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Abstract—This paper proposes cost-efficient and easy-to a good option for indoor positioning systems dudtso

build RSSI based indoor positioning algorithm desiged for
Wi-Fi  networks. Proposed algorithm combines the
calibration procedure with a fingerprint prediction, and it
does not require the physical location of wireles@ccess
points in order to predict the signal strength forfingerprint
database installation; thus, making the implementaon of
indoor location system more cost-effective. Our redts show
that proposed algorithm sufficiently reduces the istallation
price and calibration time while providing location accuracy
comparable to that of calibration based RTLS.
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l. INTRODUCTION

wide-range deployment in urban areas and the ggpwin
number of mobile gadgets equipped with Wi-Fi chipse

Signal strength based indoor localization systemseh
grown importance and commercial interest amongrothe
indoor positioning systems, for the reason that ahby
available information at receiver side is the poweér
signal received from each access points. Moreover,
techniques like weighted centroids, triangulationd a
probabilistic methods use this information [8], atia
RSSI fingerprinting algorithm was one of the most
widespread methods for WLAN positioning [9].

The RSSI fingerprinting algorithm is normally
organized by two steps [10]. The first procedure,
calibration procesduilds the RSSI fingerprint database of

With the rapid development of wireless technologieg target site. RSS! fingerprint consists of Mediecéss

and advent of greater mobility, a significant nefed

Control (MAC) address of an access point and the

localization has emerged. This is true not only forneasured RSS value of a specific location. On thé n

automotive applications, but also for personal psgs,
thus leading to the necessity of having a techrsichltion
for accurate wireless geolocation. The positionioigy
mobile users is highly desirable for many locatimased
services, entertainment, traffic management arehdd]-

[3].

stage of the algorithm, usually termedaasine tracking
the location of the mobile user is determined bycmag
the received signal values to the closest fingetpralue
at the database. Due to the extensive calibrati@se for
building fingerprint database, and the huge infageiof
minor changes in the target area to the RSSI fprger

There have many localization techniques beenalues, the implementation of this algorithm irgkscale
proposed, and positioning systems such as Globafeas becomes expensive.

Positioning System (GPS) have

already been Even though several methods have been proposed to

successfully deployed in markets. However, GPSahas'educe calibration time by predicting signal sttenm

number of drawbacks,
difficulties in urban areas, as well as in

namely, GPS users hav
indoor
environments, where buildings and other objectslblo

diven locations [10]-[12], these methods require th
physical location information of wireless accesifmoin

order to predict the signal strength in given areas
However, this information is usually unknown and

the weak signals that are transmitted from GPjifficult to gather due to the large number of a&scpoints

satellites. There are also hybrid methods thaizatil

in urban areas and in indoor environments.

both GPS and cellular infrastructure, which provide Therefore, in this study we propose RSSI prediction

accurate location estimation in urban

areasbased indoor positioning algorithm, which does not

Nonetheless, when the mobile user is located irp degrequire the physical location information of APhug
indoor environment surrounded by obstacles, thécreasing the cost-efficiency while providing trediable
positioning accuracy dramatically decreases. Tloeeef lOcation accuracy.

there is a huge demand for stand-alone indoor The rest of the paper is organized as follows. We

positioning systems.
Different physical requirements of the
environments need alternative systems to providarate

location information. Various technologies have rbee

suggested as a base for indoor positioning systsat
as Bluetooth and Infrared, Ultra-Wideband and dtirac
technologies [4]-[7]. On the other hand, most ofstn

indoor

introduce our proposed positioning algorithm in titec
Il. Section Ill describes the test environment ahdws
the experiment results. The final concluding reraaske
given in Section IV.

. PROPOSEDALGORITHM
In this section, we describe our proposed indoor

systems were difficult to deploy because of highJositioning algorithm, which consists of four basieps.

complexity and necessity of building new network
infrastructures. Thus, IEEE 802.11 based WLANS loan
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Figure 1. Basis elements of analysis based on RSSI

A. Reference Data Collection

The initial step is to collect reference data ie th
target building, which shall
positioning phase. Firstly, we choose several exfee

points in a given area, where the RSSI values from

each access points will be measured. Please refer

Fig. 1 for an explanation of how the RSSI values ar

measured. The access points are markeARs AP,
and etc. The profiled signal strength vector aatmni

be used during the

Navigation (IPIN), 21-23 September 2@dimaraes, Portugal

From the OSM equation, the distant;ebetween access
point andn™ fingerprint location can be written as:

R-R
d =10 @

Having calculated all three distances from nearest
calibration points to the access point, we appharCh
three sensor-based hyperbolic equation to finddtetion
of access point. Chan’s system requires at lease th
distances in order to do the positioning, whickvig/ we
have chosen three calibration points in the teaigesd. The
equation has the form of:

MRCEY

%=X Y- yl}

®3)

where,

H

X=X Y™ %

.

t X +y;—(d,- d)’

X+ Y5 ~(dy - d)’

|

is P, whose components are the RSSI values fromNd: (X, Y») are the coordinates of® calibration point,

different access points. For exam®g, is the RSSI at
locationi from the access poidtP,.

After all the reference points have been selectethe
map, the RSSI value of each reference point will b

while d, denotes the distance from that calibration
point to the access point.

Knowing the location information of access poins,
&an perform the prediction stage of our system.

measured using Wi-Fi equipped device with speciat Rss| prediction

software installed, and stored in a fingerprintatase. In
order to get more stable RSSI values,
measurements per each point are made, and thexf8ll
value is obtained by averaging the measurement data

B. AP Location Estimation

several Once the reference samples are collected and déstan

are measured, we can predict the signal strendtie va
other parts of the target area. As we have M eefs
samples, using OSM for each prediction point we can
obtain M different path loss values from one APideal

prediction algorithms is that, in order to prediot RSSI
values at given locations, the physical

be equal. However, in real environment we will get

locatiorslightly different results, and by averaging theakies we

information of APs must be known. This might be anWill getfinal, more accurate RSSI.

expensive or sometimes even non-trivial step tédithie
Wi-Fi positioning system in urban areas due toltrge
number of “hidden” access points.

Therefore, in this paper we tried to increase thst-c
efficiency of the system by calculating the locatiof
APs, using reverse trilateration method before iptied
the RSSI values in target area.

After building the RSSI fingerprint database, wéese
the MAC ID of to-be located access point and chdhse
highest three RSSI values received from this acoess.
We choose the highest signal strength values asgum
that those fingerprints are in the closest distdram® the
access point. Having selected three fingerprintes| we
measure the distance between these fingerprintsttend
access point using One-Slope prediction model (OSM
OSM assumes a linear dependence between pathndss
the logarithm of the distance d between a recearat
transmitter:

Pldg = B +10ylog(d/ d) @
where,P, is the reference path loss at distadgeandy is
the power decay index. In genemdjassumed to be equal

to 1. P, and y are empirical parameters for a given
environment, which fully control the prediction [13

Concluding from aforesaid we modify the conventiona
one-slope model as follows:
d}}

1M
— P +10ylo
MZ 3, t10y gdom

m=1

(4)

POSM -

where, M is the number of reference samples.

One of the advantages of this method is that ptiedic
points can be selected as much as possible closacto
other. Furthermore, compared to conventional catiibn
procedure, this prediction algorithm greatly redutke
sample collection time, thus increasing the cofitiehcy
of the system.

I1l.  EXPERIMENTAL RESULTS

) Our test field at the Information and Communication
?)epartment of Yeungnam University in South Korea
represents a high-density office environment, witimber

of obstacles, electronic devices and etc. For RSSI
calibration of the test area, we used HP iPag 1B w
special calibration software. The test space watitipaed

into an equally-spaced grid with side length of @tens.

On every grid crossing point we collected around 10
RSSI data from each access point. As a resultfitiaé
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Figure 2. Calibration difference between existind aroposed

. Figure 3. Location accurac
algorithms g Y

For open space (lecture room)
fingerprint database contained 50 calibration oimith Predicted AP 1 =5.37 g=2.96
100 observations at each point. The final RSSI fipiget

value for each calibration point is then averaggdthe Real AP {=418 g =266

one hundred observation data, and this value is$t@ed For office environment

in database. Predicted AP M =3.92 0=3.13
It should be noted that the proposed algorithm dmgs Real AP M =3.59 o=3.11

require gathering the fingerprint values in eaciméers,

and we have built the full database only to compane Table 1. Fingerprint accuracy

results to the conventional fingerprinting algomith locati timates. Th lative distributiondi f
Fig. 2 demonstrates the difference between existimty ocation esimates. 1 he cumuiaive distribution °

proposed algorithms. Black dots in Fig. 1 are thiatgo location accuracy 1S shown in Fig. 3. )

where RSSI samples will be collected. In conventiona EXperiment results show that, using proposed

calibration (Fig. 1a) procedure is that user mezs@®sSS| algorithm, cheap, fast, efficient and reliable iado

values in every 2 meters, whereas in our algoritmy 8 ~ Positioning can be implemented. Even though the

(as an example) samples are collected, and thef¢ise accuracy of the_ conventional algorlthms_ is highee .

samples (white dots in Fig. 1b) are estimated proposed algorithm also provides reliable location
- o ' . information. We also believe that accuracy can be

After building the fingerprint database and measyri . ; i -

the AP Iocagon info?mgtion we performed agjssﬂncrga?ed by.dtecreasmg the g”;j ﬁze (ie. a;hlnggndqre

X . o : i’ rediction points per given area), however, fur ies

fingerprint prediction using obtained data. Pararefor © . . ;

prgdicpt)ion \F/)vere selectedgas follows: reference -fzdh are needed fo answer this issue and investigate the

Py=-24 dB at reference distancéozllm' power decay optimum reference point selection methods.

indexesy=3. IV. CONCLUSION

Table 1 compares the accuracy of RSSI databaseo : - .
. . . . ptimal and cost-efficient RSSI based indoor
predicted with real information of APs and RSSI bate positioning algorithm is proposed. In contrast to

with predicted information of APs to the real fingent conventional RTLS, proposed algorithm requires dely
database. The gauges of fingerprint accuracy eWan =<, mples to be collected and the rest of the samplieise
and standard deviation of difference between th‘f)redicted using modified OSM algorithm, moreovée t
measured and predicted RSS| values. proposed algorithm does not require the physiazdtion
Results show that the difference between the databamformation of wireless access points in the targeta.
with predicted AP information and real informatidiffers  Results showed that proposed algorithm can suffigien
slightly while the aforementioned technique camtieh  reduce the calibration time and increase the cost-
cost-efficient. efficiency while providing location accuracy comakle
Next, in the location test phase, different datebaare to the conventional based real-time location system

used to estimate the location of mobile terminaheT  Authors believe that proposed algorithm can provide
location produced using different databases waspeogd  even higher location accuracy by increasing thebmmof
to the correct coordinates. The error was measbsed prediction points and optimum reference pointscaition,

using Euclidean distance. The observation histoas W however these issues will be covered in furthezasshes.
taken into account so that at each point, afteringav

observedn test observations, the point estimate was
smoothed to be the average of the corresponding



(1

(2

(3]

(4]

(5]

(6l

2011 International Conference on Indoor Positiorang Indoor Navigation (IPIN), 21-23 September 2@dimaraes, Portugal

REFERENCES

S. Fischer, H. Gellersen, “Location and Navigat®mpport for
Emergency Responders: A Survey”, IEEE Pervasive fuimg,
vol. 9, pp. 38-47, 2010.

R. M. Ebling, R. Céceres, “Gaming and Augmentedlie@ome
to Location-Based Services”, IEEE Pervasive Conmgpitivol. 9,
2010, pp. 5-6.

B. Ferris, K. Watkins, A. Borning, “Location-Awar€ools for
Improving Public Transit Usability”, IEEE Pervasi@mputing,
vol. 9, 2010, pp 13-19.

D. Kelly, S. McLoone, and T. Dishongh, “A Bluetodthased
minimum infrastructure home localization systemRroc.
ISWCS’082008, pp. 638-642.

S. Lee, K.N. Ha, K.C. Lee, “A Pyroelectric Infrar&&nsor-Based
Indoor Location-Aware System for the Smart HomeEEE

Transactions on Consumer Electronics, vol. 52, 2@@6 1311-
1317.

M.R. Mahfouz, Z. Cemin, B.C. Merkl, M.J. Kuhn, A.Eathy,

“Investigation of High-Accuracy Indoor 3-d Positing Using

UWB Technology”, IEEE Transactions on Microwave ®heand

Techniques, vol. 56, 2008, pp. 1316-1330.

(7]

(8]

(9]

[10]

[11]

[12]

[13]

M. Hazas, A. Hopper, “Broadband Ultrasonic Locat®ystems
for Improved Indoor Positioning”, IEEE Transactioos Mobile
Computing, vol. 5, 2006, pp. 536-547.

T.N. Lin, Po-Chian Lin, “Performance comparison iofloor
positioning techniques based on location fingetjrinin wireless
networks”,Proc. WIRLES’'052005, pp. 1469-1574, vol. 2.

A.S. Krishnakumar, P. Krishnan, “The theory andctice of
signal strength-based location estimatioRtoc. COLCOM’'05
2005.

M. Ciurana et.al., “A Ranging system with IEEE 80P.data
frames”, Proc. |IEEE Radio and Wireless Symposi@07, pp.
133-136.

A. Narzullaev, et. al., “Accurate signal strengttegiction based
positioning for indoor WLAN systems”, Proc. IEEE RNS’08,
2008, pp. 685-688.

F. Lassabe, P. Canalda, P. Chatonnay, F. SpiedpdinWi-Fi
Positioning: Techniques and Systems”, Springer, aein
Telecommunications, vol. 64, Oct. 2009, pp. 651:664

Borelli, C. Monti, M. Vari, “Channel models for |IEEE802.11b
indoor system designProc. IEEE ICC 200420-24 June 2004.



