
 

 
  

 

  

P

Abstract: Thi
tracking. Part
filter is fusin
solution based
maximum like
range measur
and the infrast
Keywords: Pa
Personnel Loc
 
1. INTRODU
 

The terms
be heard frequ
electronics ha
the smart cit
persons, users
facility to loc
system. 

The use o
due to high en
During last 
development 
usually consis
(BN). RN kno
administrator 
supreme posit
measurements

The availa
equipped with
memory) enab
location algor
communicatio
involve comm
offers. The 
accelerometer)
estimation ac
independent o
received sign
which is givin

The Bayes
system dynam
Particle Filter 
able to deal 
restricted only
 
2. THEORE
 

2.1 Maxim
MLE (Fo

maximization 
the statistical 
log-normal sta
obtain equatio

PARTICLE

KANA, 

is paper deals
ticle filter is the
ng the system 
d on pedometer
elihood estimat
rements (receiv
tructure of refe
article Filter, 
calization and T

UCTION 

s ubiquitous ser
uently nowaday
s enabled to sta
ty concept. Th
s, inhabitants a
alize this perso

of Global Posit
nergy consump
years many 
of local posit

sts of reference 
ows their actua

at the installa
tioning system
s of ranges to RN
able computatio
h powerful pro
ble the use of m
rithms (LA). Si
on standard to
munication inf

application o
) can bring e

ccuracy. On th
on the wireless 
al strength (R

ng back only ver
sian Filters (BF

mics model (iner
is very promis
with non-line

y on the Gaussia

ETICAL PRE

mum Likelihoo
ox et al., 20
of the probabi
character of p

atistical model 
on (1). 

Annals of DA

E FILTER 

 Z[denek]; B

s with persona
e backbone of 
dynamics mod

r and velocity m
tor (MLE) outp
ved signal stre
rence nodes wi
Maximum Lik

Tracking 

rvices or perva
ys. The fast gro
art realising the
hese services a
and are locally 
on - user is cru

tioning System
ption and outdo

effort has be
tioning system
nodes (RN) an

al position, whi
ation of netwo

m. BN calculate
RN. 

onal resources 
ocessors and su
more complex, 
ince the device

o access data, 
frastructure in 
of inertial se
effective increa
he other hand
standard is lim

RSS) range me
ry perturbed da

F) can be used t
rtial sensors) an
sing non-param
ear system dyn
an beliefs.  

ELIMINARIE

od Estimator 
003) is comi
ility of location
ropagation cha
for RSS (Hash

AAAM for 2010 & 
ISBN 978-3-90

BASED AL

RADAC, Z[d

al localization
our algorithm.

del dead recko
motion model w
tput. MLE uses
ength methodo
ith known positi
kelihood Estim

asive computing
owth in the fie
ese ideas, whic
are directed a
determined. S

ucial feature of

m (GPS) is imp
or usage restric
een concerned

ms (LPS). The 
nd blindfolded n
ch can be set u
ork or acquire
es its location 

(modern PDA
ufficient amou
precise and rel

es usually use 
the possibilit
the location 

ensors (gyros
ase of the pos
d, the need t
miting our effor
easurement me
ata.  
to fuse the data 
nd LA together

metrical BF, whi
namics and is

ES 

ing out from
n solution base
annel. If we us
hemi, 1993), we

Proceedings of the 
01509-73-5, Editor 

Make Harm

LGORITH

  

denek]; FIED

 and 
 This 
oning  

with a 
s the 

ology) 
ion. 

mator, 

g can 
eld of 
h fits 

at the 
o the 
f this 

roper 
ction. 
d on 

LPS 
nodes 
up by 
ed by 

from 

As are 
unt of 
liable 
some 
ty to 

task 
cope, 
sition 
o be 
rts to 

ethod, 

from 
r. The 
ich is 
s not 

m the 
ed on 
se the 
e will 

2
T

popu
weig

 

W
repre
distr
nonl
PF c

 

 

 

 

I
(4), 
x(t-1
inclu
impo
This
repre

2
T

com
desc
• S

c
• M

b
d

• L
b
m

T
dij b

21st International D
B. Katalinic, Publis

mony Between Tech

  

HM FOR PE

DLER, P[etr] 

[ 1 ;,..., n yxx

2.2 Particle Fil
The PF (Arul
ular type of BF
ghted random st

(X

be

Where δ rep
esentation can
ributions, than o
linear state tran
consists of these

,...,1[ Mm =∀

(tΧ

Mm ,...,1[=∀

Initially, there 
each based on 

1)[m] and syst
ude the measur
ortance factor w
s step is called 
esenting the re-

2.3 RSS Based
The (indoor) 

mplicated, rando
cribed three typ
Small-scale va
caused by mult
Mid-scale varia
by shadowing 
differences. 
Large-scale var
between nodes
measured param

The large-scale
etween nodes o

DAAAM Symposiu
shed by DAAAM In

hnology and Nature,

ERSONAL

& CHOMAT

]
[

=
,...,

1 ar,...,
1x

nyy

lter 
ampalam et a
F. It represents
tate samples dr

( ) ( ) (xtxt ]2[]1[ ,=

( )( ) ∑
=

=
M

i

wtxel
1

[

presents the D
n incorporate
only Gaussian, 
nsition transform
e steps (Thrun e

:]M ( )][ ≈ ptx m

( ) (( typtw m][ =

) ( ) xtt m[+Χ=

drawM :] i with

add ( )tx i ][ t

is generated a
the control u(t

em dynamic 
rement y(t) into
w(t)[m] is calcu
importance sa

-sampling proce

d Range Measu
wireless radio

om and time-va
es of variations

ariations (fast f
ipath character 
ations (slow fad
and terrain con

riations (path l
s is changing 
meters. RSS LA

e variation in p
observes inverse

um, Volume 21, No
nternational, Vienn
, and Your Mind wi

Annals of DA

L TRACKIN

T, L[udek] 

]⎢
⎢

⎣

⎡

⎜
⎜

⎝

⎛

,...,;,

~
lnminrg

1 i

i

yyx d

d

nn

al., 2002) is n
s the posterior 
rawn from this p

( ) ( )txt M ][,...,  

( )− ii xx ][][ δ  

Dirac delta m
e much broa

and enables th
mations. The b
et al., 2005): 

( ) ( )( ,| [xtutxp m

) ( ))txt m][|  

( ) ( )twt mm ][] ,  

h yprobabilit ∝

to ( )tΧ  

a set of M hyp
t), particles fro
model p(x(t)|u

o the particle se
ulated in (5) for
mpling. Steps 
edure. 

urement 
o propagation 
arying environm
s in this channel
fading): These 
of the channel.

ding): They are
ntours and may

loss): The incre
the channel’s 

A are based on t

power path-loss
e-exponential p

. 1, ISSN 1726-967
a, Austria, EU, 201
ill Fly Free as a Bir

DAAAM Internationa

NG 

⎥
⎥

⎦

⎤

⎟
⎟

⎠

⎞
2

2
,

2
,

ji

ji  (1)

nowadays very
by a set (2) of
posterior (3): 

(2)

(3)

measure. This
ader area of
he modelling of
basic variant of

( ))1] −t  (4)

(5)

(6)

( )tw i][∝  (7)

(8)

othetical states
om the last step
u(t),x(t-1)). To
et, the so-called
r each particle.
(7) and (8) are

channel is a
ment. There are
l: 
variations are

. 
 mainly caused
y exhibit great

easing distance
structure and

this fact. 

s over distance
pattern (9). 

 

9
0

rd
al

) 

y 
f   

) 

) 

s 
f 
f 
f 

) 

) 

) 

) 

) 

s 
p 
o 
d 
. 
e 

a 
e 

e 

d 
t 

e 
d 

e 



 

 

 

 ( ) ( )
0

,
0, log10

d
d

ndBmPdBmP ji
pji −=  (9) 

 
Since wireless radio channel is a complicated environment, 

the logical way of describing such an environment is by a 
statistical model. There can be used a log-normal (Gaussian in 
dB) distribution for modelling the measurement errors (10). 
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The probability of received power has Gaussian probability 

density function (PDF) with mean Pij(dBm) and variance σ2
dB 

(the standard deviation is in literature described as constant 
with distance and typically between 4 and 12 (Hashemi, 1993)). 

 
3. ALGORITHM CONCEPT 
 

The LA could be divided on subsequent parts, which form 
two layers (see Fig. 1). 

The lower layer is based on MLE. This algorithm uses RSS 
range measurement methodology and the known position of RN 
to estimate the unknown BN position. 

The main part of upper layer is PF. PF fuses the system 
dynamics solution (prediction step) with the correction step, in 
our case represented by the lower layer (MLE). 

The inputs to the system dynamics model is formed by the 
dead reckoning system with underlying velocity motion model. 
The velocity motion model computes the new position based on 
the previous position, horizontal angular velocity integration 
and the linear shift (one foot step length). The prediction step is 
enumerated whenever is by the pedometer detected the person 
step. Measurements from accelerometer and gyroscope must be 
preprocessed first. The forward and vertical acceleration is 
needed for pedometer and horizontal angular (rotational) 
velocity and step length is needed for dead reckoning system. 

The final position is computed during the correction 
(measurement update) step of PF. 

 

 
Fig. 1. Two level tracking engine  
 
4. OFF-LINE ALGORITHM EVALUATION 
 

The algorithm was evaluated on the reference measurement 
data set which is freely available from the German Aerospace 
Centre (Angermann et al., 2009). This data set contents these 
sensors measurements: accelerometer, gyroscope, electronic 
compass, and altimeter; supplemented with active RFID tags 
measurements, GPS and accurate ground truth. 
 

 
Fig. 2. Algorithm outcomes 

 
We used accelerometer, gyroscope and RFID tags 

measurements for our algorithm testing. The outcomes can be 
seen on Fig. 2, which shows: RFID tags (rectangles), particles 
(dots), MLE outcomes (crosses), our algorithm estimation 
(stars) and the true positions (diamonds).  
 
5. CONCLUSION 
 

There can be found the numerical outcomes from our 
algorithm. Comparing it with the MLE, we see the 23.5% 
accuracy increase. 

If the system is well modelled the PF gives supreme 
outputs, since it is able to deal with non-Gaussian uncertainties 
and non-linear model. High computational demands and the 
fact that sometimes the PF doesn’t give a solution are the main 
PF drawbacks. 

 
Averaged absolute position error [m] 

Used LA MLE MLE + Particle Filter Accuracy incr. 
  1.08 0.82 23.5% 

Tab. 1. Algorithm outcomes, accuracy increase 
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