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ABSTRACT  
 
As one of the seven “Beyond Tomorrow Projects” the 
project GeMo (Gemeinschaftlich-E-Mobilität) wants to 
provide technical solutions for the shared use of electric 
mobility. The vision behind this project is that in 2050 
almost only electric vehicles will be driving within larger 
European cities and the coordination and sharing of 
mobility resources will be a major task.    
 
Fraunhofer IIS’s contribution to this project is the 
development of localization services, which run on 
mobile user devices as well as on embedded hardware 
platforms inside cars and provide seamless indoor and 
outdoor positioning by integrating technologies like 
GNSS, Wi-Fi fingerprinting and dead reckoning based on 
inertial sensors. 
 
The paper describes the theoretical foundations based on 
Bayesian reasoning and the well-established realization of 
these ideas in terms of the particle filter, which uses 
Monte Carlo sampling to estimate probability 
distributions of the actual state. The probabilistic motion 
and measurements models are discussed, which serve as 
inputs to the filtering algorithm. 
 
The experimental results are presented together with a 
description of the setup and equipment. The achieved 
positioning uncertainty in indoor and outdoor 
environments with focus on the transition regions is 
discussed. 
 



INTRODUCTION 
 
The GeMo project [1] is a collaborative effort of 6 
Fraunhofer institutes to develop solutions for next-
generation electric car sharing applications. It covers an 
inductive battery charging system and an on-board unit 
inside a vehicle as well as a cloud infrastructure to 
manage communication and data exchange to or from 
mobile devices. 
 
Localization services are an essential part of such a 
system. They have to be integrated into cars as well as 
into smartphone apps, which a customer uses to request a 
vehicle. The knowledge of user and vehicle positions is 
necessary to select the car that fits best to the user 
requirements, e.g. in terms of the travel time needed to get 
to the car. Seamless indoor-outdoor localization is a 
prerequisite, because user and vehicle positions must be 
known at the time of the request regardless if they are 
inside a building where satellite-based navigation is not 
available. Only a combination of various technologies, 
sensor networks and other information like map data is 
able to offer such a functionality today.  
 
The fusion approach proposed in this paper uses Wi-Fi 
fingerprinting, Global Navigation Satellite System 
(GNSS) and dead reckoning  based on inertial sensors 
(INS) as inputs to a particle filter [2][3]. While 
conventional GNSS receivers are not sensitive enough to 
determine the position in most indoor environments, Wi-
Fi fingerprinting closes the gap by measuring the received 
signal strength of existing Wi-Fi [4] access point beacons 
and correlating these measurements with a database of 
recorded fingerprints. A commercial system based on this 
technology was developed at Fraunhofer IIS and is 
distributed under the product name awiloc® [5][6][7]. 
 
The availability of inertial sensors in mobile phones and 
embedded platforms provide additional information on 
the motion state of the user, which can be used to predict 
the trajectory from a known starting position. This 
process is called dead reckoning and can be used to 
improve the quality of position estimates, because Wi-Fi 
fingerprinting position estimates can have ambiguities, 
which can be resolved with this method. The instabilities 
like bias or drift of these sensors must be compensated, 
which is automatically done within the particle filter as 
soon as absolute position updates from GNSS or Wi-Fi 
are available.  
 
The advantage of the particle filter is its ability to work 
with non-linear dynamical models and non-Gaussian 
probability distributions. The computational power of 
state-of-the-art mobile and embedded devices allows 
applications to integrate such a CPU intensive filtering 
approach. Particle filters use Monte Carlo simulation and 
propagate a set of particles through the state space based 

on a state evolution model and regularly corrected by 
measurements. It is essential for the design of meaningful 
and realistic measurement models that the individual 
sensor inputs are carefully characterized in terms of their 
performance. This is in particular difficult on mobile 
phones where a variety of different sensors, receivers and 
components are used and the application has no a priori 
knowledge and only can learn about the quality of sensor 
data at run time.  
 
The paper starts with an overview of Bayesian filtering 
for positioning with emphasis on particle filters, describes 
the sensor and process models and explains the used 
algorithms. The test setup for the evaluation of the system 
and the experimental results in terms of the maximum 
position error for indoor, outdoor and transition regions 
are discussed. 
 
 

BAYESIAN FILTERING  
 
Bayesian filtering estimates the posterior probability 
distribution of the current state 푥  at time 푡  given all 
measurements 푧 : = (푧 , 푧 ⋯푧 ) in two recursive steps: 
prediction and update. 
 
The prediction step describes the evolution from the last 
state 푥  to the current state 푥  using the transition 
probabilities p(푥 |푥 , 푧 : ). 
 
p(푥 |푧 : )	=∫p(푥 , 푥 |푧 : )푑푥 = 

p(푥 |푥 , 푧 : )p(푥 |푧 : )푑푥  (1) 

 
The update step incorporates the actual measurement 푧  
by multiplying the lhs from (1) with the likelihood 
function p(푧 |푥 , 푧 : ) and then normalizing it. 

 

p(푥 |푧 : )	=
p(푧 |푥 ,푧 : )p(푥 |푧 : )

p(푧 |푧 : )

=
p(푧 |푥 , 푧 : )p(푥 |푧 : )

∫ p(푧 |푥 , 푧 : )p(푥 |푧 : )푑푥
 

 

(2) 

(1) and (2) can be further simplified by specifying 
conditional dependencies between the random variables 
푥 :  and 푧 : , which are shown graphically in Figure 1. 
 

 
Figure 1: Conditional dependencies between states 
풙ퟏ:풌	and observables 풛ퟏ:풌 (hidden Markov model) 



From this graph the following independence relations can 
be derived: 
 

p(푥 |푥 : , 푧 : )	=	p(푥 |푥 ) 
p(푧 |푥 : , 푧 : )	=	p(푧 |푥 ) 

 
(3) 

The transition probability is then given by 
 

p(푥 |푥 )	= 훿 푥

− 푓 (푥 ,푢 ) p(푢 )푑푢  
(4) 

 
where 푥 	=	푓 (푥 , 푢 ) is the process model, 훿(⋯ ) 
the Dirac delta function and 푢 ~	푝(푢 )  the process 
noise. 
 
The likelihood function takes the form 
 

p(푧 |푥 )	= 훿 푧 − ℎ (푥 ,푣 ) p(푣 )푑푣  (5) 

 
with 푧 	=	ℎ (푥 ,푣 ) as measurement model and 
푣 ~	푝(푣 )  the measurement noise. 
 
The integration over the delta-functions can be carried out 
with the following results for the transition matrix 
 

p(푥 |푥 )	=
p(푢 )
휕푓
휕푢

 (6) 

 
(푢 (푥 ,푥 ) are the 푁  solutions of 푥 =
푓 (푥 , 푢 )) and for the likelihood function 
 

p(푧 |푥 )	=
p(푣 )
휕ℎ
휕푣

 (7) 

 
(푣 (푥 ,푧 ) are the 푁  solutions of 푧 = ℎ (푥 ,푣 )). 
 

PARTICLE FILTER  
 
The integrations over the whole state space in (1) and (2) 
can only be performed analytically for some special cases. 
There are basically two approaches in the case of non-
linear models and non-Gaussian probability distributions 
to tackle this problem: 
 
 a point mass filter, which uses a fixed grid to 

discretize the state space 
 a particle filter, which uses a finite set of particles as 

adaptive grid points. 
 

In this paper the second approach with a Sampling-
Importance-Resampling (SIR) particle filter is chosen, 

which starts its iterative process at time 푡  with 푁 
uniformly distributed particles 푥( )  with weight 
푤( ) = 	1 푁⁄ .  
 
The prediction step in (1) is realized as a sampling from 
the transition probability distribution p 푥 푥( ) 	 . This 
step moves all particles to a new state 푥( )  at time 푡 , 
while the weights remain unchanged. 
   
The update step in (2) incorporates any new measurement 
by multiplying the weights with the corresponding 
likelihood function evaluated at the current particle states 
and normalizing them. 
 

푤( )	=	
p 푧 푥( ) 푤( )

∑ p 푧 푥( ) 푤( )  (8) 

 
With the updated weights 푤( ) a resampling is performed 
to generate a new set of particles at 푥( ) with weight 
푤( ) = 	1 푁⁄ . This step is performed by residual 
resampling [8], which is a combination of deterministic 
and systematic resampling: 
  
 the deterministic part makes 푁( ) = 푁푤( )  copies of 

each particle 푖 ∈ {1 …푁} at state 푥( ).  
 the remaining 푁 = 푁 −∑ 푁( ) particles are 

generated using systematic resampling from a 
distribution with residual weights 푤( ) =
푤( )푁−푁( ) 푁′⁄ . The method draws 푁  ordered 

numbers using 푢 = 푗 − 1 + 푢 푁′⁄  with 푢 ~푈|0,1) 
and assigns 푛  copies of particle 푥( ) according to 
푛 = #	푢 ∈ ∑ 푤( ) ,∑ 푤( ) . 

 
Expectation values can be easily calculated by averaging 
over all particle states 

E[푓(푥)]	=
1
푁 	 푓(푥( )) (9) 

 
MOTION AND MEASUREMENT MODELS 
 
Parametric probabilistic models are used to describe the 
propagation of particles in state space as well as for the 
measurement updates. The general state vector 푥  is given 
by 
 

푥 	=	(푟⃗ , 푣⃗ , 푡 ) (10) 
 

where 푟⃗ = 푟 (푡 ), 푟 (푡 ),푟 (푡 )  is the position and  
푣⃗ = 푑푟⃗ 푑푡⁄  is the velocity and 푡  the local timestamp. A 
local Cartesian East-North-Up coordinate system is used 



with the origin given by a reference point from the Wi-Fi 
fingerprint database. 
 
Pedestrian Motion Model 
 
In the case of a pedestrian the dynamics is low enough to 
reduce the state vector to the position and treat the other 
variables as parameters. 
 

푟 (푡 )
푟 (푡 )
푟 (푡 )

	=
푟 (푡 )
푟 (푡 )
푟 (푡 )

+ 푑
푐표푠(휑 )푐표푠(휃 )
푠푖푛(휑 )푐표푠(휃 )

푠푖푛(휃 )
 (11) 

 
where 푑  is the walked distance in the time interval 
[푡 , 푡 ] and  휑  and 휃  measure the heading in xy-plane 
and deviation in z-direction, respectively [9][10][11]. 
 
푑  is determined by detecting the end of a step from the 
magnitude of the acceleration data and then estimating the 
step length by analyzing acceleration data sequence. This 
means that at time  푡  the step may not be completed, so 
the walked distance would be typically underestimated, 
but as long as every step is detected, the errors do not 
accumulate.  
 
Car Motion Model 
 
At low speed, the 2-dimensional vehicle dynamics can be 
described by a simple ‘bicycle’ model, which replaces 
each two-wheel axle by one wheel [12]. The equation of 
motion is given by 
 

푟 (푡 )
푟 (푡 )
휑(푡 )

	=
푟 (푡 )
푟 (푡 )
휑(푡 )

+ 푣 ∆푡

⎝

⎜
⎛
푐표푠(휑(푡 ) + 훽)
푠푖푛(휑(푡 ) + 훽)
푐표푠(훽)푡푎푛(훿 )

푙 + 푙 ⎠

⎟
⎞

 (12) 

 
where 훽 = 푎푟푐푡푎푛 ( )  is called the body slip 

angle, 휑(푡 ) is the angle between the long axis and east-
direction at time 푡 ,  훿  is the front wheel steering angle, 
푣  is the magnitude of the velocity, which is positive in 
the case of forward and negative in the case of backward 
motion, and ∆푡 = 푡 − 푡 . 푙  and 푙  are the distances 
from rear and front axle to the center of mass, 
respectively. 
 
Motion Model Selection 
 
The switching between car and pedestrian motion model 
can be triggered by observing a set of features (magnitude 
of earth magnetic field, the characteristic pattern of 
angular rate sensor) [13].  
In addition, also changes of the battery state are 
monitored because if recharging is detected, it would be a 
clear indication that the smartphone is not carried 
anymore by the human.  

Wi-Fi Fingerprinting 
 
This approach [14] is based on the measurement of the 
received signal strengths (RSS) of available access points 
without knowing their exact positions. This requires a 
training phase by setting up a database of received signal 
strengths and access point Medium Access Control 
(MAC) addresses together with the location where the 
measurement was taken. These so-called fingerprints can 
be used to correlate RSS values via their MAC identifiers 
with position information. 
 
In the online phase the fingerprinting database is used to 
predict the user position from a given set of RSS 
measurements with a probabilistic database correlation. 
 

p 푅푆푆⃗ 푟⃗ ( ) = p 푅푆푆 푟⃗( )

=
1

√2휋휎
푒푥푝 −

푅푆푆 −푅푆푆′ 푟⃗ ( )

2휎  

 

(13) 

with 푅푆푆  being the actual measurements (푁  number of 
scanned access points) and 푅푆푆′ 푟⃗( )  the fingerprints at 
reference position 푟⃗ ( ) in the database, which match to 
푅푆푆  in terms of their MAC identifiers.  
 
The RSS values are quantized in bins of 1dB with center 
values 푅푆푆⃗( ), where n labels each bin. 
 
p 푅푆푆( ) 푟⃗( )

=
1

√2휋휎
푒푥푝 −

푅푆푆 − 푅푆푆′ 푟⃗( )

2휎

( )

( )

푑푅푆푆  

 

(14) 

with integrations limits given by 푎( ) = 푅푆푆( ) − 0.5푑퐵 
and 푏( ) = 푅푆푆( ) + 0.5푑퐵. By means of the Bayes rule 
p 푟⃗( ) 푅푆푆( )  can be related to (14)  
 

p 푟⃗ ( ) 푅푆푆⃗( ) 	∝	 p 푅푆푆( ) 푟⃗ ( ) p 푟⃗( )  

 

(15) 

which can be used to calculate the expected position 
given the RSS measurements.  
 
The likelihood function at time 푡  can be approximated by 
 

p 푅푆푆⃗( )(푡푘) 푟⃗ = 	p 푅푆푆⃗( )(푡푘) 푟⃗(푚)  (16) 
 
where 푟⃗( ) = 푎푟푔푚푖푛 푟⃗ − 푟⃗( )  is the reference 
point closest to 푟⃗ . 



 
GPS Measurement Model 
 
The smartphone GPS position measurements are modeled 
as a normal distribution with the mean given by the actual 
position 푟⃗  (after a transformation from latitude, 
longitude, height to the local Cartesian coordinate system) 
at time 푡 . 
 
p(푟⃗ 푟⃗ , 푣⃗ , 푟⃗ : )

=
1

√2휋휎
푒푥푝 −

푟⃗ + 푣⃗ 휏 − ∑ 휃 푟⃗
2(휎 )  

(17) 

 
The standard deviation 휎  is a function of the 
horizontal dilution of precision (HDOP), which describes 
the loss of precision due to an unfavorable satellite 
configuration, and the number of visible satellites.  The 
parameters 휏 and 휃 :  are determined by Maximum 
Likelihood (ML) estimation.  
 

IMPLEMENTATION AND SETUP 
 
The algorithms were implemented in Java to allow an 
easy deployment to various hardware platforms running 
the Android operating system. The software runs on top 
of the awiloc® framework, which provides its own 
device-independent abstraction layer to access the 
hardware. 
 

 
Figure 2: the orange path shows the ground truth, 
while the cyan rectangle marks the area, where Wi-Fi 
fingerprint positions are available. The underground 
parking garage is visualized by the floor plan. 

A typical everyday life scenario was used to evaluate the 
system: a user enters a rental car in the parking garage at 
the airport, puts his smartphone in the mobile holder and 
uses it as a navigation device.  He leaves the parking 
garage with the car and travels to all destinations he wants 

to visit. After this he drives the rental car back to the 
parking garage, where he started from. The user location 
is tracked by the smartphone, which is mounted to the 
front window inside the car. 
 
The test track is shown in the Figure 2. The measurements 
were started in the parking garage and followed a round 
course. After the round course had been completed, the 
car entered the parking garage again and followed a track 
up to its final parking position. The route includes 
transitions from outdoor to indoor and vice versa, where 
GNSS or Wi-Fi becomes unavailable or unreliable. 
 
In the parking garage there was no WLAN infrastructure 
available. Therefore 13 WLAN routers had been 
temporarily installed to support the tests. 
 

 
Figure 3: the red points show the Wi-Fi fingerprint 
positions on the map of the parking garage. 

Figure 3 shows the Wi-Fi fingerprint locations, where 
RSS values have been measured. The measurements 
inside the staircase were performed by a person carrying a 
smartphone, while the fingerprints inside the parking 
garage were recorded with a smartphone mounted in a 
slowly moving car.  
 
A commercial Inertial Measurement Unit (IMU) with 
GPS integration ADMA-G (Automotive Dynamic Motion 
Analyzer) by GeneSys [15] was mounted in the driver 
cabin floor. The GPS L1/L2 antenna for the IMU was 
located on the roof of the car. The IMU was used to 
record reference tracks. 
 
The measurement rate of the ADMA-G is 100Hz. The 
GPS UTC timestamps were used to match the data to the 
one recorded by the smartphone (sampling rate 1Hz for 
Wi-Fi and GPS measurements and the position estimation 
with the particle filter, 100Hz for inertial sensor data). 
The IMU data has been decimated using regression 



splines, which were also used to calculate velocity and 
acceleration from the reference positions as shown in 
Figure 4. 
 

 
Figure 4: Velocity and acceleration magnitude of the 
car on the test track (outdoor region only) 

EXPERIMENTAL RESULTS 
 
We investigate first the outdoor-indoor transition. 
 

 
Figure 5: GPS measurements (smartphone red curve, 
IMU purple curve) together with the reference path 
(orange curve) 

Figure 5 shows the GPS measurements before the car 
enters the parking garage and the receivers stop delivering 
new positions. 
 
The multipath and shadowing effects near the entrance of 
the parking garage lead to a considerable offset in this 
case of smartphone GPS data. 
 
This bias is to some extent mitigated by the larger 
uncertainty assigned to these measurements via the 

HDOP and the number of visible satellites (Figure 6), 
which are the inputs to the standard deviation parameter 
in (17). 
 

 
Figure 6: Horizontal dilution of precision (blue) and 
number of visible satellites (green) as measured during 
the test track 

The deviations of the GPS position data from the 
reference track are up to 11m if the simplest parameter 
choice in (17) is used (휏 = 0,휃 = 훿 ). A parameter fit 
yield no significant improvement as shown in figure 7. 
 

 
Figure 7: The smartphone GPS position error with the 
parameter set 흉 = ퟎ,휽풊 = 휹ퟎ풊 (blue) and after a ML 
parameter fit (green). 

The most critical factor in the transition from indoor to 
outdoor is the first GPS fix. In the test case shown in 
Figure 8 the smartphone had no connection to an NTP 
server and a time offset relative to UTC of 100s was 
present. Nevertheless the first fix was achieved in a short 
enough time, but there were some instances where the 
first GPS position was far off.  The particle filter turned 
out to be robust enough to handle such outliers smoothly. 
 



 
Figure 8: Indoor-outdoor transition with reference 
path (orange), Wi-Fi positions (blue), GPS positions 
(red) and the WLAN-GPS-INS fusion (green). One 
additional WLAN router was also installed outside of 
the building (orange ×) to have a better coverage near 
the parking house entrance. 

The INS measurements are included in the fusion process 
via the motion models given by (11) and (12). The next 
plot shows acceleration sensor data recorded by the 
smartphone inside the car in the outdoor region. The data 
can be compared to the acceleration plot in Figure 4. 

 
Figure 9: Smartphone acceleration sensor data 
(magnitude) raw (blue) and filtered over a time 
interval of 1s (green). 

The magnitude of the acceleration vector is used here, 
because only this quantity is independent of the 
orientation of the device. The signal is polluted by high-
frequency noise due to the vibrations to which the 
smartphone is exposed inside the car. The filtered values 
using a moving average show already a similar pattern as 
in Figure 4. The contribution of earth’s gravity has to be 
removed from the filtered values and a scaling factor has 

to be introduced to correct the temporal smoothing due to 
the filter.  
 
The velocity 푣  needed as an input parameter to the car 
motion model in (12) is calculated from the corrected 
acceleration value 푎  and the distance between the last 
two estimated positions as 
 

푣̅ =
‖푟⃗ − 푟⃗ ‖

∆푡  

푣 = 푣̅ + 푎 ∆푡 + 2푣̅ 푎 ∆푡 훾 + 휇∆푡  
(18) 

 
where 훾	~	푈(−1,1), 휇	~	푁(0,휎 ) is the acceleration 
sensor noise and ∆푡 = 푡 − 푡 .  

 
Figure 10: Velocity distribution with acceleration 
sensor measurement included 

The second parameter needed for predicting the car 
motion, the front wheel steering angle 훿 , is sampled 
uniformly from values in the interval (−훿 ,훿 ). 
 
The achieved position accuracy for the different test 
regions are summarized in Figure 11. 
 

 
Figure 11: Maximum position error of the vehicle 
using particle filter-based GPS-WLAN-INS fusion on 
the smartphone 



The indoor performance was only possible with the 
additional routers in the parking garage. Using only the 
existing Wi-Fi infrastructure in the building above the 
parking garage the error would be considerably larger. 
 
The indoor-outdoor performance is worse than the 
outdoor-indoor performance. The reason is that there were 
test cases when the first GPS fix was late and the car 
speed was already high. In this situation with high 
dynamics the Wi-Fi fingerprints was lagging behind the 
actual position thereby increasing the position error. 
  

SUMMARY AND OUTLOOK 
 
In this work we used a SIR particle filter to estimate 
pedestrian and vehicle positions using Wi-Fi RSS, GPS 
and INS measurements. The analysis focused on the 
performance of this approach in the outdoor-indoor 
transition regions, where either GPS or WLAN becomes 
unavailable. The evaluation was carried out with a vehicle 
entering or leaving a parking house and using an Android 
smartphone for computation and measurement. 
 
Similar tests are planned using the MiniLOK platform 
[16] and an improved GNSS measurement model based 
on pseudorange data.  
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