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Abstract—We show that signal strength variability can be re- other. We first investigated signal variability, and fourngtt
duced by employing multiple low-cost antennas at fixed loc&ins. ysing multiple antennas resulted in signal-to-distancelets
We further explore the impact of this reduction on wireless bcal- —\yith ‘petter fits to a theoretical curve based on free-space
ization by analyzing a representative set of algorithms raging . . L
from fingerprint matching, to statistical maximum likeliho od moqe_ls than when using a single antenna, thus confl_rmlng that
estimation, and to multilateration. We provide experimenal additional antennas help average out small-scale envieatah
evaluation using an indoor wireless testbed of the localizmn effects.
performance under multiple antennas. We found that in neary ~ We then evaluated the effects of using multiple antennas
all cases the performance of localization algorithms improed o, yireless localization. In order to evaluate the gengrali
when using multiple antennas. Specifically, the median andhe - . ;
90th percentile error can be reduced up to 70%. Additionally we of applymg multiple am?nnas' we evalua_lted the '_mpaCt of
found that multiple antennas improve the localization stabity ~Multiple antennas on a diverse set of algorithms, which use a
significantly, up to 100% improvement, when there are small array of techniques ranging from nearest neighbor matadhing
scale 3-dimensional movements of a mobile device around avgh  signal space, represented by RADAR [1], to statistical maxi
location. mum likelihood estimation, as represented by the Area-Base
Probability (ABP) [2], and to multilateration, represettey
Bayesian Networks (BNs) [3]. We found that all algorithms

Accurate and cost effective localization of wireless desic under study improved their absolute position accuracy when
would enable a variety of diverse new applications in areasing multiple antennas. Another key finding is that using
including health care, inventory control, personal managet, multiple antennas significantly reduces the fraction of rpoo
robotic navigation and geometric routing. However, indodocalization results across almost all of the algorithmsohe
environments are particularly challenging for radio-lthk® case, the median and the 90th percentile localization ereoe
calization, because effects such as reflection, refractsioad- reduced up to 70%.
owing, scattering, make signal characterization with eespo In addition to accuracy, we also investigatstbility. We
location difficult. The positioning of wireless devices oats define stability as the localization system'’s ability to ntain
thus remains an active area of research. a position in the face of small-scale movements of a device.

To date, most wireless localization systems, based on coRor example, if a device moves 1 ft, ideally the localization
mercially available components, use received signal gtren system should return a result that is 1 ft away from the
(RSS) as the base modality. However, a significant problgmnevious position. Instability is a common anecdotal peafl
with RSS is that small-scale multipath fading adds highith localization systems, but has not received much attent
frequency components with large amplitudes to the signal lat the research community. We thus conducted a detailed eval
a given location. Thus, the RSS can vary by 5-10 dB withation of the impact of multiple antennas on the localizatio
small (a few wavelengths) changes in location. We confirstability. We quantified how much the localized position of
these results in this work. However, because the smalkscal device moves in the physical space as a function of small-
fading effects occur at the level of several wavelengthsiab scale movements of the device around its current positiom. O
12 cm at 2.4 GHz), and the granularity of the localizatioresults show that multiple antennas help improve locabnat
system is typically much larger (2-3 meters), using mudtiplstability significantly. Specifically, we can achieve up %
receivers spaced on the order of a few wavelengths presentsimprovement in stability over the single antenna case.
opportunity to smooth out these effects, while maintairtimggy A third set of experiments examined how averaging or not
same number of landmarks used by the localization system.averaging the data from multiple antennas at a landmark posi
particular, multiple receivers can be realized by multiplg tion impacted the results. If averaging has no measurable im
between multiple antennas on a single receiver. pact, then a host using multiple antennas could save battwid

This work investigates the impact on the localization sysnd computational resources by averaging the RSS values
tem of using multiple receivers spaced closely together. Ve a single landmark location before localization occurred
performed a trace-driven study on an 802.11 testbed in a refmwever, we found that there is not clear trend whether or
office building environment. Each receiver location, aalle not to average the data from multiple antennas.
landmark, supported 3 antennas spaced within 1-2 ft of eaclThe final set of experiments explored the algorithms’ sen-

I. INTRODUCTION



sitivity to the assumption that RSS follows a Gaussian dis-
tribution. The main reason to make such an assumption is
that it makes the mathematics tractable, because the @aussi

distribution is closed under summation, i.e., the sum of two

Gaussians is a Gaussian. This property also allows for gvera

ing of multiple antenna streams to rest on a sound theotetica
foundation. We generated synthetic traces that followed a
Gaussian distribution using parameters from fitted measure

data. Our results show that the performance behavior on real
data is consistent with the localization performance under™
Gaussian distribution for RSS at each testing position.
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The rest of the paper is organized as follows. Section Il NS 3 g
discusses previous research in localization and relateshaa =" =
work_._ We pr_esent our testbed infrastructure, accuracy and Fig. 1. WINLAB floor plan.
fstablhty metrics as W_eII as our meth_odology for a series of [Tocafion | Landmark [ Anterna [ x |y [z |
investigations in Section Ill. In Section IV we present our 1 1 136 ] 96 | 6.25
experimental results. Specifically, we show the goodnesis of A 2 2 134196 | 625
of RSS data to a theoretic model under multiple antennas, and . 132 igi 22 2'25
we describe the accuracy and stability performance of {ocal B 2 Z 34 723 5
ization using RADAR, ABP and BNs with real and Gaussian 14 134 | 43 | 6
fingerprint sets. We provide a discussion in Section V. Fynal . J g gg Z‘g-g ;-ﬁ
. . 6 . .
we conclude our work in Section VI. 16 67 475 [ 741
7 7 83 |1 5.83
1. RELATED WORK D 8 g 8T | 1 5.83
. . I . 18 82 |1 5.83
There have been active research efforts in positioning-wire 5 5 5115 583
less devices indoors. Among these, improving localization E 10 10 149 | 1 5.83
accuracy is the center focus, ranging from algorithm dexelo 20 148 [ 1 >.83
ment, to landmark placement, and to increasing the landmark TABLE |

density. Various localization schemes [1], [2], [3], [4F][ Coordinatesz, y, z (in feet) of th_e 15 antennas in our tgstbed. Locatighs
utilizing different modalities, such as RSS and Time-Drffet- 5.C. D, E are depicted as red stars in Figure 1.
Of-Arrival (TDOA), and different mapping functions, such _ _ L .
as fingerprint matching and statistical approaches, haea bénulnple z_;\_ntennas on wireless localization including aacy
developed to more accurately position mobile devices. [@Pd, stability. . .
investigates the impact of landmark placement on locatimat Finally, there has been a _vwde range Of_ research covering
performance and proposes an optimal landmark deploymgﬁf’elc’pmem of antennas_sultable for mobile communication
approach to improve the performance without increasing tfgstems, and many ex_perlmental results _hgye been reporte_:d t
number of landmarks (about 1 landmark per 4000 square feég.ow the system reqwreme_nts and feasibility. An applati
On the other hand, [7] shows that by using the truncat& phased-array and ao_laptlve ante_nngs has been suggested
singular value decomposition technique and increasing e recent years for mobile communications to overcome the
landmark density (about 1 landmark per 1000 square feet %pblems of smgle—alj_tenna systems [10], [11], [12], [184],
better localization accuracy is achieved. In this work, aleta 15], 18], [17]. Specn‘_lcally, these twq types of ?ntennasm
different approach by exploring the impact on the localorat been shown to help improve a m0b|_le system's performance
system when using multiple antennas at a given location. in several ways, such as bY increasing channel capaglty and
Work that is closely related to ours is [8] and [9]. [8]spectrum efficiency, extending range coverage, reducing co

presents a detailed characterization of signal strendiaber channel interference and multipath fading.
in an 802.15.4 network environment with monopole antennas.
Their findings demonstrate that the relative antenna aiemt
between receiver-transmitter pairs is a major factor imalig In this section we describe our experimental methodology.
strength variability, even in the absence of multipath etffe We first describe the infrastructure we used, and then descri
Further, [9] reviews the principles of radio propagation ithe metrics to quantify the localization accuracy and $tgbi
indoor environments and also explores relevant concepts siWe then present our methodology for a series of investigafio
as spatial and temporal variations of the channel, largk scavhich include: 1) the impact of small-scale movements on
path losses and mean excess delay. Theoretical distnilsutitbcalization accuracy and stability, 2) the impact of agéng

of the sequences of arrival times, amplitudes and phases arenot averaging RSS data on a single landmark, 3) the
presented. Our work is different in that in addition to &ffects of modeling RSS as a Gaussian distribution at angsti
signal variability study, we investigate the impact of wginlocation.

IIl. M ETHODOLOGY



| Placement | Coordinates, Description | [ Combination | Description |

Floor (z,9,0) l-antenna Use the RSS of the landmarks with only one
Center (z,y,3) antenna (i.e., 1, 3,5, 7, 9)
East (z—1,y,3) 2-antenna-noavg - Use the RSS of the landmarks with only one
West (z+1,y,3) antenna
North (z,y+1,3) - Use the RSS of the antenna with smaller |D
Desk South (z,y —1,3) from the landmarks with two antennas
Vertical (z,y, 3), keyboard and monitor vertical to thp (.e.,,1,2,3,4,5,6,7,8,9, 10)
floor with Orinoco card pointing to the ceiling 2-antenna-avg Average the RSS of the landmarks with two
Parallel (z,y, 3), keyboard vertical to the floor, monit antennas (i.e., avg(2, 12), avg(4, 14), avg(6,
tor parallel to the floor 16), avg(8, 18), avg(10, 20))
Shoulder (z,y,5.16) 2-antenna-avg-plus-1 - Use the RSS of the landmarks with only one
antenna
. TABLE Il . . . - Average the RSS from the landmarks with
Placements of a m_oblle aroun_d a given location y, z) (co_ordlnates in two antennas
feet). Each locationz, y, z) is depicted as a green dot in Figure 1. (e, 1, avg(2, 12), 3, avg(4, 14), 5, avg(6, 1),
7, avg(8, 18), 9, avg(10, 20))
A. Testbed Infrastructure 3-antenna-noavg Use the RSS from the three antennas that ekist

at each landmark position
(e,1,2,3,4,5,6,7,8,9, 10, 12, 14, 16, 18,

All data was collected using an 802.11 (Wi-Fi) network 20)
in the Wireless Network Laboratory (WINLAB) at Rutgers| 3-antenna-avg Average thethSSd fro“; the three antennas that
. . . ) ) t at t
University. Figure 1 depicts the floor plan of our experinaént ((a,xés :Vge&,czy 12)2?,;(5043,' ﬂ]) avg(s, 6, 16),
site, where the floor size is 219ft 169ft. All experiments avg(7, 8, 18), avg(9, 10, 20))
were conducted in the yellow/shaded area, which is the WIN- TABLE III

LAB space. There are llandmarkgalso called access points, Localization antenna combinations for a given landmarkifims

anchors, or base-stations) deployed at five different ioeat

with 2 landmarks per location. In our terminology, a landknarat least 350 packets from each antenna before computing a
is any device that observes packet traffic properties, BR8S, fingerprint. We used the GRAIL infrastructure [18] to collec

at a known location. the packets.

The location of each landmark is shown as a red star inWe examined the effect of the orientation of multiple
Figure 1 and denoted a%, B, C, D, and E. Each landmark antennas and found it had little overall impact on the RSS
is a Linux machine with a 1-GHz CPU, 512 MBs of RAM andlifferences between multiple antennas at one locatiorciSpe
a 20-GB disk. At each location, one landmark has two Atherasally, we collected fingerprints with all 3 antennas at each
miniPCl 802.11 wireless cards, whereas the other only onelafhdmark location vertical to the floor (the top of the antsin
the same type. Each card can be connected to an external 7gBnting to the ceiling), and another set with one of the 3
Omni directional antenna. Thus, there can be up to 3 antenaatennas being parallel to the floor. After analyzing the two
per location or 15 antennas total. Table | presentsttheand data sets, we concluded that there is no significant differen
z coordinates of all antennas along with their numerical ID®gn the RSS in the two data sets, and thus the results we present

The green dots in Figure 1 are a total of 1f@%ting spots in this work are based on data collected with all landmark
where we collected RSS data for testing. For each testing spatennas being vertical to the floor.

(z,y, z), we collected measurements from 7 unique positions .

with an additional 2 orientations, for a total of 9 uniqud- Metrics

placementsTable Il summarizes all the different placements In this section we formalize our two metrics that apply to
of a mobile device around a given testing spot. The mobitdl localization algorithms:

we consider here is a Dell laptop running Linux and equippedAccuracy: For a given localization attempt, accuracy is
with an Orinoco silver card. Along the height dimension, wéhe Euclidean distance between the location estimateredutai
call the placements at O ft, 3 ft and 5.16 ft fh@or, deskand from the localization system and the actual location of the
shoulderrespectively. At the desk level, we call the small 1mobile device in the physical space. We refer to this distanc
foot movements around the madenterplacement thenorth, as localization error. To capture the statistical charazgon
south, eastand west placements. Finally, we call the twoof the localization error, we study the Cumulative Disttibn

orientations thevertical and parallel placements. o Function (CDF) of the localization error for all the testing
For each placement we estimated an RSS vectdt = placements.
(5ia1,%2,.--,55,...). This vector is called afingerprint Stability: Stability measures how much the location esti-

where 5;; is the average RSS corresponding to antefinamate moves in the physical space in response to small-scale
(value ofj is based on Table 1). Given the number of testingiovements of a mobile device. We believe that stability is
spots and placements around each spot, the total numben afesirable property in localization systems, since a iogat
fingerprints in our experimental data set is 1019 = 909. estimate should not move too far in the physical space ikther
To compute a fingerprint, our mobile would transmit packets a small-scale movement of a mobile device. For instance,
and every landmark would forward the packets observed fromhen someone works at his office desk and moves his laptop
all the antennas to a centralized server. It would wait fdr ft away, the localized position of the laptop should not



change too much. Thus, we would like to know how stabilitgnd BN algorithms assume the data follows a Gaussian distri-
is affected by using multiple antennas at each landmark. bution.

We define stability by taking the Euclidean distance betweenin order to measure the impact of this assumption, we
the location estimatey;, of a mobile device at its “original” generated a data set of fingerprints we call @auissianone.
position and the localization resulis, ps,...,p, Obtained To generate this distribution, we used the signal propeagati
when the mobile device is moved around its original locatiomonstants fitted to a simple propagation model, described in
In essence, ip; andp; (i # 1) arek feet apart, stability tells Section IV-A. The model defines the mean RSS that should
us whether the localization results of these two positioies ée observed given the distance between the mobile and the

close to the actual distancé {eet). landmark. To compute the variance, we used the variance of
. the fitted distribution. We then generated fingerprints gisin
C. Experiments Gaussian distribution for each RSS reading in a fingerprint.

In this section we describe three types of experiments we
conducted. In all cases, our results are trace-driven. That
is, we collected the fingerprints in a real environment, andIn this section, we describe our results. In order to get some
then performed the localization off-line by running diffet intuition if multiple antennas do help average out smadiksc
localization algorithms using the collected fingerpritghen effects, we first describe a small experiment examining the
an algorithm required a training phase, e.g., training dag@odness of fit of RSS data to a theoretic model. We then
for BN or a signal map for RADAR, we always use thepresent the accuracy and stability results for RADAR, Area
points from the center placements. We use a leave-one-Based Probability (ABP), and Bayesian Networks (BNs). For
methodology for computing the accuracy and stability CDFeach algorithm, we show overall accuracy and stability ltesu
That is, if applicable, we give an algorithm a training ofor small-scale movements, when averaging and not avegagin
signal map with measured or interpolated fingerprints frothe antenna data, and when applying the Gaussian distnibuti
the center locations and give it a fingerprint from an unknow&
location to localize. Note that some versions of BN do not usée
fingerprints with known coordinates; we describe theser late In this section, we look for evidence on how multiple
in Section IV-D. antennas “smooth out” the effects of small-scale variation

Horizontal and Vertical Movements Experiments. The in signal strength. An intuitive definition of “smooth out$ i
first set of experiments we performed examined accurafiat the change in RSS does not vary much with a change
and stability as a function of small-scale movements aroufftilocation. We experimented with several metrics exangnin
a given testing spot. We tested both these metrics in tf@e€s of change in signal space vs. location when using
horizontal plane, i.e.(z,y), using the desk-level fingerprintsmultiple antennas, however, we did not find them grounded
including the center, north, south, east, west, vertical amvith sufficient theoretical foundations to use them.
parallel placements. In the vertical, i.e.plane, we used the Our metric is to examine how well readings from multiple
floor, center and shoulder placements. In both cases, thercegntennas fit a simple propagation model. Recall that in free
location serves as the “originap}, and the other positions arespace, signal power decays approximately linearly with log

IV. RESULTS

Impact on Free Space Models

the additional small-scale movements. distance. Specifically, signal strengthcan be described by
Data Averaging and Non-averaging Experiments.An the following propagation model:
important open question is if landmarks should aggregae th S = by + by log(D) L

RSS readings from the different antennas or a localization

algorithm should use directly the raw RSS from each antennehere in equation (1)), b; are propagation constants of the
In our case, the simple aggregation scheme we examined wasdel andD is the Euclidean distance between the transmitter
to perform an averaging between the antennas at a giamd the receiver. We call such a log-linear modéka space
landmark; more complex schemes are left as our future workodel.

We derived a systematic way to evaluate the localizationOur approach is to add multiple antennas, and then observe
performance under the cases of a single antenna, two astentiee goodness of fit of the data to a best fit free-space model.
and three antennas by either using the raw RSS readings frbhe goodness of fit is observable as the coefficient of determi
each individual antenna or averaging the RSS readings owetion orR?2. Recall thatk? can take values from 0 to 1, with
two or three antennas from a landmark position. Table IH value of 1 indicating a perfect fit to the model, and a value
summarizes various antenna combinations we considerlhereclose to O indicating a poor fit. Table IV describes various
order to insure the generality of the results, we tried diffé¢ cases of antenna combinations: a single antenna, averaging
combinations of 1 and 2 antennas. Each combination is givevo antennas, and averaging on three antennas.

a specific name as shown in Table Ill. Figure 2 presents th&? for the five landmark locations.
Distribution Experiments. A third class of experiments For positionsA, B, C, D by averaging the RSS of all three
investigated the impact of assuming that RSS data followstennas3 — antenna — avg), the RSS data set achieves the
a Gaussian distribution. Such assumptions are quite commmst fit, with R2 around 0.8. We also see that averaging gives
among localization algorithms. For example, both the AB® better fit when compared to the fit of single antennas. Thus,



Antenna Combination | Description | 1 =
1-antenna-odd RSS from antenna with odd ID 7
(.e.,1,3,5 7,9 08 08
1-antenna-even-small | RSS from antenna with small, even ID
(i.e., 2, 4, 6, 8, 10) %0‘5 %0-6
1l-antenna-even-large | RSS from antenna with large, even ID g g
(i'e_’ 12, 14, 16, 18, 20) & 04 | — 1-antenna & 04 — l-antenna
- I --- 2-antenna- --- 2-antenna-|
2-antenna-avg average RSS from antennas with even IDs | — 2_:212222_23?9 — 22212222233“’
(i.e., avg(2, 12), avg(4, 14), avg(6, 16), avg(8, 0z 11— gfamennafavgfp\usfl 02 — gfamennafavgfplusfi
— 3-antenna-noavg — 3-antenna-noavg
18)1 an(101 20)) 3-antenna-avg | 3-antenna-avg
3-antenna-avg average RSS from all three antennas % 10 2 . 33 ) 0 50 60 % 2 33 ) 0 50 60
(i.e., avg(l, 2, 12), avg(3, 4, 14), avg(5, 6, 16), ror (feef) mror (feet)
avg(7, 8, 18), avg(9, 10, 20)) (a) Desk, Center (b) Gaussian
1 1
TABLE IV
Variability antenna combinations for a given landmark piosi. 08 08
206 206
1 : :
& 04 | — 1-antenna & 04 — l-antenna
- - - 2-antenna-noavg - - - 2-antenna-noavg
— 2-antenna-avg — 2-antenna-avg
0.8r 0.2 | — 2-antenna-avg-plus-1 0.2 — 2-antenna-avg-plus-1
— 3-antenna-noavg — 3-antenna-noavg
0 3-antenna-avg 0 3-antenna-avg
0 10 20 30 40 50 60 0 20 30 40 50 60
% 0.6 Error (feet) Error (feet)
2 (c) Floor (d) Shoulder
2]
o 0.4t Fig. 3. Localization error CDFs using RADAR.
Il 1-antenna-odd
I 1-antenna—-even—small ! 4
0.2 [ J1-antenna-even-large
[ 2-antenna-avg 08 08
[l 3-antenna-avg
0 e
A B c D E 2068 208
Landmark Location K] K
50-4 | — 1-antenna E 0.4 — l-antenna
- - - 2-antenna-noavg - - - 2-antenna-noavg
P ¢ H i — 2-antenna-avg — 2-antenna-avg
Fig. 2. Goodness of fit of real RSS to the signal propagatiodeho 025 | S antemna-avg-plus-1 02 - antenna-avg-plus-1
. . . . . — 3-antenna-noavg — 3-antenna-noavg
adding multiple antennas does improve the data fit to a simpl 3-antenna-avg 3-antenna-avg

free-space model, although the effect is not very large. 0 w2

30 40 50 60
Distance (feet)

0 30 50 60
Distance (feet)

(a) (z,y) plane (b)z-axis

B. RADAR Fig. 4. Localization stability using RADAR.
The RADAR algorithm is a classic scene-matching localng the 90th percentile error is 29%.

ization algorithm [1]. RADAR requires a signal map, which rigres 3(c) and 3(d) are the corresponding error CDFs for
is a set of fingerprints with knowrtz, y) locations. Given e fioor and shoulder positions respectively. We obserme co
a fingerprint with an unknown location, i.e., one to localiz& araple performance behavior to that at the desk level under
RADAR returns thez, y of the CIOSGSt“ flngerr,J,r_lnt in the mytiple antennas. Further, the long CDF tails in Figure) 3(c
signal map to the one to localize, where “closest” is defired @ jicate we have larger maximum localization errors at the
the Euclidean distance of the fingerprints to each other in g9, |evel, compared to the desk and shoulder level. This is
N-dimensional “signal space” witt\ landmarks [19]. That e tg the fact that at the floor level the signal suffers from
is, it views the fingerprints as points in aN-dimensional shadowing.
space, where each landmark forms a dimension, and retum@e fyrther studied the localization performance for RADAR
the corresponding, y of the closest point. In our experimentSyhen modeling the RSS as a Gaussian distribution, which
that follow, the distance between the points in the signa mg;5s giscussed in Section 111-C. The resulting localization
is about 5-10 ft. o errors are presented in Figure 3(b). We see that the error
Accuracy. Figure 3 presents_the_locah;atmn error CDFs otpFs follow the same trend as in Figure 3(a), but with
RADAR for the antenna combinations displayed in Table Il 5jitatively worse performance than the single antensa.ca
Figure 3(a) shows the localization error for the centerf@si s ingicates that when using a fingerprint matching method
at the desk level. We see that using 3 antennas at a landmgtocalization, modeling the RSS as a Gaussian distduti
position results in a better performance than using only ckyides consistent results with real experimental data.
antenna or using 2 antennas. Specifically, we found that akapjjity. Figure 4 presents the localization stability for
the error of 10 ft, the probability increases from 42% for the ApAR when using multiple antennas. Examining the dis-
1 —antenna case to 70% under thie— anntena —avg Case, tance CDFs at théz, y) plane as shown in Figure 4(a), we
and at the error of 20 ft, the probability increases from 7744,nq that the total percentage of the small-scale movesnent

for the 1 — antenna case to 90% for th8 —antenna —avg  of the mobile device being localized back to the same esti-
case. The overall improvement for the median error is 20%



mated position when the mobile device resides at its origina
center position increases from 13.7% for a single antenn og
to 26.7% when averaging the RSS from 3 antennas at on
landmark position. A 100% improvement is achieved in thisz"*
case. Further, the stability at the 50th percentile movesifr ¢,
19 ft (1 — antenna) to 11 ft @ — antenna — avg), indicating
a 42% improvement, whereas the 90th percentile achieves
comparable 30% improvement. o
Moreover, as shown in Figure 4(b) the stability of the mobile
device movement along the-axis exhibits similar behav-
ior. This is very encouraging as better localization stgbil
strongly indicates that using multiple low-cost antennais f  os
improving localization performance is effective.
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C. Area Based Probability

Area Based Probability (ABP) utilizes an Interpolated Map
Grid (IMG) to interpolate the signal map to cover the entire .
experimental floor. The floor is divided into a regular grid of
equal-sized tiles. Because direct measurement of the finge.
print for each tile is expensive and prohibitive for fineigeal
tiles, we use an interpolation approach. The goal of using an
IMG fitting is to derive an expected RSS fingerprint for each *
tile from the data set that would be similar to an observed one

ABP returns a set of tiles bounded by a probability that the
mobile device is within the returned tile set. The probapili
is called the confidence and it is adjustable by the user. We

| — 1-antenna

- - - 2-antenna-noavg

— 2-antenna-avg

‘| — 2-antenna-avg-plus-1 0.2rf /]

— 3-antenna-noavg
3-antenna-avg

30 40 50 60 0 10 20 30 40 50 60
Error (feet) Error (feet)

(c) Floor (d) Shoulder
Fig. 5. Localization error CDFs using ABP.
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used a tile size of 10in< 5in, which is comparable to the i L%ZEEEEEZZ‘V’;V" ™ QEZEEEEEZQSSW

distance between the antennas at a landmark location (1 or °2 | = zmemacav-ps-1 02 — ey e

ft). ABP assumes the distribution of RSS for each landmark . 3-antenna-avg , 3-antenna-avg

follows a Gaussian distribution with mean as the expectec ° ° “poueen™ *° % T T

value of RSS reading vecter The Gaussian random variable @) (z,y) plane (b)=-axis

from each landmark is independent. ABP then computes the Fig. 6. Localization stability using ABP.

probability of the mobile device being at each tle, with gjng the RSS readings from each antenna at a given landmark

i =1...L, on the floor using Bayes’ rule: location achieves the best performance. Moreover, we extic

P(s|L;) x P(L;) that the CDFs at the floor level only have slightly longergail

P(Lils) = - P(s) (2)  than those at the desk and shoulder level. This indicates tha

) _ _ by interpolating the signal map across the experimentat floo
Given that the mobile device must be at exactly one tilgshs smooth out the signal variability and thus reduces the
satisfying) ;. P(Li|s) = 1, ABP normalizes the probability ,vimum localization errors.
and returns the most likely tiles/grids up to its confidence Finally, Figure 5(b) presents the localization errors gsire
a [2]. In order to normalize for accuracy and stability resilt G ssian data set. We observe consistent better perfoemanc
we select the tile with the median localization error frore th;,qer the cases of multiple antennas. The performance of the
tile set. In all results we show next, the value of the confegeng ... noavg case using the Gaussian simulated data
level is a = 0.75. o is even better than using the real experimental data.

Accuracy. Figure 5 shows the localization error CDFs of e ghove results in location accuracy show that when using
ABP when using multiple antennas. TBe antenna—noavg  the approach of an interpolated signal map with grid size
case tops out the performance. Comparing tolth@ntenna  gmaller than the distance between 2 adjacent antennas at a
case, we observe that the median error moves from 7 ft 1.4 gmark location, each antenna is treated as a separate lan
ft and the 90th percentile error moves from 16 ft to 4 ft Und‘?ﬁark, the3 — antenna —noavg case has the best performance
the 3 — antenna — noavg case. Thus, the location accuracyng improves the localization accuracy over 70%. Hence, by
has an improvement over 70% for both the median as wgljng signal map interpolation, we achieved better locatio
as th_e 90th percentile error when using 3 antennas at a 9\RRuracy improvement than using the raw fingerprints in the
location. signal map directly (as RADAR does).

Examining thez-axis, the error CDFs for the floor and giapility. Figure 6 shows that using multiple antennas,
shoulder level in Figures 5(c) and 5(d) have qualltatlvelmduding the cases df

L . ) — antenna — noavg, 2 — antenna —
similar performance to the desk level shown in 5(a). Agajn, b



ONORORO
&)

i=1...d

() (6o () 5 6) () &)

(a) Network M,

(b) Network M2

(c) Network M3

—1-antenna
- - -2-antenna-noavg
—2-antenna-avg
—2-antenna-avg-plus-1
— 3-antenna-noavg

/‘ 3-antenna-avg

0 20 40 60 80 100
Error (feet)

(a) Center: Training = 100,

Probability

Testing = 1

— 1-antenna
- - -2-antenna-noavg
—2-antenna-avg
—2-antenna-avg-plus-1
— 3-antenna-noavg
3-antenna-avg

0 20 40 60 80 100
Error (feet)

(b) Center: No training,
Testing = 51

Probability

Fig. 7. Bayesian graphical networks using plate notation.

avg — plus — 1 and3 — antenna — noavg at a given location
helps improve localization stability, with th&— antenna —
noavg case providing the most stability improvement. No-
tably, the total percentage of testing points, under sstle
movements, localized back to the original localizationutes o
(i.e., location estimation at the center) increases fross le
than 5% for a single antenna to over 14% for the case 0 % =
3 — antenna — noavg. Similar to RADAR, this is an over
100% stability improvement. Further, examining Figure)6(a
the stability distance at the 50th percentile moves fromf8rft Fig. 8.

the case ofl —antenna to 2 ft for the3 —antenna —noavg (x y) where the signal is transmitted and the coordinates
case, resulting in a stability improvement of 73%. _We als&i’ y:) of the ith landmark. The networks capture noise and
observe over 70% improvement for the 90th percentile. In th@jiers by modeling thes; as a Gaussian distribution around

z-axis as shown in Figure 6(b), employing multiple antenngge gpove propagation model with variange
at a given location again provides consistent improvement i

localization stability. 3)
One effect we observed is that when using signal map intelrf—1

polation, the cases of averaging the RSS readings frommu{u e parameterby;, by;, 7; of the model are unknown, and the
: . raining fingerprints as well as the fingerprint vector of the
ple antennas at a given location sucl2asintenna—avg and

3 _ antenna — ava have the same localization erformancgmb"e object are used to adjust their value according to the
g P lationships encoded in the network. Through Markov Chain

as the single antenna case. This is because for tiny gridis (1&% . ) .
. : . C ; - Monte Carlo (MCMC) simulation, BNs compute a probabilit
x 5in), averaging RSS at a given location is just like placmﬁistribution fo(r the Iozzation variablex andlE b y

a single landmark at a location, which is the same as havi . ! . .
9 gNetwork M is the simplest amongst the three depicted in

a single antenna in a landmark. Figure 7, and requires a training set in order to give good
localization results. Networkl/, is hierarchical by making
the coefficients of the signal propagation model have common
Bayesian Networks (BNs) are graphical models that encoparents. As was shown in [3)/> can localize with no training
dependencies and relationships among a set of random véngerprints, leading to a zero-profiling technique for lbaa
ables. The vertices of the graph correspond to variables astimation. The impact of multiple antennas on zero-prfili
the edges represent dependencies [20]. As described in [8]a key effect we tested for, because typically this appgroac
the BNs we use encode the relationship between the RB& the measurably worst performance, but has the benefit of
and a location based on the signal-versus-distance propaganot having to collect fingerprints at known locations. Final
model shown in Equation 1. network M3 extendsMs by incorporating the corridor effect.
Figure 7 presents a series of Bayesian networks cadlled That is, when a locationX,Y") shares a corridor with a
M,, and M3. Each rectangle is a “plate” [3], and showdandmark, then the signal strength tends to be strongegalon
a part of the network that is replicated. The vertic¥s the entire corridor. In this paper, we define “sharing a conm'
and Y represent location, the verte%; is the RSS reading as having anX- or Y-coordinate within three feet of the
from the ith landmark, and the verteX); represents the corresponding landmark coordinate.
Euclidean distance between the location specifiedXband Accuracy. Figure 8 presents the localization error CDFs
Y and theith landmark. The value of; follows a signal of M, under multiple antennas. Figure 8(a) shows the error
propagation modelS; = by; + by;log D;, where bg;,b1; CDFs, when localizing one device (testing=1) in its center
are parameters specific to théh landmark. The distance position at desk level. We see that all the curves have simila
D, = /(X —x;)2+ (Y —y;)? depends on the locationperformance, although case— antenna — noavg performs

o
>

— 1-antenna
- - -2-antenna-noavg
—2-antenna-avg
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— 3-antenna-noavg
3-antenna-avg
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Probability
e
=

Probability
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(c) Floor: No training, (d) Shoulder: No training,
Testing = 51 Testing = 51
Localization error CDFs using Bayesian netwdd.

Si ~ N(bo; + bi;log Dy, 7;)

D. Bayesian Networks
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stability improves by 36% at the 50th percentile, movingriro
11 ft (1 — antenna) to 7 ft (3 — antenna — noavg), and 33%
at the 90th percentile, moving from 21 ft € antenna) to 14
ft (3 — antenna — noavg). However, the difference between

o
o

o
>

Probability
Probability

04 / —i-antemna 04 —L-anenna the cases o8 — antenna — noavg and3 — antenna — avg
i e is negligible. In general, we noticed that when our networks
0z SN 0z e st use training data, averaging or not averaging the RSS from
o S-antenna-avy o & antenna-avg multiple antennas at a given location does not make any dif-
0 20 40 60 80 100 0 20 40 60 80 100 . N .
Eror fee) Eror (fee) ference on the localization stability, regardless of thenhar
(a) Center: Training = 100, (b) Center: No training,

of multiple devices we localize simultaneously.
Figures 10(b) and 10(c) show that when no training data is
used, casd — antenna — noavg has the best performance.

Testing = 1 Testing = 51
Fig. 9. Gaussian approach: Localization error CDFs usingeBian network

Mo.
|_2 hilv b h h i is th Moreover, the more antennas the better, but antenna —
sightly better than the rest, ankl— antenna IS the worst. noavg gives better stability tha — antenna — avg. At the

The other two neMorkle, M;) have p(_erformance simila_lr desk level, the median of stability improves by 43%, from 16
to M, under multiple antennas, and their results are omitt (1— antenna) to 9 ft 3 — antenna — noavg), and the 90th

helg(_e due tg ;paSCe consér%indts. h CDF<bf percentile by 44%, from 36 ftl(— antenna) to 20 ft 3 —
igures 8(b), 8(c), and 8(d) present the error b antenna—noavg). Along thez-axis, there is an improvement

when localizing 51 devices simultaneously with no trairée) .« 160, at the median and 34% at the 90th percentile.
at the levels of desk, floor, and shoulder respectively. Vée se

that the3—antenna—noavg case has the best performance for V. DISCUSSION

all thrge pOS|rt1|ons. The accu(;acy Improvement on _thiorz]/ed'arbne observation is that the distance between multiple anten
error betweerl —antenna and3 —antenna —noavg 1S 40% o ot 4 jandmark location has important effects on lodiza

(from 22 ft to 13 ft) at the desk level, 33% (from 18 ft to 12 ﬁ)algorithms. The signal map in RADAR uses the measured

at the flloo.r level, and 46% (from 26ﬂ.t0 1410) at th_e Shogld%fngerprints directly. In Figure 3 the location accuracy in
level. Similarly, the same amount of improvement is achdeve, 5"~ .. =" avg case is slightly better than the

at the 90th percentile of the error CDFs. Conclusively, oUWl _ o enma — noavg case. We believe this is because in our

empi_rical r_esuIFs suggest that more antennas per Iandmgmdy the distance between two antennas is small, only 1-2
Iocat|0_n primarily help improve _the Ioca_l|z_at|on accuramy ft away from each other, while the testing points are about
Bayesian networks when ther_e IS no training set. 5-10 ft away from each other, which is a magnitude of 5
Anotherllmportant observation is that 3 antennas per Iarﬁjrhes larger. The fine-grained RSS differences at 3 antennas
mark location, cas8 — antenna —noavg, makes the localiza- iy ot affect the coarse-grained fingerprint matching. As
tion error when locating multiple mobile devices compaeabla result, the 3 separate antennas at one landmark location

to that when locating a single device. Sp_ecmcally, froMyiil not be treated as 3 separate landmarks by the algorithm
Flgures_ 8(a) and 8(b) we see that th_e median and the 9 en performing fingerprint matching in the signal space.
percentlle errors for testing=1 and testing=51 are of th'BesaAdditionally, averaging the RSS from 3 antennas reduces the
magnitude for3 — antenna — noavg. _ RSS variability and thus provides the best performance when
Figure 9 depicts the Iocallzat|0n.accu_racy of Baye&:workmg with algorithms dealing with fingerprints directly
Network M, wher_1 using t_he Gaus3|ar_1 simulated data S€L.on the other hand, ABP uses an interpolated signal map and
We qbserve that in both f!gures the different antenna COMile size of 10inx 5in, which is comparable to the distance
binations can be placed into three groups based on thﬁértween two antennas at a landmark location. We found that
performance: (a} — antenna —noavg, 3 — antenna — avg, ging the RSS from each individual antensa-(antenna —
2 — antenna — avg — plus — 1, (b) 2 — antenna — noavy, noavg), which treats each antenna as a separate landmark,

z_anteﬁn_avg’ andéc)l_anrt]eﬁna' Tr?e first grc|>up _h_ashlthe achieves the best improvement in both location accuracy and
est performance, whereas the last the worst. IntuititBlg, i as shown in Figures 5 and 6.

Kind of grouping should be expected, since BNs assume than general, we believe that the ratio of the granularity of
the RSS follows a Gaussian distribution, and thus the amkaqhe distances between the antennas at a landmark and the

RSS of antennas that belong to the same landmark posmo%lﬁtances used to collect training/testing fingerprints lcave

also Gaussian [21]. Therefore, unlike with real expenrabnta significant impact on the results of either averaging or not

data, BNs perform similarly either we average or not aVera%eraging RSS of multiple antennas. A full characterizatid
the RSS of the multiple antennas at a given landmark IocatiqﬂiS effect is left as our future work

Stability. Figure 10 presents localization stability CDFs
for Bayesian networkl/,. The stability results for the other VI. CONCLUSION

networks (\/;, Ms3) are similar and hence omitted. Figure By employing multiple receivers spaced closely at a given

10(a) shows that when localizing one mobile device, the moye.vion “we investigated the impact on wireless localtrat
antennas per landmark location, the better the stabillbe T\, qer various cases of multiple antennas. We performed a
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Localization stability using Bayesian netwatk,.

trace-driven study on an 802.11 wireless testbed in a réiakof [5] K. Lorincz and M. Welsh, “MoteTrack: A Robust, Decenizald Lo-
environment. Through a signal variability study, we found
that adding additional antennas helps average out snel#-sc

environmental effects.

(6]

We then studied the performance of a representative set of

localization algorithms, in localization accuracy andbdtty,

when using multiple antennas. We found that all algorithms
under study improved their absolute accuracy by either avZl
eraging or not averaging the RSS from multiple antennas at
a given location. Specifically, both the median error as well

as the 90th percentile error can be reduced up to 70%. Off8

important observation is that the ratio of the distance betw

the training/testing points to the distance between meltn-
tennas at a landmark location affects the localization eayu
Notably, localization schemes utilizing the tiny grids aibed
by the signal map interpolation achieved the best perfoom

El

[10]
an

improvement when treating each individual antenna at angian]

location as distinct landmarks.
Finally, our investigation of the localization stabilityh&n

there are small-scale movements of a mobile device shold

that multiple antennas help improve localization stapidity-

nificantly, up to 100% improvement over the regular single
antenna case. In summary, we found that adding multiple d#?!
tennas gives substantial performance benefits for lodeliza

that are worth the costs.
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