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Abstract— This paper deals with optimization of the Rank Basd
Fingerprinting (RBF) algorithm, which was previously proposed
by the author. Results achieved in the real world »@eriments
shown that RBF algorithm can achieve more accurat@osition
estimate compared to some of traditional fingerpriting
algorithms. Accuracy of the RBF algorithm seems tobe less
affected by change of device and small signal flugations since
algorithm is based on assumption that bias and saabf measured
RSS data will not affect rank of the APs. Optimizaion algorithm
that significantly reduces computational complexityof the RBF
algorithm will be introduced. Function of the algoithm was
investigated in the simulations and real world expgments.
Achieved results show that proposed optimization gbrithm can
significantly decrease computation complexity, espelly when
radio map database is high enough. Achieved resulshow that
proposed optimization algorithm allows use of the RF algorithm
in applications, where the position estimate mustd calculated in
a very short time e.g. tracking and navigation apptations.
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. INTRODUCTION

In the last decade large number of LBS (Locatiosdsla
Services) was developed [1], [2]. These servicesoine
extremely popular between the users and becameopdreir
daily life. Since basic requirement for LBS is a@ta position
estimate these systems were at the beginning maévgloped
for the indoor environment where position can bgmeged
using one of GNSS (Global Navigation Satellite 8gw). In

the last few years there was a higher demand on tH%

development of the LBS for the indoor environmeviain

problem here is position estimation, since GNSS mainbe
used due to high signal attenuations caused bsttheture of a
building [3].

number of the localization systems was developdd [/3.
These systems are based on wireless technologeeaMi-Fi
[5], [6], GSM [7], Bluetooth [8], ZigBee [9] and UB/[10].

Wi-Fi seems to be most feasible network technoliwggn
the economy point of view, since transmitters aleaaly
implemented in the large number of devices,
components are quite cheap and Wi-Fi networks hrest
ubiquitous in the indoor environment. Most popuylasitioning
approach in combination with the Wi-Fi networks
fingerprinting positioning [5]. The main advantagé the
fingerprinting positioning approach seems to be imity to
the multipath propagation of a radio signal. On dkiger hand
the disadvantages of the fingerprinting approaemeed of the
offline (calibration) phase and influence of devickange.
During the offline phase the radio map is createtha area
where positioning will be performed. Radio map &atbase
which consists of reference points positions an8& R&eceived
Signal Strength) values measured on each of trererafe
points from all the surrounding APs. Even highesadivantage
is that accuracy of the fingerprinting localizatiggistems is
affected by the change of hardware and softwareised
devices. Hardware change is given by the fact tivate are
receivers and antennas with different gains imptastk in
devices. Software change is mainly given by th&ediht scale
in which RSS are measured.

In the previous work [11] we have proposed novel

fingerprinting algorithm RBF (Rank Based Fingerfirig) that
does not use measured RSS values directly, butnkeof the
Ps based on RSS values. This algorithm is basedhen
assumption that the rank of a given AP will be laffscted due
to device change compared to measured RSS valom the
results achieved in the real world measurementsaticearacy
of RBF was higher and less affected by a changhetised
device compared to NN and WKNN algorithms. The drask

The fact that GNSS can not be used in the indooof the proposed RBF algorithm is computational clexipy,

environment caused that novel localization systeamsl

due to need of preprocessing of measured datareatian of

algorithms were developed by many research teanwsst M the rank vectors, which are used during the pos#istimation

popular way to estimate position in the indoor esrwnent is
use of radio networks. This is caused by the faat almost
every device, on which LBS are used,
connection to the internet or to the service prenid.arge
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process. Computational complexity is an importaaiameter
in dynamic application such as navigation or tragkiwhen

needs wirelesgosition must be estimated in the shortest timesiptes In this
decrease

paper optimization algorithm developed to

network

is
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computational complexity of the RBF algorithm wilie
introduced and will be tested in the simulationd egal world
measurements.

The rest of the paper will be organized as folloimsthe
next section related work in the area of fingenmin
localization will be described. Proposed optimiaatalgorithm
for the radio map reduction will be introduced fe tsection 3.
In the section 4 simulation and measurement sashaill be
described. Achieved results will be shown and dised in the
section 5 and section 6 will conclude the paper prmbose
some of the goals for the future work.

I RELATED WORK

In this section fingerprinting algorithms used imslations
and measurements will be described. In generaefprinting
algorithms consist of two phases. First phase és dffline
phase (also called calibration phase). In this @ht®e radio
map is created and stored in the database [11¢n8quhase is
called online phase, mobile device position isnested using
one of fingerprinting algorithms in this phase. the
measurements deterministic WKNN algorithm was uasd
comparison to the RBF algorithm.

A. Radio map construction

Radio map is built during the offline phase. Areheve
localization services will be offered is divideddrsmall cells
in this phase. Each cell is represented by one, s@died
Reference Point (RP) [12]. In these points RSSesftom all
transmitters in range — fingerprint is measured ¢ertain
period of time and stored in database. Principleadio map
creation can be seen in Fig. 1. Element of radip tmas the
form:

P=(N,0,.6) j=12..M, (1)

ji
whereN; is number of j-th reference poilMl is the number of
all RPs,q; is the vector of RSS values and paramétebtains
additional information used in localization phaBadio map
can be modified or preprocessed before the onlimese to
reduce memory requirements or computational costised
localization algorithm.

Observed area

Vector of RSS values

| 7RSS from AP1

// RSS from AP2
// .RSS from AP3
7 i?SS from APn
7~ Coordinates of spot

Figure 1. Radio map creation.

B. NN family localization algorithms

Deterministic framework is based on assumption R&S
values on each position represents non-random ecto
Estimate of mobile device positigh can be calculated using:

M M

X=> P /> o,

i=1 i=1

@)

where P; is position ofi-th reference pointw; represents
weight ofi-th reference point anll is number of RPs in radio
map [13].

Weights can be calculated as inverted value of igeah
distance between RSS vectors from online and effiihase.
The estimator (2), which keeps the K biggest weaigitd sets
the others to zero, is called the WKNN (WeightedN&arest
Neighbor) [13] method. WKNN with all weighteg=1 is
called the KNN (K-Nearest Neighbor) method. The (dest
method, where K =1, is called the NN (Nearest Nedy)
[14].

WKNN and KNN methods perform better than the NN
method, particularly when values of parameter K kre 3
or K=4 [15]. On the other hand, NN algorithm cachieve
almost the same results as KNN and WKNN algorithmase
that radio map density is high enough [12].

C. Rank Based Fingerprinting algorithm

The main difference between conventional fingetpran
algorithms and the RBF localization algorithm i tvay in
which measured data in offline and online phasesampared
and used to estimate position [11]. In classicaddrprinting
algorithms, vectors of RSS values measured in endnd
offline phase are directly compared to each other.

RSS data Radio Map
Sort and MAC address
RankVector comparison
Rank vector
comparison

Estimate
position

Figure 2. Block diagram of RBF algorithm.
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In the RBF algorithm (Fig. 2), the RSS values measin
the online phase from different APs are first sbrfeom
strongest to weakest. Then ranks are assigned scbAged on
their position in the sorted vector. To the firsP An sorted
vector rank value 1 is assigned, to second AP #gasd
value 2 and so on — rank value in fact represesgiipn of the
AP in sorted vector. The sorted vector of APs detéin the
online phase is then compared to vectors storethanradio
map.

In this step MAC (Media Access Control) addresdeSRs
in sorted vectors from online phase are comparetA¢
addresses stored in sorted vectors of AP in radip database.
Based on comparison of MAC addresses ranks argnaskio
the vectors from the radio map database. When MddCesses
in online and offline phases are the same, sanevanes are
assigned to them. In this case rank of the AP foffime phase
does not need to represent position of AP in vetiiotase that
one (or more) of the APs from the online phaseoisfound in
the database, the rank vector created from theo radip is
padded with O, to achieve the same length as thie vactor
from the online phase.

In last step of RBF algorithm previously computeshk
vectors are compared to the vector from online @hiing one
Spearman'’s footrule distance:

=%

k=1

-y 3

wherex, is the rank ok-th element in vectaX, yy is the rank of
k-th element in vectol¥ andn is the number of elements in
vectorsX andY [16].

The K reference points with smallest difference are used
calculate the estimated positidgnusing the weighted average
formula (2). In proposed algorithm weights are givey
similarity between rank vectors from online andioé phase.

D. WIfiLOC positioning system

The WifiLOC positioning system is a system with
decentralized architecture, using mobile devicéstsge [17].
The position estimate is calculated at the sermpteémented in
the network architecture based on measurementsrpesé by
the mobile device. Architecture of the WifiLOC pisning
system is shown in the Fig. 3.

The localization server can be divided into theabase
server and the web server. Radio map databaseréish the
database server, together with additional datababkesh can
store data about the area needed during the pusgioThe
web server is used for the communication with thient
application and manages localization requests frantlients.

<< )

;
i~ %

\15 <( )

Communication network \

Localisation

Network access points does not to bee modifiedciedts
does not need to connect to the APs in the ranigee s
measurements needed for the position estimatiopeafermed
in passive mode. This helps to implement the posEitD
system into the areas where wireless connectiproidded by
the different service providers.

Figure 3. Flowchart of the proposed algorithm

The mobile device can be represented by any type of
mobile terminal (cell phone, PDA, laptop, ...) equédpwith
IEEE 802.11 transmitter. Client application is deped in the
Java SDK (Standard Develeopment Kit) and can bdyeas
implemented on mobile devices based on differemtratmon
system platforms.

lll.  RADIO MAP REDUCTION ALGORITHM

In this section the proposed optimization algorittion
radio map reduction will be introduced. Optimizat@igorithm
for radio map reduction was proposed to decrease
computational complexity of the RBF localizatiorg@lithm
and allow use the RBF algorithm in the dynamic LBS.
Algorithm is developed based on assumption that
computational complexity is given mainly by the rhen of
reference points in the database. Computation c®xtplis
higher due to preprocessing of measured data stordde
radio map database.

The proposed algorithm is used to extract a grofip o
reference points from the database to decrease utatigmal
complexity. Basic idea is to exclude reference toif their
position is far from the position of the mobile d& Proposed
algorithm needs some additional data about the. dteis
important to add identifications to the referenoafs based on
the room in which they are located. It is also imgot to
create a database with positions of the doors lestwae
rooms. These data can help to extract referencegspfsom the
correct area and to decrease achieved localizetiors.

Proposed optimization algorithm can be divided itwo
main parts. First part is adaptive algorithm farge estimation
and the second part is part of reference pointaetian.
Flowchart of the proposed algorithm is shown inFige 4.

A. Adaptive algorithm for range estimation

Adaptive algorithm for range estimation (Fig. 4ht side)
was proposed to evaluate range, from which refergmuints
will be used in positioning process. Algorithm ug@svious
position estimates to calculate range in which r@osition
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should be located. When only one position of mobtégice is
known (during the second position estimation), eargygiven
by the maximum range value. This value was sed0tmand it
is chosen as value higher than the maximum erioeaed in
the previous real world measurements.

In next positioning processes the range is givethbytime
between two previous positioning estimations, dista
between two previous position estimates and tirapseld from
the last positioning. In the first step the speéthe devicev
[ms?] is calculated using:

(4)

whered [m] is the Euclidean distance between previous tw

position estimates ant] andt, in [s] are times of position
estimation of the last two positioning steps. Agbik speed is
compared to limit value,e = 5.5 ms which is given by the
speed of runner. When the speed is lower thanitttie Value
range can be estimated using:

r=v.t,, ©)

wherer is estimated range artg is the time from the last
position estimation process. Range is than compaced
minimal range, which is equal to double of the gtidtance
between reference points.

In case that position estimate is the same forladbetwo
positioning steps, range is given by the previeuge estimate
by decreasing the range. In the last step the rastimate is
compared to minimum range, which is given by thetatice
between reference points. In case that estimategbres lower
as the minimum range value, the minimum value béllused.

e/

range=dec(range)

range=min

Figure 4. Flowchart of the proposed algorithm.

B. Reference points extraction algorithm

Reference point extraction algorithm is used toraett
reference points from the radio map database. Ertla
reference points will be used during position eation.
Extraction is performed based on the range cakdlat the
range estimation algorithm and informations abbatarea. In
the first step the algorithm extracts from the oadnhap
database all the reference points which are withenrager
from the last position estimate.

When all the reference points within the rangeeatteacted
algorithm choose points which are in the same ramsn
previous position estimate. In case, that soménefeixtracted
reference points are in other rooms, algorithm wates the
distance from the last position estimate to thersldmtween
the two given rooms and the reference point. Ifagaleulated
c;jistance is lower than the range estimate the arfer point
will be used during the position estimate.

IV. SIMULATIONS AND MEASUREMENTSSCENARIOS

Function of the proposed optimization algorithmsswa
the first step investigated in the simulations. @ation model
was created in the Matlab environment. In the shtioh the
Multi Wall and Floor (MWF) propagation model wasedsto
calculate the average RSS values. These RSS valees
affected by the random number with the lognormsiritiution
to simulate fluctuation of RSS measurements inréla¢ world.
Area where the positioning process was simulatesth@svn in
the Fig. 5.

X,
251
20
151
101
e
5
0
0 10 20 30 40 50

Figure 5. Area in the simulations.

The simulation scenario was proposed to evalugtadtof
the two main parameters which affects the sizerafdéo map.
Positioning process was simulated on the track lwhansists
of the 125 points (shown as black x in Fig. 5). @ations
were performed for the different number of the mefiee points
and different number of APs covering the area.

After the simulations the optimization algorithm swva
implemented into the WifiLOC positioning systemyéd®ped
at University of ZilinaChyba! NenaSiel sa Ziaden zdroj
odkazov. This positioning system was used to perform real
world measurements to validate the function of the
optimization and its impact on the accuracy of fRBF
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localization algorithm. Area where the real worldoptimized RBF algorithm. Accuracy of optimized RBF
measurements were performed is shown in the Fig. 6. algorithm was compared to accuracy of WKNN algonith
using the same measured data.

e o o eofe e o °
V. ACHIEVED RESULTS

° L) [ ) °
..__0_}. e |e [ ] L] el [ ] [ ] [ ] . . . . . .
In this section results achieved in the simulatiamsd

e L"<—"| ° ﬁ’ ﬁ‘ ° ﬁ’ m. 'ﬁ T_ e measurements will be introduced and discussed. |&iimns

are aimed mainly to the impact of the optimizatiom the
o o o beeteee et S computational complexity of the RBF algorithm. O tother
e o lo o ol e hand measurements are aimed to evaluate impaosiioning
on the localization accuracy.

[ ] [ ] [ ] [ ] [ ] [ ]
e Reference point ~ -——  Track A. Smulation results
In the simulation scenario the impact of the sifeaalio
Figure 6. Area where the experiments were performed. map on the complexity of RBF algorithm was investigl. In

the simulation the number of APs was changed frono125

Performed measurements can be divided into the twand number of reference points in the radio map atasged
scenarios. The first scenario was proposed to etelu from 538 to 778 with step of 30. Simulations weegformed
optimization impact on the accuracy and the conmiplef the  on a laptop equipped with Intel Core i5 CPU (sintiieead
positioning system WifiLOC. Measurements in thiersrio  uysed) and 4GB RAM. Achieved median of computinggtiior

were performed during the working hours of the daythere  both basic and optimized RBF algorithms can be $edhe
was large number of moving people in the area adlivation.  Fig. 8.

Measurements were done at the track shown in Fig. 6 i ,
From the figure it can be seen that both number of

Complexity of the positioning system was measungthe  reference points and number of APs in the area mapact on
time measured from the positioning data transfertite  the complexity of the basic RBF algorithm. On tlieep hand
receiving of the position estimate. Measurementsrewe optimized RBF algorithm has mostly the same comjurta
performed for three different communication tecligags i.e.  complexity in all cases.

Wi-Fi, UMTS/HSPA and EDGE. Sequence diagram of time

measurements is shown in the Fig. 7.
[ |easicrer

- Optimised RBF

From the figure is clear that complexity grows &ng with
both parameters of the radio map size. It can benasd that in
real world applications with higher number of refece points
also the number of APs will grow, since in the remgas new
APs will be in the rage.

¢ Visualization

USER APPLICATION SERVER z 50
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I I I p=t
| | | S
I _ I I g 30
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Figure 7. Sequence diagram of time measurements.
Since complexity of the optimized RBF algorithm is

In the second scenario the accuracy of optimized= RBchanged based on the range, from which the referpomts
algorithm was tested in the different signal pragen are chosen for the position estimation. In the Mgthe
conditions using two different devices. In this rs@@0  computation times achieved in all positioning stegs shown.
measurements were performed at the same trackpevious In this case, the number of APs was set to 10 amdber of
scenario, using two devices at the same time. Mea®nts reference points in the radio map was 538.
were performed during the working hours of a dag daring
the evening, when the building was almost emptyis Th
scenario was proposed to evaluate impact of therdiit signal
propagation conditions caused by the moving peapid
impact of use of the different devices on the amcyrof
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Figure 9. Impact of the optimization on the complexity of tRBF
algorithm.

From the figure it can be seen that complexityathtbasic
and optimized RBF algorithms is the same during ftrst
position estimation process, this is due to lacknfdrmation
for the optimization algorithm. In all the next $e the
computation time decrease dramatically when thémiped
RBF algorithm is used. Fluctuations of the compatet times
shown in the figure are probably caused by the quses
running in the background of the operation system.

From the results achieved in the simulations tléar that
optimization algorithm helps to significantly dease
computational complexity of the RBF algorithm ire tthynamic
applications. Important is the fact that complexity the
dynamic part of the localization seems to be immtome¢he
changes of the radio map. This is due to low coriyl®f the
optimization algorithm and low complexity of RBF ¢ase that
size of the radio map is small.

B. Measurement results

Real world measurements were performed at the hgitye
of Zilina campus. Radio map was created using Sagsu
Galaxy Tab 10.1 P7500 device. In the area totalusmof 43
APs was detected, in average 10 APs were in ramgeaich
reference point. At each point of the radio mapsatples of
RSS values from APs in the range were measurettelfirst
scenario during the localization phase mobile dewigas
represented by the Sony Ericsson Xperia ARC. Dffer
device in this phase compare to offline phase vgasl without
any additional calibration. Cumulative distributitmction of
the achieved localization error is shown in Fig. 10
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08F---- - I-= === + - = B ettt St |

| | | | | |
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30-6 I | I | i | i
S 05— — — — 1o [ = O B e |
-80'5 | | | | | | |
oar——-odo e |
03r-—--- Tod-Jm - L Bttt St
P U N o e S AR B — Optimized RBF |

' | | | — Basic RBF |
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0 I 1 | 1 1 1 |

0 1 2 3 4 5 6 7

Localization error [m]

Figure 10.Impact of the optimization on the accuracy of tiFRalgorithm.

From the achieved results it can be seen thatitadiain
error was slightly increased when optimized RBFoatgm
was used to estimate position of mobile device @megbto the
basic RBF algorithm. It is assumed that the diffieee in
achieved localization accuracy is caused by filggrout of
some reference points used in the position estimaty the
basic RBF algorithm.

During this scenario the delay in position estimativas
also measured at the mobile device side. Achieived delays
for the different communication technologies arevah in
Tab. 1.

TABLE I. POSITIONING DELAY FOR DIFFERENTTECHNOLOGIES
EDGE | UMTS/HSPA Wi-Fi

At[ms] | 1302.41 348.48 161.23 |  Optimized

o[ms] | 238.64 67.9 81.79 | RBF algorithm

At [ms] | 1353.22 380.65 193.26 Basic RBF

o[ms] | 242.01 68.8 82.36 algorithm

From the table it is clear that the time of positig was
slightly decreased when optimized RBF algorithm waed.
The difference in position estimation delay is ab80 ms.
Difference in the delays should be even higheragecahat size
of the radio map will be increased and more deweidissend
requests to the localization server. It can alsed®n that the
delay achieved using EDGE communication technoldsgy
much higher compared to Wi-Fi and UMTS/HSPA
technologies. Since the delay achieved by the EDGE
technology is higher than 1 s this technology isfaasible for
the dynamic applications. High delay is caused malk
transfer speed of the EDGE communication technology

In the second measurement scenario two differevicele
were used during the localization phase at the dame The
same radio map as in previous scenario was usesl.fifidt
device was represented by the same Samsung Gakxy T
which was also used during the offline phase tatereadio
map and Sony Ericsson Xperia ARC was again usetheas
second device without any additional calibration.
Measurements were performed at the same time oh bot
devices. In this scenario the localization errohieed by
optimized RBF algorithm was compared to the peréoroe of
the WKNN algorithm. Achieved results can be seenah. 2.

TABLE II. ACHIEVED LOCALIZATION ERROR
Localization error [m]
Device Conditions RBF WKNN
Median | Max | Median| Max
Daytime 3.56 9.02 3.42 9.50
Samsung -
Evening 2.48 5.98 2.85 6.05
Sony Daytime 2.87 731 | 489| 10.92
Ericsson | Evening 497 | 11.47| 6.60| 14.01

From the achieved results can be seen that optiniREs
algorithm achieved higher accuracy compared to WKNN
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algorithm in all cases. When the same device wad irsboth
online and offline phase (in table marked as Samgjstine
localization accuracy achieved by WKNN algorithm swa
almost the same. When different devices were us$ed t

(1]

localization accuracy achieved by the optimized RBF2]

algorithm was significantly higher compared to aecy of the
WKNN algorithm. It is clear that RBF algorithm aetied
more stable results when different devices weré dseing the

online phase of the localization process.

Interesting is a fact that the accuracy of botlo@ddgms in
the evening was higher when the same device was insa
both phases and was lower when the different deweere
used. This is probably caused by the low numbededécted
APs during the measurements in the evening on they S

Ericsson device, which is caused by smaller antgaira

From the results achieved in measurements and aions
it is clear that proposed optimization algorithmlipise to
significantly decrease computational complexitytioé RBF
algorithm. Positioning error of the algorithm iggktly higher,
which can be caused by removing of some referendetsp
which were used during position estimation in tlasib RBF

algorithm.

VI. CONCLUSION ANDFUTURE WORK

In the paper the optimization algorithm for a radimap
reduction was proposed to decrease the computhtion
complexity of the RBF algorithm. Function of thetiogization
algorithm was tested in both simulations and the weorld
experiments. From the achieved results is cleat the
the RBF algorithm was
significantly decreased using proposed optimizagigorithm.
We can conclude that the proposed optimization ralgo
allows use of the RBF in dynamic applications, wehéne

computational complexity of

delay in the position estimation must be minimized.

The optimized RBF algorithm achieved slightly lower
localization accuracy, which is caused by the fhet lower
number of reference points is used during posigistimation.
Results shown that accuracy of the optimized RBBri¢thm is
slightly improved, when compared to WKNN algoritimcase
that the same device was used in both online ditideophases

but is significantly higher when different devicgsre used.

In the future work we will focus on the improvemeftthe
algorithm from the accuracy point of view and depahent of

the tracking and navigation system based on the. RBF
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