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Abstract—This paper evaduates the performance of a nove
agorithm for tracking of a mobile node, interms of execution time
and root mean square error (RMSE). Particle Filter algorithm is used
to track the mobile node, however a new technique in particle filter
algorithm is also proposed to reduce the execution time. The
stationary points were calculated through trilateration and finally by
averaging the number of points collected for a specific time, whereas
tracking is done through trilateration as well as particle filter
agorithm. Wi-Fi signal is used to get initial guess of the position of
mobile node in x-y coordinates system. Commercialy available
software “Wireless Mon” was used to read the WiFi signal strength
from the WiFi card. Visua C++ version 6 was used to interact with
this software to read only the required data from the log-file
generated by “Wireless Mon” software. Results are evaluated through
mathematical modeling and MATLAB simulation.

Keywords—Particle Filter, Tracking, Wireless Loca Area
Network, WiFi, Trilateration

|. INTRODUCTION

VERY mobile node has wireless sensors which have very

limited resources, such as energy and communication
bandwidth. They aso have Ilimited sensing and
communication ranges. Therefore, the issues that are related to
these limitations need to be investigated before using these
sensors in a specific application.

In this paper, we focus on mobile node tracking using Wi-Fi
signals from three Access Points (APs) that are deployed in an
area of interest. Laptop is used as a mobile node and wireless
Local Area Network (WLAN) card is used as a sensor which
processes its raw observations. The non-linear, fluctuating
natures of radio signals, and their sensitivity to interference,
dead spots and reflection, are well known [1]-[3]. In a
structured environment such as our test area, multi-path fading
isaso an issue [4]. Thus radio propagation is complex enough
to render analytic models impractical. The observation model
must be built empirically, by sampling from the environment.

Probabilistic techniques such as the Bayes filter [5] are an
attractive option to cope with the uncertainty inherent in
sensing and action, and allow us to perform global localization
with noinitial estimate of mobile node pose.

In the present work, we choose to represent the belief
function associated with the mobile node’s pose by samples
(or particles). A particle filter [6, 7] was chosen because of its
ease of implementation [8] and fast real-time properties. The
mathematical basis for our implementation of the particle filter
is standard [8]. To reduce the hardware and computational
complexity conventional particle filter algorithm is modified
which will be discussed briefly in the next section.
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The problem of mobile node localization has been studied
in great depth. Research focusing on single-node localization
with prior map knowledge includes [5, 9]. The problem of
wireless signa-based localization indoors has been recently
studied [10, 11] and is becoming particularly relevant given
the recent proliferation of WiF technology (particularly
802.11b). It is interesting to note that such technology could
also be used to localize people using WiFi connectivity in a
building. In fact, the robot localization problem is easier than
the people-localization problem since it is possible to easily
build a motion model for robots, and to equip them with
motion sensors, which can use such a model. Previous
attempts in WiFi-based localization have used data readings to
model signal strength observations [10] as well as more
general models that use the geometric properties of the indoor
environment [11] together with knowledge about the wireless
card and AP hardware characteristics. Our approach is similar
to the approach in [10] in the use of a Bayes filter; however
instead of using prior knowledge of signal-strength maps for
all APs to construct the observation model, we have collected
the data empirically and made the propagation model of the
area. We incorporate a motion model into the localization
estimate. We aso explore the behavior of WiFi signal in the
presence of different reflecting materials and objects. In one of
the empirica methods studied in [11] for tracking wireless
device users in a building, no Bayes filter was used and
localization was performed by triangulation only. As more
research effort is devoted to Wi-Fi location, it becomes
increasingly important to compare agorithms fairly on
common data sets taken under known conditions. The only
previous effort in this regard of which we are aware is [12],
which compared three different Wi-Fi location algorithmsin a
single-floor office building. The results revealed the behavior
of the Wi-Fi signal, channel model and the performance of the
filter. Our results show that accurate locdization (= 3m) is
achieved in most test cases and reasonable time is reduced for
execution of the algorithm.

I11.PROBLEM FORMULATION

We examine the problem of single mobile node locdlization
using wireless signal strength as the only sensor available on
the mobile node. Prior signa strength data are gathered on
which the observation model is based. The mobile node starts
with no idea about its location and moves about the
environment guided by a human controller. The locdlization
computation is done offline in the experiments reported here,
but is fast enough for the technique to be adapted for online
use. The stationary points were calculated through trilateration
and finally by averaging the number of points collected for a
specific time, whereas tracking is done through trilateration as
well as particle filter algorithm.

A. Assumptions

We make a nhumber of assumptions in our approach. The
environment is assumed to be static with sparse activity if any.
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Wireless AP signals in any given area of the emvitent are
assumed to be time-invariant in the absence ofference
and signal absorption by humans. We assume therenar
large variations in signal strength over small atises. The
robot is assumed to move in a smooth, continuouseraand

is constrained to be somewhere in the area of d@ster

Observations are assumed to be independent. kbence of
a robot, the effect of human proximity was elimathbefore
accepting the data for modeling by rejecting thiéaihand

final 10% samples at a point. We also neglected datlaws

present in the area. In the light of these firsteor
assumptions, the
encouraging.

B.The Particle Filter
Particle filter [7] is a practical algorithm to sel Bayesian

pose. First the weighted mean can be used; setbadest
particle (theP; such thatw; = max (w;,) : k = 1.M) and,
third, the weighted mean in a small window aroune best
particle (also called robust mean) can be usedh Baethod
has its advantages and disadvantages. In this vesdond
method i.e. weighted mean has been used.

1) Prediction: In order to predict the probability distribution
of the pose of the moving node after a motion ther need
to have a model of the effect of noise on the tewylpose.
Many different approaches have been used, moshimhwise
n additive Gaussian noise model for the motion. Arbjitrary

results from experiments are quitotion [Ax,Ay]" can be performed as a rotation followed by a

translation. Mobile node’s initial pose is given [y, Ay, 8]".
First mobile node rotates b3 = 8, — 8 wheref,= arctan

Ay/Ax to face the destination position, and then it states

probability ~problem, also named conditional density,.arq by distancep = m . If the starting pose is

propagation condensation algorithiihe so-called patrticle,

which is described as small-scale filter, can besiered a
representative a point of the target's state. Tiher fin this
work, created in accordance to the tutorial abautigle filter
for mobile robots of loannis Rekleitis [13]. Theepented
algorithm basically tries many random poses to fimel most
suitable one. A particle is a pose associated witkeighing
function. The weight of each particle is the measof the
quality of its pose estimate and such weights {¢uality” of

each pose) are calculated using Bayesian reasoning.

The main objective of particle filtering is to “tid a
variable of interest as it evolves over time, tgllic with a
non-Gaussian and potentially multi model PDF. Thsib of
the method is to construct a sample-based repagenof the
entire PDF. A series of actions are taken, eachnoodifying
the state of the variable of interest accordingdme model.
Multiple copies (particles) of the variable of irest are used,
each one associated with a weight that signifiesqtmality of
that specific particle. An estimate of the variabfenterest is
obtained by the weighted sum of all particles. Taeticle
filter algorithm is recursive in nature and opesaia two
phases: Prediction and Update. After each actiach particle

is modified according tohe existing model (prediction stage).

Including the addition of random noise in ordesimulate the
effect of noise on the variable of interest. Thaoteparticle’'s
weight is re-evaluated based on the latest sensfogmation
available (update stage)At times the particles with
(infinitesimally) small weights are eliminated, eopess called
resampling.

More formally, the variable of interestt = x*,y*, )% at
time t=k is represented as a set of M sampl¥s= [X, W}/]

[Ax,Ay,0]", the resulting poséx’,y’8,]" is given in (1).
consequently, the noise model is applied separttedyach of

the two types of motion because they are assumed
independent.

x X + pcos ék
y|=|y+ psind, (6
o' O

2) Rotation: When mobile node performs a relative
rotation bysé the noise from the odometry error is modelled
as a Gaussian with meai,(;) experimentally established
and sigma proportional ®6. More formally, if at time = k
mobile node has an orientatiép then after the rotation (time
t = k + 1) the orientation of the mobile node is given by. (2
Therefore to model the rotation 68, the orientatiord; of
each particlg is updated by adding@ plus a random number
drawn from anormal distribution with mean M,,, and
standard deviatiow,,; 80 68 (N[M, o, 0ror 660]), Where

Orot IS in degrees pe&60°).

§k+1 = ék +686 + N(Myot, Oror 69) (2)

3) Translation: Modeling the forward translation is more
complicated. There are two different sources abretthe first
related to the actual distance travelled and tlwerse related
to changes in orientation during forward transkati®uring
the translation the orientation of the mobile nateanges
constantly resulting in a deviation from the desiddrection
of the translation. Such effect is called drift amd model it
by adding a small amount of noise to the orientatié the

. j=1,2,3...M) where the indeXj” denotes the particle and mobile node before and after each step as wethgifintended

not the mobile node, each particle consisting obpy of the
variable of interest and a weighwj(‘) that defines the
contribution of this particle to the overall estimaof the
variable.

Given a particle distribution, actions need to ddeeh based
on the mobile node’s pose. Three different methods
evaluation can be used in order to obtain an estimthe

distance ip. The actual distance travelled is given bplus
some noise following a Gaussian distribution. Ekpental
results provide the expected value and the standiewthtion
for the drift and pure translation. Because itaésydifficult to
analytically model the continuous process, a sitiaras used
that discretizes the motion the K steps, where khigsen to
be low enough for computational efficiency but higimough
in order to describe the effect of noise in forwahslation.
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If [ Otransiation arire] @re experimentally obtained values per

distance travelled then at each step of the simoulathe
standard deviation used is given in (3) and (4).

Otrs = c’-tra.nslal:ion\/E 3
Oarift = Oarifty K/2 4)

4)Weight Update:In conventional Particle Filter every

particle is assigned a particular weight as perEhelidean

distance from the point sensed by the sensor. @awuss

function is used for the purpose as given in (5).

R
W = m e 202 (5)

4 Maximum Weight

i Minimum Weight
Fig. 1 Triangulation Weighting Function

IIl.  SYSTEM ARCHITECTURE

The accurate positioning of a particular device isnajor
challenge. State-of-the-art wireless tracking tetbgies, such
as wireless sensors and proprietary WLAN basedosgns
typically require a costly dedicated network infrasture.

5)Resamplingit is depletion and replication phase and iffowever, a 802.11 based tracking system, can beoykp

this phase we replicates the particle with greateights and
dropped the particles with lower weights, howevegrall the
total number of the particles remain same. Finalye

without significant additional cost. Since many Idings are
now rapidly deploying facility-wide 802.11 WLAN
infrastructures, a WLAN based tracking approach Ildiou

compute the mean of the PDF to get the actual point provide a cost-effective solution that takes adages of their
position of the mobile node at a particular inseaas shown wireless infrastructure for tracking.

in Fig. 1.
C.Proposed Method

A.Access Points APs
A real-time system based on an existing 802.11

It is a simple method in which exponential and kigh infrastructure is deployed in order to track WLA&bS. WiFi

powers are avoided as in case of Gaussian weightimgion.
In this method we place a triangle with the ceateorigin as

routers are used as APs. The first step of theogamnt
procedure is the data collection phase. Once the Weére

shown in Fig. 2.The sensed particle is placed at the middlgstablished on known positions, the Received Sigtraingth

and predicted particles are assigned weights aicgpttd the
Euclidean distance from the sensed particle. Pantbich is
on the exact centre in other words at the exacttpahiere the
sensed particle is placed, will get the highestgiveand the
particle placed at the maximum distance i.e. atdX'shown in
Fig. 2, will get minimum weight. All those particlevhich are
out of range i.e. ‘X', will be dropped or neglected their
contribution in formation of overall PDF is neglig.

Mathematically triangulation weighting function ggven in

(6).

w=1- 2l )
‘W’ is the weight, X’ is the sensed particley,’ is the
predicted particle and ‘X’ is the range of weiglgtimindow
used to normalize the weights.

4 Depletion
Weight

i
i
B
'Y Y YY v
Assignment ? i
Replication §
O&%ED [aX #Xa]

Fig. 1 Resampling process: Starts with ten pagiaksigning them
weights and after depletion and replication agamgarticles are
received

(RSS) values were collected from the APs as a ilomaif the
mobile node’s location and orientation. From the
measurements, we noted that the RSS values at en giv
location vary significantly depending on the mobNede’s
position. Thus, RSS values were collected at a munab
selected physical locations on the ground. Aftee thata
collection phase, the RSS values were imported th®
positioning engine and processed to enhance theramc of
location estimation. After constructing a databageRSS
measurements, along with their known 2-dimensional
locations and orientations, called Look-up table system
can estimate mobile node’s position by comparing th
measured RSS data to the known values in the Lpotahie

or database. To reduce the computation cost, thectsas
performed only on some portion of the RSS measunésria
the database. If mobile node’s previous locaties it a point

P, then the search space is limited to its neighmgppoints
within the distanced from P. These neighboring points are
grouped into clusters based on their physical desg For
each cluster, the most probable location of theilmatnde is
calculated based on the Euclidean distance of RSS
measurements.

B.WiFi Received Signal Strength Indicator (RSSI)

Laptop is used as a mobile node to move arounkeratea
iluminated by the APs. Commercially available safte
“wireless Mon” is used to read the WiFi signal sgth from
the WiFi card. It generates a log file in a paiteéctfile folder
as per the path given to it with AP’s name, daiteetand
signal strength etc. A code, written in Visual G#e¥sion 6, to
interact with this software and read only requidata from
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the log file so that the signal strength of eachigRcquired
and is converted into distance with the help ofkLap table.

C. Signal Propagation model of the Area
Collecting the RSS database empirically is perfatrbg

No:4, 2012

distances from node N to each of the other nodes,arb,,
¢, and so on. The trilateration problem is to finide t
coordinates of nod& = (n,n,) from the given information.
Calculations of coordinatés andY is given by (7) and (8).

war-walking or war-driving. The process entails atxp (g —x)(E —12) s —

A N , X, = ATXs B~ X))a —18) VB }'A\/[(T T — Y@ — (g — )]
systematically measuring RSS data from the detkct&B’s 48 2 2d2 +2a2 aTTs BT
over the area where localization is to be perfornizth RSS L (7)
measurement is tagged with a location referencestoréd as vy, = %4 ;yﬂ Os _y';)d(:’* i ) £ A [+ 752 = @ — 5~ T2
tuples of the form {RSS, Location}. The processraasuring ©)

the RSS’s is time consuming, however, it is esakffbir the
calculation of the distance. There are two methodsalculate
the distance, firstly, either by making a lookupbléa
mentioning the distance against the RSS basing hen
empirical data collection and secondly, a modetbwmparing
and observing the relationship between the themaletand
empirical data i.e. the theoretical value of thestatice
calculated by the mathematical equations with thange of
RSS by increasing the distance. By using thesardiss and
already known APs location with the help of trilaton
method, the location of mobile node is calculated.

D. Trilateration

In this paper trilateration approach is proposed
determine the position (two dimensional locatios:and
Y Coordinates) of a mobile node using received sigtrahgth
indicator (RSSI), received from a fixed set of asc@oints
with known locations. The proposed algorithm emplale
Particle Filter to generate a better estimatiorR8SI and of
the distance calculated from RSSI.

Fig. 3 Trilateration

In this phase the distance between mobile devideaaness
point (AP) is estimated based on the signal sttengteived
by the device. The power of the transmitted signain the
AP is different from that received at the mobilevide, due to
attenuation and other factors. The received sigtia@ngth
indicator (RSSI) of an AP at a location is an irdigr of how
strong the signal from that access point is at lthetion.

IV. RESULTS

The objective was to simulate the process thatotle@
treasonable level of accuracy in order to compretelystest
the proposed methodology in real-time scenariavds also
necessary to maintain a certain degree of realishilew
ensuring the possibility of occurrence of worstecasenario
without design. Accordingly, maximum randomness was
incorporated in throughout the process, whereadomaness
was within the bounds of the MATLAB software used.

The system used for achieving the results giveDE&L
Inspiron mini-10 laptop with genuine Windows XP SP2
having a 1 GB of RAM and an Intel Atom processarning
%t 1.6 GHz. MATLAB was used to carry out simulascend

Microsoft Visual C++ version was 6.0

A.Track Generation

A path of a mobile node is generated by using remdata.
In initial tests, 100 points are taken. The resultRath is
plotted in a curve form and is shown in Fig. 4.

Path to be Tracked in 2-D Platform
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Fig. 4 Path Created Using Synthetic Data
B.Tracking using Gaussian weighting function
This is an existing method for giving weights toclea
predicted particle as per the Euclidean distancen fithe
sensed particle, in conventional particle filtegalthm. In
this method Gaussian expression is used (5) focdlmilation

A nodeN has determined the distances from itself to eacif the weights of each predicted particlehe result with
of three (or more) other nodeBB’ C’ and so on Flgs The Gaussian We|ght|ng function is shown in F|g5 Reghows

other nodes' geographic locations (coordinates) ka@wvn:

A = (ayay),B = (byby), C = (cccy), and so on. The

the original path of the mobile node generatedgisiynthetic
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data, and blue ‘0’ shows the output of the partifileer
algorithm with Gaussian weighting function.

Motion of mobile platform in 2-D
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Fig. 5 Tracking Using Gaussian Weighting Function

C.Tracking using Triangular weighting function

The result with Triangular weighting function isostm in
Fig.6. Where red ' is the original path of the hbile node
generated by using synthetic data and blue ‘o’tlaeeoutput
of the particle filter algorithm with Triangular vehting
function.

Mobile nodes are generally battery powered. Thécafi
aspects to face concern how to reduce the energguaaption
of nodes, so that the node’s lifetime can be exdntb
reasonable times. Typically, a mobile node includese
basic components: a sensing subsystem for dataséiu
from the physical surrounding environment, a preces
subsystem for local data processing and storagd, an
wireless communication subsystem for data transomssn
addition, a power source supplies the energy neégethe
node to perform the programmed task.

Motion of mobile platform in 2-D
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Fig. 6 Tracking Using Triangular Weighting Function

In case of Particle Filter (PF) we need to assigights to
each particle for the estimation of a single lamatiln our
proposed system, there are about one thousandleartn
each estimate. Gaussian window method is usedsfigraing
weights, whereas triangular weighting function isgosed in
this work to reduce the computational complexityiafigular
weighting function requires comparatively lesseeexion
time than Gaussian weighting function, at the adsa slight
increase in RMSE.

V. CONCLUSION

In this research work, a filtering algorithm is geated for
the localization of mobile node, without any coastt or
assumption about the node mobility model. Our apgino
relies on an analytical evaluation of the pertudratof the
received signal strength from IEEE 802.11 accessitfo
Based on signal strength measurements, the algosdtims to
correct the estimated node position in real tintee Proposed
method has the advantage of being based on aralytic
calculations, which gives closed formulas for thesipon
estimates. Therefore, the implementation of therélgn is
simple and suitable for nodes of limited computagigpower,
while still sufficiently accurate for use in indoor outdoor
environments. The performance of the proposed itgoris
evaluated with numerical simulations. The resulighlight
that proposed algorithm results in lower executiore at the
cost of a slight increase in RMSE.
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