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Abstract

Localization for industrial vehicles is a key issue
in the development and use of autonomous systems
on industrial worksites. The WiFi technology be-
ing widely used in such environments can be used
as a base for an easy to set up system requiring lit-
tle hardware. In this paper we propose a system
estimating the location of industrial vehicles, based
only on WiFi signals, that can operate both in and
out of buildings and sheds, and that can deal with
the kidnapped robot problem. It is based on the
use of a signal strength intensity map and a particle
Iter, and has been demonstrated in a typical indus-
trial worksite.

Figure 1: Vehicle working on industrial worksite.

1 Introduction base_ for a localization system. The oqu_ additional har@war
requirement for such a system is a WiFi card (the receptor),
Real time accurate knowledge of the location of mobile ve-\hich can be coupled with an external antenna for better sig-
hicles in industrial worksites is a key issue in the use of aupg) reception. Moreover, depending on the coverage of the
tonomous systems, for both safety and ef ciency reasonsgjstribution of the access points, a localization systeseta
Various types of sensors and methods can be used to achieyg \wiFi signals is theoretically able to give an estimatién o
this goal (e.g. odometry, lasers, GPS, WiFi), each one lgavinthe |ocation instantly, anywhere on the site. However sev-
his own advantages and disadvantages (good results are Ug#z| problems make the design and use of such a system dif-
ally obtained by combining different types of complementar cyt, particularly the WiFi signal characteristics: prigns
Sensors). of interference, multi-path and re ections are more prolin
We want to build a reliable regiorbased localization sys-  gutdoor environments than in indoor environments, and can
tem that can be used on mobile industrial vehicles (e.g.réigu make the recorded signal uctuate.
1). It needs to: Our approach is as follows: we acquire the WiFi signals
be easy to set up recorded from the different 802.11b access points digeitbu
over an industrial worksite, and calculate the means of the
signal strength over time for each access point. The means
be able to deal with the kidnapped robot problem (pre-are used by the sensor model of the particle Iter, compared
sented ifThrunet al,, 2009) with ana priori intensity map. By using an intensity map, the
system does not need other knowledge such as the position,
o number and type of access points.
require little hardware other than what can usually be e |ocalization system is divided into three sidystems:
found on an industrial worksite signal processing, the particle Iter, and the compari-
The WiFi technology frequently used on industrial work- son model used by the particle Iter. We analyze each
sites consists of access points that form the @pdasting  sub system in order to optimize it to our needs. The remain-
wireless networks. These networks can be considered as tlder of this paper is organized as follows: in Section 2 we

be robust to varying environmental conditions

be able to work inside and outside of buildings



present related work in WiFi localization systems. In Smtti  Lab uses preexisting hardware to reduce the cost and time

3 we discuss the choices made concerning the signal procesffort for con guring the system. An accuracy of 120 me-

ing. In Section 4 we present the comparison modeldan tres in dense urban areas, and 40 metres in suburban neigh-
priori intensity map of the site) used by the particle Iter. In borhoods can be achievg@henget al., 2004, using GSM
Section 5 we present the particle Iter used. Section 6 conbeacons and xed Bluetooth devices as well as WiFi access
tains the experimental study and the results obtained. Angoints.

nally our conclusions are presented in the Section 7, a$ wel Another system has been built, working both in indoor and

as a discussion on future possible work on the subject. outdoor environmenf{t.etchneret al, 2009. It requires min-
imum calibration, is able to bootstrap from sparse training
2 Related Work data, and has minimal hardware requirements. It uses a hier-

Location aware computing is an active eld of research. archical Bayesian Sensor Model (using a particle lIter) and

Many systems have been built using various technologies dé 9raph based location estimation system. Using only WiFi

signed for various environments and using various methoddhiS system achieves good accuracy (28 metres) in out-

Many of the technologies used for locatioaware comput- door environments. . .
ing are presented iiHightower and Borriello, 2001 Our research differs from previous research in that we fo-

Many WiFi localization systems have been developed fo€US ON the needs and speci cities of localizing vehicles in
indoor environments, where the WiFi signal is more pre_industrial worksites which requires low installation, hige-

dictable and reliable than outdoors. In indoor environment 12Pility and the capability to be accurate inside and alési

it is possible to use a signal strength intensity map as veell a°f arge buildings.

probabilistic models to predict the signal strength at a&giv . .
place both techniques have been demonstrated to be ref5 Signal Processing

atively reliable. Good accuracy can be achieved when th©ne of the biggest issues concerning a localization system
WiFi technology is associated with a complementary sensobased only on WiFi is the unreliability and instability of i

such as odometryfHowardet al, 2003 obtained an accu- signals. In this section we present an overview of the main
racy of less than 1 metréSerrancet al, 2004 obtained an  factors of perturbation of signals, and explain the choite o
accuracy of less than 3 metres. the metric used by our localizer considering these issues.

Systems using only WiFi have also demonstrated good re- o o
sults. Various techniques have been tried to either imprové-1 WiFi Signal Characteristics
the accuracy or to decrease the calibration effort requiredhere are three main phenomena that perturb the WiFi sig-
for setting the system's parameters. Localization systemsal and cause multi-path effects: diffraction, re ectionda
using Bayesian localization frameworksadd et al, 2004 scattering.
or Monte Carlo methodgDellaertet al, 1999 have been Diffraction occurs when an electromagnetic wave encoun-
successful, as well as using the signal strength informatioters a surface with irregular edges, and travels along a path
to triangulate a user's coordinatfBahl and Padmanabhan, other than the line of sight.

1999. The decision to use an intensity mataeberleret al., Re ection occurs when an electromagnetic wave encoun-
2004 or probabilistic models to predict the signal strength atters an obstacle whose size is bigger than the wavelength of
a given location, or a combination of both methd®os the signal. The propagating wave then loses power while
et al, 2004, have also been much studied. For examplepassing through the obstacle, and re ected waves can be cre-
RADAR is a system based only on WiFi signals, using theated and propagate along different paths.

existing infrastructure of an indoor RF wireless LAN toiden  Scattering occurs when an electromagnetic wave encoun-
tify the location of a user's device using previously cotext  ters an obstacle whose size is smaller than the wavelength of
WiFi ' ngerprints' at known locations[Bahl et al, 200J.  the signal.

The median resolution of this system was in the range of 2 These effects can cause a signal to follow multiple paths,
to 3 metres. not only the line of sight. At the intersection of these paths

LOCADIO [Krumm and Horvitz, 200Wis another indoor  constructive and destructive interference between the-int
localization system, that uses the signal strength frostiexj ~ secting waves can cause the signal to be increased or de-
access points to infer the motion and location of a client, uscreased. As a result, recording the WiFi signal from one ac-
ing Hidden Markov Models, but as with most of the systemscess point at a given position leads to a signal spread over a
described in this section, the calibration effort is impaoit large band of dB (this can be seen on Figure 2).

Although the indoor systems have achieved good perfor- Moreover, we noticed during experiments that the signal
mances, extending them for use outdoors often requires pratrength at a given position varies with the orientationhaf t
cise calibration and extensive installation efforts. 8ys  antenna (con rmed byBahl and Padmanabhan, 19pand
such as Place LalhaMarcaet al, 2009 have been built es- with the difference between the height of the access point's
pecially for large environments (metropolitan areas).c@la antenna and the height of the receiver's antenna (con rmed



method uses the mean of the signal strength over a certain
amount of time. The time period is the largest possible con-
sidering the estimated maximum velocity: V m/s of the target
platform and the required accuracy: Am. Thetime T required
then becomes: € = A/V seconds.

This mean absorbs variations in the signal, which can then
be used as a reliable method of characterizing the signal at a
given location in real time. To con rm this we record the
8 35 e =5 e 20 mean of the strength of the signal emitted by a single access

point as a function of the distance between this access point
and the receiver. The mean is calculated over 10 sec, the re-
Normaiizoa istogram Leve ' ceiver going away from the access point in straight line with
a speed of 0.5 m/s. Doing this experiment several times, we
compare the shapes of the curves obtained (examples can be
seen on Figure 3). Those shapes presenta similar pro le, con
rming that this method stabilizes the signal and enables us
to use it to approximately identify the region where the mean
of the signal strength has been recorded.
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Figure 2: WiFi signal recorded at a given location during 30
minutes.
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by [Kotz et al, 2003). Finally, we have not analyzed the
in uence of atmospheric conditions such as temperature and 75}
humidity on the signal strength, but it is common knowledge ol
that these conditions impact on the propagation charaeteri L
tics of electro magnetic signals. 0D e B 00T 0 e

Distance in m

3.2 Signal Preprocessing for Localization Figure 3: Comparison of the curves obtained by calculating

WiFi localization ideally requires a method that stabitizee  the mean of the signal strength recorded over time and by

received signals at a location, and uniquely identi es eactyrawing it as a function of distance between the access point
location in the environment. As stated in the previous secti  and the receptor.

the raw signal strength is not suitable for accurate andlyki
positioning since the signal at a given location is not sabl
enough to give usable information. 4 Comparison Model: Intensity Map

An alternative method for estimating a user's location& th The |ocalizer has to be able to compare the data acquired in
response rate metric (de nedi@henget al, 2008). There-  real time to some comparison model, which can be either
sponse rate is the percentage of time that a given accesis poi propagation model for each access point (method used in
was heard in all of the WiFi scans at a speci c location. The[serrancet al, 2004, [Bahl and Padmanabhan, 1998 in-
idea being that moving away from one access point towardgoor environments) or aa priori intensity map. A propaga-
others reduces the rate of packets received from the initigjon model does not suit the requirements of our localizer, b
access point, which indicates an increasing distance ftom icayse of the lack of exibility it creates and the fact thasim
However this is not true in areas where the receiver detecigyidoor environments, the signal is not predictable artleta
only one access point or the receiver moves away at the sam ough with too many parameters in uencing and perturbing
rate (therefore the same distances) from all detected &icceg, | this section, we present the structure of the intgnsit
points. As we want a localization system that is exible and jap ysed by our localizer and the method used to build it.
adaptive to different environments and access pointsidistr
tions, we do not consider this method. 4.1 Structure of the Map

If the raw signal strength is not usable, it is however pos-The intensity map is a discretization of the industrial site
sible to process it to into a more useful and stable form. Oube covered by the localizer in regions, each region being cha



acterized by its position (coordinates x and y) and by the n-5 The Particle Filter

gerprints of all the access points in range at this posittuat, Particle lters are samplebased probabilistic approxima-

?S to say py the signal strengths of each access point reutord?lons whose main objective is to track a variable of inteasst
in the reg|on.' _ it evolves over time (se hrunet al, 2009 for a good study
All the regions have the same size, that has to be smalt particle lters). In this Section we present the generithp

enough to achieve a good accuracy (the size of the regiongples of particle Iters, before explaining the adaptatior
directly determining the maximum accuracy of the localizer oyr wiFi localization system.

but big enough to t with the speed of the vehicle and the
time of calculation of the means of the signal strengthsithat 5.1 General Principle

used. _ _ _ _ Particle Iters have been successfully used by the robotics
For example if the vehicle’s nominal speed is V m/s and thecommunity for tracking robot positions and location estima
means of the signal strengths is calculated over T sec, ltlean ttion ([Haeberlenet al, 2004, [Gustafssoret al, 2003).

size of the regions must be at leastivm. Many studies have been made to measure their ef ciency.
For exampldHightower and Borriello, 2004s a case study
4.2 Building a Map of applying particle lters to location estimation using a

multi sensor location system, and shows that particle lters

A map is built by calculating for each region the mean ofare a good choice to implement location estimation for ubig-
all the signal strengths received in this region. To do thisuitous computing. This is due to their accuracy as good de-
we drive around the site with another localizer (presented i terministic algorithms, their practicality and their dbility.
[Duff et al, 2006) providing us ground truth, to determine  [Arulampalamet al., 2009 presents a review of Bayesian
which region we are in when we acquire a WiFi packet. algorithms for non linear/non Gaussian tracking problems

Of course the more packets recorded in each region, theith a focus on particle lters and their different variants
more reliable the value of Signa| Strength for this regiqn is demonstrates that the critical parameter to take into adcou
so building the map requires a low speed. Moreover all thévhen designing a particle lter for particular applicat®rs

regions that we want to be represented in the map have to g€ choice of importance density. Another review of Bayes
covered during this phase. Iter implementations can be found ilFox et al., 2003.

Figure 4 is the visualization of the environment discratize A Particle lter is a sequential Monte Carlo method, im-
into 5m by 5m regions. The white squares are the locationB'€menting a Bayes lter. It represents the probability-dis

where a signal has been recorded, and correlate to the tirivagibution for the location estimate as a set of weighted sam-
areas in the environment. The access points of the site afd€S: With each sample being a discrete hypothesis about the
represented by the blue squares. location of the object. For robot localization, the stamdar

approach used for implementing a particle Iter is based on
the Sequential Importance Sample with Resampling (SISR)
procedure:

a motion model is used to predict each sample's motion;

a sensor model is used to weight all the samples consid-
ering the current observation (the weights being normal-
ized so that their sum equals to 1);

a resampling is performed using the importance fac-
tors of the samples (particles with in nitesimally small
weights are eliminated);

The particle Iter used by our localizer is based on this
procedure, and has been adapted to t with the localizer's re
quirements. These adaptations are presented in the next sec
tion.

5.2 Speci ¢ characteristics

Our localizer works only with information provided by the
. ) , ) : WiFi packets recorded. The action model of the particle I-
Figure 4 Example of the environment discretized into 5m by, is therefore reduced to the noise model used, that fpartur
oM regions. each particle up to two times the size of a region at each step.
But we have to introduce an additional step of resampling




after the motion model, that reinitializes particles with i
nitesimally small weights. During this phase, every palei
that has an importance below a xed threshold is moved to a
random location on the map, enabling a cloud of particles to
jump from one location on the map to another, which is nec-
essary if the localizer has been temporarly lost (if the eiehi
drives in a zone where there is no signal for example) and has
to quickly catch up with the vehicle.

This characteristic of our particle Iter in uences the
choice of the method used to determine the estimated posi-
tion (E) of the mobile vehicle. We use three methods:

the mean of all the particles weighted by the importance
of the particles which gives the position M1

the mean of the top 10 percent of the particles weighted

by their importance which gives the position M2

the best particle which gives the position B Figure 5: The particle Iter running in the worksite.
Considering the relative positions of these three poings, w .

choose the one being the best adapted to the current state %Tl Experimental Testbed

the distribution of the particlegNI1  Bj < 2 meaning that To acquire WiFi packets we use an 802.11b PCMCIA

M1 and B are situated in the same region or in adjacent re©rinoco Gold WiFi card with a 3dB external antenna plugged

gions): in to a laptop situated on a Toro riden tractor (Figure 6
if ML Bj< 2thenE= M1 shows the tractor with the external antenna mounted on a
elseiffiM2 Bj< 2thenE= M2 pole). The external antenna has been mounted on a pole to
elseE= B limit the in uence of the difference of height between it and

Indeed several clouds of particles can coexist at the sami@€ Worksite's access points’ antennas that are mostlgtsitl
time in different parts of the map (if two regions have exactl several metres above the ground, and to simulate the height
the same ngerprint for example, which can happen in zone$f an industrial vehicle like a forklift.
where very few access points are available), and then M1 and The software architecture is composed of several parts. A
M2 does not represent the estimated position of the vehicl@acket sniffer called KisméKismet, 2008, enables us to ac-
anymore, but a location between the several clouds. quire WiFi packets from every access point on every channel.

Concerning the evaluation model of the particle lter, it Kismetidenti es networks by passively (without sending/an
simply compares the means of the signal strengths recordé@dgable packets) collecting packets and detecting standa
in real time by the localizer to the signal strengths expected’amed networks, detecting hidden networks, and inferring
in the region where the current particle is. The mean of thdhe presence of non-beaconing networks via data traf c. To
error for each sensed access point is used as parameter of & @ many networks as possible, Kismet also uses channel-
Gaussian that gives the particle its importance value. Th80PRINg.
fact that only sensed access points are taken into accauht (a  The communication between the sniffer and the localizer is
not missing access points) prevents the localization syste carried out by Dynamic Data eXchange (DDX) ($€erkeet
from crashing when an access point is broken. It will loseal., 2004). DDX is a distributed software architecture that al-
accuracy because regions covered by this access pointawill Bows programs to share data through an ef cient shared mem-
less differentiated, but positioning is still availabletmese ~ ory mechanism. The WiFi packets are processed by the local-
regions even if an expected access point is not seen. izer, that also runs the particle Iter (Figure 7 represehts

The particle Iter running can be seen on Figure 5: the ac-architecture of the system and the links between its compo-
cessible locations of the site are in white, the access poinf1€nts).
of the site are the blue (undetected access points) andeed (d The environment for the experiments is an industrial work-
tected access points) squares, the particles are the greg,po Site of approximately 400m by 250m. The localizer does not

the true location of the vehicle being the light green square have to cover all this area, only the places where the vehicle
can actually go, which represents 168 square regions of 10

metres on 10 metres. The site is classi ed into zones of re-
gions (Figure 8 showing the locations of the different zones
In this Section we present the experiments made in an indusn the site on which we are testing the localizer), each with
trial worksite and the results obtained by our localizer. different characteristics which allows us to test the |oeal

6 Experiments and Results
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y
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Sl T j‘:’ &
‘/}3 > Figure 7: Architecture of the system.

Figure 6: Toro Tractor used for the experiments. . . . .
g P Table 1: Results obtained on the whole site, using different

maps (2 maps 5*5, 2 maps 10*10) and three experiments per

in different conditions: map.
a large open area (called the Bay Compound) of about 5§ 55 || 10 101 10 10
50 metres on 40 metres (about 7 access points available Dayl || Day2 | Day1l | Day2
in this zone); Error || 25.95] 27.5 | 213 || 18.9
aroad (Road 1) surrounded with buildings which is well (m)
covered by access points (about 8 access points available
in this zone);

aroad (Road 2) in an open area surrounded by bushlari§reated on different days) to v_erify their reliabi!ity a\ame.
and forest (about 6 access points available in this zone)? €xperiments use 1000 particles for the particle lter.

aroad (Road 3) in an open area surrounded by bushlang.2 Global Results

and forest which is nqt well c_overe_d by_ aCCess PointSrapie 1 shows the mean results obtained with 10m by 10m
(less than 4 access points available in this zone); and 5m by 5m regions. Two different intensity maps created
In these experiments we evaluate the accuracy of our locabn two different days are used for each region size to verify

ization system by manually driving the tractor around the.si  the reliability of the map. Each map has been tested three
We use different sized regions for the intensity map, anl evatimes (on three different days). In Table 1, the global error
uate the system using the error generated between the WiBf the positioning is in the range of 15 meters to 30 meters,
nominated region and actual vehicle location provided by amegardless of the map and region size. However this error is
external system (the same used to build the intensity mapshhe mean of the errors recorded at each position. The design
The global results are presented followed by how the resultsf the localizer to be able to localize anywhere and be able to
can be improved considering the type of zone to be coveredieal with the kidnapped robot problem, in uence the behav-
Since the industrial vehicles targeted by our localizeritngwv  ior of the particle lter. It is possible for the cloud of part
a maximum length of 3 5 metres, we do not aim at an ac- cles to jump from one region to another that can be far away,
curacy less than 5 metres. Moreover, the time of mappindtnowing that different regions can have quite similar signa
increases quickly when the size of the regions decreases, strength ngerprints. This can provoke high error valuesov
we use intensity maps with regions of size 5m by 5m and 10na short period (the time for the vehicle to move into more dif-
by 10m. In region sizes larger than 10m by 10m, the signaferentiated regions), which are included in the calcutatb
varies signi cantly. We built and use two maps of each typethe global mean of the errors in Table 1.



Table 2: Results for three different runs made using the same
intensity map.

| | Run1] Run2] Run3|

Map 1 22.9 16.9 || 24.2
Error (m)
Map 2 14.7 16.8 || 25.3
Error (m)

signal strength varying too much in one region for the value
stored in the map to be reliable. Although it appears the ac-
curacy is better for the 10m by 10m versus the 5m by 5m re-

Figure 8: Map of the site (approximately 400m x 250m), with 9ions, the difference is suf cient to highlight a real adtege

the different zones highlighted and the access points. of using such a size. However the accuracy recorded during
those experiments is only a global mean of the error recorded

at each position, and does not give any information on its dis
; ) X H . h ber of tribution over the site (the localizer being more accurate i
erentregion sizes. The Xaxis represents the number of re- g, 0 5 5nes than in others). It is an indication of what range

glr(:ns of er_rorof the Iocahﬁer (forx=0the I(f)c_allzeLls G:IM)I. Iof accuracy can be expected in a typical industrial worksite
The Y axis represents the percentage of time that the localy, 1o heyt'section we analyze the evolution of this accuracy

12€r 1S wrong by-a given n.umber of regions of error. On(_:eover the different types of environment (zones) that corapos
again for each size of region we use two different intensity, ., gite

maps built on two different days. Most of the time the error is
less than three regions, and big jumps due to the speci ¢chag.3  Analysis of the Different Zones
acteristics of the localizer are rare (they can occur when tw
regions have similar ngerprints of signal strengths, whis
more probable when fewer access points are detected).

Figure 9 shows the distribution of the errors for the dif-

In the experiments, the site was considered of comprising of
four distinct zones, each having speci ¢ physical chanacte
istics that can affect the behavior of WiFi signals (thosarfo
e ot et o ssve spenmts zones are represented on Figure 8). For each zone we record
L ‘ : the number of regions of error of the localizer while driving
around with the tractor. The experiment is conducted using
two different maps built on two different days, to verify the
reliability of the maps over time. Figure 10 shows the distri
bution of the error for each zone for regions' size of 10m by
10m. It can be seen that for both experiments the results have
the same pro le, which validate the fact that the in uence of
1 the type of zone on the accuracy of the localizer is reliable.
MamE | Table 3 shows the results for each zone. Three different
b runs have been made for each map, the results being the mean
g : - = of the error for each experiment.
b of regions of eror There is a link between the accuracy of the localizer and
the type of zone which the vehicle is in. Several conclusions
Figure 9: Distribution of the error for four different exper can be drawn from these results:
ments

a0

% of the all the data
w S
= =

r
=

Map 10-10

——— Map TU-TUZ

the best results are obtained in the road surrounded with
buildings (Road 1), which shows that the buildings and
other static obstacles do not in uence the behavior of
the localizer, because the intensity map was built in the
same environment and so implicitly takes their existence
into account.

To show the reliability of an intensity map over time, we
compare the results obtained by driving around the site on
three different days using the same map. Table 2 presents
those results for two 10m by 10m maps.

The in uence of the size of the regions composing the in-
tensity map is complex. As stated in the previous section,  the worst results are obtained in the Road 3, in open area
using regions smaller than 5m by 5m is not feasible due to  not well covered by access points (less than 4 access
the time to calculate the mean of the signal strength. Using  points available over this road). Therefore the number
regions bigger than 10m by 10m induces the problem of the  of access points in range has an in uence on the accu-



worksite, using the existing WiFi access points of the site.
The accuracy achieved is typically 25 meters, depending on
the environment, the number of access points detected and
their distribution. This accuracy is also closely linkede
speed of the vehicles using the localizer: the slower the ve-
hicle is travelling, the more information is received frohet
access points. Even if such an accuracy is not good enough
for typical mobile robotic application, our system can deal
with the kidnapped robot problem, and provide a valuable
reference for bootstrapping another localizer using chffié
types of sensors.

This localizer presents a good preliminary system but can
be enhanced by using higher level signal preprocessing, tra
jectory prediction, or other methods to improve its accyrac
and performance. Among these methods we believe that
some work can be done to improve the use of the inten-
sity map, for example by using autgenerated regions of
variable size depending on the local variations of the digna
strength, instead of regions of constant size.
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