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ABSTRACT

Positioning systems are one of the key elements required by
location-based services. This paper presents the desigiernen-
tation and analysis of a positioning system called COMPAS&#8kw

is based on 802.11-compliant network infrastructure argitali
compasses. On the mobile device, COMPASS samples the sig-
nal strength values of different access points in its conioaiion
range and utilizes the orientation of the user to preselsabaet of

the training data. The remaining training data is used byo&gr
bilistic positioning algorithm to determine the positiohtbe user.
While prior systems show limited accuracy due to blockirfg&s
caused by the human body, we apply digital compasses totdetec
the orientations of the users so that we can deal with thexekbl

ing effects. After a short period of training our COMPASStsys
achieves an average error distance of less than 1.65 maters i
experimental environment of 312 square meters.

Categories and Subject Description:C.2.1 [Computer Systems
Organization]: Network Architecture and Design, 1.5.1 fieen
Recognition]: Models

General Terms: Algorithms, Design, Experimentation, Measure-
ment

Keywords: positioning systems, location systems, 802.11, digital
compass, ubiquious computing, location-based servicagext-
aware applications

1. INTRODUCTION

During the last years we have seen considerable improvement
in downsizing computer hardware and increasing the capa€it
rechargeable batteries, as well as the advent of wirelgsgres
for the mass markets. These technologies allowed the manués
to build mobile devices that can be carried around and hase th
same performance as traditional computers several yearsTdmp
benefit of mobile devices can be leveraged by so-cdtedtion-
based services Applications that act differently depending on
the location of the user or, even better, proactively ofteration-
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dependent information to the user, are currently a hot topie-
search, and are considered to be a promising market.

Nowadays, thé&lobal Positioning Systef#)] is the predominant
outdoor positioning system. Whereas GPS works pretty well i
outdoor scenarios it suffers from obstacles such as walleafs
blocking the weak radio signals in indoor environments. &o f
there is no prevailing indoor positioning system availab\éany
indoor positioning systems either require specializediware or
provide poor accuracy. However, 802.11-based positiosys}
tems sally out to fill this gap because 802.11-compliant \ward
is inexpensive and already available in many buildings, nsd
research results show impressive accuracy for this kindhadbar
positioning systems.

802.11-based indoor positioning systems usually rely on-a s
called fingerprinting approach. Fingerprinting-basedoatgms
use a two stage mechanism: @fline training phasend anonline
position determination phaseDuring the offline phase, the sig-
nal strength distributions collected from access poingsedefined
reference points in the operation area (also cdilegerprint9 are
stored together with their physical coordinate in a databBairing
the online position determination phase, mobile devicegdathe
signal strength of access points in their communicatiogeasnd
search for similar patterns in the database. The closestnmse-
lected and its coordinate returned to the mobile device asiipn
estimate.

Users tend to carry mobile devices in front of themselvedab t
they can see the displays and interact with them by clickimgui-
tons or pressing keys with their fingers. The human body st
more than 50 percent of water and hence blocks the signab1 80
radios. Thus, the signal strength varies significantly depet on
the user’s orientatior[2] and therefore degrades the padace of
the fingerprinting system.

We propose a novel 802.11-based positioning system that is n
affected by the orientation of the user. We utilize digitairpasses
to detect the orientation of the user, and based on thisrirdtion,
only fingerprints that have a similar orientation are seldaluring
the offline phase to determine the user’s position. Our fribiséic
positioning algorithm uses only this subset of fingerpriatadto
determine the position of the user.

As far as we know, no mobile device is by default equipped with
a digital compass. However, they can easily be enhancedowih
because the latest generation of digital compasses igatéehinto
a single chip, and its energy consumption is very low. Furthe
more, digital compasses are inexpensive, and we believeesao
later they will be integrated into mobile devices becausafmany
location-based services the orientation is as interestinte posi-
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tion. For instance, in a museum a user can stand in front of two
paintings and her orientation determines which artifataced.

The remainder of this paper is structured as follows: Weges
a summary of related work in the following section. In Secffh
we describe our positioning system in detail. The experialen
environment is reported in Sectifth 4, and the results of gpee
iments are presented and analyzed in detail in SeElion Fllfin
we give a conclusion and an outlook in Secfibn 6.

2. RELATED WORK

Location-based services primarily require positioninfpima-
tion of the user to be functiondll[6]. Existing indoor positing
systems can be divided into systems that rely on speciatiaedt
ware and systems that use off-the-shelf products. The fiocore-
prise systems like the Active Badge project or the Crickstey:
Active Badgeutilizes badges that are capable of emitting infrared
signals [T#]. Ceiling-mounted infrared sensors detecsehsig-
nals, and a central unit interprets the sensor’'s data tardate
the room where the user is located. A successor of Active Badg
is the Active Batproject that used ultrasound time-of-flight infor-
mation and multilateration to determine the position ofrasaore
precisely [15]. Similar to this project is th€ricket system that
uses ultrasound and radio frequency receivers to locateiadlye
equipped mobile deviceSTNA[TN1]. RFID tags are used irSjet-
On project to locate users by applying a simple radio propagati
model [1].

The second group of indoor positioning systems use offstiref
wireless network hardware (e.g., 802.11-compliant neftvard-
ware). One of the first systems of this kind RADARI[Z] [,
but similar systems have been proposed by other researakers
well (e.g., [I3] [12]). The authors of RADAR already exp&mned
blocking effects of the human body. However, they have noteo
up with a solution to mitigate these effects. While RADAR dea
terministic positioning system the systems most recenthpased
have embraced probabilistic models to estimate the lacatidhe
user. Probabilistic approaches store the signal strenigthituoli-
tion from the access points and use probabilistic algomsthoresti-
mate the most likely position of the us€i [5] [4JORUSIs one of
the projects that uses a similar probabilistic algorithnoassys-
tem [16] [T1]. However, this project does not address thélem
of blocking effects caused by the human body.

3. INDOOR POSITIONING

In this section, we present the 802.11 wireless channebcler
istics and describe how our novel algorithm utilizes thesperties
to improve the overall positioning accuracy.

3.1 Wireless Channel Characteristics

The 802.11 wireless network protocol is inexpensive andelyid
deployed in many offices, universities, and private honidls [8
Nowadays, most modern laptop computers and personal lcigita
sistants (PDAs) have built-in support of 802.11, and everstmo
cellphone manufacturers provide cellphones with 802.dpstt.
802.11 uses the so-called industrial, scientific, and nadiSM)
band at 2.4 Ghz or 5 Ghz, depending on the substandard. Hgweve
predominant are the 2.4 Ghz based substandards &ld1band
802.11g hence, we focus on these standards here.

Client-side 802.11 hardware is capable of measuring theabig
strength of access points within communication range tasto
the best gateway to the wired network. For this purpose, @218
specification defines a mechanism cal&dive scanning Active
scanning is a simple request-response protocol: a clieidzasts

a ProbeRequegpacket, and every access points in communication
range replies with #robeResponsgacket. Each time a client re-
ceives a ProbeResponse packet the network card measugg-the
nal strength and forwards the power level value to the harewa
driver. This information is accessible in all major opengtsystem
(e.g. Microsoft Windows and GNU/Linux) to user-space pergs.

2.4 Ghz is the resonance frequency of water so that the human
body absorbs these radio signals. This is one of the reasbhyps w
it is difficult to predict the reception power measured at abiteo
device for a given distance from the access point. For itgtan
a person who carries the mobile device may block the signal by
standing between the access point and the mobile devicetess
network card.

We have analysed the blocking effect of a human body on the
reception power: The signal strength from an access posns
pled every 250 milliseconds while the user carries her neotid-
vice in such a way that she is able to see the display. The @cces
point is located five meters away from the user. First, we mea-
sured the signal strength for 200 seconds while the persoyirg
the mobile device completely blocked the line of sight betwthe
two devices. We aggregated the signal strength measursrfant
25 milliseconds and calculated the average and standarattidev
As depicted in Figurf_I{p) the reception power is relativatble
between 80 and 83 dBm and shows a standard deviation of kss th
5dBm. In a second step, we measured the signal strength4sery
while the person carrying the mobile device turned arourte line
in Figure[I{B) shows the blocking effect of the human bodye Th
reception power increases nearly 15 dBm (se€’ 185 case of a
direct line of sight between the receiver and the accesg.fduen
if the person only partially blocks the radio signals, theetion
power stillincreases more than 5 dBm (seé 80d 225). Further-
more, we see from the figure that the standard deviation ase®
if the line of sight is blocked by a human body (comparé 4ad
135).

3.2 Positioning Algorithm

The basic idea of our novel positioning algorithm is to saempl
the signal strength for selected orientations at eacherter point
during the offline phase and combine a subset of these vadues t
histograms in the online phase, so that an orientationHspsignal
strength distribution can be computed and utilized to iasesthe
accuracy of position estimates. Orientation-specificriligtions
are calculated each time a user requests a position estiDatg
those signal strength histograms that show a similar catent as
the user are selected at each reference point (see Ehutéese
histograms are combined and used to compute a positionastim
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Figure 2: Each asterisk represents a reference point with ght
signal strength histograms in an exemplary operation area.
Only the signal strength histograms with a similar orientation
as the user (large dot) are selected (shaped areas) and used b
the positioning algorithm.
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Figure 1: An example of the blocking effects caused by a humalody.

To build a model of the real world, we overlay the operation of this merged and normalized histogram and use these aajgreg
area with a grid ofy reference points spaced 1.0 meters apart. At values in the subsequent steps.

each reference point we collect the access point's signahgth The probability to obtain the measuremefisat reference point
distribution for eight orientations. Formally, we model ait@ 1 can be expressed by the conditional probability:
state spaceS = {s1,...,sn} Where we use; reference points
R = {r1,...,rq} and the orientation® = {0°,45°,...,315°} X
to defineS = R x O. Each state represents a two-dimensional
coordinate with an orientation. P P(Mlr:) = 11 P(malr:)
The access point’s signal strength distribution is aggestjay a “
bunch of measurements. Each measuremént {m1,...,my}
contains the quantified reception power/oficcess points. Two where
different measurements may comprise a different numberebr s
g‘:ctﬁess points. Furthermorey; = (g)“zdz),z. € {1,.4.7‘k} P(malrs) = P((pa,ida)|r:)
ple containing an access point’'s reception powefp; €
{0,1,...,255}) and uniqgue MAC addresal; as a string. The _ Glijidy (Pa) + 8
MAC address is required to unambiguously identify a paféicu S Giia, (m) + 8

access point.
We use a reference vectar to model the probability that a

and
mobile device is located at a certain reference point, i €
{1,...,q} represents the probability that the user is located at ref-
erence point. At the beginning, this vector is initialized with an a (pe) /Pa+1/2 e (@ niid,)? /(207 1a,) J
i istributi ianing: — iyidg (Pa) = x
uniform distribution by assigning; = 1/q. 1/ Oiia, 2T

Additionally, we need a definition for theimilarity of states
Two statesa and b represented by coordinates and an orienta- - )
tions o, and oy, respectively, aresimilar with respect toa iff Giia, (pa) represents the probability to measure the signal
|oa — 0p| < a. This similarity measure is required by the online ~ Strength valug. of access poinid, at reference point This prob-
determination phase of our a|gorithm to select a subset d va ab|l|ty is calculated based on the distribution functioredined

states. by the average:; .4, and standard deviatios; ;4,. Furthermore,
) o B is a small value that artificially adds noise to the probapital-

3.2.1 Offline Training Phase culation.
During the offline phase, we train our algorithm by collegtin These conditional probabilities are used to update thegnitity

a number of measurements at each state and store the data as hiVector® by applying Bayes’ Rul€e(]3]
tograms in a database. The optimal number of measurements is
determined in Sectidnd.3.

’ i % P(M|r;)
Uy = n

3.2.2 Online Determination Phase 2 i T P(M]rj)

In the online determination phase, the user takes samptes co
taining the signal strength measuremenfs and her orientation for each reference poirit
O;,i=1,...,q. Our algorithm determines, based on these data, Our analysis (see Sectibob.2) shows that there is often thare
an accurate position (or reference point) one suitable candidate for a set of reference points. Sndiog

For a given thresholdy, only the states that are similar to the reference points are usually considered highly likely & thser is
user’s current orientation are considered. For each neéerpoint; located in the middle of these points. Therefore, khmost likely

and access pointthese similar states are merged by combining the reference points are averaged to estimate the users’ @ositiby
histograms. We calculate the meaf); and standard deviatian; ; calculating
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4. EXPERIMENTAL ENVIRONMENT

In this section, we briefly describe our experimental enviro
ment.

4.1 Local Test Environment

We deployed our positioning system in the hallway of an office
building on the campus of the University of Mannheim. The op-
eration area is nearly 15 meters in width and 36 meters intfeng
covering an area of approximately 312 square meters. The floo
plan of the testing area is shown in Figlile 3. The large hallina
the left part of the map is connected by two narrow hallwaysg th
are separated by rooms such as archives and a kitchen.

We marked the floor plan with markers depicting the grid of the
reference points (light-colored dots) and the online mesament
points (dark dots). The access points are marked by squares.

4.2 Hardware

The test environment is equipped with five Linksys / Cisco
WRT54GS and four Lancom L-54g access points. All accesdpoin
support 802.11b and 802.11g. One Lancom and all Linksyssacce

5. EXPERIMENTAL RESULTS

In this section, we evaluate the performance of each eleofent
our algorithm and discuss the impact of specific parametetb®
performance of our positioning system. Afterwards, we carep
the performance of our system with the RADAR approach.

We developed an application to analyze the performanceref va
ious positioning algorithms in different environments. €Tlogs
show every action and state (e.g., the signal strengthpdutie
offline and online phase so that we can replay the scenaria@nd
able to change particular parameters we want to investigate
used this application to simulate the behavior of the pasiitig al-
gorithms.

To measure the performance of different positioning apginea
we compute a cumulative distribution function (CDF) of thieoe
distances between the estimated positions and the redilopssdf
the user. Additionally, we calculate the average erroraise.

5.1 Analysis of the Orientation

Our algorithm has two parameters that control the compass-
specific behavior: Th@umber of orientationgonsidered during
the offline phase for each reference point andathgle« which de-
termines similar states during the online phase. In theesquEnt
paragraphs, we study the effect of these parameters.

In our first experiment we show that the performance of oun-alg
rithms increase if signal strength distributions are sadmluring
the offline phase for an increasing number of orientations. S&/

points are located on the same floor as our testing area wherea lected four scenarios: In the first scenario only the sigtraingth

three Lancom access point are located in other places inlsele
building. The exact position of the access points locatsitiéthe
testing area is marked by squares in Fiddre 3.

As a client, we used a Lucent Orinco Silver PCMCIA network
card supporting 802.11b. We collected the signal strenatiptes
on an IBM Thinkpad R51 running Linux kernel 2.6.13 and Wissle
Tools 28pre.

To obtain the orientation of the user we used the Silicon kabo
tories C8051F350 Digital Compass Reference Design Bodr T
device provides a USB-to-Serial bridge to access the datasan
powered by the USB electricity supply. We calibrated the pass
in the middle of the operation area. In a closer area arouadah
ibration point we measured a variation of. IHowever, variations
up to 23 were rarely detected at a few points of the testing area.
These measurement errors occured always close to elegnatia
objects such as high-voltage power lines and electroniicdsy

4.3 Data Collection

The grid of reference points applied to the operation area in
cludes 166 points with a spacing of 1 meter (see the lightreal
dots in FigurdB). During the offline phase, the signal sttiengpas
measured at reference points for different orientationse &bl-
lected 110 signal strength measurements at each referaice p
and for each orientation. This leads to 146,080 measurestfent
the offline phase. We spent over 10 hours to collect all tha,dat
however, we want to point out that for a productive deploymen
of this positioning system 20 signal strength measuremeititbe
sufficient (see Sectidnd.3), cutting down the expenditfitaree to
less than 2 hours.

We randomly selected 60 coordinates and orientations fer th
online phase. The only condition to select a point insidediséng
area as an online set point is that it is surrounded by foeresice
points. Again, we collected 110 signal strength measurésfen
each online set point, leading to 6,600 measurements ih tota
Figurel3 the online set points are marked by dark dots.

distribution of one orientation is considered J@t each reference
point. The second scenario takes two orientations intowaao@
and 180). Additionally, the signal strength distributions of the-o
entations at 90and 270 are used in the third scenario and finally,
the signal strength distributions of eight orientations analyzed
(0°,45°, ..., 315).

For each scenario, to build the training dataset we randaely
lect 20 of the 110 already collected measurements for edeh re
ence point and each orientation. During the online phaseawe
domly pick three of the 110 collected samples for each orgite
point. We set the similarity angle = 185° so that our algorithm
is even able to proceed in the single orientation case. Eurtbre,
we disable the averaging part of our algorithm by setfing 1 so
that the pure performance of the orientation part of therélym is
visible. We repeat the entire procedure 1000 times to aetstable
results.
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Figure 4: Relation between number of orientations and error
distance.
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Figure 3: Floor plan of the testing area. The light-colored ats represent the offline reference points and the dark dotshew the
randomly selected online measurement points. The accessipts are marked by squares.

Figureld shows the CDF of the error distance for these four sce the average of thé most probable reference points as the user's

narios (we cut error distances larger than 14 meters to esiggha
on the performance distinction of the different scenarid$e aver-
age error distance drops from 2.95 meters in the singlaiaimon
case down to 2.31 meters in the eight-orientations scenasalt-

ing in an accuracy improvement of 22 percent. Furthermoi@n

be seen from the figure that each additional orientationsléach
diminishing marginal utility. For instance, the averageoedis-
tance drops more than half a meter if a second orientatiotided
compared to an improvement of 4 centimeters in case fouaextr
orientations are added to the four-orientations scenario.

In a next step, we investigate the effect of anglen the error in
the eight-orientations scenario. We repeat the evalugtiooedure
as mentioned above, however, this time we change the value of
stepwise from 25 to 100 degrees.

Our experimental analysis shows that the system achievés-a m
imal error distance forv = 69. This can be explained by the fact
that for small values o only one signal strength distribution is
selected for each reference point. For instance, if the'siegen-
tation is 60 anda = 25°, only the states with an orientation of45
are considered, whereas a better approximation would benhieo
nation of the signal strength distributions of the’4&d 90 ori-
entations. The accuracy degrades rapidly for large valfieshe-
cause signal strength distributions for opposite oriéoatare also
merged into the reference signal strength distributioarehy cor-
rupting the orientation-specific characteristic of thensigstrength
distribution.

Fora = 69° the average error drops to approximately 2.05 me-
ters, improving the accuracy by 12 percent compared to 185°.

position. In general, the user is surrounded by up to foleresfce
points whose averaged coordinates represent a good apjaton
of the user’s position.
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Figure 5: Impact of the averaged number of reference points
(k) on the positioning accuracy.

We run an experimental analysis to find an optimal valué.of
For this, we repeat the same experiment as mentioned abave bu
change the value of from 1 to 10. As seen in Figuld 5, the av-
erage error distance is minimal far = 5. Smaller values ok
increase the average error distance up to half an meterawher
error distance slowly increases for larger valueg ofVith a larger

To sum up, the usage of the compass-related components of ourymber of averaged reference points more distant pointadated,

algorithms reduces the average error distance to less tham2e-
ters, which corresponds to an accuracy improvement of nie t
31 percent.

5.2 Averaging the Positions of the Most Prob-
able Reference Points

In contrast to the previous section where we considered thgt m
probable reference point as the position estimate, we nowider

resulting in an averaged coordinate that is increasinglyatieg
from the actual position of the user.

During our evaluation process, we also investigated otlier-a
aging algorithms (e.g., a weight-based averaging appjdadhve
could not find an algorithm that outperforms our simple agarg
algorithm. The reason is that probability distribution&eti sig-
nificantly between different position requests, and everigal
likely reference point might be over half a meter away frore th



user’s real position. Hence, a simple averaging with sumding ments from 1 to 10 before a position estimate is finally coragut

reference points increases the accuracy. We perform this procedure 1000 times for each number of mea-
From these results we see that the average error distanee is r surements. Our results are summarized in Fifilre 7.

duced by more than half a meter due to averaging.

5.3 Determination of the Training Set Size
The size of the training set is a critical parameter for the pe 2 \

formance of the positioning algorithm. However, it detamas the
lower bound on the time needed to collect data for the fingrtrpr
ing database. It takes 250 ms to collect data for a single uneas
ment with our network card. A reduction of the number of mea-
surements required by the algorithm reduces the hours df veor
collect data for the whole operation area significantly. Bmdther
hand, the collected signal strength distributions showddstable
enough so that the positioning algorithm is able to acclya&sti-

Average error distance [m]

mate the position of the user. We vary the training set sibe- —

tween 3 and 100 to analyze how our algorithm performs withlsma T
training set sizes. For each numberafie randomly chose read- Y 2 3 4 5 6 7 8 9 10

ings out of the 110 signal strength measurements alreatiycted Number of measurements

in the data collection process and build the fingerprintiatatase. Figure 7: Average error distance depending on the number of

In the online phase we set = 69°, kK = 5, and randomly select  online measurements.
three measurements for each online set point as input fopour

sitioning algorithm. We performed this experiment 1000&gior The results show that an average error distance of less than 2
each value ok. The average error distance for each valug & meters is achievable even if just one measurement is usedc-A s
shown in Figuréb. ond measurement decreases the error distance more tham25 ce
timeters (this corresponds to more than 17 percent). A timeh-
18 surement improves the accuracy more than 6 percent or i othe

words nearly 10 centimeters. As we see from the graph, aniy add
tional measurement further improves the accuracy, howevith
a diminishing marginal utility. In most of our experimentg wse
three samples to compute a position estimate because tlgae m

175 %

5

g 17 surements prove to be a reasonable trade-off between agcamd

H time.

g e - 5.5 Performance Comparison

< —— T T In the previous sections, we studied the impact of the compas
16 first, and separately investigated the effects of the dififeparam-

eters afterwards. In this section, we compare the perfocear
our approach with the performance of the RADAR systeim [2]. We

1'550 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100 have chosen thki!lultiple Nearest Neighboralgorithm as proposed
Treining set size by Bahl et al. because this algorithm achieved the best padioce
Figure 6: Training set size versus average error distance. in their work.
The graph shows that the accuracy increases more than 10 cen- 1
timeters if the training set size is increased from 3 to 20 suea 09

ments. However, a further extension of the training set ety
slightly improves the accuracy. Due to minor variations dver-
age error distance oscillates around 1.625 meters foringiset
sizes larger than 30.

We have chosen a training set size of 20 for most of our experi-

0.7

0.6 /
05 i

Probability

ments because a further extension barely improves therpeaface oa /
of our algorithm. Furthermore, the results in this paperutide /
easily achievable in productive environments where it iscad to 2 /
minimize the time required to build the fingerprinting dadab. 02 /
. . . . 01 Y
5.4 Determination of the Online Set Size ' SRR

0 2 4 6 8 10 12 14 16
Error distance [m]

In the following, we analyze the performance of our algarith
as we vary the number of measurements from which the position
ing algorithms infers the user’s position. Our hardwareuiess Figure 8: CDF of the performance of the COMPASS and
250 ms to collect data for one measurement: the fewer measure RADAR system.
ments required to compute an accurate position estimatdagter
a position estimate is available. We repeat the same expstias To create equal conditions for both algorithms we use tha dat
mentioned above, but this time we vary the number of measure- gathered from our experimental environment for the trajnamd



the position determination phase. We set the offline set tsize

20 and randomly choose three readings for each online set poi
to compute the position estimates. This procedure is refeat
1000 times to receive stable results.

Figure[® shows the CDF for both algorithms. The COMPASS
system outperforms the RADAR approach: our algorithm is not
only more accurate (e.g. the error distance in the COMPASS sy
tem is less than two meters in 70 percent of all measurements c
pared to only 55 percent in case of RADAR); it also produces a
smaller worst case error distance (less than 11 meters ifmasin
to more than 15 meters). On average, our system achieves an er
ror distance of 1.65 meters in comparison to 2.26 meters $e ca
RADAR is used. These results show the power of our new ap-
proach.

6. CONCLUSIONS AND FUTURE WORK

In this paper, we presented COMPASS, a positioning system
based on 802.11 and digital compasses. We have shown that kno
ing the user’s orientation can dramatically improve theuaacy of
the positioning system. We used a probabilistic algoritbradm-
pute a probability distribution over the reference pointsl gore-
sented a simple averaging algorithm to further improve tagqp-
mance of our system.

We have set up our positioning system in a building of the Uni-
versity of Mannheim to evaluate it in a real-world environthe
In our experiments, we achieved an average error distantessf
than 1.65 meters. We also investigated how different patensie
of the algorithms influence the overall performance of the-sy
tem. Finally, we compared the performance of our system with
the RADAR system.

In the near future, we are going to work on a compass-enabled
tracking system to follow users while they move. We belidvat t
keeping track of the user’s orientation will also help to hoye the
performance of this system because orientation is a goatigioe
of future motion.

Based on our system, location-based services that reqginé/h
accurate position information can now be build. In our resiea
group at the University of Mannheim, we are currently wogkiom
several such novel applications.
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