, this task can be greatiylifima. One may then ask whether
using generally shaped pdfs is worth the effort. The answethis question may depend on

circumstances. However, our experiments show that sigmifimformation regarding the signals
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transmitted from a location is captured by our approach vioutld be neglected if we assume
the Gaussian model. This will be discussed at length later.
Now, having the location profiles in the forms of pdf familiege are in a good position to

describe our tracking system.

IV. TWO-TIER TRACKING SYSTEM

In positioning a mobile wireless node, one typically neealgitaw on measurements from
multiple (likely more than 3) clusterheads. However, a sohed surprising observation is: if
we already know the previous location of a wireless device ask the question of whether it
has moved to another location, the RSSI signature obseryeal dingle clusterhead provides
sufficient information. Furthermore, that clusterhead barnselected for each location based on
the profiling results. We will refer to such a test that detieles whether a device has moved as
movement detectiohus, if many mobile nodes in the system actually stay atestmoations
for prolonged periods of time (e.g., as is the case for officekers), then switching into the
movement detection mode can significantly reduce the watdklof the system. This motivates

a two-tier positioning scheme of the following generic fomith parameterd’;, H, andT),.

Localization Tier: As will be explained, we will make sure that for every pair otétions,
there is at least one clusterhead that can distinguish thieemsures that our system
is capable of statistically localizing a mobile device ay &cation without ambiguity.
When a mobile device enters the coverage area, we have aal ®gti a candidate
locations based on the set of clusterheads that can detesighal from this device.
Suppose there arelocations. There is no need to conductral (n—1) hypothesis tests
of these pairs. Instead, we carry out the process in a greatyle-elimination manner
that guarantees the most reliable- 1 decision are employed given any deployment.
This process is repeated evely seconds. If the device’s position remains the same
for H rounds of localization, then switch to the movement detectier.

Movement Detection Tier: Every T, seconds, use one clusterhead (selected during the
initial setup for the mobile device’s last known positiomw) test the hypothesis that
the device’s position is unchanged. If the hypothesis iscted, then return to the
localization tier. It is worth noting that the single clustead, denoted b§/, responsible

for detecting whether the device remains at a landmark, téenoy L, is selected such
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that all neighboring landmarks df can be distinguished fromy by the signal profile
viewed fromC. Most likely, C' is at a location that is neither too far nor too close to
L.
Next we address the issues of how to make the localizatiomane@ment detection decisions
and how to ensure that the deployed clusterheads can petffiertasks of both tiers satisfactorily
for every location. We will present a generalized framewoflstatistical decisions that covers

both tiers. Furthermore, we optimize both tiers jointly hetclusterhead placement phase.

A. Preliminaries

To present the decision rules of the two tiers in a unified &awork, we begin by recalling the
Kullback-Leibler (KL) distance [26]. For two distributiofunctions (assuming discrete random

variables)p andq, the KL distance ofy from p is defined as

D(qllp) 2 Z q(y) log ]% (assuming) - logg =0,Va > 0). (20)

Intuitively, the KL distance reflects the difference betwdwo distributions in a statistically
meaningful way (see [27]). It is not a true distance metracks symmetry and does not satisfy
the triangle inequality) but it is non-negative, where ze&saachieved if and only ifp = q.
Typically, q is some sample distribution angdis a model distribution. For example, if a certain
event is impossible according to the model distributiprhés a zero element somewhere) but the
event occurred in the sample (the corresponding elemeqtisfpositive), then the KL distance
equalsco, and we immediately know that the sample is not drawn fronh thadel distribution.
This example also illustrates that sometimes we may wantdm goroposing a model distribution
with a zero element, which is why we regularize the empirjuadils in Section I11-B.

Another important quantity that we draw from informationety is the entropy of the
distributionp. Assume a discrete random variable taking value§nin . . ., nr}. The entropy of

the distribution is defined as:
H(p)=—Y p(y)logp(y). (11)
)

Consider an i.i.d. sequeng€ = (v, ..., y,) drawn fromp and letq,~ be its sample (empirical)

distribution defined as in (1). It is easy to verify that thelpability of y™ can be written as

R
p(y™) = Hp(m)nqyn(m) — e—H(ayn)+D(ayn [Ip)] (12)
i=1
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Recall now from Equation (3) that the pdf family associateithwihe RSSI from location
[ to clusterhead: is pyw,(-), I =1,...,N, k=1,...,M, as constructed in the profiling
phase. For either localization or movement detection, ss@pthe clusterhead makesi.i.d.
observationgy*)"» = (y@, o ,yﬁl’“)), with a corresponding sample distributiqﬁ?, upon which
the decision rules apply. The efficiency of the decisiongute be presented will be quantified
using theerror exponentdefined as

1
2 _ lim sup ~ log P(error). (13)

n—00 n

d

This represents the exponentially decay rate at which tbbatility of error converges to zero.

B. Statistical decisions contributed by a single clustexhe

Next, consider the decisions that can be made by one clestérthence the clusterhead index
is dropped). For localization, the core task is to distisgubetween two candidate locations of
the mobile device. It was shown in [18], [19] that the queastimils down to a binary composite
hypothesis testing problem (composite because the disitiits involved have unknown param-
eters — thed’s), and one can use the well-knovi@eneralized Likelihood Ratio Test (GLRT)
In particular, the GLRT decides locatianover j if

1 maxg. (y™
2 log 0; py\e](y ) < N\
n maxXe; Py|e; (yn)

for some appropriate threshold;. We have

1 n 1 n
Aij > log mAX PYo, ") - - log max pye, ")

— max[— H(ay) — D(dy»

0,

pY|ej)]

— max[—H(qyn) — D(ay~|/pyie,)]

=min D(qy»{|pyje;) — min D(qy»[|pye, )-
Thus, in terms of the KL distance, the GLRT rule can be expwss:

Decide location relative toj if and only if (14)
ming, D(qy~[|pyie;) — ming; D(qyn||pyie,) < Aij-
A slightly conservative estimate of the corresponding reexponent, denoted by;;, was also

derived in [19] (including an explanation of why;; is not always zero and how it can be
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selected). Moreover, [19] describes how a decision amongyrpatential locations can be taken
by using a sequence of binary tests; interestingly enougth s decision can be taken in a
distributed manner by appropriate collaboration betwdendusterheads.

Let us now turn our attention to the movement detection &erppose that the last known
location of a mobile device is locationand we would like to determine if the device remains
at j based on the i.i.d. observations iry™ by a single clusterhead. The followirgeneralized

Hoeffding Test (GHT)28], expressed analogously to (14) using the KL distare@piplicable:

Report “no movement” if and only if (15)
ming; D(ayn[|pyie;) < ;-
Let o; and 3; be the error probabilities of false alarm and missed deiactiespectively. The

following proposition shows that the GHT is optimal inGeneralized N@gnan-Pearsorsense.

Lemma V.1 The test in (15) is optimal in a generalized Neyman-Pearsmse, that is,

1
limsup —log a; < =\, vo;, (16)

n—oo n

and —limsupn%oilogﬁj is maximized among all tests satisfying (16) uniformly for &

characterizing some alternative pdf.

Proof: Let P;(-) denote a probability conditional on the mobile node haviagmoved from
location j. Let also2,, = {v | v = qy~ for somey™} denote the set of all empirical measures
that can be obtained from amlength observation sequence afidv) = {y" | qy» = v} the
set of n-length observation sequences with an empirical measuwral éqv.

First, lettingP,, denote a probability under the measwend | - | the cardinality, we have

P, [T, (v)] = Z P.ly"]

{y"layn=v}

— Z V(m)m/(m) .. V(UR)nV(nR)

{y"layn=r}

=|T,(v)]e ™),

which implies

T, (v)| < ™), (17)
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Now, for all 8, the false alarm probability is given by

a; =P;[{y" | min D(ay-[lpyie,) = A}

- > T (ay)| pyie, (¥")
{qyn ‘ming]. D(Qy" HpY|9j )ZA}}
< Z o (ayn) ,~nH (ayn)+D(aynlpye,)]

{ayn|ming; D(ayn [pyje,)=As}

_ § e—nD(Qy"HPwej)

{ayn|ming; D(ayn [pyje,)=As}

<(n+1)fe™N,

For the first inequality above we have used (12) and (17).éndht inequality above we used the

fact that the set of all possible empirical measur@s, has cardinality upper bounded by+1)%

(a symbol of lengthk with each element taking values fro{‘r%, ..., =}). This establishes (16).
Let now .7, be some other decision rule satisfying (16). It is well knathat the empirical

measure is a sufficient statistic so any rule will depend anlyhat. Leto, and3s, denote the

corresponding false alarm and missed detection probakiliEor alle > 0 and all large enough

n we have

g < e Aite) (18)

Meanwhile for alle > 0, all large enough, and anyy™ such that¥,, declares “movement” it
holds

A = Z |Tn(Qy”)| Pyle; (")
{ayn|Tn(qyn) implies movemert
> Z (n+ 1)—R6—nD(qyn|lpy\ej)

{ayn|Tn(qyn) implies movemerjt

zefn[D(Qyn HPY\aj )+el 7

where the first inequality above uses [29, Lemma 2.1.8]. Coimg&he above with (18) it follows
that if y™ implies “movement” then for alB; it should hold D(qy~||py|e;) > A;. Therefore,
the GHT in (15) should declare movement as well, which ingplieat 3., > 3, for all 8,
characterizing an alternative pdf, whereZ j. The latter establishes that the GHT maximizes

the exponent of the missed detection probability. [ |
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Eq. (16) provides a bound on the exponent of the false alaotgtnility. To bound the exponent
of the missed detection probability we can use Sanov’s #redf9, Chap. 2]. Specifically,

1
limsup —log 3; < — min D(q||pyje,), V6, (29)
qc;

n—oo n

where 7} = {q| ming, D(q|lpyjs;) < Aj}-

Defining
Zje,(Aj) = ming D(a|pye;) (20)
s.t. ming;, D(ql|pyie;) < A,
and
Zj(\;) = minmin Z; ¢,();), (21)

i#j 6,
we can write
1
—limsup —log 8; > Zj()‘j)'

n—oo n

The error exponent of the whole test equals the lesser battveeexponents of; and ;.
On the other hand, it is straightforward to show tfgt);) is monotonically decreasing in;.
If we could computeZ;();), then the solution ofZ;(\;) = A; gives the optimal value oA;
as well as the best achievable error exponent. However, dhgutational cost of finding the
exact solution is significant. This is mostly because thestramt in (20) is non-convex and
also high-dimensional. To side-step this problem, we @plg; ¢,();) with an estimate based
on dual relaxation:

Zi0,(\;) = max, s ming, ming D(alpyie,) + p(D(allpyie,) — Ay)
st >, aly) =1, (22)
qy) >0, V.

As a relaxation, it holds thaZ,¢,(\;) < Z;e,()\;). The computational gain comes from the
fact that the minimization ovetj is now convex. In fact, the optimal solution can be found in

closed-form: ) -
Pyie,(¥)Py 0, (Y)

= i_ ) (23)
27, p§)/|9i (W)Py\gj (n)

* where p=——.
7 (y) =11,

Then Z;()\;) = min,; ming, Z;e,()\;), Which is also monotonically decreasing ij. The
solution of Z;()\;) = \;, denoted byh;, gives a near-optimal threshold and the error exponent

at the same time.
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C. Optimal clusterhead placement

From the above, for each landmark (also candidate clusadrloeation):, we have a collection
of localization error exponentg;;;,, and movement-detection error exponehis, all of which
are optimized (note that the index of the clusterhead lonait now added back).

In the profiling phase, every location is a potential placecloisterhead installation. In the
actual operation of the tracking system, however, we maywanit to place a clusterhead at
every location, because if we do that, some of the clustedheaay not be in a good position
to provide useful information. The budget of the system masthker reduce the number of
clusterheads that we are allowed to deploy. For these reasenneed to place the clusterheads
carefully. In the case of the dense deployment mentionedealpdacement amounts to selecting
which nodes from the ones already deployed will play the odla clusterhead.

In formulating the clusterhead placement problem, our go&b ensure:

1) For the localization tier, there should be at least onstellnead: for each pair of locations
i, j such thatZ;, L; can be clearly distinguished using observations of clhs@ik under
the GLRT.

2) For the movement detection tier, there should be at lessttusterhead for each location
j such thatL; can be distinguished from alternative locations usingtelireadk under
the GHT.

More precisely, for a given numbéf of clusterheads to deploy, we maximize the error exponent
level e that is met (or exceeded) for every location in the movemeteédation tier, and for every
pair of locations in the localization tier. Furthermoregthbrror exponent for each location or
each pair of locations is given by the clusterhead that cam tesolve the case (with greatest
error exponent). Formally, let” denote the set of landmarks where clusterheads are plabed. T

problem can be written as

maxXopcy €

st. |Z|=K, (24)
min; ; maxy, d;j, > €,
min; maxy, hj, > €.

It is important to note that the optimal value of this probl@novides an upper bound on the

probability of error for both localization and movement elgtton decisions. That is, #* is an
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optimal solution, the maximum probability of error of ourssgm satisfies

1
lim sup — log Plerror] < —¢*. (25)
n

Problem (24) can be reformulated as teed Integer Linear Programming (MILRJroblem

shown in Fig. 3.

max €
S.t. Zi\ilxk:K
Zkzlyijk:17 VZ7J:17"'7N71<.]7
SM o zw=1,¥=1,..., N,
Yijk < g, VZ,],Z <j,k= 1,...,M,
ijfl’k, Vj,l{izl,...,M,
M Lo .
€ <D w1 ik, Vi, 3,1 < J,
ES 224:1 hjkzjk7 v.]v
yijkzoﬂ VZ,],@<],VZ€,
ij 20, VJ,VkI,

zi € {0,1}, Vk.

Fig. 3. Clusterhead placement MILP formulation.

Software exists for solving generic MILPs. Furthermore, eve designed an algorithm that
solves the MILP in Fig. 3 much faster than commercial genprapose MILP-solvers. Our
approach is to solve this problem by an iteratfeasibility algorithm along the lines proposed
in [30]. In particular, we use a modified version otwo-phasealgorithm proposed in [31]. Its
computational advantage lies in the fact that we solve ald#ifs problem in each iteration that
contains onlyO(M) variables andO(N?) constraints, instead of th@(N?M) variables and

O(N*M) constraints that appear in the formulation.
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D. Putting everything together: the decision procedureiming multiple deployed clusterheads

While movement-detection requires one clusterhead at a twoalization generally requires
more than one clusterhead. No matter how good the decisilenisua single clusterhead is
normally not enough for distinguishing every pair of locais in a wide coverage area, because
given any single clusterhead, there may be pairs of locatiwhose RSSI profiles are similar.
So, we use the following procedure to “chain” together theiglens of multiple clusterheads.

When a wireless device is detected, we can have an initiahas#i of the candidate locations
based on the set of clusterheads that received signals fnaindevice. Suppose there ate
candidate location. Instead of comparing alix (n — 1) pairs of them, we apply a greedy
selection process.

To understand this procedure, first recall that the profilamgl clusterhead placement phases
assigned one clusterhead for each pair of locations thad teelistinguished. Furthermore,
the statistical reliability with which this pair of locatis can be distinguished (based on the
clusterhead of our choosing) is associated with an errooespt, the greater value of which
indicates higher reliability.

Now, we sort the pairs of candidates in descending order efa$sociated error exponent.
Using GLRT, we first make a judgment between the first pair ofdodates in this ordered list.
That is, we start with the most reliable decision that can laelen The candidate that loses the
judgment is eliminated, so are the pairs that include thaieated candidate. Then we move
our focus to the remaining pair that is associated with the gesatest error exponent. In the

end,n — 1 judgments are made and a single winner is left.

V. EXPERIMENTS

Our testbed is set up on the first floor of a Boston Universitydng (see Fig. 4). The
wireless device used is the MPR2400 (MICAz) “mote” from Crasgblechnology Inc. (now

Memsic Inc.).

A. Testing the complete system

Our two-tier tracking system covers 10 rooms and the corsidavhich are mapped to 30
landmarks, marked by either a green circle or a red squareherfloor plan (Fig. 4), where

the latter marks the clusterhead positions obtained frolwirgpthe optimal placement problem.
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Fig. 4. Floor plan with the landmarks for the testbed.

The landmark graph is then constructed resulting in 39 edyéding the landmarks and edges
together, we have a total of 69 locations. Hende= 69 and M = 30 in this experiment. A
mote is placed at each landmark location, but only some ahthl serve as clusterheads. All
30 motes are connected to a base MICAz through a mesh networkbdsemote is docked on
a Stargate node which forwards the messages back to the.serve
The experimental validation of our localization approaem de divided into the following

six phases, which have a one-to-one correspondence to ithésg. 1:

Phase 1:Map the coverage area to a landmark graph.

Phase 2:We obtained the empirical pdfs for the landmarks correspantb Eq. (1). The
30 motes placed at the landmark locations took turns to lmastdpackets, specifically, when
one was transmitting the others were listening and recgrtle RSSI. A total of 200 packets
were transmitted by each mote. The data collection was tegdar the combinations of two
frequencies and two power levels; details will be given belo

Phase 3:We used the methods in Section Il to construct the pdf famitorresponding to
Eqg. (2), which are the descriptors of all 69 locations. Nbt# the interpolation technique allowed
us to construct high quality descriptors without denselyecimg the area with landmarks.

Phase 4:We obtainedd;;;, and b, as described in Sec. IV.

Phase 5: We solved the MILP to optimize clusterhead placement andulsameously

obtained the performance guarantee of Eq. (25). In the MarRfilation, we needed to inpuf,
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the total number of clusterheads. By varyiRgfrom 1 to 30, we discovered that the performance
guarantee reached a satisfactory level aftee= 7, and somewhat flattens afterward. Thus, we
placed clusterheads &tlocations (again, marked by red squares in Fig 4).

Phase 6: We introduced mobile motes in the coverage area and let tstersy make
localization and movement detection decisions.

For Phase 1, the coverage area is mapped to a landmark greghtows in Fig. 4.

We let Phase 2 (a completely automated procedure) streteh 2 hours to acquire data
under diverse conditions of the surrounding environmehe ®bjective is to capture the indoor
environment in all possible “modes” and configurations sat the pdfs we generate can model
any one of these conditions. Phase 3 takes virtually no tirase 4 takes another 24 hours
on our computer, although further optimization of our codaymeduce the computation time
significantly. Phase 5 only takes about half an hour. Noteahahese steps are performed only
once, after which the amount of real-time computation ndefde each localization decision
is very small, such that the resources on the clusterhegdicdtly motes plugged into a wall
outlet or a large enough battery) are sufficient.

We know from previous experiences [19] and the literatued frequency and power diversity
provide better performance. The mote to be located broeitas packets over the combination
of 2 frequencies2.410 GHz and2.460 GHz) and 2 power level®)(dBm and—10 dBm), with 5
packets corresponding to each combination. We achievedaa mreor distance af7.32 inches,
which is better than our earlier result 66.08 inches [19] based on techniques that do not
use a formal method of pdf interpolation. The percentile mbms< 3 meters (118 inches) also
improved from 80% to 87%. One may also count from Fig. 5 that plercentile of errors 5
meters (197 inches) is 95%.

The total coverage area (we have excluded the rooms thahahe ifloor plan but to which
we did not have access) wag27 feet, that is, about1 feet per landmark. With a mean error
distance ofD, = 7.3 feet the mean area of “confusion” was3? = 53 feet. It is evident that
we were able to achieve accuracy on the same order of magnésdhe area “covered” by a
landmark; this is the best possible outcome with a “diszegti system such as ours. That is,
the system was identifying the correct location or a neigimgplocation most of the time. We
used a clusterhead density bfclusterhead peit827/7 = 261 feef. Note that our system is

not based on the “proximity” to a clusterhead; the ratio of lemas to clusterheads 89/7, or
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Histogram of Error Distance for Location Detection Experiment
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Fig. 5. Localization result.

about10.

We also obtained results for the movement detection tiee firfote to be monitored now
transmits20 packets at a single frequency and power level dependingarpitiori location. The
use of a single frequency/power level was selected becaesditersity only benefits decisions
involving multiple clusterheads. The resulting error pmbbity was 8%. Again, we emphasize
that we are exploiting only the most basic RF measurementsbiaining these results. Yet,
the approach is easily generalizable to include additiamfakrmation if available (in that case,

instead of scalar RSSI measurements we will be dealing witbkeservation vector).

B. A closer look at pdf interpolation

We have proposed a rather sophisticated interpolatiomtgquk for generating location pro-
files. One concern is: if the interpolated pdfs were merely-tpality approximations of the

actual pdfs, then we might be better-off using a Gaussiamcappation, which is computation-
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ally cheaper. In our experiments however, the interpolatifd did a very good job preserving the
shape information of the empirical pdfs which were not clos@a Gaussian. As will be shown,
the decision accuracy using the interpolated pdfs domsnttat of the Gaussian approximation
by a significant margin. Another question that we attemptreweer is: At what length-scale
does pdf interpolation make sense? It turns out that thepatation is very meaningful when
the two end points are about 30 feet (or 9 meters) apart, buivhen they are 60 feet apart.

The first experiment is conducted in a roughly straight cariof about 60 feet long, mapped
to 5 locations roughly 15 feet apart. Labeling the locatioassecutively as location, 2, . .., 5,
we place the clusterhead at location 1 (which is at one endefcorridor). To measure the
signals transmitted from each location, one of the coastlstood at that location holding a
transmitting mote, which sends a packet every 5 seconds.hadgsecto have a person hold the
mote because this is close to an actual application scerfdreclusterhead received the packets
and recorded the RSSI values. During the experiment, aabteb0 packets were sent from each
location. Due to packet loss, the number of actual samplentay the clusterhead is less, but
we still obtained more than 100 samples for each locatioenTwve mix a Gaussian component
into each of the six empirical distributions as describedierawith a mixing factor of 0.2, i.e.,
regularized empirical distribution = 0.8 measured + 0.2 §&&@an. The empirical distributions
for the six locations after regularization are denotedgbyy., . . ., ¢s.

We compare three interpolation methods. First, in whathelled “linear short interpolation,”

the interpolated pdf of locatiofnis generated using;.; andg;_:
0.5 ,
Di,short = Interp0| y 4i—15 Gi+1 y 1= 27 37 4.
0.5

Second, in what is labeled “linear long interpolation,” ihéerpolated pdfs are generated using

¢q1 andgs: _
5—1

4

Dijlong = InterpOI 41,45 | 1= 27 37 4.

.
—_

4
Third, we adopt the Gaussian model instead and interpdiatpdf of each location with adjacent
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locations:

0.5
Di,gaussian — Interpol 0.5 ) ¢(/~Li717 O.i271)’ ¢(ﬂi+1> U’i2+1)

Mi—1 + Mz‘+17 o} 407 ’ i—2.3.4.
2 2
Last, we also include the geometric interpolation (cf. S8eC) for comparison, denoted by

:¢(

Pigeo Where locationi € {2,3,4} is interpolated by locatiori — 1 and: + 1 as in the linear
short case.
1) Qualitative study:We visually compare the various interpolation results fardtion 2 as

an example (Fig. 6). The short interpolation seems to captome shape information of the

Real, location 1 Real, location 3
0.2 0.2
0.1t 0.1 m
0 - 0
50 60 70 80 90 100 50 60 70 80 90 100
Real, location 2 Linear short Interpolation, location 2
0.2 : : : : 0.2 : : ‘ ‘
Short
01l 01 = = = Gaussian ||
(4
0 . : : 0 = . :
50 60 70 80 90 100 50 60 70 80 90 100
Linear long Interpolation, location 2 Geometric Interpolation, location 2
0.2 0.2
B /\’\«\A § //’JK
0 : . : - 0 : : :
50 60 70 80 90 100 50 60 70 80 90 100

Fig. 6. Visual comparison of interpolated pdfs for location 2. The haoiabaxis represents signal strength reading of the

motes.

actual pdf that is missed by the Gaussian model. For exantpéeempirical pdf is skewed
to the left. The interpolated pdf also exhibits the skewnegdsle the Gaussian pdf is always
symmetrical. One may also notice that the linear long andgé@metric interpolations appear

very different from the actual pdf.
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2) Quantitative observationfirst, it is of interest to compare the qualities of the difet
interpolations using the KL distance (10) as a metric ofatise between pdfs. As we have seen,
the KL distance appears in both localization and movemetgctien error exponents.

The comparison is plotted in Fig. 7. It is very interestingsie thatthe quality of linear
short interpolation dominates that of the Gaussian mode¢hanKL senseFor example, the KL
distance of short-interpolation-to-empirical for loaati4 is only a little over one third of that
of the Gaussian model. For locations 2 and 3, the differeseeughly a factor of 1.5, which is
still significant. Similarly, the linear short interpolati appears superior to the geometric (also

short) interpolation. The long interpolation on the othant clearly departs from the actual

distribution.
4*
- Q = Linear Short
35k +1% ¢ Linear Long
' Q' Gaussian
+H Geometric
= 3r
=
i)
< 25f
= X
Q L %4
c
= 2r
]
& 15F '
[a]
T
< 1F e 8
\\\\\\\ n“ \\“‘\\\
- SRR s
0 L L L L L L L J
1 15 2 2.5 3 3.5 4 4.5 5
Locations (i)

Fig. 7. Kullback-Leibler distance comparison.

Next, we attempted location distinction using these pdfs.dmit the geometric and the linear
long cases as, based on the discussion above, they are tadilesuor our purposes. We will
hence change the label “linear short interpolation” to dynflinear interpolation”. For each
locationj = 2,3, and 4, and each sample size= 5,10, 15, ...,30, we tested the hypothesis

that “the wireless node is at locatign” using n RSSI measurements drawn randomly from a
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large pre-compiled data set. Each sample contained measote associated with one single
locationi, wherei € {1,...,6}. The GHT was used to make the decision, in which the threshold
A was optimized for each andn. For each pair ofi andn, we repeated the trial 4000 times

and calculated the empirical error probability, which is aighted sum of all types of errors.

Location 2 Location 3 Location 4
0.1 0.14r 0.45r
- Q = Linear 0) - 6 = Linear - 6 = Linear
0.0&? ' Gaussian - @+ Gaussian @+ Gaussian
- 0.12r~ 0.4r
0.08f - (o)8
0.071 0_1{} osst O
> > 2 ‘0 0.
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g 5008y O 5 03
o o -, o
S 0.05 S - S ®
o o ., o \
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III 0.0‘k} Ll‘j 0 I.Ij \\
v oo
0.03ry = 0.04} \ 0.2r °\
v o Q [N
L z \ N
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\F 0.02} N 0.15} >
0.01 \0(’, & (o] . »
o "
0 W 0 L L - .% 0.1 L L L )
5 10 15 0 5 10 15 20 2 5 10 15 20 25
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Fig. 8. Comparison of linear interpolation and the Gaussian model in tefrthe error probability of GHT using the interpolated

pdf.

Several observations are in order. First, very low errorbatulity is achieved using the
linearly interpolated pdfs. Second, and maybe more intixgly, the error probabilities using
linearly interpolated pdfs are lower than those using thessen model in all instances, and the
difference is quite large in most cases. Further, as the leasige increases, the former decreases
faster than the latter. These demonstrate that the appadkimqualities of the interpolated pdfs
are fairly notable, and the added computational effort (carad to the Gaussian model) may
indeed be well justified.

Yet another interesting observation emerges in the comganvith [10], which has shown
that when the spacing of “reference signatures” goes betmghly 10 meters, the improvement
in performance diminishes. The spacing of the “referengaaures” there is analogous to the

distance between the two end-point locations in our pdfrpadiation. The two end points in
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the working version (the “short”) of our pdf interpolatiorappen to be a little more than 9
meters (30 feet) apart. This result reinforces that of [H3],both indicate that taking empirical
measurements at a spacial density of less than 9 or 10 madars ar roughly 1 per 25 sq.
meters, carries diminishing benefit.

The interpolations above were done along a line. We alsedésterpolations in a triangle,
as shown in Figure 9. The clusterhead (the listener) waseglat location 1 and the profile
of location 5 was interpolated using those of location 28] &. Figure 10(a) shows the KL
distance from the interpolated profile of location 5 to thep@ioal profile of itself and other
locations. The figure shows that under linear interpolatibe distance to self is clearly lower
than those to others — the plot has a clear minimum at loc&ien while the distinction under
Gaussian interpolation is less pronounced. Finally, Fglo(b) shows the error probability of
GHT using different profiles. Consistent with the KL distantiee linear interpolated profile
out-performs the Gaussian one significantly.

o
3

1 (cluster head)
o L o [
4 5 6

~ 12 feet

Fig. 9. Layout of the experiment. Node 1 is the clusterhead (listener).

C. Change of signal profiles over time

Consideration of short-term changes such as the effect gilpewalking around has already
been built into our model. With that taken care of, we can mwmrsthe signal profiles to be

relatively stable. In the long run, some re-profiling wouklibevitable. Our experiences indicate
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(a) KL distances of the empirical pdfs to the interpolated pdf of location 5 (a

clear minimum at 5 is desired).
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(b) Error rate of movement detection for location 5.

Fig. 10. Comparison of linear interpolation and the Gaussian model in teftfsg the KL distance, (b) the error rate in GHT.

that the profile experiences virtually no change for the tsoale of one month, but re-profiling
may be needed for a period beyond 4 months.
First, to assess the effect of an outdated profile on lodsdizaaccuracy, we performed a

three-part experiment that used a current profile, an onetimold profile, and a four-month-
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TABLE |

KL DISTANCE OF SIGNAL PROFILE DRIFTING

KL-D Early Nov vs. Late Nov| KL-D July vs. Early Nov

Location 1 0.54 0.57
Location 2 0.68 2.15
Location 3 0.58 1.12
Location 4 0.40 3.19

old profile, respectively. When we used the one-month-oldilprthe probability of accurately
reporting the correct landmark deteriorated by 2.27% caeygbdo the one obtained by using
the current profile. On the other hand, when we used the famtmold profile, the probability
of accurately reporting the correct landmark deteriordigd.5% compared to the one obtained
by using the current profile. Real systems are typically pra@risioned so such a performance
deterioration may be tolerable. Of course, the percentadfeithe corresponding probabilities
of error was substantially higher but in any case we work vathall probabilities of error.
Furthermore, even when we make an error, the error is smakluse the mistaken location is
a neighboring landmark in virtually all of the cases.

To gain more insight, we used again the KL distance to meaberelrift of signal profiles.
Signal profiles of four locations that resemble a neighbochan our landmark graph were
measured in 2010, first in July, then in the beginning of Novem(i.e., after 4 months), and
then at the end of November. Table Il shows that the KL distaraf signal profiles between
pairs of locations are on the scale of 3 to 8. On the other h@able | shows that, the signal
profiles changed by a KL distance of around 0.5 from the beggnio the end of November,
which is negligible compared with the pairwise distanceswkver, the maximum drift in KL
distances from July to November is around 3, which is largeugh (compared to the pairwise

distances) to affect the localization results.

VI. CONCLUSION

This chapter reviews a set of carefully designed rules agdrahms that underpins a suc-
cessful two-tier wireless RSSI-based positioning systoth theoretical and experimental jus-
tifications are provided. In addition to working out the distaf the design, the experimental
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TABLE I

KL DISTANCE BETWEEN LOCATIONS

KL-Distance | Location 1| Location 2 | Location 3| Location 4

Location 1 - 4.42 6.44 6.49
Location 2 3.29 - 5.17 6.96
Location 3 6.86 5.48 - 3.41
Location 4 8.01 7.87 3.45 -

validation of the formal pdf interpolation and that of thengle-clusterhead-based movement
detection are valuable pieces of information to practiien

Our approach to the localization problem is formal. The cage area is modeled as a
landmark graph, whose nodes and edges are locations oéshtdrhe signal profiles between
locations are processed using a rigorous pdf interpoldgohnique. The decision rules are GLRT
and GHT, which provide error probability estimates. Andsiaesrror probability estimates are
used in a MILP formulation to come up with optimal system dgpient.

Furthermore, these formal approaches are validated byiexgets. We showed that the overall
accuracy of our system compared favorably against oth&-sfathe-art methods using the same
low-cost hardware (although we recognize that the conatiof experimentation are not strictly
comparable). The idea of combining localization and movanuetection to improve system
efficiency is also shown to be practical, i.e., an efficienpldgment solution that satisfies the
needs of both localization and movement detection does. éxiaddition to validating the entire
system, we also zoomed in to the particularly interestingipterpolation technique. In these
more focused experiments, we not only showed that this #tieatly appealing interpolation
technique actually works, but also showed that the reasonwsh expected it to work is also
valid, i.e., the interpolated pdf carries more informati@s measured by the KL distance) for
distinguishing between locations.

It is worth noting that the use of advanced decision theorgsdnot make our approach
more difficult to use; quite the contrary. We do record fullf pdformation and use formal
optimization to decide clusterhead placement, which m#keitialization of the system a little

more complex than other methods. However, after implemgrttiese algorithms, deploying the
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system is very easy exactly because the approach is “fora&Very step. There is little need for

trial-and-error type of adjustments. In short, it is our Bdp contribute to the rational decision

making process in constructing a localization system.
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