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 Abstract - Location-based service is one of the most important 
demand in ubiquitous computing scenarios. While build-in sensors on 
smartphones can be used to provide location information for 
terminals. This paper presents a particle filter, dead reckoning, WIFI 
based multimodal algorithm for indoor localization with 
smartphones, and propose a system so called ICTIPS. ICTIPS make 
use of WIFI signal strength measurements, accelerometer, 
magnetometer and gyroscope on smartphones, as well as map 
information, offering high tracking accuracy and efficiency. In 
particular, we compare different weight update strategies for particle 
filter framework and similarity functions for magnetic matching 
progress to understand the impact on accuracy and efficiency of the 
positioning system. In our real office environment, ICTIPS is 
evaluated with high quality ground truth, which provide service with 
an average tracking error around 2 meters. 
 Index Terms – Smartphone, Dead reckoning, Particle filter, 
DTW, Magnetic 

1.  Introduction 

Location-based service (LBS) has been one of the most 
popular features on mobile phones. As the basic component of 
LBS, localization and navigation largely determine the quality 
of service. In the outdoor environment, GPS or cell signals are 
commonly used, when it comes to the accurate and robust 
indoor localization case, the problem is still unsolved. 
Researchers saw the problem, and have put great effort to 
explore any available signals around or inside devices, but by 
now on, few of them have achieved the expected meter-level 
accuracy.  

In this paper, we developed a practical indoor localization 
system which relies on smartphone sensors. This system is 
able to reliably provide meter-level positioning accuracy for 
common smartphone users, thanks to its multimodal 
algorithm. Specifically, the contributions of our work are 
threefold:  

1) We designed a reliable multimodal algorithm, which is 
driven by the well-known particle filter framework [3], and 
modules like WIFI positioning, pedometer, dead reckoning, 
turning detection all together contribute to the process. 

2) We developed a fingerprinting method for magnetic 
signals [5][6][7], which is used in the weight update procedure 
of the particle filter process.  

3) We built a system for indoor positioning using 
smartphones, and demonstrated that the system can achieve 
reliable meter-level accuracy. 

In the rest of this paper, first we introduce the overall 
architecture of our indoor positioning system, and then present 
multimodal algorithms, turning detection method and 
fingerprinting method. We evaluate the performance of each 

algorithmic module and the final system, compared results of 
using different arguments in the magnetic matching step. The 
paper ends with discussions on the system and future work. 

2. The ICTIPS Positioning System 

A. Overview 
The ICTIPS indoor localization system consists of a great 

amount of modules, the pedometer, dead reckoning module, 
turning detection module, step length adapter, magnetic 
module for updating particle weights, and the most important 
particle filter as in figure 1. The system initialize location 
estimation by our old WiMap[1][2] system, which is a WIFI 
fingerprinting methods based positioning solution. And the 
positioning result is shown on a SVG-based map module. 

1) Pedometer: The responsibility of pedometer is to detect 
user step, and report to the system main logic. By each step, 
the system will performs a particle filter process, and then the 
updated position is given. By default, the step model uses a 
generic step length.  

2) Dead Reckoning and Turing Detection: The DR-
module uses data from compass, accelerator and gyroscope, 
put forward an estimated orientation of user movement, which 
is then being used to select a reliable direction depending on 
the map information. Similarly, the Turing Detection module 
also take full advantage of the listed sensors, but to notify 
sharp rotate actions.  

Sensors

Accelerator Compass MagneticGyroscope

Pedometer
Dead 

Reckoning

   Step Length
      Adapter

Turning
Detector

Magnetic
Matching

Particle Filter

Step Model

Location

Map
Information

 
Fig. 1: The overall system architecture 
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3) Step Length Adapter: To fit different user personalities, 
the system make use of both pedometer and the turning logic 
to acquire steps and distances as accurate as possible, provide 
ability of adapting step length.  

4) Magnetic Matching: Collected magnetic sequence data 
in the free space of indoor environment is put to use as 
fingerprint in the offline training phase and as measurements 
in the online tracing phase. Comparison tasks is driven by the 
DTW or extended DTW series algorithm. 

5) Particle Filter: Particle filter algorithm is selected as 
the main logic of our system, which as we all known, is a 
nonparametric form of Bayesian estimation, commonly used 
in computer vision and tracking. The algorithm integrates 
information from the dead reckoning module, pedometer, and 
magnetic matcher, to arrive at the posterior distribution of the 
position. It is modularized so that different kind of movement 
methods, constraints, and weight update strategies can be 
united or replaced as wish. 

B. Particle Filter Framework based Multimodal Algorithm 
In the following paragraphs, we describe a particle filter 

based multimodal method for position tracing. Six different 
kinds of information are used for our filter: Compass data, 
accelerometer data, gyroscope data, magnetic data, WIFI 
signals, and a map of building. The state of each particle 
consists of two pixel coordinates x and y on the map, accuracy 
estimated, a direction d, and a step length l, history state of 
each step, and history of magnetic data, all together contribute 
to the final result. 

The algorithm consists of several phases. Starting with the 
initialization, where a first set of particles is created, the 
following phases depend on the incoming data. When a step is 
detected, the move phase is carried out according to the move 
model. And weights update relies on the observation model, 
which will make full use of signals data collected. Then 
follows a resampling step, where particles with higher weight 
are split and those who bump the wall are killed. Finally the 
update phase is proceeded normalizing the weight of all 
particles according to the measurement model, and the final 
position result is packed and delivered.  

For initialization of particle filter, a fixed number N of 
particles are generated according to the following initialization 
scheme:  

1) Particles located in the certain circle area (x, y, radius), 
which is defined by the incoming WiMap positioning result. 
The x, y are the coordinates as the center point, and the radius 
is the accuracy estimated. All particles are randomly generated 
with different coordinates. 

2) Particles not on the free space are abandoned and new 
ones are created instead to match the indicated N in demand. 

3) Each particle holds a different base step length, which 
fits the following formula:  , while  is a 
random generated increment. This also guarantees diversity of 
particles. 

4) Note that all weights of particles are initialized to be 1/N. 
The move phase is triggered when a step is detected by 

the pedometer module. The compass digital direction is passed 
in as parameter, and the move direction base is picked from 

the map information, which matches the given parameter most, 
and to maintain particle variety, a Gaussian random value is 
appended. In general, particles move in the free space. The 
distance that particle shifts forward is assigned by the step 
length. Note that when a particle is detected to bump the wall, 
that means it goes out of the free space, it is marked, and its 
weight will fall to zero in the next phase. 

In the reweight phase, we adjust the weight of particles by 
applying magnetic matching on them. As each particle stores a 
list of history locations, we can easily retrieve magnetic 
samples from the database according to the given coordinates. 
Thus we use DTW algorithm to calculate the distance between 
samples and on-the-fly measurements, convert it into 
similarity, a value between 0 and 1, and multiply that with the 
current weight. Note that particles updated by smaller 
similarity can less influence the result. 

After the reweight phase, a resampling algorithm is 
carried out, including the accumulated weight matrix 
calculation and the regeneration of particles randomly. The 
accumulated matrix hashes each interval into a particular 
particle, so that particles with greater weight, which occupy 
larger interval, will have more chances to be regenerated, or in 
other words, split. 

Finally, we normalize the weights of particles according to 
the basic rules: 

	 ∑⁄ .                            (1) 

And the weighted location is updated too.  
Location(x, y, accuracy): 

∑ ∗ ,		 																													(2)	

∑ ∗ ,		 																												 (3)	

	 , 																		(4) 

C. Turning detection and Dead Reckoning. 
1) The Cartesian frame of reference of the phone is 

represented by the orthogonal xyz axes with the x-axis pointing 
to the right side of the phone, the y-axis pointing to the top and 
the z-axis leaving the screen, and we intentionally use 
capitalized XYZ to distinguish from the Cartesian frame. We 
proposed the turning angular calculating formula around Z-

axis as follows:  [4], in 
which , ,  are the average acceleration readings of xyz 
axes, and , ,  are the angular displacements around xyz 
axes by integrate gyroscope readings.  

2) Things may change when the user hold the device in 
different ways. One worse situation is that the user hold the 
phone and shake while walking (named SHAKE mode). 
Figure 2 shows the movement pattern of the phone in this case.  

In this situation, the motor direction of device goes 
perpendicular with component of gravity in x-axis. And device 
will always reach the highest speed at the bottom. 

The figure 3 shows the differences on speed for different 
holding styles of device. The green line demonstrate the speed 
when the device is hold horizontally (the HORIZON mode). 
The red and blue line shows the speed when swing the arms 
naturally (the SHAKE mode), but using different hands. 

144



cas
dro
resp
rea
gra
dist
con

but

mo

in P

mo
styl

D. 

bec
cha
pla

cho
from

ma
the
seri
shr
alg
bet
seri
reg

con

dist

sho
def

how
dat
is i
prin
bes
adj
sho
ave

pre

rec
info
ma

bui
ma

The case of 
se of holding d
op naturally (
pectively show

adings of POCK
aph we can s
tinctions. Fro
nclusions: 

i. x-axis re
t the variance i

ii. The abso
ode is bigger, as

iii. Readings
POCKET mod

Based on the 
odes, and so it i
le) in the onlin

Magnetic Ma
1) In the ind

cause of the s
anges when th
acement, the c

oose d
m raw data. 

2) The mag
atching problem
e speed of devic
ies may be 

rinking it along
gorithm can do
tween two tim
ies similarity,

gions between t
3) Distance t

nvert distance t
When the dis

tance grows, s

own as follows
fined in DTW 

4) Low-Cost 
w to normaliz
ta are collected
important to fu
nciple is to 
sides, waveform
acent segment

ould be united 
eraging. 

We designe
eprocessed data

i. Organiza
orded path b

formation of 
agnetic on path

ii. Matrix a
ilding map can
atters is the tot

f putting device
device without 
(named POCK
ws the gyrosc
KET mode and
see only read

om the secon

adings of both 
n SHAKE mod

olute average o
s well as the pe
s of z-axis in S

de are similar. 
above data, w

is possible to re
ne phase. 

atching 
door environme
specific metal 
he smartphone
combination of

 as

gnetic fingerpr
m. As the samp
ce movement m

“wraped” no
g its time axis. 
o the favor t

me series. It is 
 classification
two time series
o Similarity: W
to similarity, w
stance is zero, 
similarity decre

s: ⁄ 	, w
algorithm. 
Fast Map Mod
e and store th

d in several tim
use all these s
align segment
m matching m
ts, and finally, 
as one using 

ed a Matrix-ba
a sets. 
ation of raw f
by path. Eac
coordinates o
. 

and Coordinat
n always be co
tal number, wh

e in the pocket
shaking while 

KET mode). F
cope readings 
d SHAKE mod
dings of z-ax
nd graph we 

modes result i
de is larger. 

of y-axis readin
eek. 
HAKE mode, 

we are able to m
ecognize devic

ent, magnetic 
distribution. A

e is on differ
f them remain

 the formula 

rints matching 
pling rate migh
might be differ
on-linearly by
Dynamic Time
o find the op
often used to

n, and to find
s.  

What we need t
which should be

similarity sho
eases. The sim

where k is the

del: One of the
he magnetic da
mes, even by m
segments a uni
t end point c

method is prop
multiple samp
both calibratio

ased structure 

fingerprints. 
ch of the r
of two end p

tes Hash Map
overed with g
hich is determ

t is similar to t
keeping the ar

Figure 4 and 
and accelerat

de. From the fi
is tells obvio

can reach t

in close averag

ngs of SHAKE 

that of yz-axes

model each 
ce state (holdin

signal is vario
Although 3 ax
rent posture a
ns stable. So w

of fingerprinti

is a time ser
t be different a
rent as well, tim
y stretching 
e Warping (DT
ptimal alignme
o determine tim
d correspondi

to do next to 
etween 0 and 1
ould be 1, and 
ilarity formula

e length of pa

e strict problem
ata. As magne

multiple person
ified whole. O
coordinates, a
osed to calibra

ples of same pa
on algorithm a

to organize t

Fingerprints a
records contai
points, and t

p. The space 
rids, what rea

mined by the siz

the 
rm 

5 
tor 
irst 
ous 
the 

ge, 

s 

ng 

ous 
xis 

and 
we 

ing 

ies 
and 
me 
or 

TW) 
ent 
me 
ing 

1. 
as 

a is 

ath 

m is 
etic 
, it 

One 
and 
ate 
ath 
and 

the 

are 
ins 
the 

on 
lly 
ze  

of each
Map ar
basic fu

Lo
record, 
grid. Ad

F

F

h grid. Linked
re two ways t

functions of th
oad: The mod
 splits path by
dd all grid to M

Z

Fig. 2: Movement

Fig. 3: Speed of 

Fig. 4: Gyroscope 

Fig. 5: Accelerator 

d-List structur
to represent th

he Matrix are d
dule reads reco
y grid size, and
Matrix (Linked

X

Y

t pattern 

device 

readings 

readings 

re and Coord
he sparse matr
designed as fo
ords in a loop, 
d merge fingerp
d-List or Hash M

 

 

 

 

dinates Hash 
rix. The two 
llows: 
and for each 

prints grid by 
Map). 

145



the
the
targ
for 

3. E

Inf
cov
for 
wer
of 
Mo
wal
ma
gen
to 5

wit
com
trie
calc
gro

diff
len
20.

Det
resu

R

4. C

on 
alm
pos
on 
cor
det

con
mo
cor
ma
ma
dat
per

Retrieve: The
e same way, an
e Matrix. Note 
get, so we need
replace. 

Evaluation 

We evaluated
formation was 
vers HTC, sum

the WLAN fi
re collected by
each AP for

oreover, eight 
lking along a c

agnetic reading
nerated reading
50Hz.  

To evaluate t
th specified st
mputable. Alth
ed our best to r
culated as th

ound truth and 
Figure 7  p

fferent error d
ngth, where num

 
The followin

tection module
ult of 200 tests

TA

RADIUS(m) 
1 
5 

10 

Conclusions a

In this paper 
particle filter a

most all senso
sitioning and tr
the weights up

re of which is 
tection.  

In the future,
nfidence evalu
odule and mark
rrection possib
agnetic data f
agnetic matchin
ta structuring
rformance. Lon

e track of parti
nd then search 

that in some 
d enlarge the se

d the algorithm
gathered with

msang and xiao
ngerprint datab

y scanning the 
r each of fo
tracks were re

certain path thr
gs were stored 
gs at a series of

the accuracy o
teps, so that th
hough the meas
reduce the infl

he projected d
the estimated l

plots the stati
distance with 
mber of particl

ng table show
e with differen
s. Turning radiu

ABLE I    Turning 

MODE  
SHA

0.
0.
0.

nd Future Wo

we presented 
and the system
r signals into
racking service
pdate process i
magnetic matc

, we plan to im
uation modul

k-points module
bilities on cha
fingerprinting 
ng algorithm, 

g method is 
ng-term magne

icle is also spl
for fingerprint
cases, system 

earch area to fi

ms in our offi
h different sma
omi. In the wor
base were sele
received signa

our orientation
ecorded (see F
rough the test 
in file. For ex

f rate from app

f system, we d
he coordinates
surement error 
luence. The po
distance betwe
location. 
istical results 

different ma
les is 100, and

ws the hint r
nt mode and tur
us increases, h

Detection Hint Ra

AKE POCKE

97 0.98 
90 0.91 
73 0.78 

ork 

a multimodal 
m built on it. Th

 account and 
es. What we do
in the particle f
ching problem 

mprove the sys
le, user activ
e, which can p
aracteristic pos

technique, a 
a more conv
needed to 

etic matching t

lit by grid size
ts in sequence 
may not hit t

ind a nearest gr

fice environme
artphones, whi
rkspace, 35 gri

ected. 30 samp
al strength (RS
n of each gr
Figure 6): Wh
environment, t

xperiment, sens
proximately 20H

divided each pa
s of each step 

is inevitable, w
ositioning error
een the mark

of accuracy 
gnetic matchi

d sampling rate

ates of Turni
rning radius, a

hint rate falls. 

ate 

ET HORIZON

0.98 
0.90 
0.76 

algorithm bas
he algorithm ta

provide prec
o is to focus mo
filter framewo
and user turni

stem by adding
vity recogniti
rovide addition
sitions. A bet

more efficie
venient magne

achieve bet
echniques is al

in 
in 

the 
rid 

ent. 
ich 
ids 
les 

SS) 
rid. 
hile 
the 
sor 
Hz 

ath 
is 

we 
r is 
ked 

at 
ing 
e is 

ing 
s a 

N 

sed 
ake 
ise 
ore 
rk, 
ing 

g a 
ion 
nal 
tter 
ent 
etic 
tter 
lso 

a mea
compat

Acknow

 Th
Science
Major 
Techno
Techno
(2013A
Develo
Departm
of Shen

Refere

[1] Junju
indoo
Perv
Conf

[2] Junju
WiM
(201

[3] Mori
Back
Posit

[4] Xiao
Track
Com
14-1

[5] W. F
in Pr

[6] Bran
Maes

aningful resea
tibility is also o

Fig

Fig. 7: CDF o

wledgment 

his work was s
e Foundation 
Projects of 

ology (2014Z
ology Research
AA12A201), 
opment Fund
ment (2012-38
nzhen City (JSA

ences 

un Xu, Haiyong L
or localization te

vasive Computing 
ference. 
un Xu, Haiyong L

Map: A Dynamic
1)29-38. 
itz Kessel, Martin
ktracking Particle
tioning and Indoor

ojun Zhu, Qun Li,
king with Smartp

mputer Communica
9, 2013. 

F. Storms and J. F
roc. 13th Eur. Nav
ndon Gozick, Ka
shiro. Magnetic

arch point. A
on our TODO 

g. 6: Evaluation En

of Different Magne

supported in pa
of China (6

Ministry of 
ZX03006003-0
h and Develo
the Electron

d Project o
80) and Scienc
A2010060401

Luo, Fang Zhao, 
echniques based o

and Applications 

Luo, Fang Zhao, R
c Indoor WLAN

n Werner. Autom
e Filter. Interna
r Navigation, 13-1
, Guihai Chen. A
hones. The 32th I
ations (IEEE INF

. Raquet, “Magne
vig. Conf. GNSS, 2
alyan Pathapati S
c Maps for 

And research
list. 

nvironment 

etic Matching Len

art by the Nati
61374214, 610
Industry and 
02), the Na

opment Progra
nic Informatio
of Informatio
e and Technol
86A055). 

Rui Tao, Yiming
on Rssi in WLA
 (ICPCA), 2011 6

Rui Tao, Yiming L
N Localization Sy

mated WLAN Ca
ational Conferen

15th November 20
APT: Accurate Out

IEEE Internationa
OCOM 2013), Tu

etic field aided ind
2009, pp. 1–9. 
Subbu, Ram Dan

Indoor Navi

on device 

 

ngth 

ional Natural 
070109), the 

Information 
ational High 
am of China 
on Industry 
on Industry 
logy Program 

g Lin. Dynamic 
AN environment. 
6th International 

Lin, Hui Li. The 
ystem. IJAPUC 

libration with a 
nce on Indoor 
12. 
tdoor Pedestrian 

al Conference on 
urin, Italy, April 

door navigation,” 

ntu, and Tomyo 
igation. IEEE 

146



TRANSACTIONS ON INSTRUMENTATION AND MEASUREMENT, 
VOL. 60, NO. 12, DECEMBER 2011 

[7] William Storms, Jeremiah Shockley, John Raquet. Magnetic Field 
Navigation in an Indoor Environment. Ubiquitous Positioning Indoor 
Navigation and Location Based Service (UPINLBS), 2010. 

147




