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A Single Anchor Direction of Arrival Positioning System Augmenting
Standard Wireless Communication Technology
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1 Summary

This paper presents an effective, compact and easy to deploy system for Direction of Arrival
(DoA) indoor localization techniques. It is based on a Switched Beam Antenna (SBA) a
signal multiplexer and the Received Signal Strength Indicator (RSSI); it is fully compatible
with available commercial transceivers [1].

We describe the system architecture as well as the approach adopted for the DoA estimation
which is a derivation of the widely adopted MUSIC technique [1]. We also propose a
demonstration of its characteristics and by the exploitation of the indoor positing features in a
realistic indoor environment of about 25 square meters, for which the SBA is the single
anchor placed in the centre of the room ceiling. The system is capable to localize a target
node with a precision of about 50 cm in the area below the SBA, while an error within 1 m is
observed in a region covering about the 90% of the test area of the room. The system is
capable to locate a target node and due to its effectiveness to track the motion within the
room, finally it is also suitable as part of application layer for the most of the wireless access
technologies.

2 Introduction

Nowadays wireless positioning is becoming a critical issue of many distributed systems to full
satisfy the needs of context-aware applications.

Fig 1. The Switched Beam Smart antenna Fig 2. Target located thanks to the DoA referred to the
employed in the experiment BS.

We propose a DoA localization technique based on the measure of the signal strength at the
SBA antenna elements, whose structure is configured as a dodecahedron hemisphere, see
Fig. 1. The six printed antenna elements composing the SBA — working at 2.45 GHz — are
activated sequentially and are able to iso-tropically cover a wide angular region thanks to
their regular disposition, thus receiving different signal strengths from the same target
position. The operation in Circular Polarization (CP) grants the possibility of reliable links
regardless of the relative orientation of the target with respect to the anchor and thus making
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the link more robust to multipath. This SBA is intended to be placed on the ceiling of a indoor
space, a location unobtrusive for users to make the line of sight link more reliable. The
position of the target node in the room is determined by the estimation of the spherical
coordinate (theta and phi angles). Knowing the anchor position and assuming known the
target height over the floor, the two angles immediately leads to the target absolute position
in the room. In our experimental set up, the CC2430 SoC transceiver working in accordance
with the IEEE 802.15.4 PHY layer, controls the operation of the anchor and the target node
and provides a reliable signal transmission over wireless channels.

While the target is active, each antenna of the anchor is sequentially connected to the RSSI
block of the CC2430 and the readings are proportional to the power pattern of the specific
active antenna element, which is in turn a function of the direction expressed as the theta
and phi angles. Exploiting the Multiple Signal Classification (MUSIC) technigue with the RSSI
readings as the input, the DoA finally estimated.

To full cope with the unpredictable effects of multipath impairments and to avoid the need of
a full characterization of the antenna elements in a anechoic chamber, our technique exploits
a pattern calibration procedure to improve the accuracy of the DoA estimation.

3 Results and Conclusions

Our system was successfully employed to determine the position of a free target node placed
in a room of 5.2 x 4.6 meters. The anchor is placed on the ceiling at x=2.35, y=2.45, z=1.8
meters over the plane where the target node is constrained. The position of the target was
localized in each point of a 10x9 grid covering almost the room area.

1500 F 4500

4000 F 4000 |

200

3800+ 3500

3000 - 3000

(mm]

2500+ L. 2600

¥

2000 - 2000

room side_ [mm]

room side,

1500 F 1500 F

1000 1000 +

500 500

N\
] 1000 2000 3000 4000 5000
room side, [mm]

0 \ , L L \
1} 1000 2000 3000 4000 5000
room side, [mm]

Fig 3. Localization Accuracy (mean error, left) and precision (variance, right) obtained with the
described system.

The root mean square errors shows a mean less than 72 cm, which reduces to 56 cm in the
region below the anchor, the variance of the localization error is below 30 cm over the entire
room. The percentage of the room area where the error is below the 1 meter threshold is
around 90%, with the higher error located over the boundary of the room.

The system capability and performance will be exploited in a live demonstration.

4 References
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1 Summary

One of the most challenging issues in the design of localization systems is to improve the
battery lifetime of the mobile nodes as much as possible. In a previous work of the authors [1]
a novel low-power scheme for RSS-based localization is proposed. This scheme provides, in
an efficient way, the necessary information for the position calculation trying to minimize the
energy consumption of the mobile node. In this paper we describe the first implementation of
our proposal in a non-beacon enabled IEEE 802.15.4 sensor network and evaluate its
performance.

2 Protocol Description

The low-power scheme tries to reduce the energy consumption of the mobile nodes by
reducing the idle listening and increasing the sleep periods. The main operation of our
proposal is described in Fig 1. By using a synchronization algorithm, three different phases
are defined over the time. The anchors (nodes with known positions) maintain the
information related to the synchronization. In phase 1 the mobile node (MN) broadcasts a
localization request at a defined transmission power. The anchors answer indicating the
duration of the phases. If the MN does not receive an answer in a certain time, it tries to send
another localization request at a higher transmission power. This process is to ensure that
the nearest anchors to the MN can answer first. When the MN receives the first answer, it
goes into sleep mode and waits for the following phase. In phase 2 the MN randomly
broadcasts packets containing the address of the “selected anchor”, which is the anchor that
answered in phase 1. Between transmissions the MN sleeps. The anchors average the RSS
measurements of each received packet. In the phase 3 the anchors send the averaged RSS
value to the selected anchor. This anchor can either calculate the MN’s position, or send the
information to a central computer. If the MN needs to know its position it can send a request
to the selected anchor in the next phase 1.

3 Analysis and implementation

For the performance evaluation a testbed was built with 802.15.4 nodes. An address-based
routing was implemented on a tree topology. We designed an addressing scheme that allows
to decrease the number of re-associations (typical problem of a mobile 802.15.4 network)
minimizing the MN’s energy consumption. A low-power synchronization algorithm was also
designed for the selected topology. The localization algorithm “Weighted Centroid
Localization” (WCL) is taken as example and executed by the anchor. The more transmitted
packets in phase 2 the more reliable the averaged RSS is. We analyze the probability that a
MN, which needs to transmit, finds the channel free in the phase 2 (Py). This probability
depends on the phase’s duration, how many MNs are in the same region and how many
packets the MNs send during the phase. The Fig 2a shows the case when each MN tries to

21



transmits 10 packets. As expected, Pf decreases as the number of MNs increases.
Furthermore if the phase 2 is longer it is more probable that the MN finds the channel
available to transmit, but at expense of a higher delay. By using timestamps it is possible to
measure the duration of the transmission process in a MN. Fig.2b shows the averaged
difference between the timestamp at the transmission request (realized by the application to
the MAC layer) and the timestamp when the packet is transmitted (T,). Here the duration of
the phase 2 is 100ms and each MN transmits 10 packets. This time increases, when there
are more MNs in the same region, due to the long waiting time required by the backoff
process (CSMA).

| | |
. | @ Anchor
* v | |
3 ! ! > ©® Mobile node
| | t |
© : : e ~ I Anchor’s
| | \;" Y response
| |
@) | o
' | y \ 1 Mobile node's
o) ® : : o © transmission
| |
Phase 1 : Phase 2 : Phase 3 Listening

Figure 1: Operation of the low-power scheme for a mobile node over the time.
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Figure 2: a) Probability that a mobile node finds the channel free in phase 2. b) Averaged time
between a transmission request and the effective transmission of the packet in phase 2.

4  Conclusions

This paper describes the analysis and the implementation of a low-power scheme for
localization in a non-beacon enabled IEEE 802.15.4 network. In this proposal the MN can
sleep during long time saving energy. A more detailed description of our proposal will be
given in the final version of the paper.

[1] Robles, J.J; Tromer, S.; Quiroga, M.;Lehnert, R.: A Low-power Scheme for Localization in
Wireless Sensor Networks, 16th EUNICE International Workshop, Norway June 2010.
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1 Summary

The radio received signal strength (RSS) method is widely applied for indoor localization and
navigation systems. In order to realize it and get the optimal performance, we have to
analyze some factors such as choosing the initial value for the Levenberg-Marquardt (LM)
nonlinear optimization method, the placement of the RF receivers relative to the source
transmitter, the estimation of the noise in the environment, and especially the multipath
fading of the electromagnetic wave. The simulation experiments show the feasibility and anti-
noise property of the proposed localization method.

2 Received Signal Strength Model in Indoor Environment with Multipath Fading

In an indoor environment the RF signal fades rapidly with shadowing, reflection and
scattering by the presence of furniture, objects and walls, because of the induced diffraction,
multipath effects. Figure 1(a) shows the actual total propagation path is divided into direct,
reflected and scattered signals and the theoretical RF signal propagation model for
transmitter and receiver can be described as Figure 1(b).

Multipath Loss r

=l
N
|
pell
o

]

N
il

t .

receiver + 0 receiver
transmitter ~5 - t
| | r
Floor transmitter
(a) Multipath Loss in Indoor Environment (b) The Proposed Propagation

Figure 1: Schematic Description of the RF Signal Transmitting and Receiving for Dipole Antennas

Assume that the transmitter’s position vector is (x,,y,,z ) and orientation vector is t (m,n,p,),
the receiver’s position vector is (x.,y,,z, )and orientation vector is ¥ (m_,n_, p,). The signal A
vector at a distance R for the dipole are derived from an electromagnetic propagation formula
and presented as following equations respectively:

A:#—”(COS%R ~sinoa,) €))
T

The induced voltage in the receiver antenna can be presented as:

V=EIN, :%[Vx[Vxﬂﬂér ='inTl:%I'sin@cos:;z-N(r )
where g is the phase constant, n is the medium intrinsic impedance, N_is a Rayleigh
random variable which simulates the multipath propagation model of indoor environment.
In addition, two angles in equation (2) are presented as:

" This work is supported by the grants from Key Lab of Robotics & Intelligent System, Guangdong Province (2009A060800016),
the Guangdong/CAS Cooperation Project (2009B091300160), National Natural Sc. Foundation of China (600904031),
Shenzhen Sc. & Tech. Research Funds, the Knowledge Innovation Eng. Funds of CAS, and the Funds of SRF for ROCS, SEM.

23



RE _ m (% —x)+n(y, —¥)+p(z-2)

cosf =——= - - - (3)
Rl Jor %)+ (v, v +(z - 2)

sina—i m, (X, xt)+n (yr y)+p (2, -2) )
N e R R T e

3 Localization Model

Provided that the number of receivers placed around the object is N (N >=5), the position
and orientation of an object and receivers are (x,, y,,z,,my,Ny, Py ) » (X, ¥i, z.m,n,, p,) (i=12,---N)

respectively. Since (x,y,z,m,n)is the solving solution for (x, y,,z,,m,n,), then the object
localization function can be expressed as:

min:zl k(Ri2 (m(x =x)+n(y,—y)+p(z -2)) l[ERZ m (% —Xx)+n, (v, —y)+ p, (2, - 2)) )—Viz )

where R =[(x —x)? +(y, = ¥o)* + (2~ 2,)* , k=pnll),/4x.

The localization model in equation (5) is nonlinear and the Levenberg-Marquardt (LM)
optimization method can be applied to solve this problem for practicality.

4 Simulations

Simulations have been carried out in a 10mx10mx3m indoor environment as shown in
Figure 2(a), which consists of two rooms and metal tables. Three cross sections of

electromagnetic attenuation maps in Figure 2(b,c,d) demonstrate that floor, furniture and
walls have an impact on the RF signal propagatlon

Figure 2: The simulation results of electromagnetic propagation attenuation
(a. Indoor environment model; b. The cross section in Z direction; c. The cross section in X direction;
d. The cross section in Y direction)

At first three parameters of localization model are preset, then the localization error is
estimated by changing the other two as shown in Figure 3. The average position error is
around 1.5m and the average orientation error is around 5° in the proposed environment.

Figure 3: The localization error in dependance of two parameters: a. X,y ; b. X,z; ¢c. m,n; d. x,m; e. z,m

5 Conclusions and Outlook

The proposed localization method can get 5-D information of an object in the indoor scenario.
In order to get an accurate position and orientation estimation result, this study focuses in
particular on multipath fading. Our simulations show that the proposed localization method
has satisfied accuracy when the initial guess of the parameters are within some
predetermined ranges. In addition, future work will mainly focus on actual indoor channel
estimation.
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1 Summary

A novel range-free algorithm is presented in this paper. DALE (DALE is Adaptive Localization
with Enhancements) includes a two-stage algorithm and it is described as adaptive in the
sense that it is able to incorporate fingerprints of specific locations when available in order to
enhance localization accuracy. The proposed method is aimed in indoor environments and
requires a strategic placement of nodes in each room. It is easily scalable to a large number
of rooms and adaptable to rooms with complex geometry. Based on plain RSSI
measurements, which are easily collected on inexpensive hardware, the range-free method
returns an area wherein the mobile node lies, instead of a specific position fix. Simulation
results are derived in order to evaluate the proposed algorithm and compared to relative
research results in the literature, indicating that the proposed scheme achieves superior
robustness and accuracy, while being less computationally extensive and using fewer
beacons.

2 Extended Abstract

The rapid development of wireless communications along with the increasing interest in
pervasive computing has made localization algorithms a research area of significant interest
for many scientists and engineers. However, many indoor localization systems rely either on
a costly and time consuming fingerprinting process to produce a wireless mapping of a room
M complex hardware @ or a large number of beacons !

The proposed system operates using plain RSSI measurements collected from a limited
number of wireless nodes, placed appropriately in the localization environment, forming
rectangles. These nodes are required to be equipped with antennas that offer the same
transmitter gains and the transmitters are set on the same power level. When a localization
request is made, the position of the node is estimated in two stages (Figure 1). The system
first tries to decide which quadrant of the room the node resides in and then tries to further
enhance the original position, either by using fingerprints in specific locations or by
performing further calculations on the vector of the RSSI values received by the mobile node.

The basic concept of the system is a series of comparisons between the expected RSSI
values and the actual measurements, combined with a simple threshold model used to
compensate for the fluctuations in the mean value of the received power, due to large/small
scale fading. Different variations of the algorithm have been evaluated with respect to the
achieved accuracy they offer. Extensive simulation results are derived for each one of the
proposed alternatives of the algorithm, demonstrating high localization accuracy and
robustness.
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Figure 1: Overview of the proposed algorithm.

4 Conclusion and future work

The proposed solution tries to estimate the smallest possible area of the localization
environment where the mobile node resides in. The accuracy of the algorithm is therefore
dependent not only on the propagation characteristics of the specific space, but also on the
dimensions of each room where the system is set up.

Results have shown a mean localization error of 70cm in a 5m-by-5m room, dropping to
60cm with an addition of five fingerprints. An adaptive, fully range-free version of the
proposed system is also being explored, eliminating any need for fingerprinting. The system
is also undergoing extensive testing in an in-house developed localization platform, namely,
the WAX-ROOM system, in order to evaluate its’ performance in real conditions ..

This work is supported by (a) the “EMERGE” (EMERGE-IST-FP6-2006-045056), the
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1/ITET: 13591-07/07/2009) EU research projects, which are funded in part under by the
European Commission and in part by the General Secretariat of Research and Technology
(GSRT) of the Ministry of Development, Greece, (b) by a Ph.D. Fellowship of NCSR
Demokritos and the Ministry of Development and (c) by a Post-Doctoral Fellowship of NCSR
Demokritos and the Ministry of Development.
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1 Extended Abstract

Fingerprinting approaches are based on experimental models which relate the measured
Received Signal Strength (RSS) values directly to the position of the calibration points.
These models are generated with the use of data collected off-line from several locations
(calibration points) covering the area where positioning service is performed. Compared to
other RSS-based methods, fingerprinting algorithms are more robust against the signal
propagation fluctuations (Fig.1 and Fig. 2) and attenuations generated by environment
characteristics, since they make use of location-dependent errors of radio signals. Even if
more robust, the calibration phase of the fingerprinting is a very laborious and time
consuming approach, especially if it has to be performed for heterogeneous devices with
different wireless cards. Hence it represents a huge limitation when implementing mass
market positioning applications for devices with vendor-related hardware characteristics,
because different vendors produce different chipsets with different Radio Frequency (RF)
modules developed with their own accuracy, range of power, sensitivity and scaling, which
are key points for positioning applications [1]. Fig. 1 shows an example where two Mobile
Stations (MSs) under test (NOKIA N800 and ASUS X51Lseries) are placed 1m away from
the Access Point (AP). Even if the distance from the AP is the same, the RSSs detected at
terminal level differ by more than 15dBs. Moreover, due to the intrinsic complexity of the
indoor environment, measurements accuracy is highly dependent by the channel. Several
error sources (such as multipath, signal blocking, shadowing, presence of humans, objects,
overlapping channels, walls, noise and sensitivity of the wireless cards [1]) affect the signal
propagation, causing huge fluctuations, detected at terminal level, for each calibration point
(Fig. 2). Indeed inaccurate measurements fall into inaccurate final location estimations.
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In order to overcome the aforementioned drawbacks, we propose in this paper to exploit the
RSS from ad-hoc connections among neighboring MSs by evaluating the spatial proximity
among them (with the exploitation of empirical path-loss models for ad-hoc link) and using it
as constraint for the database calibration and final positioning estimation of the MSs.
Specifically (Fig. 3) the MS adopted in the conventional time-consuming calibration phase
(namely the Cluster Head (CH)) implements on-the-fly RSS data-base corrections for the
neighboring MSs (Cluster Members (CMs)). The RSS measured at AP-MS links in the
estimation phase for the CMs (and the relative erroneous estimated position) will be
evaluated by the CH and corrected with the constraint of the estimated distance among them.
After some iteration, the final correction factor is sent to the CMs which correct and adapt the
CH’s fingerprint database now suitable according to their hardware characteristics.
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The test experiment is performed in the library of Tampere University of Technology (TUT),
where the time-consuming calibration of the area (40x40m) has been performed by using a
NOKIA N800 Internet Tablet (being the CH) and signals of 3 APs. As CMs two laptops with
different wireless cards have been used, where a C++ application has been implemented for
measuring the RSS, exchanging the data in ad-hoc mode and providing corrections in real-
time. Fig. 1 shows the difference of RSS between The CH and one CM, while Fig. 4 shows
the performed fingerprints of the CH to be modified on-the-fly for the CMs. It is worth
mentioning that once one CM is calibrated (with the proposed technique) it can be elected as
new CH and it can calibrate new CMs joining the ad-hoc network.

The technigque proposed by the authors is able to avoid long time-consuming calibration
phases to obtain suitable fingerprint databases for heterogeneous devices by exploiting the
spatial proximity among the MSs connected in ad-hoc mode. In this work we will show: 1)
How close the accuracy of the proposed technique, applied to the CMs, approaches the
accuracy of the CH, 2) How the power consumption is decreased in the CMs calibration
phase (since correction factors need to be added in the fingerprint database), 3) potentials
and limits in the distance-dependence performances of the calibration phase (spatial
proximity among MSs).

[1] Della Rosa F., Paakki T., Leppakoski H., Nurmi J., ” A Cooperative Framework for Path Loss
Calibration and Indoor Mobile Positioning”, Proceedings of 7th Workshop on Positioning, Navigation
and Communication 2010 (WPNC'10) Dresden, Germany, March 2010.
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1 Summary

Most current indoor localization systems usually work with received signal strength (RSS)
measurements gathered from different wireless technologies (WiFi, Bluetooth, ZigBee, etc.). The RSS
signal random nature makes that most of the systems, either map-based or channel model based,
need an off-line calibration phase, at least when starting the location system for the first time.
Calibration usually is a resource and time consuming task, and its validity expires after a period of time,
mainly due to continuous and unavoidable physical variations of the environment (e.g. changing
people flow during the day, open or closed doors, furniture redistributions, etc.). In this contribution we
present an algorithm which allows dynamic calibration of a channel model-based localization
technique. The algorithm uses a Least Mean Squares technique to adaptively estimate the constants
of the propagation model, using reference beacons, aiming at minimizing the error of a hyperbolic
triangulation method. Simulated and real data show that the location error is effectively minimized after
a number of training samples, making possible to avoid manual calibration and recalibration
procedures when deploying a localization system.

2 Fundamentals: Localization scenario

We consider an indoor space covered by a network of anchor nodes (e.g. WiFi access points or
Zigbee motes) which measure the RSS of a mobile node to be localized. Our localization system is
based on using a propagation channel modeling to compute each distance mobile-anchor node and
perform hyperbolic triangulation. The most popular channel model for RSS-based localization is the
lognormal model:

P, (dBm) = P,, (dBm) + A—107log di +N(0,0) )

0
where and P1x and Pgryx are the transmitted and received power (at the transmitting and receiving

nodes, respectively), d is the distance between transmitter and receiver, A and n are the parameters of
the channel model and N is a zero-mean Gaussian random variable with standard deviation o.

Using eg. 1, given A and n, the system estimates the distances d from the received Pryx (in practice
the RSS), at least to three anchor nodes. To complete the real-time localization, a hyperbolic
triangulation is used to localize the mobile node (detailed formulation is available in e.g. [1]).

However, in practice, both A and n need to be off-line experimentally determined and continually
updated or calibrated (bad estimations of A and n might result in significant localization errors). A
number of strategies dealing with this problem from different perspectives have been proposed (see
[2], as an example).

In this context, our objective is to avoid any off-line experimental determination of A and n constants 1)
to minimize the complexity of the calibration tasks when getting the location system to work for the first
time and 2) to adapt the system’s performance to real time environmental variations. To do so, we
define a number of beacon or reference points in given geographic locations. These beacon points,
easy to deploy (practical considerations will be described in the full paper), will be situated in
waypoints (e.g. doors), attached to static objects (e.g. a printer in an office), or situated as part of the
communications network. The anchor nodes continuously measure the RSS of the signals coming
from these static beacon points and use the algorithm presented in the next section to compute A and
n in real time.

3 The Least Mean Square (LMS) algorithm

The algorithm uses the measurements taken from the calibration points to iterative calculate the
optimal values of A and and n, i.e. those that minimize the error between the estimated and the
(known) real position of the beacons
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Assuming that a single channel model is used (in the final paper, results using not a single but several
channel models will be included), the LMS algorithm is formulated as:
de(n)

A 3

A() = A(n=1) - u,e(n) = A(n=1) - pz,6(n)

de(n)

dn

where ps are the filter step sizes. After detailed computation (basically derivations and simplifications)
on the formulas of hyperbolic triangulation the following expressions for A(n) and n(n) are obtained
(details in the final paper):

n(n) =n(n-1) - p,e(n)
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4 Preliminary results and practical issues

Fig. 1 shows an example of how the LMS algorithm is able to reduce the location/estimation error by
adaptively adjusting A and n. The case represented in Fig. la. starts with a value for Agjust differing 5
dBs from the value used to simulate the RSS measurements (Ag). In this case, approximately 100
samples are needed to calibrate the model. When the difference between As and A, is 15 dBs, around
600 samples are needed to stabilize the error value.

Distance error Distance error
T T T T T

451

3.5

25

1.5

0.5

r I r r r r I r r I 1 r I I I r I r
50 100 150 200 250 300 350 400 450 500 200 400 600 800 1000 1200 1400
no. samples no. samples

Figure 3: Evolution of the error in distance using a model with no=3, pa=0.1, K,=0.01 and two different values for A: a) A¢= -65
and b) A,=-75. Scenario with 8 anchor nodes and 20 calibration/beacon points (zigbee motes)

The final paper will include the detailed description of the algorithm, an exhaustive performance
evaluation, both using simulated and real measurements from our ZigBee network infrastructure and
also a discussion on the effects of using various propagation models (for different anchors). Further,
from a practical viewpoint, the full paper will elaborate on how to easily establish beacon points in real
environments.
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1 Introduction

In this paper we address the problem of indoor tracking using received signal strength (RSS)
as position-dependent data. This type of measurements are very appealing because they
can be easily obtained with a variety of (inexpensive) wireless technologies. However, the
extraction of accurate location information from RSS in indoor scenarios is not an easy task.
Due to the multipath propagation, it is hard to adequately model the correspondence
between the received power and the transmitter-to-receiver distance. For that reason, we
propose the use of a compound model that combines several sub-models, whose
parameters are adjusted to different propagation environments. This methodology, called
Interacting Multiple Models (IMM), has been used in the past either for modeling the motion
of maneuvering targets [2] or the relationship between target position and the observations
[1]. Here, we extend its application to handle both types of uncertainty, in the target dynamics
and the RSS observations, and we refer to the resulting state-space model as a generalized
IMM (GIMM) system. The flexibility of the GIMM approach is attained at the expense of an
increase in the number of random processes that must be accurately tracked. To overcome
this difficulty, we introduce a Rao-Blackwellized sequential Monte Carlo tracking algorithm
that exhibits good performance both with synthetic and experimental data.

2 System Model

Dynamic Model: We formally represent the target dynamic state at time t € N over a two
dimensional region as a 5 x 1 real vector x5, = [w,, 7, v,]", Where the real 2 x 1 vectors r, and
v, provide the target position and velocity, respectively. Each one contains two real scalars,
T = [rer)” and v, = [vy,,v,,]7, Which are the coordinates of the position, r,, and velocity, v,,
in the x — y plane. w, € R denotes the variation, in radians, of the angle of the velocity at time
t + 1. The subscript ¢ in x,, is used to indicate the state vector dimension. A popular dynamic
model for x;, is the so-called “coordinated turn” (CT) model [2], which completely
characterizes the ability of the target to turn. By selecting different distributions for w, one can
devise different motion models. Hence, we introduce an additional state variable, a, € {1, ..., L},
such that a,_; = L implies that w, is generated according to the I-th motion model. Finally, the
6x1 state vector x,,=[a, w7, v]" evolves according to the IMM equation
ac~plaglac—1), we~p(welwe—1,ar—1), X4r = A(We—1)X4-1 + Qu,. The transition matrix A(w,—,) IS
a function of the turning angle w,_,, Q determines the covariance of the dynamic noise and
the conditional pdf w,~ p(w|w,,,a,,) and the pmf p(a;|a,_,) are assumed known.

Measurement Models: We propose a scheme where RSS observations are collected from J
sensors. The measurement provided by the j-th sensor at time t is denoted as y;,. We
represent the relationship between the observed RSS, y;,, and the target position, r,, with
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log-distance path-loss models. However, as this relationship depends tightly on the physical
environment and may even change with time we propose to use an IMM approach, again, in
order to handle the uncertainty. Specifically, we allow the observation y;. to be represented
using one out of K different models, each one of them fitted to a different set of experimental
data, using a measurement model incator variable m;, € {1,...,K}. The parameters of the
function depend on the specific model and should be determined from field measurements
collected in the scenarios where the tracking system may have to operate. In the complete
paper we will give full details on the construction of the models.

3 Algorithms

In the paper, we will introduce a sequential Monte Carlo algorithm for the tracking of the state
vector. We will show that the sequence of velocity vectors, v,.., as well as the vectors of
model indices, m,., can be integrated out analytically from the posterior distribution in such a
way that only the position, r;, the turning angles, w,, and the dynamic model index, a,, need
to be sampled. The resulting algorithm falls in the class of Rao-Blackwellized particle filters
(RBPF's) [2] and we have found that it is effective in the processing of experimental data. In
the paper, we will also introduce an unscented Kalman filter (UKF) for the considered GIMM
system, and compare it with the RBPF in terms of performance and complexity.

4 Brief preview of the experimental results

We have carried out experiments in a network consisting of nine ZigBee nodes located at
fixed positions, acting as RSS sensors, and one extra node acting as the moving target. The
nine nodes were deployed in a regular grid covering an area of 6 x 10 meters. We have
collected data from the nine sensors following a moving target and, additionally, we have
also simulated the observations from all sensors for the same trajectory, in order to compare
the performance of the proposed RBPF with real and synthetic data. The results are shown
in Figure 1. The left plot shows the nine sensors as solid squares, the target trajectory as a
solid line and the trajectory estimated from synthetic data with a dashed line. The RMSE
attained for 100 independent simulations for the same trajectory was 0.594 m (with a
standard deviation of 0.663 m). The results with experimental data are shown in the right plot.
It can be seen that the estimated trajectory
is very similar to the one obtained with
simulated data.
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1 Summary

We have developed and implemented an indoor positioning system that is able to carry out
wireless sensor node location in real time and automatically adapts to changes in the
environment. We present a descent gradient iteration algorithm, in order to calculate the
blind node's position in the most accurate way. It is based on several matrices that can be
dynamically updated with the information received from the reference nodes. The algorithm
is running at a central server due to the computational limitations of this type of node and, as
it is based on the measured RSSI levels, no extra hardware is required. The selected
platform is a Texas Instruments’ CC2430 WSN (Wireless Sensor Network) and the location
estimation is calculated over ZigBee communication technology.

2 Introduction

Nowadays, indoor location is an unresolved issue many research groups are working on
intensively. There are several techniques that have been developed seeking a solution;
however, a definitive approach has yet to be found.

One of the most reliable existing solutions is fingerprinting, based on an RSSI calibration
method, where several measurements are taken in order to describe the signal's propagation
pattern in a particular scenario before the location phase begins. This technigue needs a lot
of pre-processing work though, and furthermore, the method is not useful when there are
changes in the environment. Whenever changes take place, the RSSI fingerprint has to be
built up again since all the previous measurements become useless.

Therefore, if we wish to obtain an accurate location, it is not enough to simply perform an
initial calibration process. This calibration must be updated dynamically whenever location
needs to be determined.

In order to accomplish this goal, we have developed a robust, easy-to-deploy and flexible
positioning system based on ZigBee WSN. The reason why a ZigBee network has been
chosen is that it is a low-cost, low-power, wireless mesh networking proprietary standard. It is
important to note that the mesh networking provides high reliability, a wider range and also
makes it easier to deploy the ZigBee nodes.

Our system consists of two main phases: calibration and location. The requested node's
location is computed in the central server, and then it can be distributed to the network.
Should a blind node need to be located, the system performs the calibration, so that changes
in the environment are taken into account in the location phase, and thus making the system
more robust and accurate.
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3 Our positioning algorithm

The system is based on an RSSI measurement technique; although there are other signal
measurement techniques, these would just add complexity to our system and make it more
expensive. Moreover, RSSI is a parameter that is obtained directly from the messages
exchanged between the ZigBee nodes.

There are two types of nodes in the system, reference nodes and blind nodes. Reference
nodes will be strategically deployed throughout the scenario and their exact position will be
known at all times. Blind nodes will be the ones to be located.

There are two phases we can distinguish: the calibration phase and the location phase. In
the calibration process the system measures the RSSI value of the messages that each
reference node sends to the others from its fixed position. We can therefore work out the
relationship between the geometric distance and the RSSI values among all the references.
In order to do so, we use a matrix method and then we calculate a distance vector called dn
which shows the estimated distances from a particular blind node to each of the reference
nodes.

Due to indoor propagation issues, it is impossible to obtain the real dn values. Therefore, we
have developed a descent gradient iteration algorithm that can be used to calculate the blind
node’s position more accurately.

Xy = X + ia an,
= a . —_——_—
TR T LY fd(X X))

This algorithm analyses the dn vector and can deduce the nearest reference from the blind
node. In the first iteration, the system assumes that the blind node is directly in the position of
the closest reference and then, in the following iterations, the blind node’s positions will be
updated taking into account the influence of all of the reference nodes.

) (X; — Xi)

4  Algorithm testing

In order to determine whether the algorithm that has been developed is reliable or not, we
tested it by introducing real scenario parameters. We calculated the real Euclidean distances
between a hypothetical blind node's location and some well known references. Using these
values we proved that the algorithm converges to the right position.

There are several parameters that can be changed to obtain more accurate results
(transmitted power, number of exchanged packets, type of antennas, number of iterations,
number of deployed references), and they have to be carefully selected, depending on the
final application goal.

5 Conclusions and Outlook

The platform has been deployed in DeustoTech facilities, which is a real environment, with
different separate furnished rooms. The system consisted of 8 reference nodes and 1 blind
node, transmitting messages at 0 dBm. In our tests we performed 150 iterations and
obtained significantly accurate results, with an average error of 3 meters. Other indoor
positioning systems are far from offering better results; they require more pre-processing
work and do not automatically take into account changes in the environment.
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In typical ZigBee location applications, end devices are listening network messages for
configuration and synchronization. These listening intervals often consume more than the
transmission process reducing significantly the battery life time of the end devices. This
paper describes a ZigBee communication protocol which has been implemented and
provides a reduced power consumption of end devices. This is achieved by a simplification of
the end devices firmware in order to increase their sleeping time and a proper development
of routers and coordinator firmware.

This developed protocol allows two different forms of location estimation: proximity-based,
where the position of the end device is related to its nearest reference node location; and
multi-RSSI reference detection, which provides several neighbours RSSI values, being the
base for more complex algorithms such as triangulation and fingerprinting.

The coordinator acts as a gateway of the network, allowing a communication between the
wireless sensor network and the PC by a serial port. This device forwards the received
messages by the ZigBee network to the serial port, and incoming messages on the serial
port to the ZigBee network. Blind-Node is the end device (mobile node) whose position is
desired to be estimated. After being registered in the network it will start an infinite loop
where it falls asleep for a pre-defined interval and wakes up only in order to send a set of
blast messages (broadcast messages of null APS payload and radius 1), followed by an end
of transmission identification message.

The Ref-Nodes provide the location support, remaining in a permanent pooling mode,
listening for messages. They listen for location messages from Blind-Nodes, configuration
messages from coordinator and forwarding messages from other Ref-Nodes, processing
them according to its individual role. These nodes represent the major system responsibility
for messages processing on the network.

Through the high level application the user can choose a location based on proximity, where
it is possible to identify all BlindNodes located in the area by matching the Blind-Node ID with
the Ref-Node ID that detected its higher RSSI value. The other mode, called multi-RSSI
reference detection, provides the base for a more precise location process, where a
message with all Ref-Node IDs and the corresponding RSSI values of chosen Blind-Nodes
will be sent to the coordinator. These location modes and their corresponding messages
contents are described in Figure 1.

The selection of the location mode is managed by a graphical interface based on Java
language, with the characteristic of easy and intuitive use. The developed interface provides
the user with the visualization of Blind-Nodes based on the proximity or a more precise
location based in a neural network. It also provides the configuration of the communication
route and an identification of communication failures.
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Figure 1: Projected system for proximity and multi-RSSI location

The main objective of this communication protocol is to achieve low power consumption of
Blind-Nodes. Optimal sleep times and the number of sent numbers of blasts greatly depends
on the system requirements for batteries life time and location refreshing time. Several
possible solutions based on a 650mAH battery with different sleep cycles and corresponding
life time duration are described in Table 1.

Life time (days)
650 mAH
Sleep Cycle (ms) 1 Blast 5 Blasts 8 Blasts
3000 469,2 107,4 72,4
5000 776,4 177,8 119,4
10000 1529,2 353,2 237,3
60000 8034,1 2045,9 1386,4

Table 1: Blind-Node expected life time duration

It is shown that batteries life time from several months to a few years can be easily achieved.
These values can be greatly improved by configuring the modules in order to send fewer
blast messages per cycle, or configuring them for bigger sleeping intervals.

This paper presents a new protocol and location engine scheme that can include any type of
location algorithm. The main novelty is the reduced power consumption for mobile nodes. An
improvement in the battery life time from several days to several months or years based on a
simple indoor location protocol can be achieved.
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1 Summary

This work will propose a way of improving location estimations of a ZigBee RSSI based
Indoor Localization System (ILS) in large buildings. ILS beacons are a network of fixed
sensor nodes, linked with the ZigBee protocol, installed in convenient locations. A set of
unknown objects, equipped also with ZigBee devices (blind nodes), can be located and
tracked by the ILS. The localization system will provide 2.5 dimensions data (2D5) about
blind nodes location: 2D metric information (X and Y axis) in every floor plus an indication of
the floor number in height Z. The positioning of blind nodes is improved by fitting initial
estimations into a building metric description graph which include connectivity among rooms
and relative distances between graph nodes.

2 ZigBee Sensor Networks as Indoor Location Systems

In modern buildings a distributed Sensor Network (SN) allows to collect important information
from any room of it: occupancy, temperature, lighting status, and many others. ZigBee based
sensor nodes are a perfect way to deploy such a network with a minimum of installation
efforts even while refurbishing old buildings.

This kind of sensory structure can be used as an Indoor Localization System (ILS) as well.
Many other systems use the information sent or received from a set of RF beacons to extract
sufficient parameters in order to determine the location of an unknown device inside their
coverage area. ZigBee based beacons are a good and cost effective option to construct such
an ILS.
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Figure 1: Experimental arrangement of ZigBee ILS beacons in the 3" floor of the Electronics
Department building.
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However, ZigBee devices have been conceived as a low-cost, low-power and low-rate
wireless communication system, although both processing power and RF stage are not
optimized for location purposes. Nevertheless, RSSI from ZigBee devices is widely used as
input for several algorithms suitable to provide useful location information. In the Electronics
Department of the University of Alcala a layered ILS system has been installed in two
consecutive floors (2" and 3"). This arrangement allows testing the ZigBee ILS performance
for the purpose of locating devices including the height information inside a complex 3D RF
field. An overview of one of the experimental setups is shown in Figure 1.

3 Improving ILS estimation: Metric Description Graph

In practical ILS too many external factors influence the theoretical signal propagation field
and degrade the location estimation, mainly when radio ILS is used to locate pedestrians.
One of the major error sources is the human body itself, making it extremely difficult to model
such a dynamic system with sufficient accuracy in some applications: some kind of
environment description should be added to the ILS in order to get the desired performance.

The central element of our proposal is a Metric Description Graph (MDG) which includes
both metric and connectivity information about the environment where the ILS is deployed.
The MDG allow integrating easily the information given by an ILS with other sources of
information or services to users. Using the MDG as a framework, the RSSI measurements
can be fused with additional knowledge about the location problem to be solved.

Here we present some results about locating and tracking people just using RSSI data from
a ZigBee SN and a simplified dynamic model of pedestrian behaviour. Figure 2 show a
sample run through a section of the map shown in figure 1. A pedestrian enters this section
from the left side, goes for a while to a restroom and then continues walking along the
corridor. In figure 2 the MDG (routes map) and two set of data can be seen: initial
estimations coming from a ZigBee ILS; and the result of fitting ILS data to MDG with a
simplified pedestrian dynamic model. The initial estimations were obtained from the X-Y
outputs from the Location Engine of the CC2431 chip (Texas Instruments), improved by
prefiltering of beacons’ RSSI. The pedestrian dynamic model includes a maximum speed of
1m/s. Even such a simplified model helps to limit the variations along the map, leading to a
more realistic and useful description of movements.
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Figure 2: Tracking of a pedestrian walk, showing the initial set of position estimations and the fitted
ones over the Metric Description Graph.
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1 Summary

The proposed positioning technique is based on pre-computed attenuation maps of the
received signal inside an indoor environment characterized by dense multipath fading effects.
The attenuation maps are obtained through ray tracing modeling and they are validated
against measurements by means of several Crossbow MICA2 devices operating at 433 MHz.
The scenario is a conference room equipped with 8 transmitting anchor nodes (AP’s). A
network of calibration points is composed by 27 probe nodes. The goal is to obtain a
satisfactory estimate of an user position based on the tuple {a} of the attenuation values,
where k indexes the AP nodes.

2 Numerical modeling

Propagation prediction models involve interaction mechanisms of the signal with the
environment. They provide descriptions of: a) large scale behavior, essentially path loss; b)
small scale behavior, i.e. local field variations. A single deterministic description of an
environment does not include signal fluctuations due to geometrical noise as it is induced by
people moving around, different positions of furniture and objects, etc. On the other hand, a
pure deterministic description of the channel response could neglect specific environment-
related behaviors [1]. Hence, the numerical modeling is used to produce maps obtained
perturbing the environment by placing randomly chosen scatterers to reproduce the received
power fluctuations. Computed power maps were used to obtain — through a calibration
procedure with comparison against measurements - an average description on the received
power. The database is composed of 120 pre-computed maps with a given spatial resolution
(0.1 x 0.1 m® considering 5 up to 10 scatterers of various dimensions. Scatterers are
modeled as polygons having at least 10 sides and their dimensions are set in terms of the
radius r of the circumscribed circle (0.05 m < r < 0.25 m). For each AP, the reference map is
the average of the perturbed ones. These maps are used to evaluate localization capabilities
under various possible scenarios.

The strategy is the following: a probe node (unknown location) is placed in the spatial domain,
i.e. the indoor environment, at the probe location (x;y;) the tuple {ax(x;y;)} of attenuation
values is read from one of the ©perturbed maps in the database.
The localization of the probe position is achieved by minimizing the cost function K,

Nap
K(J) :\/Z(< a (X, Y;) >—ak(xi,yi))2 , Where <ay(x;y))> is the attenuation average value
k=1

from reference map at (x;,y;) as experienced when APy is transmitting. The outcome of the
retrieval algorithm is (x;y;) — K is minimum [2].
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3 Progress results

Figure 1 shows the results of a preliminary test performed over 14 points. In the graph, one
can observe the AP’s locations and the deployment of the probe points. The number printed
at the probe location indicates the RMSE localization error quoted in meter.
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Figure 1: Example of localization algorithm and its performance: at the points locations, distance error
[m] is the RMSE computed by using all the perturbed maps. Dimensions are meters.

By forcing an a priori knowledge about the probe motion, it is possible to include tracking
capabilities. This was done under the assumption that the probe represented the
displacement of a mobile user in the conference room, i.e. with an imposed velocity motion,
Figure 2 reports the actual trajectory and the retrieved ones, on the left side, and the
histogram of the distance error, on the right side.
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Figure 2. Example of tracking: actual and retrieved trajectories (left); histogram of the distance error
(right).

At the conference the author will detail the effectiveness of the refinements achieved in both
localization and tracking capabilities of the algorithm.
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1 Introduction

Indoor localization is important for many areas of ubiquitous computing research, such as
activity recognition and prediction, assisted health care, tracking of people and objects, and
others. The current de-facto standard of indoor positioning are Wi-Fi-based solutions.
However, Wi-Fi coverage is limited in rural areas, developing countries and interference-
sensitive environments. In cases when Wi-Fi infrastructure is not readily present, its
deployment is expensive both in terms of hardware costs and required personnel
gualification.

A cost-effective alternative to Wi-Fi is localization using FM radio signals. Previous works on
FM positioning [1, 2] considered only outdoor environments and used specialised hardware.
This paper, in contrast, focuses on indoor scenarios and FM receivers already present in
many mobile devices, such as cellphones, MP3 players, pedometers, etc. The short-range
FM transmitters used as beacons are available from conventional electronics shops, and are
significantly cheaper than Wi-Fi access points. In this paper we present the results of
experimental comparison of FM and Wi-Fi positioning accuracy. Also, we describe and
evaluate a method for maintaining the system accuracy over time without any additional
hardware.

2 FMindoor positioning

To evaluate the performance of FM positioning system, we placed three FM transmitters in
corners of our lab (sized 12 by 6 meters). An HTC Artemis smartphone with an embedded
FM tuner has been used to collect the received signal strength indicator (RSSI) values from
each transmitter in different points of the lab. The measurement points formed a grid with
0.5 m step.
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Figure 1: FM positioning accuracy
3 FMversus and with Wi-Fi
To compare the positioning accuracy of FM and Wi-Fi based solutions, we employed the
other part of the collected dataset, which comprised Wi-Fi RSSI fingerprints from Wi-Fi
access points collocated with FM transmitters. Unfortunately, due to firmware limitations, the
mobile device reported Wi-Fi RSSI rather coarsely (6 distinct levels), while FM RSSI had
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about 50 levels. To mitigate this problem, we reduced the variety of FM RSSI values to 6
levels. This affects the positioning accuracy of FM, but ensures a fair comparison with Wi-Fi.
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Figure 2: Comparison of FM and Wi-Fi positioning accuracy Figure 3: Accuracy of a combined
with Gaussian processes (left) and kNN (right) FM+Wi-Fi system (KNN)

The comparison results are presented in Figure 2. As one can see, FM and Wi-Fi positioning
have very similar performance. Moreover, if we merge the FM and Wi-Fi RSSI vectors into
wider fingerprints, the accuracy of such a combined FM+Wi-Fi system becomes better than
any of the underlying technologies alone (see Figure 3).

4 Spontaneous recalibration

A serious issue for fingerprinting-based systems is the temporal instability of RSSI
fingerprints, which causes accuracy degradation. To maintain the positioning performance,
one needs to perform periodic recalibration of the system, which is a tedious and expensive
procedure. 1

In real life, however, the position of the client device 82 V'

can often be inferred from other context sources. For 8 8; :_.;;':'

example, the device can detect when it is inserted in 3 05 5

a desktop cradle, connected to a wall charger, or £ 04 ,' —
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points (using a simple signal propagation model).

Thus the training set is being regularly updated in a Figure 4: Effect of spontaneous

way transparent for the user, and without any recalibration (Gaussian processes, FM)

additional hardware. Figure 4 shows the change of
the positioning accuracy over one-month period and the effect of spontaneous recalibration
with five known positions.
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1 Extended Abstract

The presence of prospective high number of wireless transmitters in indoor spaces has
motivated researchers to investigate whether their built-in received signal strength indicator
(RSSI) could be exploited to gain information on the relative position of a receiver with
respect to a number of transmitters. For this reason the RSSI range-based localization
systems that use inexpensive, hon-dedicated wireless devices have gathered great attention
in the last years. Even though RSSI meters are not built to this end, but rather to give
information to the higher communication protocol layers about the status of the
communication link, their usage is highly attractive, because the information they give is
obtained almost “for free”. As a consequence, many studies exist which, analytically, through
simulations or through real measurements, analyse how a mobile can use RSSI relative to
multiple wireless transmitters (anchors) to compute its position [1, 2]. This approach is
popular because no additional hardware is required on the nodes for localization. In [3] the
authors find that range-based methods perform better than connection-based ones under a
given set of conditions. We find that these conclusions are consistent with the results
sketched in our preliminary work. In [4] we concentrated on a single nomadic mobile,
concluding that a Maximum Likelihood approach is able to exploit all available information,
and has proven to be a powerful method to evaluate RSSI based localization methods.

The goal of this work is to expand the work in [4] by using a detailed ray-tracing simulation, in
order to investigate the performance of indoor, single-room localization when multiple sensor
nodes are placed on the mobile. This study does not lend itself to practical implementation of
a localization method, but rather provides insight into performance assessment by using
either one or more sensor nodes placed on the user. In other words, this study aims at
answering the following questions: How does the localization performance increase by using
multiple sensors placed on the user? Is it possible to determine the direction where the user
is facing? We answer these questions by using a parameter estimation approach and by
comparing three scenarios. The first scenario is based on only one sensor per user, and the
other two scenarios with two and three sensors, respectively. Preliminary results show that
the localization error decreases when passing from one to two sensors per user, but the
performance does not significantly increase when using three sensors. This is expected,
because the maximum likelihood method we use is able to take advantage of any added
information. This means that adding receivers will certainly improve the accuracy of
localization. However, since the method requires a precise map of the power distribution in
the room and non-trivial computations, it is not directly applicable in practice. Its usefulness
lies in its capacity to compare different solutions and put a high boundary on the ability of a
given configuration to provide accurate localisation.

43



2 Preliminary results

We conducted preliminary simulations using the map of an office room at ISTI, CNR, in Pisa.
Its size is 7.00 by 4.95 m, its height is 3.12 m. The room has a double door, a magnetic
white-board, and a low metallic cabinet in the corner. The walls are made of gasbeton, the
floor is wooden and there is a lightweight dropped ceiling. Both, the mobile and the anchors
use a M2 dipole — A being the wavelength at the 2" channel of the IEEE 802.15.4 standard —
which is about 62 mm. We use a three-dimensional deterministic propagation model based
on an inverse ray-tracing algorithm which accounts for contributions up to third order
reflections. The model evaluates first-order edge diffractions through heuristic UTD
(UniformGeometrical Theory of Diffraction) dyadic diffraction coefficients, valid for
discontinuities on impedance surfaces, and accounts for conductivity and permittivity of the
wall materials. The grid of the map is narrow enough that we can assume we have all the
information about RSSI on the considered plane. Let's now look at reflections inside the room,
and how much they affect the RSSI pattern. Figures 2 and 3 show that the RSSI patterns are
very complex, and even movements of a few centimetres can change the received value
significantly. At the same time, for each given RSSI value, there are many, even far-apart
locations in the room where the same value is received. For each scenario, the mobile
receives RSSI information from a number of anchors, and for each grid of the map we will
compute the likelihood for the mobile to be located at this position. Performance is computed
as the localisation error for a given configuration. Our results show an expected increase in
precision when the number of transmitters increase (Table I). The median error for 18
transmitters and a single receiver is 21 cm.

Table I: Performance obtained with variable number of transmitters and a single receiver.

Number of transmitters 3 5 7 12 18

Error (third quartile) 356 cm 300 cm 267 cm 145cm 73 cm

ol

Fig. 2. Anchor in a corner, dipole slanted by 45° Fig. 3. Anchor in the centre of the room,
horizontal dipole
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1 Summary

Iridium as one of Low Earth Orbiting (LEO) satellites emit high power signals which can
easily pass into buildings. Therefore, one can receive its signals where no other signals can
be reached. This paper tries to use signal strength of Iridium Satellites for indoor positioning.

The main idea in this paper is based on the determination of the user’s position by measuring
the signal power. At first the signal power pattern of iridium satellites in the building is
simulated. Then, it is matched with the measured signal power in the receiver. Finally, the
user’s position is estimated with a specific level of precision. At the end, the self sufficiency of
this method is discussed.

2 Introduction

Low Earth Orbiting (LEO) satellite signals can pass into high-rises and tall buildings. These
signals pass through roof, walls, and windows to reach user’s receiver and to transfer the
information. However, the signal attenuation pattern is obviously different for each signal
paths. But one can provide a specific signal power pattern inside a specific building.

From variety of LEO satellites, iridium satellites have been studied in this paper due to their
high signal power and availability. Iridium satellites are orbiting the Earth at elevation of
approximately 781 km. Moreover, the constellation has been designated to have excellent
satellite visibility and service coverage at the North and South poles. These advantages
make the iridium satellites useful for indoor positioning.

3 Methodology

In this paper, the signal strength or equivalently signal to noise ratio, is used for positioning.
Furthermore, it is assumed that the map of the building is available for the user. The user can
estimate the signal propagation pattern by using the map inside the building. Therefore, by
matching the signal propagation pattern with the measured signal power, the user can be
located with a specific level of precision.

In order to locate the user inside a building, there are some questions should be addressed.
The first question is if the signal power pattern depends exclusively on the shape of building?
In other words the question is if the position of satellite affects the pattern? The second
guestion is if the signal power is different in different floors? If yes, then the user can be
easily located within floors. Last but not least, the third question is about the level of precision
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with which the user can be located and if it is exclusively related to the shape of the building
or not?

In order to answer these questions, this paper simulates the signal propagation inside the
building. It is investigated whether the signal power pattern is the same by changing the
satellite’s position or not. Moreover, the signal power differences in different floors are also
evaluated. It enables one to discriminate the specific floor the user is on. In addition, this
simulation can provide a good insight about the expected precision of the estimated position
based on the precision of the measured signal power at receiver.

Figure 1 shows the simulated signal power of iridium satellites in one floor building with a
door and window. It is assumed that the receiver is located at the centre of the building. This
simulation presents the received signal power of iridium satellites in all directions.

Type = Farfield
Approximation = enabled (kR™X> 1)
Monitor = farfield Dir 8.5
Component = Abs

Output = Directivity

Rad. effic. = 0.9998

Tot. effic. = 0.00053082

Dir. = 6.519 dBi

Figure 1: The received signal power of iridium satellites at the centre of a specific building.

4  Conclusions and Outlook

Last but not least, it is discussed if this method alone can estimate the user’s location inside
the building or it should be integrated with other methods.
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1 Summary

This paper presents a fingerprinting positioning algorithm for WLAN environments based on
Euclidean Distance (EDA). The adapted algorithm can be used in large and dynamically
changing environments and multi-level buildings. Evaluation results show a reduction of
median location estimation error (LEE) from 12m using standard EDA to 2.12m when the
adapted EDA is used. The discrete vertical z-coordinate could be estimated correctly in
97.45% of cases. Moreover, it is shown that the calibration effort can be reduced clearly by
using larger calibration grids with an acceptable increase of LEE.

2 Introduction

For indoor localization in WLAN environments Received Signal Strength Index (RSSI) based
methods may be used to determine the current position by fingerprinting and Euclidean
distance algorithm ([5]). In large areas of measurement or in dynamically changing
environments the basic Euclidean Distance algorithm shows large location estimation errors.
This paper presents an adapted and improved algorithm for the use in dynamically changing
environments.

3 Related Work

The RADAR System ([1]) uses EDA with affixed set of base stations (BS) together with a
signal propagation model. A positioning system for industrial automation with automatic
calibration was developed by Ivanov ([4]). This system is able to perform automatic
measurement and model calibration so that no manual measurements are necessary. The
Ekahau Positioning Engine ([2]) is a commercially available software using RSSI based
WLAN indoor positioning. Another approach for getting reasonable accuracy in positioning as
well as accurate continuous information about the current position on the z-axis is shown in
Woodman and Harle ([6]). They use a foot-mounted inertial sensor combined with WLAN
based RSSI algorithms.

4 Algorithm

Within permanent environments where all base stations can be received at all calibration
points the number of received base stations n is constant. The basic Euclidean Distance
algorithm can be used with a location estimation error of 2.33m ([3]). Within dynamically
changing environments the basic EDA shows a drastically increased LEE. Dynamically
changing environment means either sets of base stations varying from calibration phase to
positioning phase for one specific calibration point or varying sets of received BS between
neighbouring calibration points.

Within dynamically changing environments four specific problem cases are identified:
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Case 1: A BS is measured in calibration phase but not in positioning phase,
Case 2: A BS is measured in positioning phase but not in calibration phase,
Case 3: Number of matching BS within calibration and positioning tuple too low,
Case 4: RSSl-values of positioning and calibration tuples too low.

The algorithm is adapted to handle these four different cases by not considering specific
RSSI-values which either exceed specific threshold values or meet specific circumstances
(e.g. BS measured in calibration phase but not in positioning phase). Therefore three
different threshold values are introduced.

5 Evaluation and Results

Results from a series of measurements over three storeys in a building at University of
Applied Sciences and Arts in Dortmund show that the number of matching BS (BS with valid
value in calibration and positioning tuple) must be four or larger to receive adequate results.
With lower numbers of matching BS estimation’s quality worsens significantly.

The standard Euclidean distance algorithm shows very poor results with a median LEE of
12m. Using the adapted EDA leads to a decrease of median LEE to 2.12m.

The improved algorithm is evaluated using single position estimation values and with a
moving median filter. With moving median the n last estimated positions are used to
calculate a median from the position coordinates. The median LEE with single values and
moving median are nearly identical (2.12 and 2.06m) with the advanced algorithm. The 90%
value of LEE however decreases from 7.00m to 5.25m, the 95% LEE decreases from 9.25m
to 7.00m. The maximum LEE shows the most dramatic changes. It decreases from 45.04m
to 10.51m. The discrete vertical z-coordinate is estimated correctly in 97.45% of cases.

For the reduction of calibration effort different grid sizes are simulated using a subset of
calibration points with basic 1m x 1m grid. When using a less dense calibration grid the
median LEE increases from 2.12m (1m x 1m) to 3.35m (3m x 3m) and 3.64m (6m x 6m).

6 Conclusions

This paper shows that the presented adapted Euclidean distance algorithm can deal with
dynamically changing WLAN environments and shows reasonable results. Three threshold
parameters must be set correctly to receive reasonable results. This leads to additional
calibration effort. It is shown that the calibration effort can be reduced clearly by using larger
calibration grids with an acceptable increase of location estimation error.
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Location fingerprinting is a positioning method that determines the location of a Mobile
Terminal (MT) using a database of radio characteristics. Fingerprinting methods have been
widely studied in indoor positioning and they have been reported to provide adequate
accuracy for most location based services in indoor environments. The state of the art
methods in indoor positioning collect WLAN Received Signal Strength Indicators (RSSI) at
predefined locations and use Weighted K-Nearest Neighbor (WKNN) to estimate the position
of MT. The fingerprints are collected during the calibration phase and each fingerprint
consists of a list of heard WLAN Access Point (AP) Media Access Control (MAC) addresses,
corresponding signal strengths and the coordinates of the fingerprint. The scheme is
straightforward, but there are several difficulties. First, the calibration phase is very laborious,
and large (in some cases extremely large) databases need to be constructed and processed.
Secondly, these methods are based on variations of RSSI values as a function of position.
However, WLAN chipset vendors use different RSSI definitions and the scales of different
RSSI values vary from one chipset to another. As a result, RSSI values collected with
different types of MTs are not comparable with each other. Thirdly, even small changes in
the environment may have a huge effect on RSSI values, and the positioning performance
degrades if the fingerprint database is not up-to-date. Finally, if the positioning calculations
are carried out in MT, the amount of data transmitted between the network and MT might be
too much even if the data is compressed using kernel approximations.

In this paper, the fingerprint data are compressed into coverage area estimates. In our
approach, the collected fingerprints are divided into location reports by MAC addresses. For
every MAC address there is a list of location reports, where the location reports are the
coordinates at which an AP is hearable by MT. These location reports are used to estimate
the coverage area of an AP. The coverage area estimates are assumed to be ellipse-shaped
and only require the storage of five floating point numbers, and thus are easy to store in a
database and to transmit to MT. The parameters of the coverage area are the location and
shape parameters of the coverage area distribution and the parameters are assumed to be
random variables. Location reports are assumed to follow a multivariate normal distribution,
and the unknown parameters of the coverage area are found by calculating the posterior
distribution of the parameters. The Bayesian approach is used because it allows fast
recursive estimation and update of the coverage area estimates, and the use of a Bayesian
prior, which models the subjective information about a typical coverage area. This
information is especially important when there are only a few location reports from WLAN AP.

In the positioning phase the MT reports the MAC addresses of the heard APs and uses the
coverage area estimates as measurements. The idea is to find the most probable location of
MT given the detected APs. The distribution of the location can be derived using Bayes’ rule.
The distribution of the location follows a normal distribution, where the mean is a weighted
average of the location parameters of the coverage areas and the weights are determined by
the shape parameters of the coverage areas.
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Integration of map information is one obvious way to enhance the positioning accuracy
indoors. Digital floor plans are nowadays available for many significant buildings, such as
hospitals, shopping malls and airports, and they can be easily used to improve the
positioning accuracy indoors. It is known that map matching (i.e. projecting the positioning
result to an indoor location) can be used to improve the performance of indoor positioning
systems. The floor plan can also be used to restrict the location’s probability distribution. The
algorithms can utilize the outer walls of the buildings, or more detailed floor plan information
can be used.

Positioning filters are applied in order to combine the new measurements with the past
measurements and the motion model of MT. The Kalman Filter (KF) has been studied and
applied extensively in positioning applications. KF assumes linear measurement function,
Gaussian initial distribution, and mutually independent Gaussian measurement and motion
model noises that are independent of the initial state. If these assumptions are met, KF offers
a closed form solution for the posterior distribution of the state. If the distribution of position is
restricted, the assumptions of KF are no longer valid and the posterior distribution of position
cannot be calculated analytically. In situations like this, it is possible to use Particle Filters
(PF), which use weighted particles to approximate the posterior distribution. PF usually
produces a good estimate for the posterior distribution, but it requires a lot of computation
compared to KF. One solution is to approximate the restricted posterior distribution with a
Gaussian and use KF, or with a mixture of Gaussians and use Gaussian Mixture Filter (GMF).

This paper introduces different ways to use a floor plan in indoor navigation. Different
methods are tested with real data collected from WLAN APs. The static location estimation
method is compared with KF. We also investigate how the floor plan improves the position
estimate and use PF and GMF for the position calculation. We also estimate the restricted
posterior distribution of the state with Gaussian and use KF. This approach does not give as
good estimate for the posterior as mixture of Gaussians, but it requires less computation than
GMF and PF.

Results show that the location accuracy can be improved by limiting the number of heard
access points during data collection and positioning. If only the strongest access points are
taken into account during data collection, the coverage area estimates become smaller and
lead to a more accurate position estimate. The filtering framework gives a more accurate
position estimate than the static method. The floor plan also improves the positioning
accuracy. The results indicate that PF gives the best positioning performance. KF and GMF,
however, achieve almost the same accuracy as PF with smaller computational load.
Altogether, the coverage area based positioning does not achieve the same accuracy as the
traditional location fingerprinting. This method, however, compresses the fingerprint data into
coverage area estimates. Thus the coverage area based method could also be used for
large-scale solutions. Also, the Bayesian approach allows the use of recursive update
formula of the coverage area estimates. Moreover, this coverage area based positioning
method does not need RSSI values and thus it can be used with all types of MTs.
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1 Summary

This paper studies novel algorithmic strategies that enable 802.11 location fingerprinting to
adapt to environmental changes. A long-standing challenge in location fingerprinting has
been that dynamic changes, such as people presence, opening/closing of doors, or changing
humidity levels, may influence the 802.11 signal strengths to an extent where a static radio
map is rendered useless. To counter this effect, related research efforts propose to install
additional sensors in order to adapt a previously built radio map to the circumstances at a
given time. Although effective, this is not a viable solution for ubiquitous positioning where
localization is required in many different buildings. Instead, we propose algorithmic strategies
for dealing with changing environmental dynamics. We have performed an evaluation of our
algorithms on signal strength data collected over a two month period at Aalborg University.
The results show a vast improvement over using traditional static radio maps.

2 Description

In recent years outdoor positioning and navigation systems have become household
commodities due to continuously dropping costs of accurate GPS equipment. To facilitate an
equally wide scale consumer adoption of positioning and navigation in indoor spaces, 802.11
(Wi-Fi) is an obvious technological choice due to the ubiquity of Wi-Fi infrastructures and the
proliferation of Wi-Fi- (and GPS-) enabled mobile devices. Due to the somewhat
unpredictable propagation patterns of Wi-Fi signals in indoor environments, the so-called
location fingerprinting technique, which relies on empirically measured signal strengths, has
yielded the best results in terms of obtainable positioning accuracy.

The main drawback of the technique, however, lies in the manual calibration effort needed to
build the radio map. The problem is compounded by the fact that the collected signal
strengths often have only limited temporal validity. Dynamic environmental changes, e.g., a
varying number of people present, changing humidity levels, or the opening and closing of
doors, means that signal strengths collected at one time may not accurately predict the
signal strengths at other times. As a result, positioning accuracy decreases and the time and
effort in building the radio map is essentially wasted. While the majority of research has
assumed a static radio map, i.e., a radio map which is built once, Yin et al. [2005] and Chen
et al. [2005] take the dynamic aspects into account by adding additional sensors to query the
dynamics at a given time. While this approach does capture the signal strength changes, it is
not well suited to ubiquitous positioning because only few buildings can be expected to
accommodate the required, additional hardware.

The algorithms studied in this paper are part of the Streamspin system, a platform that
supplies ubiquitous, user-driven indoor-outdoor positioning [Hansen et al. 2009]. The user-
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driven aspect of Streamspin refers to the fact that users upload fingerprints to an ever-
evolving radio map with the aim of providing up-to-date signal strength information. We
consider two distinct algorithms for adapting to different signal strengths caused by dynamic
changes in the environment. To evaluate the accuracy of the algorithms, we apply them to
signal-strength data collected over a two-month period at Aalborg University.

The algorithms are compared with two traditional approaches: a baseline approach that
builds a radio map once (called Baseline-Single in Table 1) and a baseline approach that
combines all received fingerprints into a single fingerprint (Baseline-Collected). Our first
algorithm uses the notion of interval trees. Here, the fingerprints supplied by Streamspin
users are sorted according to the time of day they were measured and split into several
subtrees that capture the characteristics at different time periods. Our second algorithm does
not explicitly consider the temporal aspect, but instead uses a divisive clustering technique
with a single linkage criterion to group similar fingerprints together.

Table 1 outlines the main results. Scenario 1 depicts the case when there is little variation in
the signal strengths. In this case, our two algorithms perform only marginally better than the
Baseline-Collected approach. Using a single fingerprint results in the worst accuracy as the
average positioning error is ca. 5 meters. A substantial difference is evident in Scenario 2
where signal strength variations occur. The accuracy of the Baseline-Single approach
deteriorates by 1.5 meters, while the Baseline-Collected is affected particularly severely
because it now contains widely differing signal strengths. In contrast, our two algorithms are
more or less able to retain the accuracy. The very minor deterioration can be attributed to a
loss of signal strength information as the information has been distributed in several clusters
and interval tree nodes, respectively. These results demonstrate that the adverse effects of
changing signal strengths have been avoided. Moreover, due to the algorithmic nature of our
solutions, they are a perfect fit for systems that are meant to scale to several buildings
without incurring any additional hardware costs.

Table 1: Average accuracy of the different algorithms in meters

Baseline-
Baseline-Single Collected Interval Tree Clustering
Scenario 1 5,16 1,48 1,13 1,42
Scenario 2 6,68 9,99 1,30 1,71
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1 Summary

In this extended abstract we present our ongoing research on WLAN positioning. Our focus
is on the fault tolerance of positioning methods, rather than the absolute accuracy in case of
no faults. We introduce several fault models to capture the effect of AP malfunctions or
malicious attacks during positioning and describe how these models can be applied in
practice. We compare some well-known algorithms in terms of fault tolerance and present
preliminary experimental results on their accuracy degradation as the percentage of faulty
APs increases.

2 Fault Models for Positioning

A wide variety of fingerprint-based methods have been proposed that rely on Received
Signal Strength (RSS) samples from available Access Points (AP). The focus of these
methods so far has been on improving accuracy. In real world, however, APs can fail or
exhibit erroneous behaviour, thus compromising the performance of these methods. For
instance, RSS attack models are considered in [3] that perturb the original samples by an
attenuation or amplification constant. Fault tolerance is an important issue that has not been
addressed adequately. Our main contribution is to define realistic fault models, study the
performance of positioning algorithms in the presence of faults and motivate future research
in this direction.

First, we consider the case where several APs used in the training phase are not available
during positioning. This can be caused by random AP failures, e.g. due to power outages, or
when an adversary cuts off the power supply of some APs. Under this Fault Model, denoted
as FM,, we remove faulty APs from the original test data. Our second model (FM,) captures
the effect of relocating a set of APs and thus a faulty AP is detected inside an area that is
different than the expected one. We simulate FM, by replacing the RSS readings of the
corrupt AP in the test data with the values of a randomly selected AP. In another case, an AP
may no longer be detected in some locations inside its original Region of Coverage (RoC),
e.g. due to an obstacle that blocks the propagation path. Note that such an obstacle could be
placed by an attacker in front of the AP antenna. This can be modelled by ignoring valid RSS
readings for a set of APs in some test fingerprints (FM,). Finally, an AP may be detected in
locations outside its original RoC, e.g. by deliberately increasing the AP transmit power or by
impersonating an existing AP. We model this by injecting random RSS values to some test
fingerprints for a set of APs that would otherwise be undetected in those test points (FMy).

3 Experimental Results and Conclusions

We used a typical 100x45m office setup with 31 APs installed in total and identified 107
reference points, while each point is covered by 9.7 APs on average. As a training set, we
collected 30 fingerprints per reference point using a smart phone. We also recorded 192
fingerprints by walking on a path and sampled the same path 3 times, as test data. The
reference points and the points inside the RoC of a single AP with the RSS levels are
depicted in Fig. 1.
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We compare the KNN algorithm [1], the probabilistic MMSE approach [2] and a KNN variant
[3] that employs a median, instead of the Euclidean distance measure to alleviate the effect
of faulty APs (medKNN). We also adapted the SNAP algorithm, presented in our previous
work [4], to accommodate measurements of variable RSS levels, instead of binary data.
Results are reported with respect to the mean positioning error (me) pertaining to the test
data. When faults are injected the error is averaged over 100 runs using different sets of
faulty APs.

In the fault-free case, me is 3.8m, 2.7m, 2.5m and 3.3m for SNAP, KNN, MMSE and
medKNN methods, respectively. In Fig. 2-5, me is plotted as a function of the percentage of
corrupt APs assuming the fault models discussed previously. The modified SNAP method is
extremely robust when AP failures occur and has graceful accuracy degradation as the
percentage of unavailable APs increases (Fig. 2). Results in Fig. 3 indicate that SNAP and
medKNN methods have similar performance and are slightly better compared to KNN and
MMSE. When FM, is used, SNAP performs better especially as the percentage of corrupt
APs increases beyond 50%, followed by medKNN; see Fig. 4. If we consider FMg, then the
accuracy of both KNN and MMSE degrades rapidly, as seen in Fig. 5. On the other hand, m,
remains relatively unchanged for SNAP, even when all APs are corrupted, and the latter
outperforms medKNN method if more than 40% of the APs are faulty. In conclusion, the
modified SNAP algorithm is a promising approach that we plan to study further. We will also
work on modifications to other algorithms with the aim to improve their fault tolerance.
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1 Summary

As the deployment of Wireless Local Area Networks (WLAN) in dense-urban areas is
growing rapidly, it can be a perfect supplement for providing location information of users in
indoor environments and metropolitan areas, where other positioning techniques such as
GPS, are not much effective. In this study, we propose a new WLAN positioning method that
combines Received Signal Strength Indication (RSSI) fingerprinting and Time Difference-of-
Arrival (TDOA) positioning techniques, which will provide reliable location accuracy and does
not require any additional changes on actual WLAN infrastructure.

2 Proposed Algorithm

The RSSI-based indoor localization systems are growing in importance among other indoor
positioning techniques, because of its availability on all existing WLAN equipments. The
RSSI fingerprinting algorithm is normally organized by two steps: calibration and online
tracking [1]. The calibration process builds RSSI fingerprint database of a target site in each
location. During online tracking, the location of the mobile user is determined, by matching
the RSSI value of the received signal to the closest fingerprint value.

In order to increase the location accuracy, we approached to online tracking phase differently,
by applying TDOA positioning technique. Several studies have been proposed for applying
TDOA positioning technique in WLANS [2]. Since the access points in IEEE 802.11 based
WLANSs do not provide timing information between user equipments, the implementation of
TDOA needed changes on actual WLAN infrastructure to estimate the distances from access
point (AP) to mobile station (MS). We approached the estimation of these distances by
building RSSI fingerprint database and applying obtained values on one-slope prediction
model (OSM) to calculate them with higher accuracy. The OSM assumes a linear
dependence between path loss and logarithm of distance (d) from MS to AP [3] i.e.:

PL(d)[dB] = PL(d,) +10y log10(d / d,) (1)

where, PL(d) is the RSSI value at the mobile station and the PL(do) is the closest reference
point at distance dy (distance from AP to reference point) which we obtained during the
calibration process. And, y specifies the path loss behaviour for a particular type of building
[3]. From this equation we can derive the distance (d) between MS and AP:

4 :[10 PL(d).PL(dO)j'dO 2
10y

Since the PL(d), PL(do) and d, are known, we can use (2) to calculate the distances between
m number of available APs and the MS. In general, distance estimation using OSM produces
huge errors; however, we minimized the error by utilizing the data collected from target area.
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After calculating all available distance information from each AP to MS, we make the n
number of 3-AP combinations from all APs. Then, we apply Chan’s three-sensor based
hyperbolic location estimator [4] to each of these combinations and get n number of
estimated location coordinates. On the final stage of our algorithm, we apply least median of
squares (LMS) estimation technique [5] to select the best MS position from obtained set of
coordinates.

3 Experimental Results

To evaluate our new algorithm, we built a test field at the Regional Innovation Centre (RIC)
building of Yeungnam University (South Korea) with the total size of 1460m?2. During the
calibration process, we collected RSSI data every 2 meters of the test area and measured
distances from APs to MS using this data (1x). Next, we calculated these distances with two,
four and five times reduced number (1/2x, 1/4x, 1/5x) of reference points to compare the
accuracy. Figure 1(a) shows the estimated distance accuracies from 5 selected APs to
multiple MS positions located in the building. As we can see from this figure, the proposed
algorithm can provide 4-6 meters accuracy within the 70% of time even with the reduced
number of reference points. On the positioning phase of the algorithm, we used obtained
distance information to locate mobile stations. Figure 1(b) displays the comparison of
location accuracy of proposed algorithm and the original fingerprinting algorithm. It shows
that, the proposed algorithm can provide a higher accuracy compared to the original
fingerprinting method. On the other hand, it can also provide almost the same accuracy as
conventional method, while reducing the number of reference points by 5 times. Thus, there
is a trade-off between the number of reference points and the location estimation accuracy.
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1 Summary

There are two major issues with practical deployment of RSS-based indoor positioning
systems. These issues are coverage design (or equivalently reference node placement
strategy) and development of the measurement-based radio-map. In this research, each
problem is described and possible techniques that can simplify each problem are suggested.
In the process, it shown that there is an elegant trade-off between these issues where
simpler coverage design could lead to a higher complexity radio-map and vice versa. Various
experiments and simulations are provided to demonstrate the results.

2 RSS-based Indoor Positioning Algorithms

Techniques based on the Received Signal Strength (RSS) have been extensively studied in
the literature. These techniques, although, sometimes less accurate compared to more
complex range-based techniques, are very simple to implement and offer low cost and
effective alternatives for some applications. The core idea is to establish a relation between
the received signal strengths from a few reference nodes and the current position of the
mobile.

In order to provide location-based services with reasonable accuracy at indoor environments,
the mobile needs to have the visibility of at least three reference nodes (i.e. anchor nodes) at
all desired locations throughout the service area at all times. This is a much more
complicated coverage design problem than its WLAN (i.e. data communication services)
counterpart. This visibility must be maintained all throughout the service area. Since the
building layout, construction material of the walls and other objects in the environment as
well as maximum transmission power directly impact the coverage area of each node,
reference nodes placement could have a great impact on the system performance. The
placement strategy is a difficult coverage design problem, which currently does not have a
straightforward or automated solution.

One solution to this problem is using reference nodes that are capable of acquiring multi-
dimensional information from the received signal. This information could be RSS versus AoA
(i.e. Angle of Arrival). For example, if the reference node can measure RSS from various
directions, then the triple-coverage requirement problem can be avoided. This is achieved at
the expense of a more complicated radio map generation process. Various simulations and
experiments that show the accuracy and coverage effectiveness of this approach are
presented.

Another drawback of most RSS-based techniques is the need for a measurement-based
training phase, during which the radio map of the environment is created. These
measurements need to be carried out prior to the normal operation of the system and are
often necessary to be updated to compensate for changes in the environment. This radio
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map essentially contains the received signal strength from all reference nodes throughout the
service area. The process to generate a radio map is not only labor-intensive and costly, but
also very sensitive to possible sources of interference in the building. Therefore, there is a
need for robust methodologies to eliminate this offline training phase that could be an
obstacle in the practical implementation of these systems. Here, a novel idea that employs a
model-based radio-map generation (based on ray-tracing) is presented and the performance
of the proposed system (at NIST/ITL) is discussed.

3 Trade-off between Coverage Design and Radio-Map Development Complexity

Looking at the two issues discussed in the previous sections, there seems to be a trade-off
between coverage design (or equivalently reference node placement complexity) and
robustness against model-based radio map. Consider reference node density to be the
average number of reference nodes per unit area. On one hand, it is desirable to have low
reference node density to enable sufficient coverage for positioning services; while on the
other hand, higher reference node density could provide a level of protection in the mobile
signature that represents its position. This is analogous to the channel coding problem where
redundancies are added to the raw information in order to combat adverse effect of the
channel. By adding the redundancy, each codeword will be able to tolerate more channel
impairment and as a result the system will exhibit lower average error.

Methodologies that can achieve high degree of robustness while maintaining low reference
node density would be preferable candidates for easily deployable commercial applications.
Although, our results show that simultaneous achievement of both objectives might not be
possible, the methodologies presented in our research provide solutions that exhibit
reasonable accuracies for low complexity indoor positioning services. Various results from
experiments and simulations (with WLAN and Zigbee-based sensor networks) are provided
to demonstrate the conclusions.

4 Conclusions and Outlook

Although, the requirements of a particular application could impact the choice of the
architecture for a positioning system, for most commercial applications, it is desirable to have
a system that is easily deployable and exhibits robustness against changes in the
environments, interference and propagation model imperfections. Eliminating the offline
measurement-based training phase is an essential step in providing robust methodologies
that are implementable on low cost, low complexity infrastructure. This is an obstacle in
practical implementation of positioning systems that are quickly deployable on commaodity
networks such as 802.11-based technology or sensor networks. Further research and
studies need to be done before such systems can have widespread applications in our daily
life.

60



Wi-Fi Positioning: System Considerations and Device Calibration

Thorsten Vaupelt, Jochen Seitz2, Frédéric Kiefert, Stephan Haimerlt, J6rn Thielecke?

1 Fraunhofer Institute for Integrated Circuits 1IS, Germany

2 Friedrich-Alexander University of Erlangen-Nuremberg, Germany

1 Summary

Due to the increasing number of public and private access points in indoor and urban
environments, Wi-Fi® positioning becomes more and more attractive for pedestrian
navigation. In the last ten years different approaches and solutions have been developed. In
this article influences of the surrounding environment, the Wi-Fi infrastructure and hardware
characteristics are presented and evaluated with a focus on the so called Wi-Fi fingerprinting
technique for positioning. Based on this analysis a calibration approach for Wi-Fi devices is
proposed and conclusions are drawn.

2 Wi-Fi Positioning and Testbed

Wi-Fi positioning is done by correlating received signal strength (RSS) measurements with
entries of a fingerprinting database. The database is created by previously obtained RSS
measurements and referenced with the coordinates of the position where they have been
observed. As a testbed for positioning the metropolitan area of Nuremberg, Firth and
Erlangen is used. The comprehensive database contains about 50,000 fingerprints. About
60,000 unique access points have been observed.

3 Influences of Environment and Infrastructure

Each environment has characteristical signal propagation. The RSS at a specific position
depends on the path loss, shadowing by objects and multipath propagation. The higher the
density of shadowing objects, the higher is the accuracy of Wi-Fi positioning, as different
fingerprints are less similar in signal space. Therefore, indoors Wi-Fi positioning works very
well because of the building structure and furniture. Outdoors, especially on large squares
the database correlation results in multiple ambiguities. Changes of the environment and
moving shadowing objects, like cars, persons and the user, are not considered and therefore
limit the accuracy and can lead to temporarily high positioning errors.

One advantage of Wi-Fi positioning in urban environments is that the infrastructure is already
set up. Existing private and public access points can be used. Therefore, the infrastructure
cannot be controlled. Positioning suffers from unobserved changes over time and the
number of available access points varies from one place to another. To get meaningful
positioning results at least three access points must have been observed. In areas with Wi-Fi
coverage the average number of access points per fingerprint within the testbed is 12.6.

4 Characteristics of Mobile Wi-Fi Devices

Various Wi-Fi modules have found their way into many flavours of standard consumer
hardware, like mobile phones, laptops, personal digital assistants and MP3 players. As Wi-Fi
positioning relies on measured absolute RSS values, the characteristics of the different
modules have to be considered. In Figure 1 the measured discrete RSS values of four
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mobile devices are depicted for one access point. The devices have been placed next to
each other for several hours during night to exclude environmental changes. The measured
RSS values differ significantly.
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Figure 1: Stationary RSS measurements of one access point measured with different mobile devices

Differences in e.g. measured mean values, standard deviations, polling interval, number of
received access points and percentage of incorrect measurements have been observed.

5 Calibration Approach for Mobile Wi-Fi Devices

In order to achieve similar positioning results with different mobile devices there is a need for
classification of the hardware characteristics to enable calibration. A classification approach
is depicted in Figure 2. Parameters like polling interval, ability to observe hidden access
points, offset compared to a reference device and standard deviation can be determined and
used for calibration. Re-calibration is necessary if there are changes in Wi-Fi drivers,
firmware or hardware.
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Figure 2: Classification of characteristics for mobile devices

6 Conclusions and Outlook

In this article influences on Wi-Fi positioning caused by the environment, the infrastructure
and the measurement characteristics of different mobile Wi-Fi devices will be discussed. To
improve positioning accuracy there is a need for calibration. Therefore, the measurement
behaviour of Wi-Fi modules will be classified. A calibration approach will be presented. In
order to validate the approach measurement results from the introduced testbed will be
presented and discussed.
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Summary

WLAN location determination algorithms can be classified into client-based approach and
infrastructure-based approach. Unlike the other infrastructure-based algorithms, we
proposed a calibration-free infrastructure-based indoor location determination algorithm
using access points as signal strength data collectors. In the proposed system, each access
point runs OpenWrt, Kismet, and MySQL for collecting signal strength data from other
access points and mobile devices. The location server builds a RSSI vs. Distance model
based on inter-APs RSSI measurements and then predicts the location of mobile device
based on the received signal strength measurements of all access points from the target
mobile device. A location based service which provides timely class notes in a university
environment is also presented in this paper to show the possible applications of the proposed
technique.

Introduction

WLAN location determination algorithms can be classified into client-based approach and
infrastructure-based approach. In client-based approach, the location determination process
proceeds in two steps, off-line and real-time phases. In off-line phase, the radio map for the
surveyed area is built. In real-time phase, a wireless client, which has a software installed for
extracting the Received Signal Strength Indicator (RSSI) values, measures the RSSls from
APs and sends the RSSI vector to the location server for location prediction. This approach
needs laborious work for calibration of RSSIs in the off-line phase, and it also requires the
installation of a software for client readings of RSSIs from APs in range. To remedy these
problems, the infrastructure-based approach was proposed.

The infrastructure-based approach is also called a calibration-free technique because the
laborious off-line phase is not required. Depending on whether the RSSIs measured on
wireless clients are needed, we can distinguish the infrastructure-based approach into client
reading model and non-client reading model. As we mentioned before, the client reading
model still needs the installation of RSSI measurement software in mobile device. For non-
client reading model of infrastructure-based approach, the techniques of using special
sniffers or emitters for collecting RSSIs from APs and mobile devices have been proposed in
the literature.

Proposed Method

In this paper, we proposed a non-client reading model for infrastructure-based indoor
location determination using access points as signal strength data collectors. In the proposed
system, as shown in Figure 1, each access point runs OpenWrt, Kismet, and MySQL for
collecting signal strength data from other access points and mobile devices. The location
server builds a RSSI vs. Distance model based on inter-APs RSS measurements and then
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predicts the location of mobile device based on the received signal strength measurements
of all access points from the target mobile device. A location based service which provides
timely class notes in a university environment is also presented in this paper to show the
possible applications of the proposed technique.
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Figure 1. System Architecture of the Proposed Location Based Service
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1 Summary

802.11 networks democratisation, combined with new mobility and needs, makes us
interested in continuity of innovative services. The need for contextual knowledge grows,
based on the availability of positioning services. It takes account of environmental dynamic
changes and exploits Wi-Fi-based sensors from the market.

After state of the art reveals the need, considering characteristics of indoor and outdoor
heterogeneous environment, we briefly introduce the initial system OWLPS-0.8 with the
description of basic components, positioning algorithms and very first elements of expertise.
We then present a set of new contributions from a topological model, a history memorisation
algorithm derived from Viterbi and its implementation in positioning algorithms from the
literature. We also propose a new design platform (OWLPS-1.0) addressing the dynamic
changes in the environment and composing new algorithms to reduce the calibration and
cartography cost as well as to minimise the distortion of signal strength dynamic variations in
modern buildings.

2 State of the art

While outdoor positioning is widely treated and achieved by the GPS, indoor positioning is
currently under development. Wi-Fi indoor positioning can be divided into two main families.
One family is based on wave propagation and resorts on computing distances between
mobile devices and points whose coordinates are known. The second family is based on
mapping between signal strength measurements and geographical coordinates, called signal
strength (SS) map. Locating a mobile device with a SS map consists in matching a
measurement with some point of SS map. Measurements matching is either deterministic
[Bahl00] or probabilistic [Ekahau02].

Propagation-based family is quick and easy to set up but lacks of accuracy. SS map family is
accurate but is expensive to set up. Therefore, an efficient system would use both families
strengths and suffer less drawbacks. In particular, propagation-based systems problems are
bound to topology heterogeneity in buildings so a hybrid system has to address topology.

3 Base data

To build a hybrid, topology-aware, indoor positioning system, several base data are required:
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— A minimal SS map, at least one point in each room. It allows a first, coarse,
positioning of mobile device.

— A propagation model, for example FBCM. This model is calibrated and used locally,
after coarse positioning based on SS map.

— A topology model, either discrete or continuous. Such model aims at refining
positioning process with device tracking. It eliminates ambiguous locations based on
past movements. A Viterbi-like algorithm performs elimination of all candidate points
but one. It requires to store several candidate locations for each positioning iteration.

4 Algorithms

Base algorithms

Two base algorithms exist, above which complex techniques are developed. One performs
search of k nearest points in a SS map, given a measurement. The other one, Friis-Based
Calibrated Model (FBCM) [Lassabe09], consists in calibrating a propagation model with a
priori measurements. Calibration determines which weight to give to transmitter-receiver
distance in a Friis-like formula. It aims at computing accurately distances between maobile
device and access points.

Contributions

From these base algorithms, we derive refinement techniques that combine a SS
cartography, as in [Bahl00], and multilateration using FBCM. We called these techniques
FBCM and Reference-Based Hybrid Model (FRBHM).

Furthermore, we can take into account the building topology. Describing precisely the room
layout, we are then able to estimate the real distance between two points, instead of use a
simple euclidean distance. Two variants of the FRBHM use the topology, combined with a
Viterbi-like algorithm that uses the past positions of the mobile to compute the current
position. The implementation of this Viterbi-like algorithm is an optimisation called Fast

Viterbi-Like.

All these base and new algorithms are implemented in the Open Wireless Positioning
System (OWLPS) [Cypriani09]. We are currently achieving a community version of the
system, and plane to carry out new experiments within the next months, in order to confirm
the previous results, better determine the accuracy in function of the SS map granularity and
the radio environment alteration. We will also extend our experiments to new contexts and
conditions such as the combination with other positioning services [Ziraril0] at the periphery

of buildings.
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Recently, the demand for Location Based Services (LBS) has grown exponentially, reflecting
the increasing quality of mapping tools available to general users, such as Google Maps®© or
Google Earth©, and the rapid expansion of the smart phone market. Phones such as the
Apple iPhone®, or HTC Dream®©, are now small computer terminals with embed GPS
(Global Positioning Systems), Wi-Fi (wireless fidelity), Bluetooth and 3G enabled chips, in
addition of their basic mobile telephony capabilities. GPS is a reliable, generally available
and comparatively accurate positioning technology, able to operate anywhere across the
globe. However, it is also well known that GPS performance deteriorates very rapidly when
the receiver loses view of the satellites, which typically occurs in indoor environments. In
such environments, the majority of receivers do not function, and even the high sensitivity
receivers have difficulties in providing coordinates with acceptable accuracies.

The general expectation of users of accurate positioning anywhere they go, and the inherent
limitations of GPS availability and accuracy in indoor environments, have led researchers to
investigate alternative technologies able to replicate GPS performance indoors. In this
context, using Wi-Fi signals for positioning offers many advantages. First, the user doesn’t
need any additional hardware as most mobile phones are now equipped with Wi-Fi. Second,
there is no need to deploy an extra dedicated network as Wi-Fi signals from at least a few
access points (APs) can be detected in the majority of areas of interest, due to the
proliferation of wireless networks, especially in areas where GPS is weak (indoors). Finally,
Wi-Fi positioning technology can deliver room-level accuracy, which is usually good enough
for a lot of applications, including asset tracking, location-based advertisement, location-
based information for users, etc.

The purpose of this paper is to describe a campus-wide indoor and outdoor positioning
system developed at the School of Surveying and Spatial Information Systems at the
University of New South Wales, Australia. The system aims to provide students and staff with
software able to guide them between any two locations on the university main campus, either
indoors or outdoors, and, subsequently, to support other LBS applications. The development
platform chosen is the Android©-powered HTC Dream®© smart phone. This platform was
chosen because the Dream® is equipped with Wi-Fi and GPS, the two technologies used for
positioning, and because the Android© platform is open-source and provides an extensive
API. The Wi-Fi positioning technique used is known as fingerprinting, described in numerous
papers. This technique first requires the building up of a database of signal strengths (SS)
from different APs taken at different points across the area of interest. Then, the user wishing
to find his or her position scans the SS in the wireless network and sends the results to the
database which will find the closest match in the database, and return the likeliest location of
the smart phone.

The requirements for this system are: cost effectiveness, ease of deployment and
maintenance, and room-level accuracy indoors. We believe that cost effectiveness and ease
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of use are very important issues any indoor-positioning system should try to address, in order
for them to be more widely used. Ultra-wideband technology for instance, delivers
centimetre-level accuracies but its very high-cost of initial implementation is a major
drawback for its widespread development. Using Wi-Fi signals for trilateration suffers from
poor accuracies, and needs the exact position of the access points to work, a piece of
information not always easy to access. In this paper, we show that a relatively simple system,
with minimal costs of deployment, delivers accuracies that would allow useful LBS to be
developed for students and staff. The database generation and maintenance costs are the
main disadvantages of the fingerprinting technique as they require time and labour, and
when the environment changes significantly (for instance after a major building renovation),
the database must be accordingly updated. For the system to be usable and used by
students and staff, this issue has to be addressed. This paper investigates different
approaches to database generation, and their impact on system performance. We show for
instance that doing a quicker survey with fewer fingerprints does not impact performance as
much as may have been expected. In such a survey, a five level university building was
surveyed in less than one hour, keeping the projected database generation costs at an
acceptable level.

This paper also investigates different algorithms used in the positioning phase, when the SS
scan results sent by the user are matched to the database entries. The most basic one is the
Nearest Neighbour (NN) algorithm, where the matching criterion is the distance in signal
space between the scan result and each fingerprint entry in the database. We show that
using more advanced algorithms can significantly improve performance, while keeping the
computational cost at a reasonable level. For instance, while a simple NN algorithm returned
the correct sector only 40% of the time, a more advanced algorithm returned the correct
sector 60% of the time.

To conclude, our paper demonstrates the feasibility of a very cost-efficient Wi-Fi positioning
system based on fingerprinting, with a minimal database generation cost, delivering
accuracies which can be used to develop a large range of useful services for students and
staff. Students could use this system to navigate through the campus of course, but also to
locate friends for instance, or to gain access to information about the university’s facilities
depending on their location. Location of critical staff members such as security guards, or
facilities management staff could also be useful information for the university.
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Summary

Results from the analysis of electromagnetic signals are a possible source of information to
feed the input of an indoor location system, as wireless communications are becoming more
and more ubiquitous and widely available in consumer electronic devices. In this work a
fingerprinting-based solution for indoor location that uses information from multiple
communication technologies is presented. For testing and proof of concept purposes the
authors used IEEE802.15.4 and IEEE802.11 as wireless communications technologies.
When using multiple sources of information (technologies) to do location estimation two
approaches can be used to integrate them: use each one separately, in layers, where each
technology adds a detail level based on its coverage area, or, merge data collected from
several technologies and thread them all together. In this work we use both approaches.

Indoor Localization

For indoor localisation using electromagnetic waves, the use of time properties to do location
estimation can be very difficult, due to the fact that distances are very short and waves
propagate at the speed of light. Therefore the use of techniques like TDoA (Time Difference
of Arrival) or ToA (Time of Arrival) is very difficult and can be very expensive.

Another property of the signal that can be used for localisation purposes is the signal power
at the receiver. It can be used to determine the signal attenuation over the radio link or it can
be used for scene analysis. In the first case the distance between the mobile terminal and a
set of references can be estimated using propagation models, and therefore, the location of
the mobile terminal can be estimated. In the second case, the strength of the signal received
from several references are compared against reference values stored in a database,
searching for a match and trying to estimate the mobile terminal location.

In this work fingerprinting, which is a scene analysis technique is used. As communications
technologies IEEE802.11 and IEEE802.15.4 were chosen to do the tests in our University
Campus. The first was chosen due to its presence in almost the whole campus and the
second due the fact that it is a very short range wireless technology and it is widely used in
Wireless Sensors Networks (WSN). Another key factor for the choice of these two
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technologies is the fact that wireless reference nodes are easily discovered by other nodes
and, in a very short time that in the worst case depends on the beaconing interval.

Experimental Work

Experimental work was split into two phases: 1. The off-line phase that uses data from the
existing scenario, recorded into a database. Each record consists in the RSSI (Received
Signal Strength Indication) value, the location of the sampling point and the MAC (Medium
Access Control) address of the wireless reference. 2. The on-line phase, where the
localisation is made, it is based on data gathered in the previous phase and on the location
where the algorithms (Nearest Neighbour, k-Nearest Neighbour and Weighted k Nearest
Neighbour) were tested.

The present work is based on a multi-zone, multi-resolution approach that uses different
range technologies to locate terminals in certain types of areas. Using wide range
communications it is possible to locate the main zone where the terminal is, for example the
building. This will enable a first estimation of the zone where the terminal is, and therefore we
can eliminate all the references from the next analysis that do not belong to the zone. The
number of layers in this approach depends on the number of different technologies used, and
the zone size depends on the type of technology, geographical distribution or the type of the
zones to be detected (e.g., Campus, building).

Experimental data was collected in two types of scenarios, the first using IEEE802.11 where
the FM of the main hall of several buildings was built, in the second scenario the FM of a
classroom (located near the main hall of one of the buildings) was built using both
IEEE802.11 and IEEE802.15.4.

In the on-line phase of the experimental work the first step was to detect the building, which
occurred without any problem. After detecting the building correctly, the next step was to
determine the location inside that zone, in this case, inside a classroom. This was done by
using both technologies. In the first test, using IEEE802.11 a precision of approximately
0,83 m and an accuracy of 77 % was achieved. When IEEE802.15.4 was used the obtained
precision was approximately 0,72 m with an accuracy of 93 %.

To enhance the location several technologies can be combined and the search for the mobile
terminal location is done using the fingerprint map information from more than one
technology. Using both IEEE802.11 and IEEE802.15.4 a precision of about 0.46 m and a
accuracy of 73 % was achieved. Although there is a degradation of the accuracy, the
precision is much better.

Conclusions

In this work we propose the use of multiple technologies to locate users and objects in an
indoor environment, based on the fingerprinting technique. To eliminate possible error
sources and even to reduce the computational time needed to correctly estimate the position,
a multiphase/multilayer approach is presented. At each phase a different technology is used,
starting with the wider coverage range technology and ending in the lower range technology.
Shorter range of wireless technologies has better spatial resolution of it. So, a typical
wireless communications network based on IEEE802.11 will achieve a worse spatial
resolution than IEEE802.15.4, because the last solution needs more wireless nodes to
achieve the same spatial coverage.
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1 Summary

A major drawback of indoor localization based on RSS (Received Signal Strength)
measurements is the necessity to generate a fingerprint. Generating a fingerprint database is
an exhaustive, time consuming and cumbersome effort. Furthermore, a fingerprint is also
bound to the indoor environment description and infrastructure at the time the fingerprint was
generated.

Therefore, major changes in the environment (movement of large pieces of furniture or
appliances, adding or removing walls) will render a current fingerprint inaccurate and require
re-building of a new fingerprint. In other words, the current approach still has poor usability,
judged from the effort that is needed to install and maintain it.

This disadvantage makes the indoor localization system inoperable as a localization system.
This work explores two main approaches to overcome this problem: fingerprint prediction
with a propagation model and fingerprint modelling with a machine learning approach.

The propagation model is used to predict the signal strength throughout the coverage area
from access points to predict the fingerprint. There are two propagation models that can be
used, namely the One Slope Model (OSM) and the Multi Wall Model (MWM). A patrticle filter
is used as a filtering algorithm to estimate the user position.

The Support Vector Machine (SVM) is one of the machine learning algorithms that is used to
model the complete fingerprint from few training data. As a pattern recognition algorithm,
SVM will also be utilized to estimate the user position.

The evaluation among the fingerprinting approaches is conducted in a localization test-bed
using WLAN technology. The fingerprinting prediction model with propagation and machine
learning approach will be compared to the manual fingerprinting collection.

2 Propagation Model and Machine Learning Approach
Figure 1 shows an example of a fingerprint prediction with the OSM model. The signal loss in
OSM is given by:

L =L, +10nlog(d)
where L is a signal loss, L, (dB) is a reference loss value of 1m distance, nis a power
decay factor (path loss exponent) defining slope, and d is the distance in meters.
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Figure 1 OSM Prediction of a Fingerprint

The principal advantage of fingerprint prediction is its speed in predicting the fingerprint. In
the machine learning approach, a sizeable training database is collected and subsequently
used to train the system to estimate the complete fingerprint database. SVM uses a
fingerprint as its training data to build a classification model. During the training phase, SVM
constructs a classifier termed as hyper-plane which in turn is used to estimate the target
location.

3 Particle Filter

The Particle Filter is a non-parametric implementation of the Bayes’ filter. It approximates the
posterior probability by a finite number of discrete samples with associated weights, called
particles. The Particle Filter is used as a filtering algorithm to estimate the user position.

Figure 2 illustrates an example when the Particle Filter algorithm was used to estimate the
user position.
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Figure 2 The Particle Filter for state estimation

4 Results

The fingerprinting prediction with a propagation model and the machine learning approach
will be compared to the manual fingerprinting collection. Table 1 shows an example of the
localization error with manually collected fingerprints in the test-bed. It is based on the
Kalman Filter (KF) and the Particle Filter (PF) as the localization algorithm. The localization
error is the distance between the true position and the estimated location in the test-bed. It
shows the average error (u) and standard deviation (o) in metres.

Table 1: Localization Error (metres)

Fingerprinting KF PF
Manual Fingerprint u=4.67 u=3.25
0=3.84 0=191
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1 Summary

We propose an innovative approach where WLAN planning and positioning error reduction
are modeled as an optimization problem and tackled together during the WLAN planning
process.

2 Introduction

Positioning systems using Wireless Local Area Networks (WLANSs) have been suggested as
a viable alternative to provide location information for indoor areas. But, an increase of the
density of Access Points (AP) can improve the system accuracy and precision, whereas the
communication quality (due to frequency interferences) and the installation costs are
increasing too. These are major drawbacks! This paper attempts to answer the relevant
guestion: how can a WLAN be deployed in order to guarantee the requested Quality of
Service (QoS) and meanwhile reducing the location error? Such a problem includes two
aspects: WLAN planning and positioning error reduction. To provide users an optimal
wireless access to their local network, WLAN planning not only consists of selecting a
location for each transmitter and setting the parameters of all sites, but also of allocating one
of the available frequencies to each selected AP. Once the Received Signal Strengths (RSSs)
from all visible APs are measured and entered, the location is estimated and outputted using
the RSS distribution and machine learning techniqgue. We propose a new approach where
WLAN planning and positioning error reduction are modeled as an optimization problem and
tackled together during WLAN planning process.

3 Modeling and problem optimization

To find a feasible AP configuration satisfying QoS and positioning error constrains, we
proposed a formal model which describes the whole problem parameters and which defines,
in a precise way, an estimation of the costs, throughput of a network and the positioning
accuracy.

1. AP model: Since different types of APs have different parameter values (azimuth, emitted
power and frequency), we predefine a list of AP types for the users’ choice. Furthermore, we
predefine a finite set of candidate sites where an AP may be assigned.

2. Received Signal Strength model: RSS is the main parameter used for bit rate
calculation and positioning estimation. We define three kinds of RSS thresholds
corresponding to interference level, positioning level and communication level.

3. Traffic and positioning model: The traffic and positioning model of the network defines
how to represent the demand for network load or positioning accuracy. The building is
meshed, and the desired QoS and the desired accuracy are expressed by polygons covering
service areas of the building. A pixel associated with QoS is called Test Point (TP) and a
pixel associated with the accuracy is called Reference Point (RP).
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Our optimization problem aims to determine the decision variables (site, transmission power,
azimuth and frequency) in order to minimize positioning error and QoS lack under some
constraints. To evaluate the accuracy and QoS, the proposed fithess consists of three terms.
The first term is the network installation cost; the second term is the cost of unsatisfied
demands on QoS and the third term is the cost of unsatisfied demands on positioning. The
QoS is evaluated by the Signal to Interference plus the Noise Ratio (SINR) indicator. The
positioning accuracy is estimated by a defined indicator called Refined Specific Error Ratio
(RSER). Mathematically, the objective function is formulated by

ZCSite +ZﬂXArp +Z7XErp )
RP

Site TP

where, CSite is the network installation cost of a site. 8 is the penalty coefficient assigned to
the TP. Ay, is the deviation between the required bit rate and the real bit rate. y is the penalty
coefficient assigned to the RP. E,, is the magnitude of the positioning error. To solve this
optimization problem, a Meta-Heuristic algorithm is implemented.

4 Experiments and performance analysis

To evaluate the performance of the location system, we carried out two experiments in the
same experimental environment. The test scenario for performance evaluation took place at
the first and the second floor of the library building in the UTBM campus. Each floor covers
an experimental area of approximately 150 m x 40 m with more than 30 classrooms and
offices of different sizes. We constrain that the maximum number of AP is 30 and the desired
bit rate for each user is 500 kbps. The obtained results are shown in Figure 1.
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Figure.1: The variation of total A, and total E, by different y to B ratio in each improvement.

In Figure 1, we vary the y to B ratio to study the relationship between QoS and the
positioning accuracy. Figure 1 clearly shows that a high y to  ratio of 1000 can guarantee a
small positioning error while high total Ay,. In the same way, a low y to B ratio of 0.01 only
guarantees a low total A,. With an appropriate value of 0.1 for the y to B ratio, our approach
can find an AP configuration which can provide a good QoS demand and positioning
accuracy.

5 Conclusions and Outlook

In this paper, we provide a solution where WLAN planning and positioning error reduction are
dealt with simultaneously in form of an optimization problem. We have done the performance
evaluation of our approach and the results indicate that our approach is able to achieve a
WLAN planning which provides the required QoS demand and positioning accuracy. Further
work will focus on multi-objective optimization.
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1 Summary

The performance of our indoor positioning system based on IEEE 802.11 is evaluated for
real environments. We call the system WifiLOC and it is implemented as a mobile assisted
positioning system. The architecture and fundamental principles of the system are presented.
The positioning system is based on the fingerprinting method, which utilizes signal strength
information for position estimation. A lot of factors influence the propagation of radio signals
in indoor environments. Therefore it is complicated to clearly model the properties of the
signal propagation. This fact has also significant impact on particular properties of a RSSI
based positioning system. In this paper, the impact of the positioning accuracy is presented
taking into account various conditions such as moving objects in the observed area or the
type of indoor environment, e.g. corridor, office and room. The influence of different
conditions during the off-line and the on-line phase of fingerprinting positioning method on
the positioning accuracy is also investigated. The observed facts are very important for
successful implementation of location based services.

2 Motivation and Results

In the past, most attention was paid to research of positioning in outdoor environments. The
utilization of GNSS (Global Navigation Satellite System) seems to be the best solution
outdoors, but its limits become evident in urban canyons and especially in indoor
environments. The increasing demand for indoor LBSs (Location Based Services) raised the
interest of many research groups in indoor positioning. There are many typical examples of
indoor LBSs: car navigation in garage buildings, patient position monitoring in a hospital or
hospice. It could also be used in various shopping centres, galleries or airports for personal
navigation. The purposes are different, but the user position should be known in all cases.
Various positioning systems based on wireless platforms were proposed in [1-3]. We
decided to propose our solution based on an IEEE 802.11 platform, because it is widespread.
The basic idea results from the utilization of the platform apart from its main purpose, which
is mainly to cover user data communication. Our approach adds value to the IEEE 802.11
communication platform by providing user positioning.

As mentioned above, our positioning solution is based on the IEEE 802.11 communication
platform, is called “WifiLOC”. WifiLOC was designed as part of global modular positioning
system, which supports LBS everywhere. It means the localization is supported by various
independent positioning systems in all environments, i.e. indoors and outdoors. Positioning
system with the most suitable current conditions for positioning is used for final position
estimation. It is based on a client - server architecture, which is shown in Figure 1.
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Figure 1: Architecture of WifiLOC.

The presented solution is based on the well known fingerprinting localization method. It
utilizes the Received Signal Strength (RSS) from Access Points (APs) in range. It is not
necessary to connect to particular AP for RSS measuring, therefore the APs of other network
providers could also be used for positioning. It is new crucial benefit of the system, because
it could be implemented almost without own infrastructure. The advantage of the RSS based
system is its simplicity, because no synchronization is necessary, just the RSS is being
measured by the “Client”. The data measured by Client are sent to the Localization server for
processing. All necessary computational operations are performed in the Localization server.
The position information can be displayed in the client application in text form and graphical
(by a global map, local map or even images of the current location). All these information are
also available in Client and Localization server.

The properties of the described WifiLOC indoor positioning system are evaluated from
various points of view. As mentioned above, WifiLOC is focuses on indoor positioning,
therefore it has been tested in various indoor environments: corridors and rooms.
Experiments have been implemented in the University of Zilina campus. The experiments
were performed in several scenarios taking into account movable objects in the observed
area. The impact of movable objects presence on the positioning accuracy during the off-line
and the on-line phase of fingerprinting positioning method is investigated. The movable
objects the RSS to fluctuate, therefore it is necessary to carry out measurements that define
the limits of WifiLOC in various situations and environments, e.g. hospitals, offices, airport
hall or parking house. The achieved experimental results are presented.
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1 Summary

Wireless location of a User Equipment (UE) has received growing attention in recent years.
The first step for the design of a wireless location system consists in choosing the system
architecture and the localization algorithm that match the requirements of the working
scenario. In this paper the area of interest is represented by an indoor parking lot, in which
the presence of motor vehicles alters the electromagnetic field and causes large errors in
vehicle location estimation. A possible strategy to deal with this problem is the use of a
server-based architecture, that ensures a secure and scalable architecture and that allows
the knowledge of system state, such as the number and the positions of the motor vehicles.
Indeed this knowledge can be used to design suitable algorithm, based on simplified
electromagnetic models, to improve the localization performance.

2 Server-based Localization Architecture

In this paper a server-based WLAN localization architecture is proposed, wihich exploits one
of the existing WLAN systems in the widely diffused 802.11 class. The key element of this
system is the Location Server (LS), that performs the following tasks.

a. LS collects the Received-Signal-Strength (RSS) measures from the UE’s in the area
under surveillance via a new specific protocol, the Location Information Protocol (LIP),
that is an application layer protocol based on UDP.

b. LS performs the localization step via suitable algorithms.

This element is designed to interoperate both with an Home Network Authenticator and, by
means of a WLAN Direct IP Access, with the AAA Server of a 3GPP Core Network, in order
that only the correctly authenticated UE can have access to the Location Service. A sketch of
the association and authentication procedure is depicted in Figure 1.

3 Knowledge-based Localization Algorithm

The adoption of a server-based philosophy is advantageous not only to deal with
architectural issues, but also to access the existing information about the system state so as
to improve the localization performance. The main idea is to use a standard technique, such
as the RADAR one [1], properly modified for taking into account the environment state.
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In the challenging scenario of the parking lot, the main difficulties arise from the extreme
variability of the propagation channel due to moving obstacles and reflection surfaces. In
particular a single vehicle, depending on its position, can obstruct the Line-Of-Sight toward
an Access Point, as well as it can introduce a newer path by reflecting the electromagnetic
field. Accordingly, the purpose of this paper is to model the effect of the vehicles inside the
lot and to propose the following consequent localization algorithm

a)

b)
c)

d)

e)

the usual training phase is performed when the parking lot is empty in order to build a
Radio Map [1];

when the first vehicle enters into the parking lot, it is localized in the standard way;

on the basis of the estimated vehicle position and by means of a proper
electromagnetic model of the vehicle, the variations in the electromagnetic
environment (due to diffraction and/or reflection) are predicted and the Radio Map is
consequently corrected;

when another vehicle enters into the parking lot, it is localized by using the corrected
Radio Map;

The steps ¢) and d) are performed for each vehicle that enters (new correction) or
exits (remove the correction) from the parking lot.

The performance of this model-based approach is compared both with algorithms not
accounting for the effects of entered vehicles and with some traditional adaptive methods
(see e.g. [2)]).
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1 Summary

This paper considers the problem of fingerprinting localization in indoor Wi-Fi networks
based on received signal strength. When a mobile device request services, a fingerprinting
system compares the measurement with the values stored in a database to determine the
location. This study investigates several factors impacting the location accuracy. First, we
compare different fingerprinting algorithms, such as Bayesian, Support Vector Regression,
and weighted-k-nearest-neighbor, to construct different relationships between the user’s
location and the measured RSS. Next, the compared positioning algorithms are performed
on different transformed signal spaces to examine the performance by on-site experiments.
The transformation is determined by different criteria, including principal component analysis
(PCA), and multiple discriminate analysis (MDA). The former is known for preserving the
most descriptive features while the latter is known for capturing the most discriminant ones
after transformation. This study also examines the distribution of RSS, and the analyses of
complexity.

2 Experimental Setup and Results

The proposed algorithm is evaluated on a realistic indoor environment. The measurements
are collected on the fifth floor of BL building in NTU, as shown in Figure 1.
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Figure 1: The fifth floor plane of the BL building, where we performed the experiments. The dots
represent the reference locations.
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We collect WiFi data in this area by a laptop with Windows XP operating system and
NetStumbler network software. The dimensions of this test-bed are 52 m times 18 m. 35
reference locations are selected with a 3 m space. We collect 50 samples per location at
different time periods for training and testing data, respectively. Our measurements show
that over 30 APs can be detected in this floor. We select the most stable 15 APs for
comparison. Finally, the positioning error is defined as the Euclidean distance between the
estimated result and the true coordinate.

Figure 2 discusses the positioning performance under different signal spaces based on a
probabilistic Bayesian approach. Due to the limited pages, the performance based on
Support Vector Regression and weighted-k-nearest neighbour are not listed in this extended
abstract. In Figure 2, accuracy versus computational complexity is drawn where the x-axis is
the ratio of the used components and the y-axis is the percentage the estimated errors within
2 meters. This figure shows that the accuracy of RSS gradually rises to the peak as the
complexity (the dimension) increases. In RSS space, the performance is saturated at about
46.67% complexity. The best performance of RSS space is in fact obtained by using only 10
APs and no longer improved while adding more APs. This result is consistent with the
previous works. That is, using a subset of APs can produce a comparable or even better
performance to full APs.

This figure also shows a significantly sharp increase in accuracy when transforming RSS
into the projected space. Compared with the accuracy of RSS with full APs (60.91%), MDA
only requires 20% computation and PCA needs 26.67% computation to provide an even
better performance. Clearly, the slope of MDA is steeper than PCA. The main advantage of
MDA over PCA is the reduction in complexity by 1 or 2 components. Under 20% complexity,
MDA achieves 66.89% whereas PCA is only 53.83%. That means MDA has the advantage
of using the littlest computation to achieve the same level accuracy. This figure demonstrates
that the best performance is achieved at 20% complexity of RSS where the two
transformations report a similar accuracy.
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Figure 2: Accuracy (percentage of the estimated errors within 2 meters) versus the relative
computational complexity in different signal spaces.
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Summary

The implementation of a ranging exploitation method over the IEEE 802.11 signal standard
for a software-defined radio architecture is presented. We propose the current wireless local
access network (WLAN) as standard assistive infrastructure for ubiquitous localisation and
positioning. The paper describes the architecture of a localisation receiver built around a
FPGA. The described receiver can process GNSS signals, available for any number of
satellites, together with IEEE 802.11 signals available from surrounding access points to infer
its own position. The single ranging method, the hybrid GPS and IEEE 802.11 multi-
lateration positioning calculation method and their implementation in a single software-
defined receiver are discussed.

Motivations and results
Satellite-based navigation systems like GPS experience significant accuracy degradation
when used indoors. Alternative wireless indoor localisation systems have been proposed to
amend this [1]. The most popular wireless radio technologies include IEEE 802.11 WLAN,
UWB and RFID systems.

Certain wireless radio localisation technologies are more suitable to be scaled up and
employed for areas larger than a one-room space. Current state-of-the-art location methods
for a building-floor area or a multi-floor environment use received signal strength indicators
(RSSI) for ranging. [2] presents the first location method based on WLAN RSSI. Currently
there are several commercial solutions based on this technology.

Location and tracking solutions based on wireless signal time of flight (TOF), similar to GPS,
are considered superior to RSSI because such measurements scale linearly with the
propagation distance and with better reliability. Recent works like [3,4] present interesting
methods to implement TOF measurements over the RTS/CTS MAC layer of IEEE 802.11
signal standard. Furthermore [5] presents how such TOF ranging techniques could be
implemented for a simple triangulation for localisation over an office space.

There is one aspect common to most of the literature on this topic: the effort to build methods,
techniques and sometimes small hardware [4], that can allow standard WLAN hardware
(WiFi communication cards) to infer the user's position within a standard WLAN network.

This paper takes a different angle and considers the implications of GNSS receivers being
currently integrated into millions of mobile phones worldwide. The concept of a software-
defined GNSS receiver capable of processing GNSS signals as well as IEEE 802.11 signal is
presented. Via the use of a soft-core implementation, we present the idea of harvesting the
large computational power of GNSS receivers to compute terrestrial signals like the IEEE
802.11 for indoor/outdoor localisation via a software-defined radio architecture [6,7].
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The implementation of a WLAN single ranging method as well as a multi-lateration
implementation suitable for a soft-core FPGA is presented. Simulations show how the
proposed solution could provide a position with an accuracy of some metres over a large
area like a university campus. Critical aspects like WLAN access point visibility (refer to Fig.
1) and expected global positioning accuracy (refer to Fig. 2) is studied via the implementation
of a 802.11 positioning simulator.

The described localisation technique is simulated throughout the EPFL university campus, an
area of approximately 1 square kilometre, where GPS satellite signals are very likely to drop
out due to obstructions. Methods to combine GPS ranging together with IEEE 802.11 WLAN
ranging are discussed. A prototype of a FPGA-based navigation receiver capable of both
GPS and IEEE 802.11 ranging is presented. Key results of the effectiveness of such a multi-
ranging implementation are presented.
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1 Extended Abstract

In previous essays, a system that measures the round-trip time (RTT) between a mobile user
(MU) and several access points (AP) in an IEEE 802.11 wireless network was used to
estimate the distance between them and obtain the MU’s position by means of a trilateration
technique [1]. However, different sources of error disturb the range estimates obtained
previously to the trilateration process. As a consequence, the range accuracy, i.e. the degree
of closeness to the actual distance, and the range precision, i.e. the variability of the range
estimates, will be negatively affected. Moreover, after the trilateration stage, the estimation of
the two-dimensional coordinates of the MU’s position includes a random error that decreases
the precision of this estimation. These sources of error appear whichever the technology and
the environment selected, however, they acquire more importance in cluttered environments,
such as indoor or dense urban scenarios, where the non-line-of-sight (NLOS) is more
relevant.

The aim of this paper is to combine several error mitigation techniques in order to improve
the final accuracy and precision of the RTT-based indoor localization system. The final
accuracy is affected by systematic error, mainly due to the resolution of the measuring
system and the number and distribution of the APs, whereas the precision is influenced by
the random error, i.e. by experimental uncertainties such as electronic errors or multipath
signal reflection. Furthermore, the NLOS error that characterizes the cluttered environment,
introduces a bias in the RTT measurements that varies even for short periods of time,
affecting not only the accuracy but also the precision.

The starting point is the RTT-based system depicted in [1], which first takes a set of RTT
measurements between the MU and each AP in range, and then obtains the distance
through a linear transformation of the Weibull's scale parameter taken from the RTT
measurements [1]. The MU’s position estimate is thus obtained by a trilateration technique
based on the radical axis [1]. The next step is to mitigate the systematic error introduced by
the NLOS in the range estimates prior to the trilateration stage. In order to do so, the prior
NLOS measurements correction (PNMC) method, presented in [2], is implemented. In this
way, NLOS is detected, quantified and reduced from the range estimates.
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After subtracting the bias error, the random behavior remains on the range estimates, whose
elimination entails a filtering problem. For this purpose, a linear-Gaussian motion model with
a vector state which includes distance and velocity is considered. However, the error
resulting from the PNMC stage leads to a non-Gaussian measurement model [1], thus, a
simple Kalman filter (KF) is not adequate for this problem. Therefore, a better option is to use
a particle filter (PF) to reduce the random error. The likelihood function for this filter has to be
obtained from the set of RTT measurements at each MU’s position instead of from a single
bias-corrected range estimate, which is the output of the PNMC method. If the relationship
between the distance and the RTT measurements were linear, the NLOS bias obtained by
the PNMC method could be removed from each individual RTT and the likelihood could be
derived from the bias-corrected RTT measurements. Although this is not the case of
Weibull's scale parameter, in [3], the error in assuming this linear dependence was
measured to be three orders of magnitude smaller than the resolution of the measuring
system. Then, the PF can be applied by computing the likelihood function from the RTT
distribution obtained after subtracting the NLOS bias from each individual measurement
without loss of performance. Finally, after the trilateration process, the two coordinates of the
position estimates present a random error which has been verified to be Gaussian by means
of a Kolmogorov-Smirnov test. Being both motion and measurement models linear-Gaussian,
a simple KF can be applied to the resulting position estimates.

The main contribution of this paper is that instead of applying a PF to the ranges estimates,
and a KF to the position estimates, an RTT-only tracking filter which directly relates the
position with the RTT measurements to each AP (after applying PNMC) is likewise proposed.
Since in this case, the error in the measurement model is not Gaussian, a PF with a dynamic
likelihood function is implemented. This filter will have the ability to handle the uncertain
information in the process. This procedure has three main advantages compared to the
previous scheme: first, soft decisions are made during the process and hard decisions are
only made in the final position choice. Second, this filter has not to be restarted when any of
the APs is not in range. And third, the processing time is reduced since distance estimation
and trilateration steps are omitted and an only filter is needed, whereas, in the previous case,
one PF per AP for range filtering and one KF for position tracking are implemented.

The root-mean-squared-error (RMSE) quantifies both the systematic (the bias) and random
(the variance) errors. With the presented approach, based on soft decisions and RTT-only
tracking, the RMSE, for a MU who covers a 40x15 m route in an indoor scenario with eight
APs, is 3.86 m. This leads to a final reduction of 55% of the starting RMSE with no error
reduction technique. Moreover, this result is the lowest error achieved with the different
approaches discussed in this paper, and other common Kalman-based techniques with
which it has been compared. It is worth mentioning that neither of these error mitigation steps
nor the measuring system needs any calibration stage.
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1 Summary

In this paper we analyze an ultra-wideband (UWB) based wearable human motion tracking
system. A maximum likelihood (ML) estimator, which incorporates the UWB distance
measurements and the a priori knowledge of nodes topology to localize a node, is presented.
The result of measurement campaigns is compared with computer simulation results to
evaluate the performance of the proposed scheme. Based on this performance evaluation, it
is shown that taking into account a priori knowledge given by the topology of the nodes can
improve localization accuracy in harsh environments (i.e. in the case of multipath
propagation and when enough number of line-of-sight (LOS) distance measurements are not
available to perform lateration). Moreover, it reduces the required number of anchors to
localize a node.

2 Introduction

Human motion tracking is the process of estimating the position of different body parts in real
time. It has many applications in the fields ranging from medicine to virtual reality [1]. In the
field of medicine, it has been used to assist patients who undergo a stroke rehabilitation
process; in sports science, motion tracking can be used to analyze athlete’s training and
exercise; in the entertainment industry, the motion of human actors and animals can be
recorded to create an avatar animation.

Currently, there exist several commercial motion tracking systems which employ optical,
inertial and magnetic sensing technologies (or a combination of them). Optical systems, even
if they provide a reliable tracking, require dedicated laboratories, complex settings and highly
skilled operators [2]. Inertial and magnetic systems, on the other hand, do not have LOS
restriction but they are prone to drift errors and interferences from nearby ferromagnetic
materials, respectively. In [3], a wearable full-body motion capture system with
interconnected electronic sensors as an intrinsic part of a cloth is proposed as a low-cost and
low-power solution.

It is known that at least four LOS distance measurements from anchors are required to
localize a point in 3-D using lateration [3]. However, due to the anatomy of the human body,
it is difficult to get so many LOS measurements when both the anchors and agents are
located on the body (which is the case for wearable motion tracking systems). In this work,
we analyze a scheme which utilizes the available LOS measurements along with a priori
knowledge of nodes topology to improve positioning accuracy. An ML estimator which
exploits the underlying geometric constraint is derived and its performance is evaluated. Note
however that, even if we apply the approach to the human motion tracking problem, the
proposed scheme is generic and can be readily applied to similar problems.

3 System Description

Figure 1-a shows an exemplary network of nodes which are attached on the human body to
track the positions of the limbs. The position of the anchors is assumed to be known and
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fixed. For brevity, in this abstract we will consider the problem of 2-D position estimation. The
3-D case will be discussed in the full paper.

O : Joint
@ : Agent on a joint
@ ; Anchor

@ 0 Py

Figure 3. (a) Network of nodes for human motion tracking, (b) 2-D motion tracking of the arm.

If we consider the specific case of arm motion tracking, we will have a topology as shown in
Figure 1-b. For a given person, the position of the node on the head (H), the position of the
shoulder joint (S), and the distances |, I, and I3 are known a priori. The distances d; and d,
are estimated from ToA measurements using UWB signals. So, we have two triangles with a
known side length. Hence, the position of the elbow (E) and wrist (W) joints can be
calculated by applying the law of cosines. Note however that, since the ToOA measurements
are not perfect (so are the distance estimates) W and E have to be estimated from these
noisy measurements under the given geometric constraint. So, for the ML estimate of
W: (wy, wy), for example, we need to solve the following problem:

W, = arg max d,
w, |9 Pl g,

Figure 2 shows the root mean squared error 10
(RMSE) curve for the ML estimate of W when

the measured distances are corrupted by S5y
white Gaussian noise having zero mean and '
variance o°. From the figure, we note that an
RMSE of less than 2 cm is achieved if the
standard deviation of the noise is less than 10 N\
times the true distance. Moreover, we note q
that only 2 distance measurements are 3

required to localize W and E instead of 6, 10° 10" 10° 10°
which would have been required by the dglcf2

classical trilateration method. Figure 4. RMSE curve for the wrist joint.

w
[WX}G) , where ® ={H,S,1,,1,}.

y

In the full paper, a more realistic ranging error model will be considered and the ML
estimation problem for the 3-D case will be discussed in detail. Moreover, a comparison of
measurement and computer simulation results will be presented.
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1 Introduction

There are different types of orientation measurement principles for localisation systems
known in literature. In most cases sensors are used to measure the gravitation and magnetic
field vectors of the earth [1]. From these two vectors the orientation of the object to be
localised can be calculated. Without using sensors it is possible to measure the heading of
an object as tangent to its route. But this method fails, if the localised object is stationary.
Two or more receiver-lines are necessary in time of arrival (TOA) radio localisation systems
to gain orientation information. The relative positions of the receive antennas have to be
known. With two antennas only a direction vector can be calculated; for determination of
orientation at least three antennas are necessary [2].

The rotation around the transmitter-receiver-axis can be measured by a suitable choice of
the antennas at both sides. In GPS right-hand circularly polarised (RHCP) antennas are used
for transmission and reception. Carrier phase measurements show both, changes in distance
and direction, if the GPS-receiver is rotated around the aforementioned axis. Frequency drift,
clock errors and atmospherics are assumed to be eliminated beforehand. To derive
orientation information, the carrier phase measurements have to be decomposed into its
components for changes in distance and orientation. This can be done by using the two GPS
carrier frequencies L1 and L2 [3].

Another approach [4] uses one linearly polarised antenna at the transmitter and two in
opposite direction circularly polarised antennas at the receiver, in order to measure rotations
around the transmitter-receiver-axis simultaneously with changes in distance. It was shown
that distance and rotation components of the measurements can be separated for a special
case, for which only movements along or around the aforementioned axis are considered.

Based on this antenna configuration, a generic model will be given here, utilising the electro-
magnetic field theory. In Section 2 the measurement principle and setup will be explained for
completeness. The theoretical model will be given in Section 3.

2 Measurement Principle and Setup

Figure 5 shows the principle system setup, which is capable of measuring rotations around
the transmitter-receiver-axis. A linearly polarised antenna is mounted on the transmitter at
the left side of the figure. On the right-hand side a localisation receiver with two receiver lines
is placed. One line is connected to a RHCP, the other line to a left-hand circularly polarised
(LHCP) antenna. Both receiver lines are assumed to be synchronised with the transmitter. If
carrier phase measurements are taken at both receiver lines, changes in distance alter the
measured phase angles in the same way. If the transmitter, and therefore the polarisation
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vector, was rotated, the phase measurements change in opposite direction. Therefore, a
distinction between translation and rotation is possible.

RHCP
Xr
Zb
) . yb
Linearly polarised .
Xb
z" Y
LHCP
X RX y
Xn
Figure 5: System setup Figure 6: Antenna models and used coordinate
systems

3 Electromagnetic Field Theory of the Transmission Chain

In this section, the general theoretical description of the complete transmission chain will be
given. Starting point are the equations for the field of a short dipole. This dipole is depicted in
Figure 6 on the left-hand side together with its associated coordinate system (body- or b-
frame). These coordinate axis are moved and rotated with respect to the local navigation
frame (n-frame) shown at the bottom of the figure. On the right-hand side, there are crossed
dipoles serving as a model for a circularly polarised receiving antenna. This antenna can be
shifted and rotated relative to the n-frame, too.

For this setup the complex vectorial electromagnetic field of the transmitter is calculated at
the receiver side. Incorporating the orientation of the crossed dipole antenna, the induced
currents in both dipole elements can be determined. Afterwards, the addition of the two
currents can be carried out. At that point, the behaviour of the crossed dipoles as a RHCP or
LHCP antenna has to be accounted for. The carrier phase measurements can now be
extracted from the current of all receiving antenna elements.

4 Conclusions

The suggested model can be applied for simulation environments to synthesise localisation
measurement data. With this approach, the behaviour of carrier phase measurements due to
rotation and translation of the user equipment can be modelled. There is also the possibility
of using the equations as a basis for an orientation measurement system.
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Introduction and background

TOA-based ranging with off-the-shelf WLAN equipment enables cost-effective and accurate
positioning. Authors reported in [1] first results on a software-only ranging technique
employing the CPU clock of the client device to perform round-trip-time (RTT) measurements.
The transmission and reception of standard IEEE 802.11 frames was time-stamped at the
operating system (OS) level through the driver of the client’'s WLAN interface. Although the
maximum accuracy reached in a real test-bed was better than in previous software proposals
([2, 3]), the WLAN interruption handling by the OS caused a high dispersion of the time
measurements and therefore the performance stability was not as good as expected. This
work proposes several enhancements to palliate this negative impact, taking as starting point
the core design decisions proposed in [1], i.e. data-ACK frames for the RTT measurements
and Linux OS with Madwifi WLAN driver for the client device.

Proposed enhancements

The first enhancement consists of anticipating the capture of the time-stamps in order to
avoid the measurement of extra random delay caused by the interruption handling performed
by the OS. The second enhancement is the correction of a bug in the Madwifi driver that did
not allow setting a constant transmission rate at the physical level. The third and main
improvement is provided by the use of a proper OS configuration in the client device.

Two significant and representative OS configurations have been considered for evaluation.
The first is the default one: the one preferred by the end user to execute standard working
and entertainment software. Since it is designed to optimize the general performance of the
system, it presents more relaxed handling of the hardware interruptions and a possible lack
of stability of the CPU clock signal. Therefore it can be disadvantageous to the performance
of the RTT measurement mechanism. Patching the Linux kernel with real-time capability has
been discarded based on previous performance tests. The second OS configuration is
obtained by disabling the ACPI (Advanced Configuration and Power Interface) modules.
ACPI allows the OS having complete and exclusive control of the power management of the
hardware. When hardware and power are not managed via ACPI the performance
parameters of the CPU and the other devices are expected to be constant, allowing higher
stability of the time measurements. The main drawback of this configuration is the negative
impact of disabling the ACPI on the usual operation of the device.

Comparative evaluation of OS configurations and results
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The performance of the enhanced ranging method considering the different OS
configurations is comparatively evaluated. The off-the-shelf employed hardware for the tests
consists of the ranging client device (laptop with a 2 GHz CPU, an Atheros-based WLAN
card, the modified Madwifi driver and the ranging software) and a Netgear D-Link AP. A large
number of series of 1000 RTT measurements are carried out in multiple indoor and outdoor
environments and distances, always with the same conditions for both configurations in order
to guarantee a fair comparison. A first analysis of the measurements corroborates the bigger
time dispersion for the measurements with the default configuration: around 800 CPU clock
cycles for the no-ACPI configuration and around 5500 for the default one.

In order to assess the stability of the RTT statistical parameters, 50 series of measurements
are repeated at different instants of time with the same conditions. The figure depicts the
obtained average values in CPU clock cycles for each series of RTT measurements (i.e.
series 1 to 50 in the abscissa axis). It can be observed that disabling the ACPI allows much
better stability: the deviation of the 50 averages with no-ACPI is 38.869 CPU clock cycles,
involving a maximum ranging error of only 2.59 m. can be caused by the system instability
(four times smaller than with the default configuration). The complete report also
demonstrates that the ranging accuracy is better with the no-ACPI configuration.

592400

[

592300
9 P K J LR
592200 .3,‘0"..‘_ ~ Iy A i
592100 ** &’.‘N‘ “,.,"0:’ . © NOACPI
592000 ™ B -~ BWACPI

.
591900 WM _m _ ~ =ty  gm%y
591800 - & P28

m | in} % ] n m
591700 = -f
591600

0 10 20 30 40 50 60

Obtained results show that the proposed enhancements employing a no-ACPlI OS
configuration allow overcoming the critical and inherent aspect of performance instability in
TOA-based WLAN ranging at OS level. This result opens the challenge of achieving the
same good performance but with the default OS configuration, in order to improve the
practical applicability of the method. The researched approach to achieve this consists of
mitigating the RTT measurement noise due to the ACPI operation, which is demonstrated to
be feasible characterizing this noise by comparing the measurements of both configurations
as first step.
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1 Summary

In this paper we present the hardware implementation of a particle filter for location
estimation. Based on distance information to static network nodes, the filter estimates the
three-dimensional position of a mobile network node. The design has been derived from a
set of formal operation properties and synthesized for an FPGA prototype platform.
Accessed through a serial interface, it can be used as a location estimation core from
microcontrollers with low computational power. The implemented models for state transition
and measurements can be re-parameterized during operation. Due to the chosen design
approach these models can also easily be modified or exchanged in order to match the
application needs. The correct functionality of the implementation has been shown using real
time-of-flight based distance measurements. Therefore, the prototype platform has been
integrated in an existing IEEE 802.15.4a compliant wireless network infrastructure.

2 Introduction

Location awareness is a more and more important issue in wireless networks. Without
additional localization hardware, e.g. GPS receivers, the node's positions need to be inferred
from network internal signal strength, time of flight or angular measurements. Because of the
inherent uncertainty of such measurements, robust estimation techniques have to be applied.
A common method for estimating a system’s state from noisy observations are Bayes Filters,
where both state and observations are considered as probabilistic functions. Kalman Filters
are a very efficient and popular implementation of the Bayes filter algorithm, modelling state
and observations as unimodal Gaussian distributions. As a drawback, they are limited to
Gaussian errors and systems with linear state transition and observation models. Another
implementation of Bayes filters are particle filters [1]. In contrast to Kalman Filters, arbitrary
distributions can be approximated by a set of random state samples (particles). For reasons
of approximation accuracy, the number of particles has to be large. The resulting
computational effort and memory consumption is not feasible for low power microcontrollers
that are commonly used in wireless sensor networks. In such cases it is desirable to have
computational expensive parts as dedicated hardware components.

3 Filter Implementation

We present a hardware implementation of a patrticle filter for estimating the 3D position of a
mobile node by incorporating distance information to reference points of known position
(anchor points). The following update is cyclically performed by the filter:

1. Predict a hypothetical position for each particle based on its former position. This step
involves an application specific motion model. In our implementation the mobile node is
assumed to move without any favoured direction. This fact is considered by adding
normal distributed noise with adjustable variance on the expected particle positions.
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2. Calculate a weight for each particle involving a sensor specific measurement model. In
our case, this model describes the probability of measuring a given distance at the
particular particle position. We consider uncertainties relating to measurement noise and
multipath effects under line-of-sight conditions using a quadratic decreasing weight
function with separately adjustable slew rates for positive and negative distance errors.

3. Generate the final particle set through a low variance resampling procedure of the
hypothetical set from step 1. The probability of drawing each particle is given by its
corresponding weight. This step duplicates particles with large weights while less
important particles are replaced. Thus, the resulting particle set is focused on regions
with high probability.

4. Extract statistical parameters from the resulting particle set. Since we assume unimodal
distributions, mean and covariance parameters over all particles are calculated.

The steps above represent the computational framework of the particle filter. The given
models can be re-parameterized during operation and easily adapted to other application
specific models. The design has been implemented using operation properties, an alternative,
and in some application areas more convenient, design approach [2]. Our tool vhisyn derives
a cycle-accurate register transfer model from a given specification based on a set of
operation properties. The resulting VHDL design description has been synthesized and run
on a Virtex-1l Pro (xc2vp30) FPGA platform. The design is connected via the processor local
bus to the embedded Power PC, which implements the serial user interface. The processor
feeds the arriving distance measurements and reference positions into the weight calculation
unit and reads the estimated position mean and covariance values from the design.

4 Results

The correct functionality of the implementation has been shown using real time-of-flight
based distance measurements. Therefore the prototype platform has been integrated in an
existing IEEE 802.15.4a compliant wireless network infrastructure. Distances between a
mobile and several static network nodes of known position are cyclically measured and
evaluated by the filter. The estimated position is read out and visualized using the 3D
rendering library Panda3D. In our setup, we reach typical estimation accuracies of about 1m.
The design runs at a maximum clock frequency of 25 MHz. With 8192 particles and 3 clock
cycles processing delay per particle on average, a filter update is performed within less than
1 millisecond. In contrast, the comparable update performed by the reference software
implementation on an ARM7 microcontroller needs 660 milliseconds. The design uses 6011
of 13696 slices, that is 43% of the FPGA resources.
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1 Introduction

Positioning indoors is a requirement for a wide variety of applications. While significant
research effort is ongoing to extend GPS indoors, real-time high accuracy positioning
remains a challenge due to signal attenuation and blockage. Conversely, proprietary systems
such as the Ultra Wideband-based Ubisense can provide cm-level (20) positioning accuracy
but are limited by their high cost and small coverage areas [1]. The widespread use of WLAN
has attracted substantial research to enable them to support low cost positioning. However,
the current WLAN positioning capability is largely based on Received Signal Strength (RSS)
fingerprinting which requires significant effort to build and maintain the currency of the
relevant databases, and with positioning accuracy limited to 6m (95%) [1]. Conversely, time-
based ranging could achieve high positioning accuracy but requires precise synchronisation
and accurate time estimation. The latter is limited by factors such as bandwidth, multipath,
non Line of Sight (LOS), Signal to Noise Ratio (SNR) and interference.

In this paper we develop a high accuracy positioning function for mobile devices based on
the WLAN IEEE802.11g standard. A method that achieves time estimation in order to
support sub-metre level (95%) ranging accuracy within a WLAN system is proposed. It is
based on sparse estimation techniques and provides low complexity and fast extraction of
measurements without compromising the achieved accuracy. The dependence of the time
estimation process on the system bandwidth has been reduced by using high rate sampling
clocks and then applying high resolution estimation techniques. Furthermore, in order to
minimise the effect on the network data throughput, the extraction of measurements is based
on the data frame preamble. The need for precise synchronisation has been removed by
applying the Differential Time Difference of Arrival (DTDOA) technique. DTDOA is based on
installing reference nodes with known ranges and LOS to a master node. The ranging
process is depicted in Figure 1 where the short and long preambles of the WLAN
IEEE802.11g frame are used for respective signal detection and sparse channel estimation.

Signal detection based on WLAN > Oversample long > Perform sparse > Time estimation of > Range
IEEE802.11g short preamble preamble channel estimation the direct path extraction

Figure 1: System-level block diagram for the proposed ranging method

The sparse estimation is enabled by the use of a high sampling rate as discussed in section
2 with the time estimation and corresponding ranging being covered in section 3.

2 The Use of Sparse Estimation for High Resolution Time Estimation in WLAN
Applying sparse estimation techniques is enabled by using high rate sampling at the receiver.
This is based on modelling the received signal as:

RX(t) = TX(t) ® Ch(t) ® B(t) + v(t) =TXy, (1) ®Ch(t) +v(t) (1)

where Tx(t), Rx(t) the respective transmitted and received signals, B(t) the system bandwidth,
Ch(t) the discrete channel impulse response with taps representing the delay and attenuation
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of multipath components, ® denotes convolution, v(t) the band-limited received Gaussian
noise andTxg,, (t) =Tx(t) ® B(t) the band-limited transmitted signal which may be estimated
a priori by observing Rx(t) in a multipath-free channel. Equation (1) can be presented in
vector format as (Rx = A.Ch + v) where Ae R™is a toeplitz matrix with each column
presenting a delayed version of the sampled band-limited transmitted signal Tx,,, € R"™,

Ch e R™the discrete multipath channel. Increasing the sampling rate at the receiver leads
to an increase in the size of Rx for the same observation period. This results in increasing
the size of Ch by additional zeros since the number of multipath components is independent
of the sampling rate. Hence, for a sufficiently high sampling rate, Ch can be treated as a
sparse vector even when Ch represents a dense multipath channel.

In this paper, the regularised FOCal Underdetermined System Solver (FOCUSS) sparse
estimation technique has been applied to estimate Ch due to its high-resolution performance
and lower required processing power compared to other estimation techniques [2]. It is
based on an iterative weighted minimum 2-norm approach.

3 Results

The performance of regularised FOCUSS is compared to the time-domain Multiple Signal
Classification (MUSIC) and the de-convolution-based CLEAN algorithms in terms of
achieved ranging error and required processing time (see Figure 2). Comparison is
performed in a MATLAB platform and is based on sampling the WLAN received signal at
1GHz. Figure 2 demonstrates FOCUSS ability to provide better ranging compared to CLEAN
and faster acquisition and better ranging at (>11dB) SNR values compared to MUSIC.
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Figure 2: Comparison of FOCUS, MUSIC & CLEAN in terms of ranging error and processing time

4 Conclusion

This paper has proposed a low cost and high accuracy WLAN positioning system for mobile
nodes in indoor environments. This is enabled by a fast acquisition and low complexity time
estimation technique capable of addressing the bandwidth and multipath limitations under
typical SNR scenarios. Further work is ongoing to evaluate its performance in real scenarios.
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1 Introduction

An ad hoc indoor location-based service which finds and tracks location of a device is useful
in many situations such as meeting friends, finding a child and looking for a lost device. In
these situations, estimating absolute location of a target device is not suitable for the ad hoc
indoor location service. Calculation and Notification of the absolute location require additional
information such as maps and absolute locations of reference infra nodes, but it cannot be
provided for every indoor environment.

We instead consider relative location, which is sufficient to help a user to move to the target.
Relative location is determined by distance and direction from the user to the target. The
distance to the target can be estimated reasonably in the indoor environments by measuring
time of arrival (TOA) or received signal strength (RSS) of radio or acoustic signal. On the
other hand, due to the non-line-of-sight (NLOS) environment, it is difficult to estimate the
direction which is in general obtained by measuring direction of arrival (DOA).

When the user is moving, continuous measurements of the distance can be used to obtain
relative direction to the target with reference to the moving direction. (See Figure 1(a), 1(b))
In this case, the devices should also have knowledge of their movement, which can be
measured by, for example, inertial measurement units (IMU). If there is an ad hoc location-
unknown helper node, such as a Wi-Fi access point, the user device can calculate the
relative locations of the target device even without measuring the movement. (See Figure
1(c)) Detailed expressions for these cases will be given in the following section.

In this abstract, we only provide two examples as briefly described above. We will consider
more examples, such as tracking a moving target and bi-directional tracking, in the full paper.
We will also consider a generalized system which can support all the cases described.
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Figure 1: (@) When d,, d, and | are known, the relative direction of the target can be calculated
although the users do not know their absolute moving direction. (b) Relative location estimation with
distance and movement measurements. (c) Relative location estimation with distance measurements
and an ad hoc helper node. (Positions of gray devices are possible to be estimated but not actual.)
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2 Motivational Examples

In this section, we assume no measurement errors in order to clearly explain the examples.

a. Estimation with a fixed target, distance and movement measurements

Consider the situation in Figure 1(b) where the target is fixed, there are no helpers, and
the user device can measure distance and its movement. Then, at time t=2, we see

that the user device should turn 8 =cos

L 12+dZ—d

2

21,d,

L degrees. However, it does not

know whether it should turn clockwise or counter-clockwise. This ambiguity can be
removed if the user moves in a curve, as depicted in Figure 1(b). If & estimated at t =2
is smaller than @ estimated at t =1, the user has turned to the correct directionat t =1.

b. Estimation with fixed target and helper, and distance measurement

Consider the case in Figure 1(c) where the target is fixed, there is an ad hoc helper, and
the devices can measure the distance between devices. In this case, the target device
should send the value of measured distance D to the user device. Then the user should
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turn @ =+cos —— +tan

Dd, [42D-(IZ +D?-d¢)?
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(|12 _|02)_(d12 _dg)

degrees. There are

4

possible outcomes of #depending on the signs of the two terms in the above equation.
As in Section 2.1 mentioned, this ambiguity can be removed if the user moves in a curve
and the device can measure how many degrees it has turned.

3 Evaluation

We simulated a user moving to its target. The scenarios in Sections 2.1 and 2.2 are adopted.
We see in Figure 3 that the user moves well to the target. In the full paper, we also use a
sequential Monte Carlo method, which is easily adaptable to various cases such as the
capability of movement measurement or the existence of a helper node. We will provide the
detailed algorithm in the full paper. In the full paper, we also evaluate the approach for other
cases such as tracking a moving target and bi-directional tracking.

Moving to a fixed target device, 1000 simulations
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1 Summary

In this paper, we propose a method that improves the accuracy of the direction of User
Equipment (UE) for Enhanced Cell-ID (ECID) positioning of mobile phones. The proposed
method estimates the direction of UE by the use of different reception sectors. The
evaluation of the direction accuracy and positioning accuracy are presented via computer
simulations. The improvement in the direction accuracy is approximately 65% for the
Rayleigh fading environment under the assumption that the number of observations is 10
and the width of the sector is 60°. The RTT (Round Trip Time) positioning accuracy is
improved by about 50% using the proposed method when the RTT measurement error is
156 m and the cell spacing is 4 km.

2 Background and Conventional RTT Positioning

ECID positioning of cellular systems utilizes information of the reception Node B (NB) which
is equivalent to the BTS (Base Transceiver Station). It is frequently used when GPS
positioning cannot be applied [1] [2]. As shown in Figure 1, the conventional RTT positioning
method [3], which is known as one of the ECID positioning methods, estimates UE position
by using the distance and direction of the UE. The distance can be calculated based on the
measured RTT of the radio signal between the UE and NB. The direction of the sector is
used as the direction of UE. The error of the estimated direction degrades the position
accuracy of the RTT positioning method when the sector is wide or has large cell spacing.
Therefore, it is important to improve the accuracy by estimating the direction of the UE. So
we propose a novel method to estimating the direction of UE more accurately to enhance the
RTT positioning as shown in Figure 1.

3 Proposed Method

In a Diversity Handover (DHO) situation, signals from multiple sectors can be received by the
UE. We call such received sectors observed sectors. In the proposed method, the UE
repeats the sector observation multiple times at a specific interval. The number of observed
sectors is counted and added under the sector ID. Then, we choose the two most observed
sectors and estimate the average received signal power ratio using their observation times.
Finally, the direction of UE can be calculated by using the estimated average received signal
power ratio and the sector’s antenna pattern.

In a W-CDMA (Wideband-Code Division Multiple Access) network, the RNC (Radio Network
Controller) always has the DHO information of each UE. Therefore, we propose a method
that can estimate the direction of UE without an extra report from the UE. This should be
increase the effectiveness in order to decrease network traffic.
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4  Simulation Results

The direction accuracy of the proposed method is evaluated based on a computer simulation.
Figure 2 and 3 show the Cumulative Distribution Function (CDF) of the direction accuracy
and the position accuracy where the cell spacing is 4 km, the number of sectors in each cell
is 6 and the average RTT measurement error is 156 m. The wireless channel is assumed to
be the Rayleigh fading. Compared to the conventional RTT positioning, the improvement in
the direction accuracy is approximately 11° at 67% CDF when the number of observations is
10. Furthermore, by increasing the observations to 50 or more, the direction accuracy of the
proposed method becomes even better. By using 10 observations, the proposed method
exhibits an improvement in the positioning accuracy of approximately 150 m at 67% CDF
compared to the conventional RTT positioning. Moreover, there is almost no observed
deterioration compared to the limit of the RTT positioning accuracy that estimates the UE
direction using the measured received signal power ratio.

Center of the sector
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Q Position via Conventional RTT
=p> Direction via proposal

© Position via proposal

Figure 7: RTT positioning method
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5 Conclusions

We propose a method for estimating the direction of the UE by exploiting the sector of arrival.
The evaluation results show that the direction accuracy can be greatly improved by using the
proposed method compared to the conventional RTT positioning method.
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For locating a set of stationary devices, algorithms such as MDS-MAP have been favoured
by the sensor network community [4,5] because of their low computational complexity. Whilst
comparisons for complexity and performance have been done for other algorithms, non-
linear regression has been neglected. The authors find that it is not much more expensive,
and can yield significantly better accuracy for sensor network localisation.

Algorithms. MDS-MAP [4] takes a block of measurements and calculates the NxN matrix of
dissimilarities, which is the distances between each pair of devices. Those which are
missing (i.e. which are not available via direct sensor measurement) are then filled in using a
shortest-path algorithm, such as Floyd-Warshall. Once the dissimilarity matrix is complete,
multidimensional scaling is performed which reduces the NxN matrix into a 2xN coordinate
space using a form of isotonic regression.

Non-linear regression is a model-based fitting algorithm which takes the given
measurements by a device and then, using a minimisation function such as Levenburg-
Marquardt [3], performs non-linear least squares to produce a solution which best fits the
model. This works by iteratively regressing the solution until the residual squared error is
lower than a given threshold. For our localisation scenarios we have found the number of
iterations to be between 3 and 7.

Complexity. MDS-MAP requires two main operations: computing shortest paths, and
multidimensional scaling. If we take k as the number of devices in a neighbourhood, the
complexity of the Floyd-Warshall shortest path algorithm is 2k® + 6k* + 6k + 2.
Multidimensional scaling has a time complexity of 36k® + 110k® +114k + 39, mostly stemming
from eigenvalue decomposition. This brings the overall time complexity of MDS-MAP to 38k*
+ 116k? + 120k + 41 as found by Bischoff et al [1]C .

Non-linear regression using Levenburg-Marquardt can be implemented efficiently using well-
known algorithms, such as those outlined in Numerical Recipes in C. Using code analysis,
the time complexity was found to be 276k® — 460k* +756k — 287, where k is the number of
nodes in the neighbourhood.

From the above comparison it is easy to see that non-linear regression is almost 8 times
more expensive than MDS-MAP, in terms of the total number of operations required. But it is
worth noting that MDS-MAP is limited to distance measures only. Non-linear regression uses
parametric modelling and as such can use any mixture of metrics, such as range (time
difference of arrival), pseudorange (time of arrival), and bearing (angle of arrival), to augment
its solution.
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Empirical comparison from sensor node data. Using data gathered from experiments
using our custom ultrasonic devices [1]. Operating in round-robin fashion, each node
transmits an ultrasonic pulse, while the other nodes measure and report the estimated range.
MDS-MAP and non-linear regression algorithms were executed and their results compared.
Measurements were taken in a 2.75 x 2.00 m arena (below, left) with a camera-based
ground truth capture system (accurate to several millimetres) in place. The graph (below,
right) is the cumulative localisation error distribution of a five nodes, placed in five randomly
generated spatial layouts.

As the graph shows, the ninetieth percentile error of MDS-MAP is 27.5 cm with a median
error of 5 cm, whilst non-linear regression has a ninetieth percentile error of 3.8 cm with a
median error of 1.9 cm. An interesting point of note is the “long tail” of the distribution for
MDS-MAP. The ninetieth percentile error of non-linear regression is better than the median
of MDS-MAP, and the ninety-fifth
percentile error of MDS-MAP is

about half a metre. ook i
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1 Summary

Indoor positioning has become a hot research topic due to a plethora of interesting
applications ranging from emergency responder tracking to location-based services. In this
work we focus on the problem of network localization also sometimes called collaborative
localization where a network of nodes is to be localized using both connections to anchors
(when they exist) and connections between unlocalized nodes [1]. Although several
algorithms have been investigated in the literature (e.g., [2]), most have assumed line-of-
sight (LOS) propagation which is uncommon in most indoor environments. Although the
impact of non-LOS (NLOS) propagation has been considered in the literature (e.g., [3,4]),
this has typically been limited to traditional single-node localization such as cellular location
estimation. Specifically, we propose a technique designed for NLOS propagation for
collaborative position location and demonstrate the performance improvement possible.

2 Problem Statement

A group of N nodes are attempting to determine their positions in an indoor area by
performing ranging measurements to all other nodes within range. A portion of the
connections between nodes are LOS, while the rest are assumed to be NLOS. Unlike most
investigations, we assume that the NLOS measurements are more frequent. For example,
consider a typical indoor office environment pictured in Figure 1(a). With random node
placement, most of the connections are NLOS, especially as the communication range grows.
For the pictured environment, the probability of a LOS connection given the communication
range is plotted in Figure 1(b). Specifically, in this example we can see that if all of the links
are 10m or less (i.e., the communication range is 10m), the probability of a link being LOS is
only 20%. Thus, any algorithm must be able to effectively handle NLOS propagation. In this
work we assume that LOS links result in an unbiased range measurement with Gaussian
error. On the other hand, NLOS links result in a positively biased range measurement (the
bias is uniformly distributed between by, and b, ) with Gaussian error.

3 The Proposed Algorithm

The proposed algorithm is a distributed approach based on projection onto convex sets. The
original algorithm was designed for LOS links [5] but has been adapted specifically to handle
NLOS propagation. The algorithm can work with various levels of a priori information
including (but not limited to) NLOS identification, minimum bias knowledge, maximum bias
knowledge, and mean bias knowledge.

4 Example Results

Figure 2 provides example performance results for the algorithm as compared to a state-of-
the-art technique based on semi-definite programming (SDP) [2]. Specifically, the plots show
the performance in a uniform network with 40 nodes and 13 anchors in a 100m x 100m area.
A majority of the links (80%) are assumed to be NLOS with a 1m bias. The proposed
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technique effectively handles NLOS propagation improving mean localization error. In the
final paper we will provide comprehensive results including 3D scenarios. Additionally we will
address the ranging technique which is based on round-trip-delay.
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Extended Abstract

The purpose of localization schemes is to find the unknown position of a mobile station (MS)
given a set of measurements. As the received signals coming from the global navigation
satellite system (GNSS) technology are too weak to provide an accurate location in indoor
environments, it may be practical to use information coming from the wireless access points
(APs) that are currently deployed in many buildings (shopping malls, museums, hospitals,
airports, etc.). Once the localization metrics between the MS that is going to be located and
the APs are collected, these metrics are processed through a positioning algorithm to
estimate the MS position. As the metrics become less reliable, the complexity of the
positioning algorithm has to be increased. However, the possibility of obtaining different
localization metrics at the MS encourages us to combine them and exploit their
complementary behavior in order to develop a hybrid scheme improving the accuracy and
without necessarily increasing the complexity of the algorithm. The aim of this paper is to
provide a new hybrid strength-delay RF-based localization method to tackle indoor
environments. This method takes advantage of easily available received signal strength
(RSS) and time delay information. The latter is taken in terms of round-trip time (RTT)
measurements thanks to the printed circuit board (PCB) proposed in [1], so as the time
synchronization wireless network is not needed. Both, RSS and RTT measurements were
carried out at the MS that is going to be located.

The hybrid localization scheme is based on a dynamic RSS ranging technique that uses RTT
ranging estimates as range constraints. RSS ranging is based on the principle that says that
the greater the distance between two wireless nodes, the weaker their relative RSS
measurements are. However, the relationship between the RSS values and the MS position
depends to a great extent on the propagation environment present between the MS and
each AP, being very difficult to know which propagation models are the most suitable to
describe such a relationship in an indoor environment. As changes in the indoor environment
diminish any calibration effort, in this paper the RSS ranging technique proposed in [2] was
used since it does not need any calibration stage. In [2] we proposed a technique that
dynamically estimates the models that best fit the wireless channel present between the MS
that is going to be located and each AP, using only the actual RSS values. Basically, these
models depend on the path-loss, -the attenuation caused by the distance between the MS
and the AP- which are inversely proportional to the distance raised to a certain exponent.
Consequently, the RSS ranging technique consists in obtaining at each time step the path-
loss exponents that maximize an objective function which quantifies the compatibility of the
distances between the MS and each AP. However, the objective function does not have to
be maximized for any value but, for a set of path-loss exponents belonging to a feasible set
of solutions. In [2] a feasible set of path-loss exponents was derived using heuristic
constraints. Nevertheless, the advantage to be exploited in this paper is the fact that a simple
device, such as the PCB proposed in [1], can gather both RSS and RTT information from the
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APs. Therefore, RTT-based range estimates [3] can be used as constraints, since RTT-
based ranging estimates correlate closely to the actual distance. Finally, once the path-loss
exponents are accurately estimated, the range estimates are obtained by using the models
that relate the distance to the path-loss.

After having estimated the distances between the MS and the APs, the MS location can be
found by means of multilateration, a common and well-known operation to find the MS
location by using its range estimates to three or more APs whose positions are previously
known. Fortunately, additional capabilities can be included into multilateration methods to
find the MS position more accurately. Since measurement outliers naturally occur in an
indoor environment due to the complex propagation of the transmitted signal between the
MS and the APs, this paper proposes a new multilateration technique based on a robust
least-squared method with the aim of accurately finding the MS position from both RTT and

RSS-range estimates.

L R S S S e o T e W R
: : .‘ ° : ’t ‘V' I o . v
09 -----i- e e et TR - 0.9F--- = -t A - - [EERRREEE. RARN -
: e : Lox W : : X : : -7 :
: .' : :'*./V' : : : : : . : : - :
0.8, - - - - R /'* - N - P . - - 08 ................... *,* .......................... v, ..........................
4 LT ‘ ‘ ‘ ‘ v
o Al 7 v’
L i SRR A G 0Thee A Ko e i e e ‘
‘e S A" : : : f" : : g : : : :
06 :. : ‘“v," %g’f EE R 06F- - EETEEERERE R v" R R EREE EERERRS
W K v & : " : f ; ; ‘;"
B3 0B - e W R e B 05p - F
o e v X : : : : : o : : j
o i' : x : : : : : ,‘?
04l . i g R b P b ; gal-- ] I /A
F I 4 o : 3 ] ] : : : :
03— & ¥ A e 031 o i i o o
& v 'f : F ‘ ‘ ‘ ‘ :
02 @ -W-ieeionn i S [ e - - o 02k 1 F e f . .
&y x ‘ : U | —w— RSSsetA ‘ : ) : : : | -—w—-RSSsetA
01 lon- ,l,‘;‘, L i....i.] —® RSS-RTTset¥|: QAP - —*%—-RTT
-4 " : : : © | —*—RTT : L : : : : RTT-RSS set't|
¥ %= ol | I I I I I ] oY 1 I I I I I I ]
0 1 2 3 4 5 6 7 8 0 1 2 3 4 5 6 7 8

Error in range estimates (meters) Error in position estimates (meters)

Figure 1. Performance of the hybrid RSS-RTT localization scheme. (a) Error in range estimates. (b)
Error in position estimates.

Figure 1 represents the performance of the hybrid RSS-RTT localization scheme compared
to the RSS-based and RTT-based schemes, where A represents the set of heuristic
constraints and W represents the previous set of constraints together with the constraints
derived from RTT-based range estimates. Figure 1(a) represents the cumulative distribution
function (CDF) of the errors in range estimates, while Figure 1(b) represents the CDF of the
errors in position estimates. These errors are defined as the difference between the
estimated range or position and the actual ones. The hybrid localization scheme coupled with
simulations and real measurements in an indoor environment demonstrates that it
outperforms the previous RSS-based and RTT-based indoor localization schemes. Finally, it
is important to point out that the performance shown is achieved without using either a
filtering technique or a previous calibration stage of the environment that would surely
improve the performance even more.

References

[1] A. Bahillo, et al., “IEEE 802.11 Distance Estimation Based on RTS/CTS Two-Frame Exchange
Mechanism”, Proceedings of the 69th IEEE Vehicular Technology Conference, April 2009.

[2] S. Mazuelas, et al., “Robust Indoor Positioning Provided by Real-Time RSSI Values in
Unmodified WLAN Networks”, IEEE Journal of Selected Topics in Signal Processing, Special
issue on Advanced Signal Processing for GNSS and Robust Navigation, vol. 3, no. 5, pp. 821-
831, October 2009.

[3] A. Bahillo, et al., “Indoor Location Based on IEEE 802.11 Round-Trip Time Measurements with
Two-Step NLOS Mitigation”, Progress In Electromagnetics Research B, vol. 15, pp. 285-306,
September 2009.

108



pVoted: A Progressive On-Line Algorithm for Robust Real-Time
Localization and Tracking in spite of Faulty Distance Information

Marcel Baunach

University of Wirzburg, Department of Computer Engineering, D-97074 Wirzburg
baunach@informatik.uni-wuerzburg.de

1 Summary
We present a progressive 3D localization algorithm for obtaining fairly precise position
estimations in spite of highly imprecise and error-prone distance measurements from low
cost hardware. At the same time, we achieve a high localization frequency, reduce energy for
wireless data aggregation and require very little memory. We also provide a quality and trust
classifier for each estimation. The low CPU load also facilitates its use on weak devices, e.g.
within wireless sensor/actor networks (WSAN). For real-time tracking applications, a short
position history further improves performance and precision.
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are incremented by 1/s reflecting the weighted number of mutual voters. In parallel, the best
location so far pg is updated (by max g(p), initially pg:= pyed). Then, the worst LPs (min ¢(p)) as
well as the worst DVs (min s(d)) are deleted to limit the memory usage and computation time
for further iterations. The aggregation stage stops as soon as either an adjustable threshold
for ¢(pg) or a timeout is reached or if the radio protocol signals the reception of the last data
packet. Then, based on pg the final Estimation E is computed by Weighted Centroid
Localization over all LPs which voted for pg. The individual weight equals the precision trust
these points imposed on ps. Among other metrics, a final cross classifier X(E) considers pg’s
reached precision and consistency compared to an expected value X, which depends on
the number of received DVs and the measurement error characteristics. The algorithm
computes X(E)e[0,%) for less and X(E)e[Y¥2,1] for more reliable estimations. Commonly, in
case of sufficient DVs, X(E) ~ 1/absoluteError. While this information is an advantage for many
applications, the next prediction also relies on it to avoid the use of weak estimations and to
define its impact on the next localization.

a) Considered Traces within the Test Bed

>ES 2

4 Performance Analysis Overview
For a short overview, a mobile node was tracked along four Circles (20)
traces within an industrial hall of 30x20x7m (Fig. 3a). The | @ A f
anchors at the ceiling granted a 99% chance for 24 good
measurements (¢=+0.86mm) for each estimation. For some
algorithms (see [4] for Eckert’'s with Kalman filtering), Fig.
3b/c show the RMSE and the number of estimations within m o =
the requested accuracy e < 6=+2.98mm. For comparison, the

Multilateration marked with “*” was fed with good values only. | o3 “ 7 3 2
While producing better results than this, pVoted can reliably | EstEnDat,ons Wlth,nacw,acyom ggmm
distinguish its own good and bad estimations at runtime (Fig. w005 g —
3d). Since we run the A/G/E stages in parallel to the P/R |

stages of the next iteration, a localization frequency of ni I lf” lj"
f~ 2.9Hz was achieved within our setup (my.=9) based on | >

MSP430 CPUs at 8MHz. Note, that R+A already take 337ms 'p""‘i‘jjl“;'lg"ti’re‘*
(CPU independent) while G+E+P just fill CPU idle times.

Cylinder (3D)

b] Rooted Mean Square Error i |n [mm]
8,0

Random Walk (3D)

15,8 165 15,6

m pVoted (no pred.)
Multilat. ®Eckert

) Classification of Position Estimations
100%

5 Conclusion and Outlook

Beside this very brief overview, further work considers the
adaptive configuration of the radio protocol and the
classification/estimation scheme. Both significantly reduce

Sen5|t|V|ty ] Specmty [ ] Correct classmc

Figure 3: pVoted Performance Analysis

time and memory consumption (precise bounds can be

shown) and even allow the detection of faulty sensors. We also compared more
sophisticated algorithms and address anchor installation and self-calibration. Therefore, we
currently research an extended pVoted scheme for SNoW Bat to observe its real-world
performance when deploying setups of 50 anchors and concurrently operating mobile nodes.
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1 Summary

In this paper we present a localization technique for self-organizing hybrid networks, where
both indoor and outdoor scenarios coexist. In the proposed framework, outdoor anchor
nodes act as reference nodes for estimating the position of mobile nodes which are moving
in an indoor scenario. The reference nodes are equipped with both IEEE 802.16e and GPS
network interface cards. The mobile nodes share some location information for estimating
their own position by using flooding communication scheme. The accuracy of localization
measurement is assessed in terms of Dilution of Precision, which is strictly depending on
nodes topology. To minimize position and speed estimation errors of each node, an
Extended Kalman Filtering technique is adopted. Simulation results demonstrate the
effectiveness of the proposed approach, in terms of position and speed uncertainty.

2 Introduction

Localization information sharing is an essential task to support mobility in new generation
networks. Mobile Ad-hoc NETworks (MANETS) are peer to peer self-configuring wireless ad-
hoc networks, composed by mobile nodes placed in an arbitrary topology. Traditional
MANET applications are in the military field, as well as in disaster recovery (i.e. emergency
operations, flooding, earthquakes, and so forth). To assure end-to-end communications, due
to lack of existing infrastructure, in self-organizing mobile networks it is necessary to estimate
and monitor nodes’ positions.

The emerging class of services —Location Based Services— allows the tracking and the
navigation of a user in a location-aided environment, configured as point-to-multipoint, mesh,
or ad hoc network. Several methods have been proposed in literature for estimating indoor
position, i.e. Time of Arrivals, Time Difference of Arrivals, or the Direction of Arrival. Moreover,
in indoor scenario where a drastic reduction in signal penetration and multipath occur, most
of the location techniques fail to provide a sufficiently accurate position. As a consequence
our vision is to introduce outdoor environment to support, and enhance indoor local
positioning.

In this paper we extend the localization technique proposed in [1], used for traditional IEEE
802.11 indoor networks, to hybrid environments (i.e. both indoor, and outdoor networks),
where a set of outdoor Reference Nodes (RNs) work to track and localize indoor Mobile
Nodes (MNs). RNs are GPS-assisted, so that temporal synchronization is solved according
to ranging mechanism as proposed in [1]. In our approach the positioning estimation is
optimized by adopting an Extended Kalman Filtering (EKF) technique. Dilution of Position
(DOP) factor has been evaluated as position accuracy monitoring during simulations for
dynamical node configurations, both in a mesh topology and centralized architecture.
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3 Proposed technique and main results

The proposed scheme is based on a recursive EKF approach, starting from an accurate
initial position estimation to obtain high accuracy at the end of simulation period. We
considered both centralized, and mesh topology. In both cases, a MN can get its own
position by (i) three RNs, (ii) two RNs and one neighbouring MN, and (iii) MNs only. Notice
that the choice of particular RNs depends on Geometric DOP value. Figure 1 depicts the
hybrid scenario we considered.

Our algorithm can be summarized in four main steps: (a) each MN sends a Localization
Service Request (LSR) packet to a master node, acting as Point of Coordination (PoC); (b)
when the PoC receives the LSR, it collects the identifications of all the MNs in the network,
and sends back to the MNs an LSR reception notification; (¢) each MN can calculate RNs’
positions, and obtain its position by triangulation of Time of Arrival (TOA) measurements; (d)
MN’s position is sent to the PoC, to optimize this information by EKF technique.

Simulation have been performed for three RNs (i.e. RNy, RN, and RN3), and four MNs. Each
MN obtains its position by three TOA measurements (e.g. MN; by RN;, RN,, and RNj3). In the
simulated scenario the MNs move uniformly at 5m/s, plus a random contribution; location
updating period is set at 0.5s, and standard deviations of distance error are set in the range
[0.01, 0.5] m. Position uncertainty is shown in Figure 2 (left). As can be noticed, after few
iterations positioning error is minimized. As the same, in Figure 2 (right) we estimated speed
uncertainty of four MNs. Notice that just after 8 iterations the uncertainty is strongly reduced.

8 T T T T T T T T 15

Position uncertainty, [m]
)
Speed uncertainty, [m/s]
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Figure 2: (left) Position, and (right) speed uncertainty, respectively.
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1 Summary

The determination of a precise position in wireless geosensor networks requires the use of
e.g. distance measurements. These distance observations derived by Received Signal
Strength (RSS) measurements are inherently inaccurate. Furthermore, in general, the
distance observations using RSS do not take obstacles into account. In this paper we
present a new approach for indoor positioning to correct erroneous RSS measurements
affected by obstacles. This technique is combined with the known “Anomaly Correction in
Localization” (ACL) algorithm where sensor measurements are used to detect and eliminate
outliers and therefore to improve the determined highly energy limited sensor node positions.

2 Background and Algorithm Description

In Reichenbach et al. the “Anomaly Correction in Localization” algorithm (ACL) was proposed
[1]. This algorithm uses spatial information inherent in sensor measurements. The principal
idea used is as follows: Usually a sensor network contains redundant beacons. Using simple
trilateration, to reduce the energy consumption of the sensor nodes for localization, different
positions can be estimated followed by the determination and elimination of outliers. For this
elimination, the object of interest will be subdivided into sensor intervals where these
intervals represent the physical parameter to be monitored. The expected range of sensor
values will be modeled based on a priori information on the basis of e.g. floor plans and
stored as a footprint map on the sensor nodes. During the localization process, the
determined position will be adopted one-to-one into the footprint map. The sensor then
measures the physical parameter and compares the measured value with the expected one
on the footprint map for the calculated position. If the position on the map matches the
sensor measurement it will be marked as valid and used for the final localization. If not it will
be marked and deleted as an outlier. Here, only raw distances are used. There are many
factors affecting the distance estimation. One of the major problems is the signal propagation
through the medium between the emitting and the receiving node and accordingly the
attenuation of the signal. Several models exist in literature to take these problems into
account [2]. In our approach we investigate different models mainly based on the
“Shadowing Model” [2]. Common models are based on deterministic functions and presume
an ideal transmission range. The “Attenuation Factor Model” takes signal fading caused by
obstacles into account and is therefore more realistic. In first simulations we used the
“Attenuation Factor Model” which approximates obstacles by extending the “Shadowing
Model” by a material characteristic factor. In our approach this algorithm will be extended by
a method which corrects deviations caused by obstacles in the signal path. For this, the
footprint map is extended by additional geographical information such as walls and possible
obstacles (closets, desks, etc.) including their characteristic material factor. After the sensor
node detects an outlier using ACL, the corresponding distances will be evaluated by
comparing with obstacles marked in the footprint map. If the distance is obstructed, the
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corresponding attenuation factor will be added to the distance equation and the calculation
repeated. After the calculation the newly derived position will again be tested by ACL.

3 Results

For the simulation five Beacons have been deployed covering three rooms of different static
temperature. That is, ten possible trilaterations have been carried out, each repeated 10000
times to overcome empirical influences. First simulations show that the material of an
obstacle has a large impact on the received signal strength. RSS measurement is highly
inaccurate by itself. Due to the log-normal distribution, small errors have large influences
when determining distances from RSS. By using ACL it was possible to detect and to
eliminate a large number of outliers. However, since it does not take obstacles into account,
ACL falsely detected valid measurements as outliers. This also has an impact on the
remaining observations used for trilateration. By applying eACL the falsely determined
observations could be largely corrected. Here, the material has a large impact on the number
of outliers. Depending on the material, eACL improved the number of valid points by factor
ten (see Table 1). For the scenario where attenuation caused by the walls is lower, the
improvement was only of factor two. This has also an influence on the achieved accuracy.
For more highly attenuating material, the precision of eACL increases also by factor 10
whereas the accuracy for the other material stays in the same ranges.

Table 1: Simulation Results using the Attenuation Factor Model

Material Valid Positions after Valid Position after Deviation in Position | Deviation in Position
ACL[%)] eACL[%] ACL [m] eACL [m]
Concrete Wall 2.18 10.76 0.78 0.25
Concrete Block Wall 1.11 10.14 1.10 0.19
Wooden wall 6.04 11.40 0.57 0.53
Brick wall 3.96 10.93 0.67 0.35

4 Conclusion and Outlook

In this extended abstract we proposed the “extended Anomaly Correction in Localization”
algorithm (eACL) in which we have extended the existing ACL by radio propagation models
for distances derived by RSS measurements. Valid points falsely marked as outliers have
been detected and distances corrected for subsequent trilateration. In first simulations it was
possible to increase the number of valid positions by about factor 10 depending on the
material. The resulting localization error was reduced by factor 3 to 10 in some scenarios.
The eACL algorithm can be considered as an efficient additional method for localization.
Even with relatively few preconditions it is possible to improve the localization. In particular in
combination with approximate algorithms it is possible to obtain good results, but also with
exact positioning where large distance errors are present then the eACL is of benefit.

The presented approach only uses damping factors of different materials to model the path
loss of the transmitted signal while passing an obstacle in the line of sight. Current work is
the investigation and implementation of additional signal propagation models. Moreover, the
application of eACL in a sensor network to test real measurements is planned.

[1] F. Reichenbach, A. Born, E. Nash, C. Strehlow, D. Timmermann, R.Bill (2008) Improving
Localization in Geosensor Networks Through Use of Sensor Measurement Data. In: Cova, T.J.;
Miller, H.J.; Beard, K.; Frank, A.U.; Goodchild, M.F.: Geographic Information Science : 5th
International Conference GiScience2008, Park City, Utah, USA, (pp. 261-273).

[2] T.S. Rappaport (2002). Wireless Communications: Principles and Practice (2nd Edition). Prentice
Hall PTR.
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1 Summary

Many everyday life activities require precise localization information. Navigation by means of
global positioning system (GPS) is a well-known example, but this localization method
cannot be utilized in all application areas. Logistics, factory and laboratory automation, as
well as warehouse management, for example, require a low-cost localization of various
objects with precision of few centimetres, particularly in indoor environments. For this
application domain, this paper proposes a new procedure, called the Localization-by-
Superposing-Beats (LSB) Procedure, to measures the relative distance of a receiver
between two points, i.e., the transmitters. The LSB procedure is based on the superposition
of particularly parametrized beats, and is characterized by very low resources demands. This
paper presents a description of the procedure, a preliminary theoretical analysis, as well as
some laboratory experiments.

2 Introduction

The Localization-by-Superposing-Beats (LSB) procedure detects the phase-shift of two high-
frequency radio signals from one received signal through the evaluation of a low-frequency
radio signal. Even though the high-frequency transmission signals might assume some MHz
or even GHz, the analysis can be done on a signal that has only a few Hz. The high-
frequency radio signals determine the resolution of a measurement that can be as small as a
few centimeter. But since the evaluation has to be done on a few periods of the low-
frequency signal, a detector can be realized in a low-cost implementation.

3 The Procedure: Description and Analysis

The LSB procedure is based on the superposition of simple beats. A beat arises through the
superposition of two signals si,, = sin(21rfy,t) with similar frequencies f; = f,. A receiver will be
reading the beat r(t) = si(t) + s,(t). The beat r(t) is enveloped with the low-frequency fiq.,=(f1-
f2)/2. If in this very same configuration, i.e., both transmitter remain at fixed locations, the
receiver is moved by Ax, a (theoretical) phase-shift Ag occurs between the envelopes with
respect to the original position. This phase-shift can be used to derive the distance Ax of the
first and second receiver position. However, in order to make use of this phase-shift, the
receiver would require some global timing information to calculate the phase-shift by two
independent measurements. With respect to the realization of a proper measurement system,
it might be useful to note that the phase-shift can be directly derived at the low-frequency
enveloped signal. The LSB procedure assumes the same physical setup as already
described, but the transmitters emit beats of the form by(t) = sin(2mf.t)cos(2mf,t) with slightly
varying carrier frequencies fy but identical envelopes cos(2mf,t). The major effect of properly
configured beats is that its superposition leads to an interference signal, r(t) = by(t) + by(t),
with a shape that uniquely depends on receiver's position.
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Figure 1 sketches the shapes of the envelope of the interferences that occur at various
differences Ax. The information of the relative distance difference is located in the different
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Figure 8: The envelops at four different locations Ax.

characteristics of the antinodes amplitudes. By evaluating the shape of this location-
dependent envelope signal, a receiver is able to derive its relative distances to the two
transmitters on its own. The envelopes in Figure 1 can be approximately described by the
fitting function r(t) = |2cos(2mft)cos(2mAft — 21fAt)| with the following parameters: carrier
frequency fg, modulation frequency fr,, beat frequency Af, and the constraint f,, = Af/k with k €
Q and k # 1. The resolution of the distance measurement depends on the carrier frequency.

By a detectable phase-shift of about 1°, a precision of 1cm can be measured with a 84MHz
carrier frequency.

4 Laboratory Experiments

The laboratory experiments have validated the described principle of the LSB procedure. The
experiments have used a wire-based setup with two transmitters and one receiver. The wires
were realized by two line-stretchers for adjusting various relative distance differences
between the two transmitters and the receiver. As the envelope detector, the AD8361 TruPwr
Detection RFIC was used. The transmission signals were generated by the AD9959 DDS-
Chip. With this setup and carrier frequencies of 50, 100 and 150MHz, a precision of about

+1cm was achieved; the beat frequency was set to 2.98Hz, and the parameter k was set to
k=[0.25, 0.5, 2, 4].

5 Detection Algorithm

The recorded envelops were evaluated by a matching pattern detection algorithm. The
recorded envelop was correlated with pre-calculated patterns and the lowest correlation
value indicated the best matching pattern, which represents the receiver's location Ax.

6 Conclusions and Outlook

The laboratory experiments have demonstrated the principle utility of the LSB procedure for
measuring the relative distance difference between two transmitters and one receiver with an
acceptable maximum error for the used carrier frequencies. Future research will be devoted
to the development of a detection algorithm that derives the phase shifts from a fast-fourier-
transformation. Furthermore, future experiments will include a wireless setup. But for this
step, some main noise influences, such as the near field problem of antennas and multi-path
propagation, have to be solved.
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1 Summary

This abstract presents a cross-layer design of an anycast routing protocol for Indoor
Positioning Systems (IPSs). The main function of the IPS is to track the movement of
individual emergency responders who carry out search and rescue operations in disaster
zones. The proposed protocol is tightly coupled to the positioning application and the MAC
protocols. In the next section, we present an overview of the IPS. Section 3 describes the
design principles of the anycast-based routing protocol, and Section 4 evaluates the
performance of the protocol. Finally, conclusions are drawn in Section 5.

2 Indoor Positioning System (IPS)

The considered IPS [1], which is a mobile wireless sensor network, consists of four types of
nodes (see Figure 1): a Control Unit (CU), a Base Unit (BU), a Dropped Unit (DU), and a
Mobile Unit (MU). The MU is a sensor that is worn by every emergency responder. The MU
has the capability to calculate its position which is in turn delivered to the CU. The BUs are
located outside and around the incident area. The DUs are strategically placed in the incident
area by emergency responders to serve as relay nodes once the MUs lose wireless
connectivity with the BUs. Like the MUs, the DUs can determine their positions and relay
them to the CU. The CU provides the main visual display to the rescue coordinators, showing
the current position and direction of

movement of individual emergency

Base UMY i ‘ A R responders with respect to the incident

0 | iy Pyt area topology, e.g. a building. As
shown in Figure 1, the IPS is
composed of a UWB subnetwork and a
non-UWB subnetwork. The reason for
two separate subnetworks is that the
CU is not involved in the localization
process. Thus, more radio resources
are available for the UWB subnetwork,
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ik in particular, when the number of MUs
Figure 1: Indoor Positioning System increases.

Control Unit

3 An IPS Anycast-based Routing Protocol (IAR)

In the design of the IAR, we assume the BUs are connected as a ring. The MUs/DUs are
located in the area encircled by the ring. Packets (e.g. position data) originated from the
MUs/DUs, which are destined for the CU, are first delivered to anyone of the BUs. Then the
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packets are forwarded to the CU by the BU. The CU can be co-located with one of the BUs
or a separate entity. Since the location of the CU is implementation-dependent, routing
between the CU and the BUs is not taken into consideration by IAR. IAR only concerns with
the routing between the BUs, the DUs and the MUs. It exploits the positioning characteristic
of the BU, the DU and the MU in order to achieve a highly bandwidth-efficient and very low
overheads routing protocol. As a result, no dedicated routing packets are defined for IAR.
Dissemination of route information relies on the positioning packets broadcast during
positioning. Route information is embedded in network header of the positioning packets.
The IAR defines two route information fields, namely hop count and congestion level. Hop
count indicates the distance of a unit (in terms of the number of hops) to a reference unit that
initializes the hop count. It increases monotonically at each hop. Congestion level is used to
indicate the buffer occupancy of a unit. Route establishment is initiated by each BU since its
position is known in advance. The MUs/DUs just listen to the BU broadcasts since they need
to determine their positions. Once the MUs/DUs have determined their positions, they also
broadcast their positions and include the routing information. In the route establishment
process, each unit only maintains the next-hop routing information of the broadcaster. Since
the positioning is a repeated process in order to maintain up-to-date position information,
consequently all the routes maintained by the MUs/DUs are updated automatically.
Therefore, no specific route maintenance functions are required to update routes.

B wy—, 4 Simulation Results

40~ End-to-End Packet Delay |

N / The route discovery and end-to-end packet
delays were evaluated using the OMNeT++
simulator [2] and the mobility framework. A
chain topology was used. Figure 2 shows that
both the route discovery and the end-to-end
packet delays are linearly proportional to the
number of hops. Therefore, both delays are
bonded by O(h), where h is the number of hops.
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Figure 2: Route Discovery and End-to-End Packet Delays

5 Conclusions

The abstract described a cross-layer design of an anycast-based routing protocol for indoor
localization of emergency responders. The proposed protocol is tightly coupled to the
positioning application and the MAC. As a result of the cross-layer design, the protocol is
highly bandwidth-efficient, which consumes less than 1% of the channel capacity.
Furthermore, routes are automatically established and maintenance without the need for
dedicated routing packets. Simulation results show that the protocol is highly scalable.
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1 Introduction

Geographic routing (aka location/position-based routing) has recently received extensive
research effort and emerged as one of the most efficient and scalable routing solutions for
wireless sensor networks (WSNs). This operation can be an efficient, low overhead method
of data delivery if it is reasonable to assume: 1) high link reliability; 2) accurate localization.
Unfortunately, neither of these assumptions is valid in reality. Previous studies have shown
that in real sensor network deployments, wireless links vary over space and time and can be
highly unreliable. Moreover, the inevitable location errors also lead to a substantial
degradation in the performance of geographic routing on both energy consumption and
packet reception ratio (PRR). In this paper, we study the geographic routing under a more
realistic WSN. By “more realistic’, we mean that both a realistic packet loss model and
localization inaccuracy will be considered. The PRR and energy performance of geographic
routing is our main focus in this study. We believe this work, as the first study which takes
into consideration both crucial factors in realistic WSNs, exposes new findings and problems
which have not been previously discovered or have been misunderstood before due to too
simplistic and unrealistic network models.

2 Analysis of the impact of location errors

The insufficient study of geographic routing in realistic WSNs motivates us to investigate
these problems. Assume the spatial distribution of the nodes on a plain follows a two-
dimensional Poisson distribution with the average density 4. The area of the forwarding
region is the area of the lens formed by the intersection of two circles with source node i and
destination node d as the centre, respectively (shaded area in Fig. 1). Hence, the probability
of finding k nodes within the forwarding region A is:

N
Prob(k)=e™ % k>0

where N = A x Ais the average number of nodes in the forwarding region. Thus, we have
Prob{there is at least one node within A} =1—Prob(k =0) =1—e ™™

Given the error model in [1], the probability that the measured location is within the
forwarding region is:
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where D,; is the measured distance between destination node d and neighbour node j. o;

is the standard deviation of Dy, 7, is the real distance between destination node d and

neighbour node j, and Q, is Marcum’s Q function with m = 1. Hence, the end-to-end packet
delivery rate (PDR) for a path length of N hops is:

PDR = H (Prob{thereis at least one node within A} e Prob{measured location is within theregion A}

Nhopsflv Nhops nd_
]
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3 Conclusions

In this paper, we studied geographic routing under a more realistic WSN scenario. Both,
localization accuracy and a realistic packet loss have been considered in this study. A log-
normal shadowing model was used to obtain the relationship between distance and PRR.
Three cases of the location error have been discussed realistically regarding the packet
delivery rate and energy performance of geographic routing. From the established
mathematical model, we found the transmission failure caused by location errors is not
significant when its deviation is less than 20% of the transmission range. Network voids and
unreliable links that both contribute to transmission failure have also been compared via
simulation and found that network void is not as serious as unreliable links when the location
error is less than 20%. Extensive simulation results also confirmed these findings in more
realistic scenarios.
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1 Summary

Wireless Sensor Network (WSN) should be capable of fulfilling its mission in hostile milieu
such as in sinkhole attacks environment. Moreover, one of the main challenges of Mobile
WSN (MWSN) is to save the limited energy in order to ensure long lifespan of the network.
Some protocols like MIX are working well when all sensors cooperate. Therefore, we have
applied to MWSN our generic Security Adaptation Reference Monitor (SARM) that has been
developed to deal with extremely dynamic security conditions. SARM is based on an
autonomic computing security looped system, which fine-tunes security means based on the
monitoring of the context including the user environment and energy consumption aspects.
We evaluate SARM on top of MIX protocol in the context of MWSN under sinkhole attacks
through a simulation tool. The results show that SARM is efficient in terms of overall network
utilization and power consumption.

2 Motivation for our Framework and Analysis

The sensors usually forward their messages to a base station (Internet gateway) in a hop-by-
hop fashion because they are resource-constrained in terms of energy; the spending of
energy dramatically increases with the range of transmission. It is quite easy for an attacker
to defeat the WSN purpose by dropping messages when received rather than forwarding
them or run out of energy other sensors by asking them to send information. Many solutions
have been proposed for non-mobile WSN but there is a lack of literature for MWSN. Indeed,
it is harder to deal with mobile attackers. We propose SARM as a compelling solution for this
problem, because it was developed especially for highly dynamic wireless network. Our
framework is run on top of MIX algorithm which is a gradient based routing protocol.

We would like with SARM to fine-tune security means as best as possible taking into account
the risk of the current user environment of each sensor in a distributed manner and the
performance of overall system, mainly regarding the optimization of its energy consumption.
Thereby, our system differs from others by its:

1. Autonomic computing security looped system
2. Dynamic and evolving security mechanisms related to mobile sensor context-monitoring
3. Explicit energy consumption management

We have depicted in Fig. 1 the different components of SARM and their interconnections. We
split SARM into two units looped as a servo control system model to fine tune the adequate
security measures/means. One unit called management or monitor unit is for monitoring the
context by evaluating and analyzing risks, performances and energy consumption, which are
significative for detecting attacks and tuning the adequate security means using the second
module called functional unit. Light SARM2 is the particular use of our framework in MWSN.
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3 Validation and results

We have implemented Light SARM2 and validated it in a MWSN simulation developed with
AnyLogic, which is a simulation tool that supports all different simulation methodologies. In
our experiments, we have validated our proposed solution and analyzed the extended
performance under a range of various mobility scenarios. All sensors are moving over
rectangular topography, and operating over one day of simulation time. In our simulations,
each mobile sensor was configured to have a reference communication range equal to 30
meters and the base station has a fixed position and his energy is not limited. We assume
that each sensor know its own position to a sink/base station and to his neighbours as well
as their energy. Thus we estimated the impact of our solution for a network depending on the
security and energy consumption aspect. The movement pattern of mobile sensors was
totally randomized, in order to comply with a real WSN application. To achieve this, we used
the Random WayPoint mobility model with pause time equal to the time of network access
and data transfer. Three scenarios were tested 10, 25 and 50% of sensor attackers half of
them are mobile sensors. We find that we are largely better in all cases than normal MIX
protocol. Fig. 2 shows the animation and interface of simulation using Anylogic. Light SARM2
is making the best choice in accordance with the policy and User Preferences. Indeed, Light
SARM2 constitutes a good trade-off for all studied cases, because it allows simultaneously a
high overall utilization and a lower energy wasting, which means a long lifespan of the
network. Therefore, it shows that our Framework is efficient in this context and is making the
best trade-off between security and performance.

4 Conclusions and Outlook

We have applied our Security Adaptation Reference Monitor (SARM) based on the
Reference Monitor concept and the Autonomic Computing Security pattern to deal with
sinkhole mobile attackers. We present the validation of SARM in MWSN that we called Light
SARM2. The results show that our solution is better than simple MIX protocol and copes with
a dynamic security changing environment and is efficiently tuning the adequate security
means whilst preserving lifespan of the network. Our future work will focus on evaluating
SARM under other sensors attacks.
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1 Summary

The abstract summarizes a particular approach we investigate for improving the trade-off
between energy consumption and performance in localization tracking process. The scenario
of application is common: a set of fixed beacons is used for tracking positions of one or more
targets that are moving in a limited environment. The technology considered in the study is
Ultra-wide band (UWB). The principle behind the proposed approach is relatively simple:
tracking of a small target device in a limited indoor environment is realized by mixing active
signal transmissions that allow using usual techniques for deriving distances and locations as
well as passive signal receptions that exploit reflections caused by an object during signal
propagation. The tracking process exploits the combination of these two types of
transmissions with the advantage of possibly saving energy in the target device.

2 System Model

Let Ng UWB fixed transceivers (beacons) with coordinates (xg;, Ygi) be deployed in a room
(Fig. 1). The transceivers are equipped with matched filter front ends followed by chip-
spaced samplers and the -3 dB system bandwidth is 512 MHz. We also assume that UWB
transceivers transmit ranging data to a central processing station in which the localization
and tracking algorithms are performed. A transceiver pair is formed if two transceivers are
within communication range of each other. As in [1], we assume that known signal
waveforms are exchanged among unsynchronized transceiver pairs. An estimate of the
channel impulse response between each pair of transceivers can therefore be obtained from
the cross-correlation between the noisy received signal and a known signal template. A
number of UWB devices with known reception-transmission delay moves in the room. Based
on a sequence of signals at the beacons, we aim to track the position of moving objects.

3 Localization Algorithm Overview

The principle exploited in the process is simple: the target device alternates phases in which
it acts as an active transmitter with signal regeneration (namely it transmit a specific packet
to the beacons for allowing estimation of times of arrival and distances as a Fig. 1-a) to
phases without signal regeneration in which it acts as a simple relay or even a passive
scatterer (Fig. 1-b). The difference between these two phases at the beacons is the following:
in regenerative phases the beacons exploit the signal received from the target for estimating
the corresponding distance while, in the non regenerative phases, the beacons derive
measures on the total reflected paths between each couple of beacons (Fig. 1-a and 1-b).
From the target perspective the regenerative and non regenerative phases differ in the
energy consumption and this aspect can be interesting in a series of applications where
small, inexpensive devices should benefit from energy savings also at the expense of
performance reductions. The localization algorithm incorporates two key components,
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ranging in regenerative and non-regenerative phases and tracking, operated by a bank of

Extended Kalman Filters (EKFSs):

1. Ranging: when the target is in the regenerative state, the i-th beacon estimates the direct
distance d; to the target. On the other hand, when the target is in the non-regenerative
phase, each couple of beacons, i and j, is interested by the measure of the reflected path,
d; + d;. If a soft algorithm is used [1], several distances associated to their likelihoods can
be collected for each sampling time.

2. Tracking: a bank of EKFs is used for updating the mobile target(s) locations. The bank is
necessary when tracking more targets or/and when managing multiple measures and
likelihoods associated to a single distance; in this latter case a metric is built and
updated for selecting the most likely trajectories in a hypothesis tree [2]. Obviously the
measures coming from regenerative and non-regenerative steps are subject to different
update steps implemented into the EKFs, which realize a fusion of the measures.

3 Numerical simulations

In the system we exploit ranging algorithms based on times of arrival and characterized by
soft detection techniques that have demonstrated performance advantages w.r.t. other
approaches [1] [2]. Numerical results will be focused on the trade-off between mean squared
error (MSE) and the ratio A between the number of measures derived by non-regenerative
and regenerative phases.

4 Conclusions

In this work ©), we study the trade-off between localization performance and the ratio between
regenerative and non regenerative steps in the signal processing of a tracking application.
This simple principle is developed for obtaining energy savings in indoor localization.
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1 Introduction

Localization capability is required in many applications of wireless sensor networks (WSN).
For example, monitoring WSN of any type requires node location awareness in order to
stamp the measurements with the location (and also with timestamp), otherwise the
measurement is of no meaning for the infrastructure owner. A particularly interesting indoor
localization scenario is node positioning for automated building monitoring. The goal here is
to greatly reduce the human-generated mistakes and errors, and the overhead of manual
work during deployment by automatising the localization process. Nodes should set up the
network automatically, including positioning of the nodes.

There are several challenges for localization in WSNs that monitor structures. Firstly, the
network is installed in an unknown environment. The network is therefore most probably
multi-hop and the reference nodes may not be globally available to all other nodes in the
network. Secondly, the connectivity (that is the number of neighbours) may become relatively
low locally in some passages in the structure. We propose a localization algorithm which is
multi-hop, scalable and robust. Our algorithm uses the hardware that is capable of ranging
and elevation-type Angle-Of-Arrival (AOA) which are backed up with earth gravity direction
awareness.

Literature covers a variety of possible localization algorithms. Some algorithms use only one
type of measurements, like ranging alone (lateration based algorithms, e.g. Cricket) or AOA
only. However, one can obtain more robust results by using more than just one source of
information, such as the combination of ranging and AOA.

In our previous work we proposed a localization algorithm which was using ranging,
accelerometer (for earth gravity direction) and 3-D AOA. 3-D AOA requires at least a
4-element antenna array (or 3-element antenna array if we have the means to deal with the
ambiguity problem). Such complex hardware returns a complete position vector to the
observed sensor and enables localization of every single node that is connected (e.g. when a
wireless node has as little as one neighbour). However, this antenna hardware may also be
expensive and may require more electric power than simpler antenna solutions while power
is an issue in WSNs. We found a way of using the reduced number of antenna elements
effectively and keeping the AOA functional. In this work we present the localization system
which uses ranging, an accelerometer and a 2-element antenna array.

2 Position calculations

All wireless sensors in the network are equipped with the ranging device, accelerometer and
linear antenna array (comprising of 2 antenna elements). (The antenna elements can also

125



be just switched antennas with programmable phase shifter connected serially with one of
the elements. This is a simple beam former.)

The localization algorithm will be formulated here as an optimization problem.

Input values.
P, - node's given position (reference node or node which acquired this knowledge),

d;, ¢ - measured values: distance to i-th node and elevation-type angle to i-th node,

A - the direction of ¢ =0 dependent on the orientation of the antenna elements.

Calculated parameters needed for the final problem formulation.
- unitary vector s.t. If A-X <1—& then G=AxXxA else 0 =AxYxA. In other words,

> [y

is an arbitrary but unconstrained (any) vector whichis L to A.
Vv =Ax0 - avector perpendicularto A and to U,
r. =d, sin(g,) - distance of i-th node to the axis that comprises A,

C, =P, +0d, cos(¢, ) - a projection of a position of an unknown node on i -axis.

Final formulation of a parametric equation of position of an observed node.
P, =C, +r, cos(aio)fj +r, sin(aio)\‘/, where «/ is an unknown parameter.

Optimization problem.
For n viewpoints i € {1..n} one can compose the set of N equations, where the

parameter aio solves the i-th equation.

min Z(ﬁ ~P,)’, where P is an average of all P,’s.

3 Main results

In this chapter we summarize some of the results obtained from the research of the proposed
localization algorithm.

1.

Minimum connectivity required. This result tells how many nodes that are location aware
are needed in order to transform one unknown node which is their neighbour into a
localized node. We have found that the problem formulated in chapter 2 (4.) can be
solved for as little as 2 independent viewpoints (2 reference nodes connected to an
unknown node) if N vector of one node is non-parallel to this of the other node.
Generally 3 viewpoints suffice.

Simulation scenario where all nodes were located on a plane. We have found that for
certain arrangement of nodes the advantage of having the AOA capability becomes
insignificant. This occurs when A vector of each node is perpendicular to the plane
where all nodes of WSN are placed. This case can be solved using 2-D equally
accurately as using trilateration with the assumption that the plane with which nodes
coincide is known. In real scenarios this plane may sometimes be easily determinable in
large one-storey buildings as e.g. floor.
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Summary

The work presents a system for sensor data and complementary information fusion for
localization in indoor environments. The system is based on modular sensor units, which can
be attached to a person and contains various sensors, such as range sensors, inertial and
magnetic sensors, a GPS receiver and a barometer. The measurements are processed
using Bayesian Recursive Estimation algorithms and combined with available a priori
knowledge such as map information or human motion models and constraints. The
processing can be done locally, since all necessary data is available on the mobile unit. This
system provides a platform for implementation, combination and evaluation of various
localization principles and can be used for a variety of applications, such as indoor and
outdoor pedestrian navigation, localization of other objects such as vehicles as well as
robotics applications.

1 Motivation

There are numerous localization methods and techniques, including inertial navigation,
multilateration or multiangulation based on radio or acoustic signals and optical methods,
such as computer vision or laser range scanning. Most of these methods, when used stand
alone, are able to provide sufficient performance only for special types of applications within
controlled or restricted environments. Especially radio based methods usually suffer from
significant errors induced by multipath wave propagation in indoor environments. We follow
the approach that a robust and usable indoor localization system combines various
complementary sensor data and any other information available to provide a reliable position
estimate. Therefore a wearable, modular and extendible sensor system was developed,
which enables simultaneous usage of different sensing modalities.

2 System Description

The basic concept of the proposed system is shown in Fig. 1 (left). Several PCBs, each
designed to fulfill a certain task (e.g. providing power, enabling wireless communication, data
processing, input/output capability) or to contain a specific sensor group (e.g. inertial sensors,
GPS, ultrasound sensors), are stacked together to form a setup best fitting the requirements
of a particular application. Fig. 1 (middle) shows the subset of the system, which is used in
our current experiments on indoor localization. It contains a radio ranging module for
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distance measurements and data communication between the mobile node and fixed anchor
nodes (Fig. 1 right) and inertial as well as magnetic field sensors.
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Figure 9: System concept (left), current hardware (middle), setup for indoor/outdoor localization (right).

The estimation algorithm framework also follows a modular approach (Fig.2 left). A particle
filter is implemented, where different measurements are processed either in the prediction or
the correction step of the algorithm to estimate the position of a person. A priori knowledge,
such as indoor maps and motion constraints is also processed to increase the localization
performance. Fig.2 (right) shows an example measurement in an office environment using
radio range measurements, inertial sensors and an indoor map.
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Figure 10: Algorithm concept (left), path estimation based on the current system setup (right).

3 Outlook

This abstract presents a short overview of the concept and the current state of the system.
The full version of the paper will contain a detailed description of the algorithms and a
systematic performance evaluation, as well as measurements containing new sensor
modalities, such as GPS, ultrasound or barometers.
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1 Introduction

From pedestrian navigation and innovative location based services to medical studies,
rescue or E-911 services, the knowledge of human displacements through space has many
applications. For this reason we introduce a self-contained seamless positioning system for
indoor and outdoor environments, based on off-the-shelf mobile devices. Position information
is deduced from a combination of GNSS where available, combined with Dead Reckoning
(DR) utilizing inertial measurements and context-aware activity based map-matching. In
remaining independent from any external infrastructure, accurate localization is also possible
in environments, where the installation and maintenance of such infrastructure does not
make sense or is simply not affordable — e.g. in large parking garages to guide a user to an
exit or back to his car.

Typical personal positioning strategies rely on the combination of GNSS with either map-
matching (outdoor) or an INS/PDR approach (indoor, ubiquitous positioning). One of the first
projects within the scope of inertial dead reckoning were the Personal Dead Reckoning
Module (DRM) from the Point Research Corporation [1] and the Pedestrian Navigation
Module (PNM) from the Laboratoire de Topometrie at the Ecole Polytechnique Fédérale de
Lausanne (EPFL) [5]. Other projects like the NAVIO [7] or the UCPyayv [6] project developed
at the Vienna University of Technology extend investigations to route guidance strategies or
the integration of additional positioning technologies based on RFID beacons or WLAN.

2 Inertial Position Sensing

ay, 8y, 8; 8y, 8y, 8; azimuth
The availability of GPS, acceleration sensors . S,l | S,i |
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Pedestrian Dead Reckoning approach
heavily exploits the kinematics of human
movement by detecting steps, estimating
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each step’s length and propagating a relative
position using a heading measurement (fig.
1), while being comparatively robust against
inaccurate measurements and disturbances
as well as flexible regarding the exact Figure 1: DR based inertial position estimation model
placement and attitude of the device. processing acceleration sensor and compass readings.
Estimation of the travelled distance is

realized using the tri-axial acceleration signal of the device measured at a rate of 20 Hz. To
improve the results of step detection and step length estimation according to the status of
actual movement pattern, we introduced an activity classification procedure to differentiate
between eight patterns. Step detection is implemented based upon a slightly modified
version of a sliding window peak detection algorithm as proposed by Sun et al. [8].
Concerning the length calculation of a detected step, which is more or less a time-varying
process and approximated as a function of several parameters like the acceleration signal
variance, the step frequency and some scale factors computed by linear regression with
respect to the actual movement pattern, we rely on the results of investigations by Ladetto [3],
Ladetto et al. [4] and Kim et al. [2]. Since the raw sensor measurements from the
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accelerometer cannot be used directly for the algorithms above, the signal has to be
preprocessed to remove possible disturbances, high frequency components and gravitational
influences. This is done using a 6™ order Butterworth bandpass filter with different cutoff
frequencies in relation to the different types of movement.

The heading is calculated using the azimuth readings of the device’'s leveled compass
provided at a rate of 10 Hz. To prevent discontinuities during the calculation at 0/360 degree
crossovers, the sine and cosine of the azimuth measurements are used. Possible signal
drifts arising from magnetic interferences or other disturbances are reduced through a
moving average filter of variable order with respect to the different movement patterns.

3 Multi-layer Position Integration
In addition to the inertial position sensing unit | Acceler || Magneto- || o000 oPs

Car Stop Position
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an absolute position in terms of real world
coordinates (fig. 2). While the GPU
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information to reduce negative effects arising
from signal degradation and multipath effects, = == = _

the MPU implements a context-aware activity Egﬂ;‘feszs' pfgiggmﬁgcsygi’:rz]"_'ew of the implemented
based map-matching strategy on detailed

micro maps incorporating the current movement pattern — if for example the movement
pattern is estimated as ascending stairs, the position can be projected to the closest stairs in
the subject’s proximity. Both IPU and GPU as well as the MPU are integrated through a
loosely coupled integration scheme using an Extended Kalman Filter (EKF), whereby
absolute position measurements from GPU and MPU are used to amend and recalibrate the
inertial prediction model of the IPU. Regarding the initialization of the seamless positioning
system, the initial position could be received either from the GPU itself or directly from a car,
providing its actual position (for example in a parking garage or a dense urban scenario).
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4 Results and Conclusion

We introduced a novel seamless positioning solution predicated on the integration of inertial,
satellite and map-matching based position information sources and well suited for off-the-
shelf mobile devices and implemented it on a Nokia N97. Due to the absence of appropriate
gyroscope or barometric sensors in present devices the proposed system is limited to some
extent. Nonetheless we could show that given an initial position with accuracy of a single
parking spot a user can be guided from his parked car to the next exit of large parking
garages like the P7 at the Munich Airport.
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1 Introduction

Current portable navigation devices usually rely solely on satellite navigation infrastructure.
However, they will seize to function, once the satellite signal becomes unavailable. Other
navigation systems are based on inertial navigation systems (INS) to provide a continuous
navigation solution. However, the INS solution is inherently inaccurate during longer
measurement periods, due to error accumulation. Hence INS systems rely on external
support information, usually provided in the form of GPS fixes. Prevalent pure indoor
navigation systems are almost always depending on a complex and hence costly setup of
infrastructure components such as radio beacons or other dedicated equipment.

The presented concept constitutes a

low-cost and ultra portable mobile SRR SHReRN

indoor navigation device which does TR e o e o o]
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This work is based on the preliminary
analysis of a portable low-cost INS/GPS navigation system regarding indoor navigation
performance. [1]

2 Sensor Equipment

The initial effort presented in [1] is based on the Xsens
MTi-G INS/GPS navigation system. This unit constitutes a
portable, low-cost navigation system, integrating a GPS
receiver, accelerometer, gyroscopes, temperature and
barometric pressure sensors. Its built-in firmware allows
for different navigation scenarios and is fitted with several
Kalman filters for sensor fusion.

Current research is based on a highly integrated IMU. Fiaure 11: Xsens MTi-G
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MEMS sensors measure barometric pressure, temperature, three-axis acceleration and
three-axis turn rates. Sensor fusion algorithms on both the IMU (inertial strapdown algorithm
[2]) and the hosting smart phone (filtering and user interface) will handle the data streams.

The development platform used is a state-of-the-art smart phone that runs a Linux-based
open mobile operating system. It is fitted with camera, tilt sensors, GPS receiver, WLAN and
Bluetooth modules and magnetometers. The aim is to provide a navigation application that
may be used on many Linux-based smart phones, provided the IMU hardware is connected
to it.

3 Mobile Handheld Indoor Navigation

Based on [2,3], the provided sensor information is used | Sensor Provides

to compute an inertial navigation solution. This [TVagnetometer Magnetic Heading

processing is done by the DSP on the IMU. The
calculated position update is then transmitted to the

GPS Receiver GPS fix

Camera Optical Input (Markers)

smart phone. On the smart phone, the current position is

updated by the INS position increment and improved by | WHAN Module | WLAN Range Information

available additional internal and external sensor | Bluetooth Module | Bluetooth Range

information received by the smart phone sensory — Table 1: Additional Sensors
hardware. Potential additional sensor information sources are listed in Table 1.

One objective is to improve the inertial navigation solution provided by the underlying
strapdown system that integrates gyroscope and accelerometer information. Furthermore,
the sensor fusion methods, usually implemented as Kalman filters are optimized and
alternative filtering concepts evaluated. Finally, the optimal external sensor combination is
being determined. Focus here is placed on assessing data quality and selecting the optimal
combination to support the INS solution.

The thus determined position is then combined with previously downloaded information
about the building currently being navigated. Visualization efforts and user interface
development are being undertaken by members of the DigitalCity Research Group at HCU
Hamburg.

The discussed system therefore presents a novel approach to indoor pedestrian navigation,
as it is independent of specialized external sensors such as step counters or radio beacons
and integrates additional information to improve on the position estimate as they become
available.
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1 Summary

We have built a test unit containing a GPS, an IMU, magnetometers and a barometer. When
the GPS looses its signals, the other sensors are used to keep track of the position.
Unscented Kalman filters have been used to test the performance of different aid sensor
configurations. There was no indication that any particular configuration was better, but the
measurements showed significant improvements by using aid sensors. In order to quantify
the error sources the inertial navigation system has been simulated using Monte Carlo
simulations. This simulation shows that noise from the gyroscopes is the main error source.
The simulation of an IMU yielded a standard deviation of the position of 9 m after 30 seconds.
Eight different sensor configurations have been tested with real data collected by the test unit.
These tests show that there are significant benefits by using aid sensors.

2 Introduction

The objective of the project was to develop a multipurpose navigation unit that can be used
by military personnel, vehicles and other equipment in areas with difficult satellite signal
conditions such as inside buildings. If all personnel and vehicles shall be equipped with such
a unit it must be of low cost, small size and low power consumption. The test unit uses an
IMU which contains three accelerometers, three gyroscopes and three magnetometers. In
addition we use a barometer and a GPS module. The test unit, Figure 1, also contains a
microcontroller and a SD memory card for storing data.

3 Modelling of sensors and navigation equations

For modelling the earth the WGS-84 model was used. The navigation equations are found in
[1], except that quaternions were used instead of a matrix differential equation. The error
model coefficients for all sensors have been estimated except for the magnetometer,
because of a lack of calibration equipment. To estimate the position the Unscented Kalman
Filter was used and the filter was initialized with the last position from the GPS. We assume
that the sensor is stationary and initializes the filter with zero velocity and uses the QUEST [2]
algorithm to find the initial attitude by comparing the measurements from the accelerometer
and magnetometer to an earth gravitation model and the IGRF model. The measurement
update for the barometer converts the height to pressure and the measurement update for
the magnetometer is given in [3].

4 Simulation and measurements

The performance of the navigation system without aiding sensors has been simulated using
Monte Carlo simulation in order to quantify the error sources. The main error sources are the
noise from the gyroscopes (Qg), and the initial attitude given by the QUEST algorithm (P).
The simulation result, Figure 2, shows that the total error is below 9 m after 30 seconds. If
the gyro noise could be reduced by a factor of 10 the total error would be reduced to 3.5 m.
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Figure 1: Picture of the test unit Figure 2: Simulation result. The standard deviation of
the position has been averaged over 30 simulations

Several tests have been performed with the system. The tests show that the system has
significant errors, but also that there are large benefits to include magnetometers and
barometer as aid sensors. We have used eight different combinations, with and without
filtered gyroscope output and different aiding sensors. From the test results the best
configuration cannot be significantly determined, but they clearly show that there are large
benefits from having aid sensors. Based on the test results and the calibrations results it is
very likely that the magnetometer creates a larger error in the initial attitude than those found
in the simulation because of the magnetic disturbance in the surroundings. A field calibration
technique is required to reduce this error. The Kalman filters that uses both magnetometer
and barometer updates has an artificially low covariance on the attitude because of the
magnetometer update. This causes the Kalman filter to weight the magnetometer
measurements too high compared to the barometer measurements.

5 Conclusions

The simulation does not take into account magnetic disturbance, errors in the pressure
measurements that have not been modelled, and the fact that the magnetometer is not
calibrated accurately. These errors cause the position error for the real system to be larger
than in the simulations. A better magnetometer update method that does not create an
artificially low attitude covariance is required. The main error source is probably caused by
the calculation of the initial attitude. Therefore the magnetometer needs to be calibrated and
a method for compensating for the magnetic disturbance is required. A navigation unit based
on cheap and small devices is feasible if these problems are addressed.
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1 Summary

The present work shows the obtained results using a low-cost pedestrian system made up of
a GPS receiver and an inertial platform. This positioning system can be used by rescue
teams to locate hazard zones and escape routes. Our study shows how multiple sensors can
be used in a non-traditional way: the inertial platform is used as an odometer (step counter)
in which the magnetometers allow the estimation of gyroscope drifts. The GPS receiver,
however, is used to correct the bias when the GPS observables are sufficiently reliable.

Particular focus will be given to the estimation of sensor errors and the reliability of the entire
system, which is a critical problem of these equipments.

2 Introduction

The aim of the our study is to achieve a low cost pedestrian positioning system, that is based
on a metrical reliability and accuracy and suitable for particularly difficult environments such
as burning buildings, devastated villages, etc.

The positioning system is based on the integration of an inertial sensor (XSens MTi), that
includes accelerometers, gyros and magnetometers, and a high sensitivity GPS receiver (u-
blox 5H), specifically designed for indoor positioning applications.

Due to compact size and low weight, all the used sensors are particularly suitable to become
an integral part of rescue teams’ equipment, for example by mounting the GPS antenna on
the top of a rescuers’ helmet and the inertial sensor near to the barycentre of the body.

3 Therealized pedestrian navigation system

A low-cost pedestrian navigation system requires a proper positioning algorithm that must be
specifically developed and calibrated with respect to the quality of the involved sensors and
to the final applications. Using the traditional algorithms concerning the GPS/INS integration,
indeed, the solution can be inaccurate and often unreliable. The problems are in particular
related to the accelerometer and gyro drifts, to the high inertial measurement noise and to
the high noise and multipath of the received GPS signal.

For these reasons, the proposed solution relies on using the inertial sensor measurements
like a “step odometer”, not directly measuring the travelled distance but the time when a well-
known distance (e.g., the step length) is accomplished, and the attitude (e.g., the heading
angle) of the body at the same time. This approach, well known in pedestrian applications, is
therefore solved using the information collected by all the sensors included into the IMU
platform.

The inertial positioning solution is coupled with the data of the GPS receiver, after a careful
data filtering based on a previous analysis of the GPS signal in indoor environments.
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The advantages of this positioning solution are:

- the easiness of the step identification process, observing the total acceleration
pattern;

- the calibrating facilities of the step length starting from data measured by
accelerometers;

- the possibility of estimating motion direction due to gyroscopes and magnetometers
information.

4 Preliminary findings and conclusions

A positioning example of the developed system is shown in the Figure 1. The trajectories
demonstrate how the odometer-like use of INS data allows detecting the travelled trajectory
with sufficient accuracy, even if a drift angle, which propagates in time, is still evident. In
addition, the inertial-based trajectory is upgraded by applying to the heading angle, during
the position estimation, a drift value estimated by static measuring, contributing to a
remarkable improvement of the navigation solution.

Generally, if an operator is moving into an indoor environment any GPS solution provides
bad positioning accuracy. Actually, the use of GPS data is justified only for outdoor
environments, even if further tests will be done in order to improve the GPS indoor
positioning reliability.

Figure 1: trajectory computed processing the GPS (dashed gray line) and the INS (continuous black
line) data after the gyroscope drift compensation
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1 Summary

We present a hybrid indoor positioning solution combining angle-based localization,
pedestrian dead reckoning, and map-filtering. The angle-based localization system provides
absolute location fixes in large, open indoor areas. While the main purpose of these location
fixes is to update the user location, they are also used to adjust the parameters of a
pedestrian dead reckoning (PDR) module that estimates the relative movement of the user
i.e. shape and length of the traversed route. In areas covered by the angle-based localization
system, the user location is a combination of absolute location fixes, PDR estimates, and
map information, which is used to limit the possible movement trajectories of the user within
the building. In other areas, the user location is based on only the PDR estimates and map
information. The hybrid positioning system is evaluated in a trial that is carried out in an office
building that consists of large open areas, office rooms, and connecting corridors.

2 Hybrid positioning system

The Global Positioning System (GPS) provides reliable positioning and navigation to
worldwide users in outdoor environments, but satellite based positioning will not be a realistic
solution for deep indoor spaces due to increasing signal attenuation through building
structures and signal degradation due to multipath propagation. While accurate, commercial
solutions for indoor positioning already exist, they often involve costly and time-consuming
setup phase or require a complex installation of expensive infrastructure.

In this paper, we present a hybrid indoor positioning solution combining location information
from various sources. Absolute positioning estimates are obtained from a novel angle-based
localization system covering a large, open indoor area by using only two transmitters.
Relative positioning information is obtained from a pedestrian dead reckoning (PDR) module
utilizing inertial sensors. In addition, map information (floor plan) is used to limit the possible
movement of a pedestrian within the building.

The angle-of-departure of a communication packet from the transmitter is resolved at the
receiver using the information of antenna array geometry and calibrations. Data received
from a single transmitter is already enough to determine the receiver’s 2D location when the
height of the receiver is known. In practice the height of the transmitter is assumed to be
around 1.2-1.4m, that is, the height where most people hold their mobile phones. Concurrent
data from several multi-antenna transmitters yield naturally a more accurate location
estimate.

The implemented PDR method uses step detection and step length estimation to
approximate travelled distance. Step detection is based on peak detection of total linear
acceleration (total acceleration minus gravity), and step length estimation is based on
assumption that there exists a relation between time elapsed between two consecutive steps,
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and step length. Changes in the movement direction are estimated by integrating the
horizontal angular velocity over time with the help of gyroscope and accelerometer data.

The user location is estimated using a particle filter that fuses the relative PDR information,
and absolute positioning fixes from the angle-based system. Always after propagating the
particles according to the PDR updates, map filtering is deployed to see if some of the
particles have moved to restricted area or crossed some of the walls. Finally, user location is
calculated as the average of particle locations weighted by the normalized particle weights.

3 Field trial

A positioning trial is carried out in an office building that consists of a 21m tall main lobby,
cafeteria, corridors, and office rooms. The positioning infrastructure in the trial building
comprises of two multi-antenna transmitters (see Figure 12a) attached to the ceiling of the
main lobby.

The test platform representing the mobile terminal to be positioned is depicted in Figure 12b.
It comprises of three main components: an inertial measurement unit (IMU), a direction-
based positioning unit, and a computing platform running the hybrid positioning algorithm.
The Bluetooth Low Energy (BLE) receiver and the IMU are connected to the laptop via USB.

a) b)

) BLE antenna
IMU

BLE receiver

Figure 12. a) One of the two multi-antenna transmitters attached to the ceiling of the building main
lobby. b) The test platform representing the mobile terminal to be positioned.

As shown in Figure 13, the fusion of absolute position estimates with PDR data and map
information yields more accurate trajectory of the user location than using only the angle-
based localization. Moreover, the user can be tracked outside the operational area of the
angle-based localization system.
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Figure 13. A test route in an office building is marked with the blue line. The route starts at the green
star and ends at the red triangle. Absolute estimates are depicted with green dots and fusion
estimates with red dots.
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Automated 3D modelling of building interiors is useful in applications such as virtual reality
and entertainment. Using a human-operated backpack system equipped with 2D laser
scanners and inertial measurement units, we use scan-matching-based algorithms to localize
the backpack in complex indoor environments such as a T-shaped corridor intersection, and
two indoor hallways from two separate floors connected by a staircase. The localization
results are used to (a) generate textured 3D scene models, and (b) enable image based
rendering of indoor environments.

We mount orthogonally positioned 2D

laser scanners and two inertial ;z\gnner E:':nera
measurement units (IMU’s) on a

backpack, as shown in Figure 1. Left

Orthogonal placement of the laser Camera

scanners allows us to run scan matching

to recover five backpack pose Left Pitch
parameters over time. One IMU is a  Vertical Scanner
navigation grade Honeywell HG9900, — Seomewy

which provides highly accurate

measurements of all six pose parameters InterSense Ll HG9900
and serves as our ground truth. The IMU ‘ IMU
other IMU is an InterSense InertiaCube3,

which provides orientation parameters. g:::‘;’; Laptop
We use the laser scanners and the

InterSense IMU to localize the backpack. Fiaure 1: CAD model of backnack svstem

When the backpack is worn by a human operator, the direction of forward motion is X,
leftward motion is y, and upward motion is z. Roll, pitch, and, yaw are defined as rotations
around the x, y, and z axes respectively. We use the yaw scanner to estimate x, y, and yaw,
and the pitch scanner to estimate z of the backpack pose via scan matching [1]. Lastly, we
use the InterSense IMU to estimate roll and pitch. We enforce loop closure by applying the
Tree-based Network Optimizer by Grisetti et al [2] to globally optimize our estimated poses,
accounting for locations revisited and making use of scan matching and sensor uncertainty.

We test our localization algorithm on two datasets: a T-shaped corridor intersection (set 1),
and two indoor hallways from two separate floors connected by a staircase (set 2). Estimated
trajectories and associated error characteristics are shown in Figures 2 and 3 respectively.
Figure 4 shows a snapshot of the textured 3D model resulting from set 3. In generating this
model, we used the vertical scanner on the left side of the backpack to capture geometry,
and three cameras to generate texture for the resulting geometry.

We use the localization results to enable virtual walkthroughs using an image based renderer.
The renderer uses a three-step process to determine which image to display. First, it locates
an initial set of neighbouring camera positions relative to that of the viewer. A dot product
between the viewer and camera’s orientation vectors provides a threshold to eliminate image
planes facing the wrong direction. The renderer chooses the final image from the nearest
neighbouring camera. Then the RANSAC algorithm is used on SIFT features from
neighbouring images to find an optimal homography to stitch images for an increased field of
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view. In addition, the localization algorithms can generate plane fitted models for occlusion
detection within the renderer. If an intersection with a plane occurs between two camera
positions, the images are occluded and no longer considered to be neighbours. This filters
both the initial set of neighbouring images and the set for stitching images together. The
image-based renderer performs at 25 frames per second (fps) when one image is rendered
and at 5 fps when 4 images are stitched per frame on an unstructured set of 800 images.

[1] G. Chen, J. Kua, S. Shum, N. Naikal, M. Carlberg, and A. Zakhor. “Indoor Localization Algorithms
for a Human-Operated Backpack System,” to be presented at 3D Data Processing, Visualization, and
Transmission 2010, Paris, France, May 2010.

[2] G. Grisetti, C. Stachniss, and W. Burgard. “Non-linear Constraint Network Optimization for Efficient
Map Learning,” IEEE Transactions on Intelligent Transportation Systems, Volume 10, Issue 3, Pages
428-439, 2009.

_ Estimated Estimated
5 Ground truth Ground truth
©
E
N
5
y (meters) y (meters)
S -10
X (meters) x (meters)
(@ (b)
Figure 2: Estimated trajectory vs. ground truth for: (a) setl and (b) set 2
Incremental Position Error Incremental Rotation Error
0.08 15 i
(2]
p i H
5 0.06 g |
2 004 ‘ . ‘ ()
= o}
0.02 0 o5 ; |
0 0
X y z Roll Pitch Yaw
N Set I st
[__1Set2 [__JsSet2
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Fiaure 4: Snapshot of the textured model for set 2
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1 Summary

Modern navigation systems can successfully help people navigate in outdoor scenarios, but
once the user arrives outside the destination building, navigation cannot be continued, leav-
ing the precise destination localization inside the building to the user. In order to provide
complete door-to-door navigation assistance, we propose combining a variety of sensors
(GPS, WLAN, a laser range finder and odometry) on an enhanced Segway Personal Trans-
porter to guide the user outdoors as well as indoors, all the way to the desired destination
room inside the building. By combining the sensor measurements using a particle filter, the
system is highly flexible and remains open to adding further sensors. The multitude of sen-
sors enhances the robustness and the precision: Combining WLAN, GPS, odometry and
environment models allows robust outdoor positioning, while the laser range finder enables
precise indoor positioning that is further improved by incorporating WLAN measurements.

2 Using the Segway Platform for Hybrid Indoor/Outdoor Navigation Assistance

The Segway Personal Transporter is an ideal testbed for hybrid indoor/outdoor positioning
and navigation assistance as it can be driven outdoors as well as indoors. We have en-
hanced a Segway platform using, among other sensors, a laser range finder, a GPS receiver,
a WLAN interface, and wheel encoder information for odometry calculation.

Figure 1: Left: modified Segway platform enhanced with various sensors for navigation assistance.
Right: Hokuyo URG-30LX range finder installed on the Segway base.

3 Indoor Positioning

While indoor position tracking by aligning a planar laser scan with a 2D map can be consid-
ered fairly straightforward, our scenario requires a 3D environment model due to uneven
floors and ramps and the fact that the Segway transporter tilts forward and backward in order
to balance and move. The sensor model compares the real scan to the expected scan as
seen from each particle’s position. Given the fixed position of the rangefinder with respect to
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the Segway’s base, positioning is effectively constrained to four degrees of freedom (X, v,
pitch, yaw), making the particle filter approach computationally feasible.

None of the available sensors can deliver a unique, precise indoor position from a single
measurement. We must therefore perform global localization in indoor environments by esti-
mating the correct position over time from multiple ambiguous measurements. The particle
filter is particularly suited to handling multiple initial hypotheses. However, a uniform a-priori
particle distribution would require too many particles. In order to achieve a more precise a-
priori distribution, two techniques are used: First, a number of simple features are extracted
from the scan such as the swept area of the scan and the first and second moments of the
point clouds (Martinez 2010). They are then compared to the indoor environment model in
order to quickly eliminate implausible hypotheses. Second, WLAN-based localization con-
strains the initial distribution. Here, the particles’ expected RSSI measurements are calculat-
ed from a grid-based interpolation of previously recorded fingerprints (Howard et al. 2006).

Figure 2: A view of the lab corridor and its 3D environment model.

4 Indoor/Outdoor Transitions

When moving outdoors, GPS measurements become available and are integrated into the
particle filter. The sensor model then determines the particle weights according to a normal
distribution based on the reported GPS location and precision as well as its proximity to
known buildings (in order to counter Urban Canyon effects). By specifying traversable areas
outdoors as well as indoors, the motion is further constrained to increase precision. Since a
building can only be entered and left at very specific positions, the last known indoor position
provides a basis for outdoor positioning. Conversely, outdoor localization uniquely identifies
the entrance taken when approaching a building, and thereby provides a good initial estimate
for indoor positioning.

5 Conclusions and Outlook

The aim of this effort is to show that a particle filter provides the necessary flexibility to com-
bine a rich set of diverse sensors for location determination, and that sufficient positioning
performance can thus be attained both indoors and outdoors. Current work focuses on ex-
tensive testing and the possibilities of integrating further sensors for improved precision.
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1 Introduction

Large parking garages are often a challenge for drivers as orientation in complex
environments is especially difficult. Consequently, appropriate guidance is needed to assist
the driver in tasks such as finding an individual parking spot or guidance to the right exit. In
this context, precise positioning is essential. Accurate vehicle positioning is also a starting
point for seamlessly continued navigation, e.g. with pedestrian navigation devices.

Conventional vehicle navigation devices typically use a cascaded filter algorithm (e.g.
Retscher [1]). In a first step, an Extended Kalman-Filter (EKF) fuses data from dead
reckoning (DR) based on inertial sensors with measurements from a Global Navigation
Satellite System (GNSS). The resulting position estimate is then matched to a digital map. In
absence of GNSS measurements, however, sensor bias and drift cause the fidelity of the
estimation to decrease quickly.

Therefore, we present a method that allows precise vehicle positioning independent of GNSS
and instead using DR and a digital map of the parking garage. No additional hardware or
infrastructure is needed, since the used inertial sensors and odometry are available in
current premium series vehicles. Only additional map data for parking garages is required,
which can be gathered with current technology available at map companies.

2 Map Data and Map Matching

The map data used was based on the standard NAVTEQ core map in RDF format and was
extended with data for the parking garages. This data was gathered in part by NAVTEQ with
IMU equipped vehicles with relative accuracy below 5m and some was generated from
building plans and transferred into RDF format with relative accuracy below 1m.

The used map matching algorithm uses a position estimate to determine the most likely map
segment by calculating a matching probability measure for each segment in range, based on
position, heading, speed, link connectivity and basic traffic rules. It yields a projection of the
position estimate onto the segment as well as additional information, e.g. the probability
measure and the distance to the closest intersection.

3 Data Fusion

The key idea in our approach is to use the matched position as an additional measurement,
similar to a GNSS measurement. Thus, high positioning precision is maintained even where
GNSS signals are unavailable. An overview of the filter is shown in Fig. 1. In a first step, data
from odometry and inertial sensors is processed in an EKF using an extended single-track
vehicle model and sensor bias compensation. The central EKF fuses the resulting position
updates with map-matched positions from previous estimates and optionally with GNSS data.
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Additionally, a ramp detection module based on inertial sensors allows the map matcher to
operate in multi-story parking garages with many overlaid levels.

The refeeding of map-matched positions has been successfully demonstrated on similar
applications: e.g. Najjar [2] uses the concept to improve a road-matching algorithm. In our
work we improve the precision of the position estimate, with a focus on parking garages and
intersections that are captured improperly by digital maps.
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Fig. 1. Cascaded Filter Fig. 2: Error Ellipse for Map- Fig. 3: Position-Traces n a rendered
Structure Measurement Xyap garage map

A key issue in the operation of an EKF are accurate error statistics, i.e. variances, of the
input signals — in this case the assignment of a Helmert error ellipse to a map-measurement
Xwap. Since Xuap iS an orthogonal projection onto a map segment, it yields the error
perpendicular to the straight segment. As depicted in Fig. 2, the error ellipse is streched
along the segment with 6, dependent on the lane width and o related to the segment length.
Because of this dependency on the lane heading, frequent turns are needed for corrections
in all directions. Parking garages typically feature many rectangular turns and thereby ensure
overall positioning integrity.

Sharp curves and perpendicular intersections, common in parking garages, result in sharp
angles in digital maps. Typical trajectories, however, follow smoother paths as shown in the
filter-position trace in Fig. 3. Therefore, a term is introduced to increase the variance of Xyap
based on the distance to the closest intersection, the angle between corresponding
segments and the probability measure to account for ambiguous matches.

4 Evaluation and Conclusion

We introduced an indoor vehicle positioning system for parking garages. It is operational in
real-time on a test vehicle. Given accurate map data (relative accuracy below 1m) it allows
for robust and stable vehicle positioning to individual parking spots, even in large multi-story
garages as P7 at Munich Airport, without additional hardware or infrastructure. The
orthogonal lane patterns in parking garages proved especially suitable for the proposed
filtering strategy.
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1 Summary

The combination of different sensors from different areas of technology, including software
analysis and parameterisation led to an innovative indoor tracking system based on a
wireless sensor network. The new hardware platform represents the outcome of sensor
fusion with three-dimensional motion vector pattern recognition. The measured data of the
individual sensors is evaluated in respect to the physical quantities and additionally to their
weighted quality indicators. This quality assessment reduces the influence of external
environmental parameters on the motion vector and is used for an enhanced position
estimation. In addition to the motion-sensor data, the information from the radio transceiver is
exploited for the recognition of the environment. This enables gradual reconstruction of the
environmental scenario. The fusion of all the information obtained using hardware and
software minimises the relative average deviation to about £ 2 m for a spatial coverage of
100 m.

2 The BodyGuard System

The research of wireless sensor networks often focuses on algorithms and simulation. Our
system focuses on the accuracy of the gathered sensor data and the robustness of the
sensor network.

Table 1: Components

Name/Manufacturer Function Application

MSP430F2618 / Tl Microcontroller Processing and pattern recognition of sensor data

PAN2355 / Panasonic, TI  Transceiver, CC1101 Wireless Data Communications / Building
Reconstruction

MMA7260 / Freescale Triple Axis Accelerometer Transaction Data

EMC-03RC / Murata Gyroscopes Rotation data

FSAO03 / Falcom, u-Blox GPS-Receiver, UBX-G5010 Absolute position determination (Outdoor)

HMC6352 / Honeywell Two Axis Compass Absolute angle determination

MS5540 / Intersema Barometer Altitude change / environment condition

SHT15 / Sensirion Humidity & Temp Sensor Environmental condition

RMCMO1 / Polar Heart Rate Receiver Vital signs

1. The design objectives for the newly developed hardware platform were the
miniaturization of the 3D sensor and the interaction and combination of each other. The
hardware platform consists of a microcontroller from the MSP430 series (Texas
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Instruments) and a number of individual sensors (see Table 1). Complete processing of
all data is performed on the BodyGuard Node.

2. The measurement data of the analog sensors is sampled with a rate of 1 kHz and 12 bit
precision. For each channel the data is averaged in intervals of 100 ms. In addition,
characteristic features of the trace are determined and used for pattern recognition. The
digital sensors operate in a frequency of 10 Hz and linked to the analog data.

3. The merged data is then transmitted via radio using CC1101 at a data rate of 400 Kbit or
via USB to a remote station or computer. The data can be transmitted via single-hop or
via multi-hop. Due to data fusion in multi-hop networks the redundant data could be used
to achieve more precise environment recognition especially in buildings.

4. For the visualization of the data two software versions have been developed: an
evaluation version for the experimental validation of the sensors, pattern recognition and
sensor-specific data analysis as well as a second version for visualization of the position
with integrated pattern recognition in a Google Earth based interface.

3 Processing module for measured data

Figure 1 shows the software engineering process of the data from data acquisition to
visualization.
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Figure 1: Processing module.

4 Conclusions and Outlook

In order to increase the accuracy of the rotation and height, more accurate sensors could be
used in the next stage of development. The orientation dependence of the used compass
could be eliminated by the use of a new three-axis magnetic field sensor. The gyroscopes
and the air pressure sensor could be replaced with more accurate sensors which are
currently used.
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1 Introduction

Within an European research project, our main task is the development of a combined indoor
and outdoor positioning solution. The objective of this hybrid system is to improve the safety
of workers on construction sites. Therefore it is important to know the position of workers at
all times without latency in a central coordination office. The aim is to develop a robust
methodology which covers indoor and outdoor scenarios, where the current 3D position of
every worker is available for himself and in a central risk management office.

2 Requirements for the Positioning Solution

The developed system can be applied in all industrial environments. Construction sites are
most challenging, as the buildings are raised up or demolished, walls will be mounted or
removed. Signal propagation in such an environment makes the positioning to a challenging
task. Construction sites can be subdivided into indoor, outdoor and boundary areas
(Figure 1).

Figure 1: Indoor, outdoor and boundary areas on a construction site. Photo by Dave Piper (CC)

The requirements are: accuracy up to 0.5 m, position update rate 2 Hz or higher, reliability
and robustness: close to 100%, to be carried at working clothes: small and light components
and multi-directional data communication. A good compromise between costs and workers
safety must be found.

3 Proposed System

Our approach is a hybrid system, consisting of an UWB and RFID system mainly for indoor
and a DGNSS used for outdoor environments, see Table 2. The positioning system may be
supported by additional hardware like barometric sensors and Inertial Measurement Units
(IMU). ZigBee communication nodes in mesh configuration will be used for data transfer,

149



because they are designed for low power consumption and therefore advantageous for
integration.

Table 2: Overview of the proposed positioning systems. Characteristics may be out of date due to
system improvements.

Technology Signal / Technique Accuracy / Update rate /  Costs Notes / Limits
Weight
uwB radio impulse / TDoA, 15cm/~10 Hz/low Expensive hardware Power cables (e.g.
AoA (Dev. kit ~50 x 50 m: 4 PoE),
readers, 10 tags, synchronisation
software) ~13'000 € cables
RFID radio frequency / signal ~3 m/>1Hz/low Tag ~25 €, reader ~85 € low-current
(active) strength
DGNSS, radio frequency / ToA, mm-m/20Hz/lowto receiver~1200 €, needs for outdoor only
RTK lateration moderate data link to reference
station

The DGNSS system with own reference station makes the positioning task independent from
technical troubles of service providers but possible troubles of the satellite system itself
remains. This concept makes our solution available in nearly every place all over the world.
For our system the AsteRx1 from Septentrio has been chosen. The selected Ubisense 7000
system allows accurate positioning indoors. This system reaches accuracies up to 15 cm
(line-of-sight). The set-up of this system needs to build up a costly and complex infrastructure.
Only areas with high requirements on accuracy will be equipped with this system. RFID
based systems need less installation effort and are much cheaper than the UWB system.
Placing RFID-Tags in doorways allows room wide determination of workers’ location. By
combining this information with typical characteristics of the worker and the surrounding
environment, an increase in the position accuracy and availability is possible.

4 Experiments

First results on experiments in different environments will show the achieved status of this
development. Within this paper we will describe the set-up of this hybrid system including the
communication solution.

5 Conclusions and Future Prospects

The combination of satellite-, Ultra-Wide-Band (UWB) and RFID based positioning systems
is a good solution for reliable localisation purposes, which is independent from the
environment.

By this innovative positioning and communication solution a significant reduction of risks for
workers in industrial environments is possible. Some specific items, as the growing set-up of
the positioning system corresponding to different phases of a construction process, are
applicable to all other industrial branches as well.
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1 Summary and system concept

In this paper, a new concept for infrastructure independent person localization by means of a
wireless sensor network (WSN) in combination with a pedestrian dead reckoning device
(PDR) is proposed. In an arbitrary in- and outdoor environment, each nodes position
estimation is initialized upon its deployment by means of a MEMS based PDR device if no
GPS signal is available at the deployment position and time (anchor node deployment).
Every anchor node broadcasts its (estimated) position as well as an uncertainty parameter in
regular intervals, and mobile nodes without inertial navigation capabilities (carried on the
body of moving persons in the area of interest, on-body nodes) estimate their positions
based on the received signal strength (RSS) and uncertainty information of all received
packets. Additionally, a GPS-equipped subset of the anchor nodes allows for an
improvement of the position estimation as soon as a GPS fix can be obtained at the
deployment position. The uncertain position estimation of the networked nodes is enhanced
during runtime based on the RSS values of packets received from neighbouring nodes within
one hop communication range.

2 Motivation and state of the art

A system that allows the localization of mobile persons and that can be used in both in- and
outdoor environments and does not require advance knowledge of the surroundings of the
area of interest, could be applied in a variety of different fields. The tracking of fire-fighters
that enter a burning building or a complex of buildings, the coordination of a police operation
or also the supervision of Alzheimer patients in the compounds of a retirement facility are
some example applications in which an ad-hoc localization system could be of significant
help. The considered requirements of such a system include scalability in terms of number
nodes and covered area (which necessitates a low-cost implementation of the nodes),
robustness against changing influences in varying environments and accuracy in the range
of several meters. The combination of a pedestrian inertial navigation unit with a WSN seems
to be an interesting approach to these exigencies.

There has been some work on integration of an IMU with WSN technology [1] for localization
purposes and some approaches to the simultaneous localization and map building (SLAM)
problem within the field of robotics seem to be comparable to a certain degree [2], but to our
knowledge there are currently no comparable approaches to ad-hoc person localization.

3 System aspects overview

Three main areas of interest are explored within the project and further explained in the
paper:

e PDR: combination of sensor node and inertial measurement unit (IMU): the PDR
consists of a combination of a commercially available IMU with a proprietary sensor
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node. This node can thus use pre-processed alignment information (data-fusion of 3
gyros, 3 accelerometers and a 3-axial magnetometer, processed in a digital signal
processor), to establish information about the movement direction of the person
carrying the node. The covered distance is then estimated from a step counter
(acceleration sensor) in combination with the available information from other sensor
nodes within communication range (data fusion).

e ZigBee-based ad-hoc network deployment: the use of the ZigBee protocol stack
for the development of the required network and communication infrastructure allows
a quick implementation of the desired functionality. The current system provides a
robust localization and implements the mentioned functionalities.

e Received signal strength (RSS) position estimation: the position estimation
algorithm for on-body nodes has to be computable on the limited resources of a low-
cost microcontroller (MCU) and has to be robust against RSS fluctuations and
systematic errors caused by the changing environment and position of the on-body
node. A very simple localization approach to cope with these impediments has been
designed and seems to allow reasonable accurate position estimation.

4 Current development status and outlook

So far, the implementation of the outlined network and localization functions and the
development of the required hardware components (cheap and extensible sensor nodes,
connection platform for inertial measurement unit) have been completed. First experiments
with the developed RSS-based localization system show promising results for the localization
of on-body nodes in an outdoor environment if the anchor nodes have known positions.

At the moment, further in- and outdoor experiments are carried out to collect a
comprehensive real-world database for the development and test of localization algorithms
that provide a robust functionality independent of the environment. Based on this database,
the simulation model will then be tuned and a numeric optimization of localization with
estimated (inaccurate) anchor node positions can be started. The next steps include the
development of the described PDR and the implementation of the node deployment process.

5 Conclusions and paper topic

The proposed system seems to be a promising approach to infrastructure independent ad-
hoc person localization in WSN. The paper includes a detailed description of the outlined
system and the current state of the development.
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1 Summary

A substantial criterion with the use of wireless communication is the missing location
information of the mobile participants. RSSI (Received Signal Strength Indicator)-based
localization techniques are an easy and well known method to predict the position of an
unknown node in indoor environments whereas additional methods are required for a
sufficient accuracy. The distance-pending path loss is affected by strong variations,
especially appearing as frequency specific signal dropouts. A diversity concept with
redundant data transmission in different frequency bands can reduce the dropout probability.
Not only the availability of the communication and the positioning, but also the accuracy of
the localization can be increased with the diversity concept. Another improvement can be
reached by a sensor fusion of RSSI-based position data with an Inertial Navigation System.
First experimental results with miniaturized transceiver prototypes show that a good
performance for precision and availability can also be reached with low infrastructural costs.

2 System Architecture

Our indoor localization system (MotionLoc) uses a Kalman Filter for the sensor fusion of two
separate position estimation techniques. An RSSI-based radio localization system (RSSILoc)
and an Inertial Navigation System (INS) are combined in the localization process. The
infrastructure of MotionLoc consists of the Blind node (BN) which should be located and
several Reference Nodes (RNs) with fixed positions (cf. Figure 1).
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Figure 1: Infrastructure components (left) and localization techniques (right) of the MotionLoc system

The RSSI-based localization uses the Log-distance path loss model to calculate the
distances between the BN and the RNs. The position of the BN is then computed with the
weighted centroid of the RN'’s fixed positions (SAWCL, Selective Adaptive Weighted Centroid
Localization). The Inertial Navigation System uses a two-dimensional strapdown Inertial
Measurement Unit (IMU) to have a constant update of the BN’s position.
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The essential criterion of the RSSI-based localization system is the use of a diversity
transceiver with two proprietary RF modules operating at 2.4 GHz ISM and two additional
proprietary RF modules operating at 868 MHz ISM. We have carried out many
measurements to search out the influence of different antenna adjustments with our first
prototype (“Multichannel Prototype”) using rod antennas. Our new transceiver prototype
(“Multichannel Mini”) is much smaller and uses chip antennas (cf. Figure 2).
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Figure 2: Redundant transceiver module — system architecture (left) and prototypes (right)

The low-cost IMU on the BN consists of the LIS3LV (ST Microelectronic) 2g three-axis
acceleration sensor and a LY530ALH (ST Microelectronics) +-300°/s gyroscopic sensor to
measure the horizontal attitude of the device. The IMU sensors are strapped directly to the
BN’s body and located on a different PCB underneath the transceiver board.

3 System Evaluation

The test bed is a PC pool at our institute with a footprint of approximately 11m x 7m and a
guantity of macroscopic objects. We use a Java application to visualize and analyze the
localization (cf. Figure 3).
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Figure 3: Visualization of a tracking measurement in an obstructed test bed

The trajectories for the RSSILoc and the MotionLoc system in Figure 3 were collected with
our first prototype and a former type of sensor fusion (plausibility filtering of RSSILoc position
according to the INS motion vector). At the moment we carry out measurements with our
new miniaturized prototype and the improved sensor fusion algorithm. We expect similar
results for the availability of the communication / localization but a more accurate position
estimation and we are looking forward to present the enhanced system in the final paper.
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1 Summary

In this paper, a simple method to calibrate the accelerometer cluster of an inertial
measurement unit (IMU) is proposed. The proposed method does not rely on using a
mechanical calibration platform that rotates the IMU into different precisely controlled
orientations. Although the IMU is rotated in different orientations, these orientations do not
need to be known.

Assuming that the IMU is stationary at each orientation, the norm of the input is considered
equal to the gravity acceleration. As the orientations of the IMU are unknown, the calibration
of the accelerometer cluster is stated as blind system identification problem where only the
norm of the input to the system is known.

Under the assumption that the sensor noises have white Gaussian distribution the system
identification problem is solved using the maximum likelihood estimation method. The
accuracy of the proposed calibration method is compared with the Cramér-Rao bound for the
considered calibration problem.

2 Introduction

Traditionally the calibration of an IMU has been done using a mechanical platform that turns
the IMU into several precisely controlled orientations. At each orientation, the outputs of the
accelerometer cluster and the gyroscope cluster are observed and compared with pre-
calculated gravity force vector and rotational velocities, respectively. However, many times
the cost of a mechanical calibration platform exceeds the cost of developing a low-cost IMU.
Therefore, different calibration methods have been proposed that do not require a
mechanical platform. Most of these calibration methods utilize the fact that for an ideal (noise
free) IMU, the norm of the measured output of the accelerometer should be equal to the
magnitude of the gravity force vector. However, using such an assumption, the optimization
of the corresponding criterion function typically leads to a biased estimate of the calibration
parameters.

To avoid this, we solve the system identification problem using maximum likelihood
estimation (MLE) framework. This leads to an unbiased estimator that is asymptotically
minimum variance. Then the performance of the calibration algorithm is compared with the
Cramér-Rao bound. This bound sets the lower limit for the variance of the estimation error for
all unbiased estimators.

3 The Proposed Method

A nine-parameter sensor model of the accelerometer cluster is considered; the three scale
factors, the three misalignment angles, and three biases. To estimate the nine unknown
calibration parameters, the IMU requires to be rotated in different orientations. Each time the
IMU is placed in a new orientation two new unknown rotational angles that need to be
simultaneously estimated together with calibration parameters are introduced. The
uncertainty in the rotational angles which appears in the input force of the system makes our
calibration problem a blind identification problem.
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Assuming that the sensor measurements are disturbed by additive white Gaussian noise, the
observed data has a multivariate Gaussian distribution and the mean vector contains all the
unknown parameters to be estimated. As we are interested to derive an unbiased estimator,
we use the MLE method which is asymptotically unbiased. Finding a closed form one step
solution for maximizing the likelihood function is difficult in this case and we propose to use
an iterative approach. In our method, the unknown parameters are clustered into two groups,
the rotational angles and the calibration parameters. The optimization is done by maximizing
the likelihood function with respect to one group of parameters at a time while keeping the
remaining parameters fixed at their current values.

4 Results

The proposed calibration approach has been evaluated by Monte-Carlo simulations. In the
presented simulation, the IMU was rotated into nine unknown orientations and the
accelerometer noise variance was set to 0.01[m/s?]. In Figure 1, the empirical mean square
errors of the estimated scale-factors are shown along with the corresponding Cramér-Rao
bounds. The simulation results show that the square-root of empirical mean square error
(EMSE) of the estimated parameters converges to the square-root of the Cramér-Rao bound
already after a few numbers of measurements.

Number of measurement

Figure 1: Square-root of the empirical mean square errors of the estimated scale-factors and the
square-root of the Cramér-Rao bounds (CRLB), versus the number of samples at each orientation.

5 Conclusion

An approach for calibrating the accelerometer cluster of the IMUs has been proposed. The
method does not require any expensive mechanical calibration platform. Instead, the
proposed calibration method is based on a maximum likelihood estimator that jointly
estimates the orientations of the IMU and the calibration parameters of interest. The
simulation results show that the EMSE of the sensor parameters estimated using the
proposed calibration method converges to the Cramér-Rao bound after only a few
measurements.
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1 Summary

An estimation procedure for calibration of a low-cost inertial measurement unit (IMU), using a
rigidly mounted monocular camera, is presented. The parameters of a sensor model that
captures misalignments, scale and offset errors are estimated jointly with the IMU-camera
coordinate transformation parameters using a recursive Sigma-Point Kalman Filter. The
method requires only a simple visual calibration pattern and moreover provides figures of
merit of the estimates. A simulation study indicates the filter's ability to reach subcentimeter
and subdegree accuracy.

2 Introduction

Developments in micro-electro-mechanical systems (MEMS) have enabled the use of low-
cost inertial measurement units in applications ranging from navigation to augmented reality.
Many of these are highly dependent on the accuracy of the inertial sensors, hence the need
for calibration. Cost factors motivate calibration procedures that do not require mechanical
platforms and rotation tables. The proposed method uses a monocular camera, which is
inexpensive and can be rigidly mounted to a 6 DOF IMU with relative ease, along with a
simple visual calibration pattern. This amounts to a joint sensor model and IMU-camera
parameter estimation problem where the latter parameters are in themselves useful for
applications that fuse visual and inertial information [1,2].

3 Sensor model

An inertial sensor that provides a digitized measurement of specific force or angular velocity
is subject to errors that arise from unmodeled nonlinearities, manufacturing imperfections,
guantization noise, etc. Ideally a cluster of three accelerometer sensitivity axes should be
mutually orthogonal and their outputs of equal scale. Similarly, the cluster of gyroscopes
should be orthogonal and placed in relation to the accelerometer cluster. We let an affine
mapping between the sensor output and the sought physical quantity capture misalignments;
scale errors; offset error; and random noise arising from quantization [3].
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4 Estimation framework

The estimation framework exploits the inertial navigation system (INS) equations in a
feedback approach to estimate the IMU sensor model parameters as well as the
transformation parameters between the inertial and camera coordinate frames. A simple
calibration pattern, normally used to calibrate the internal camera parameters, is placed on a
horizontal plane perpendicular to the gravitational field. The observed feature points of the
pattern are pixel measurements on the image plane, fed into a recursive Sigma-Point
Kalman Filter that estimates the sought parameters. The diagonal elements of the square
root error covariance matrix provide figures of merit of the estimates.

5 Results and conclusions

An evaluation of the proposed estimation procedure was performed by means of Monte
Carlo simulations [4]: A trajectory of an IMU, with a rigidly mounted monocular camera, was
generated moving above and facing a 12x12 cm calibration pattern which consisted of an
array of 4x4 feature points. These were projected using a pinhole camera model and subject
to measurement noise with a standard deviation of 2 pixels.

The IMU-camera transformation parameters were estimated to subdegree and subcentimeter
accuracy. The misalignments of the accelerometer and gyroscope clusters were estimated to
subdegree precision, and the scale factors differed by at most 0.1 percentage points. The
accuracy, quality and rate of convergence of the estimates are dependent on exciting
sufficient motion of the system. The results suggest an inexpensive procedure for calibrating
low-cost IMUs without the need for mechanical platforms.
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1 Summary

In this paper, we describe the development and analyze the performance of a low-cost
attitude and heading reference system (AHRS) realized through micro electrical mechanical
system (MEMS) inertial sensors and magnetometers. Due to the poor performance of low-
cost MEMS gyros and accelerometers, we aid a traditional inertial measurement unit (IMU)
with low-cost distributed accelerometers. By doing so, we get two achievements: the first is
an improvement in the angular rate knowledge because of the angular information computed
from distributed accelerometers. The second improvement is in the acceleration knowledge
as a result of the redundancy of accelerometers. Two cascaded filters will be used to
estimate the attitude. The first filter fuses the angular information coming from the distributed
accelerometers and the gyros and returns the angular rate. The second filter fuses the
angular rate, specific force and magnetometer measurements and returns the estimated
elements of the direction cosine matrix (DCM). Simulation results and real time experiments
will be used to verify the efficiency of our approach.

2 Structure of AHRS and traditional IMU

The AHRS is a device that provides attitude and heading information for many applications.
Nowadays, we have a wide range of applications that require knowledge of attitude
information such as navigation, aerospace and robotics. The advantage of inertial navigation
systems (INS) over other navigation systems is that they are self-contained and hence do not
require any interaction with the external environment in order to operate. An IMU consists of
three mutually orthogonal accelerometers and gyroscopes. For the static case, a set of low-
cost accelerometer triad can provide the accurate tilt angles (roll and pitch) while the
remaining heading angle can be found using a magnetometer triad. Tilt angles are found by
measuring the projection of the local gravity vector, which should be exactly known, on the
body frame axis using three mounted accelerometers. For the dynamic case, the angular
rates from the gyros are integrated over time to update attitude. Since magnetometer and
accelerometers allow for direct measurement of the attitude, Kalman filtering methods can be
used to correct the accumulating errors due to the integration of gyros’ outputs.

3 Angular information from distributed accelerometer triads

Generally, accelerometers are less costly, less weight and less power consuming than
comparable gyros which have typically the disadvantage of complicated manufacturing
techniques, high cost, high power consumption, large weight, large volume, and limited
dynamic range. Hence, research efforts are conducted on the use of accelerometers in order
to infer the angular motion. Using certain configurations that consist of twelve separate
mono-axial accelerometers produces an angular information vector (AlV) that consists of a
3D angular acceleration vector and six quadratic terms of angular velocities [1]. Distributed
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accelerometers can be used to form a gyro free inertial measurement unit (GF-IMU) or they
can be aided by low-cost gyros. Gyro’s aid might be needed to solve the sign indeterminacy
problem resulting from having the quadratic terms of angular velocity in the AIV. In our
design, we aid a standard IMU with three distributed accelerometers triads besides the
magnetometer triad aid as shown in Figure 1.

Magnetometer Triad

Gyro Triad
8 C

A: Central Accelerometer Triad
B, C, D: Distributed Accelerometer Triads

Fig.1 Inertial measurement unit aided by distributed accelerometers and magnetometers

4 DCM based attitude estimation algorithm

The purpose of the attitude filter is to estimate the attitude through optimal fusion of angular
rate, specific force and magnetometer measurements. There are three common attitude
representations that can be used for the fusion filter implementation, namely Euler angles,
guaternion and DCM. We developed a novel DCM based attitude estimation algorithm to
estimate DCM elements. To minimize the computational effort, we estimate only six elements
of the DCM and the remaining three elements are determined by DCM orthogonalization.
The advantage of using a DCM based model is having a linear process model for the DCM
update and a linear measurement model for accelerometers and magnetometers
measurements and hence avoiding linearization errors and reducing computations.

5 Evaluation of the performance

We analyzed the improvement in the IMU performance through simulations and experiments.
For experimental evaluation, we mounted two IMUs of on a platform: one has an accurate
output and the other is our developed unit. The accurate IMU serves as a reference for
performance assessment of our developed IMU. The benefits of the aid using distributed
accelerometers and the fusion utilizing the DCM based attitude algorithm were evident.

6 Conclusion

A reliable attitude is achieved by the use of a standard IMU aided by distributed
accelerometers and magnetometers and fused with a novel DCM based attitude estimation
algorithm.
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1 Abstract

In this paper we report the results of a validation study of a 6DOF tracking system combining
Ultra-Wideband measurements with low-cost MEMS inertial measurements. The tightly
coupled system estimates position as well as orientation of the sensor unit. The comparison
with the results from an optical system show robust and continuous tracking in a realistic
indoor positioning scenario.

2 Introduction

Commercially available Ultra-Wideband (UWB) systems typically consist of a network of
synchronized UWB receivers which track a large number of small, battery powered and
inexpensive UWB transmitters. Reported indoor position accuracies lie in the order of
decimetres, but suffer from multipath effects and non-line-of-sight (NLOS) conditions. These
effects are most prominent while tracking moving objects or persons and give rise to
distorted and bumpy trajectories. Although the obtained performance is often sufficient for
the aforementioned applications, many potential application areas have higher performance
requirements.

To improve the tracking performance (especially the positioning accuracy) we propose to
combine UWB with a low-cost micro electro mechanical system (MEMS) inertial
measurement unit (IMU) consisting of a 3D rate gyroscope and a 3D accelerometer. The
main justification for adding an IMU — providing accurate position tracking for short periods
of time, but drift prone for longer timescales — is to obtain a robust system, capable of
detecting and rejecting multipath effects and NLOS situations. Additional benefits of adding
an IMU include improved tracking results, especially for dynamic quantities like velocity, and
that the orientation becomes observable as well. This results in a system providing a 6
degrees of freedom (DOF) general purpose tracking solution for indoor applications.

In our previous work® we reported a full 6DOF tracker estimating both position and
orientation based on tightly coupled fusion of UWB and inertial sensors. In this paper we
present the results of a comparison with an optical system.

3 Results

The UWB/IMU tracking system setup has been used in a room of 8 x 8 x 3 m in size, in
which also an optical tracking system (Vicon) is present. The UWB setup consisted of a total
of 10 receivers; 5 are placed on the floor and 5 are mounted to the ceiling. The inertial
sensor with integrated UWB transmitter has been equipped with an optical cluster. Hence the

1J.D. Hol, F. Dijkstra, H. Luinge, and T. B. Schon. Tightly coupled UWB/IMU pose estimation. In Proceedings of
IEEE International Conference on Ultra-Wideband, pages 688-692, Vancouver, Canada, Sept. 2009
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estimated position and orientation trajectories can (after time synchronization and alignment)

be compared to those of the optical system.

Figure 1 shows the tracking results for a 60 s trial where the sensor has been moved through
the (limited) optical tracking volume at moderate speeds. It shows that the two systems
agree very well, with a RMSE of 0.6 degrees in orientation and 5 cm in position.
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Figure 1: Position and orientation trajectories from UWB/IMU and

4 Conclusions

In this paper a 6DOF tracking algorithm estimating both position and orientation based on
tightly coupled fusion of UWB and inertial sensors is compared against an optical system.
Experiments show that a robust and accurate system is obtained.
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1 Summary

In this work we present an evaluation of the performance of a range-based hybrid localization
algorithm based on the Received Signal Strength Indicator (RSSI) and inertial data applied in
a real world WSN. As can be found in literature, RSSI-based localization algorithms exhibit
low accuracy due to the variability of the radio signal. Adding inertial information, such as
accelerations values obtained by an Inertial Measurement Unit (IMU), in combination with an
implementation of a dedicated data-fusion algorithm, it can provide a higher level of accuracy.
In order to evaluate the accuracy gain, we compared the results obtained in the field using
only RSSI data against the values provided with a hybrid localization system in the same
environment.

2 Localization Algorithm

Many techniques might be used for the estimation of the position of an unknown target node
in a WSN, such as a Global Positioning System, a laser, infrared or acoustic waves, but all
these methods are not energy efficient due the need of external hardware [1]. To overcome
this limitation, the RSSI index — that can be read without any external hardware — is often
used to estimate the distance between the target and the references, followed by a
computation of the position of the target with appropriate algorithms [2]. Some of the well
known algorithms are based on geometric considerations, such as Multilateration or Min-
Max, while others rely on statistical considerations such as the Maximum Likelihood method.
Due to the small computational power of WSNs nodes, we decided to use the Min-Max
algorithm for our tests.

On the other hand, inertial data have been used to estimate the position of a target node
starting from the acceleration value obtained by the accelerometers, and performing a double
numerical integration. Unfortunately, such readings are affected by noise — and by the double
integration, the error grows quadratically over time. To bound this error, the integration is
usually calculated over small amount of time only. The position provided by the IMU is then
fused with the position from the RSSI estimation by an appropriate filter that is able to keep
track of the past positions measured by the target node for the estimation of the subsequent
position. In order to perform the data fusion we implemented a simple, steady state Kalman
filter [3], where the position estimated by RSSI measurements is used to correct the position
that is computed with those obtained by the IMU. Due to the low amount of energy
disposable in a sensor node, we decided to use a MEMS IMU that is low power demanding,
small, cheap and sufficiently accurate for this purpose.

3 Experimental Results

The nodes of the WSN deployed for our tests are based on the Arduino Diecimila
development board, the Digi's XBee IEEE 802.15.4 compliant transceiver; the IMU uses the
ADXL330 triaxial MEMS accelerometer. The WSN has been deployed in an indoor scenario,
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where 6 anchor nodes with known positions and a target node with unknown position have
been placed. The target node has been moved on a straight line in the middle of the room
and the performances of the implemented algorithm have been evaluated in 8, fixed
positions along the target path.

First, we tried to perform localization in our environment using only RSSI information: to
perform channel characterization, we acquired many RSSI values in specific positions and
discarded outlier values larger than three times the standard deviation from the dataset in
order to improve the accuracy of the estimation. In this case we found that the target position
was estimated with accuracy values that may be acceptable only for non-critical applications
such as people localization at the room level in a museum. In fact, the mean error was
around 2 m.

Then, we performed localization using both RSSI and inertial information, implementing a
dedicated Kalman filter in order to perform data fusion and obtain estimations of the target
position that take into account the data coming from both sensors. This way, we obtained an
effective improvement in the localization of the target position, with up to 0.4 m estimation
accuracy. The results of the performed localization are shown in Table 1.

Table 1: MSE of the two compared localization algorithms.

Real Position RSSI localization MSE Hybrid localization MSE
(x,y) [m] (x,y) [m] RSSI Localization (x,y)[m] Hybrid Localization

[m?] [m’]
1.35,0 0.12, 1.54 3.88 1.27,1.38 1.91
1.35,1 0.32,0.47 1.34 1.65, 1.53 0.37
1.35, 2 0.11, 1.16 2.24 1.24,2.41 0.18
1.35,3 0.98, 3.92 0.98 1.32,3.62 0.39
1.35,4 0.02,1.2 9.61 1.48, 3.92 0.02
1.35,5 2.25, 3.54 2.94 1.54,4.28 0.55
1.35,6 1.01, 4.47 1.70 1.36, 4.92 1.17
1.35,7 0.98, 4.47 6.69 1.27,6.01 0.99
Average MSE 3.67 0.70
Value

4  Conclusions and Outlook

In this work, we presented a comparison of the performances of two possible localization
methods that can be used in wireless sensor networks to find the unknown position of a
target node. In particular we have shown the performances of an RSSI-based localization
algorithm, and then we added a simple MEMS IMU to the target node performing data-fusion
with the two sources through a dedicated steady state Kalman filter.
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1 Summary

In this paper we will describe a data collection methodology and reference data set that can
be used by the indoor navigation community to verify and improve algorithms based on foot
mounted inertial sensors. The data set is collected using a high precision optical reference
system that is traditionally used in the film industry for human motion capturing or in
specialist applications such as analysis of human motion in sports and medical rehabilitation.
The data provides synchronous 6 degrees of freedom inertial measurement sensor readings
from a foot mounted MEMS sensor array as well as the high resolution data from the optical
tracking system providing location and orientation ground truth. We will also provide the
results of algorithms that identify the rest phase during the human gait cycle which is an
essential part of pedestrian dead reckoning systems for positioning.

2 Motivation and Description of the Data Collection Process

Recent years have seen many advances in pedestrian localisation in GPS denied
environments [1-4]. In particular, work has focussed on the sensor fusion approach drawing
on sensor data such as inertial sensor data (IMUs), barometers, and magnetometers in
conjunction with non linear estimation techniques such as particle filtering. An important
building block is so-called human odometry or dead reckoning which tries to estimate the
individual steps of a pedestrian while he or she is walking in the environment. Estimates of
the steps which are obtained in a relative coordinate system are then combined with other
sensor data such as wireless positioning or information such as the building floor plans [2-4].
Foxlin pioneered the use of a Kalman filter and Zero Velocity Updates (ZUPTSs) to estimate
the step vector from step to step with a very high degree of accuracy, especially in the
distance travelled [1, 5]. Critical is the correct identification of the rest phase of the foot from
the IMU raw data (accelerometers and giros). During a ZUPT the integration of the inertial
navigation system (INS) is reset and the Kalman filter operating in the INS error domain can
estimate some of the IMU error states, significantly reducing the error build up over time.

However, practical experience has shown that the ZUPT is dependent on circumstances
such as the composition of the floor material (e.g. soft carpets vs. hard surfaces), the shoes
worn by the pedestrian, as well as the kind of motion (e.g. walking, running, unusual
movement). Furthermore, it is difficult to verify the performance of human odometry at the
macro scale where one compares the ground truth of the user’s location with perhaps 0.5 m
accuracy against the algorithm output. This is compounded by the fact that the sensors are
not necessarily co-located on the user’s body. To address this we propose to use an optical
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reference system that can provide extremely high accuracy reference information about the
position and orientation of the actual sensor array.

Our measurement setup consists of eight infrared (IR) cameras and IR strobe lamps that
provide a full and redundant coverage of a volume of space (room sized) within which the
experiments are conducted. The user equipment (i.e. the foot mounted IMU) is tracked with
the aid of a number of firmly attached small IR reflectors. The measurement computer
processes the camera signals and provides highly accurate measurements of the marked
user equipment in terms of its location and orientation at a rate of about 200 Hz.

3 Experimental Scenarios

The resulting reference data is very simple to describe and to use. It consists of time-
stamped ground truth data as well as the readings from the IMU and the co-located 3 axis
magnetometer. A video will accompany each data set. To provide a rich data set we will
document human steps under different conditions:

1. Different floor surfaces such as firm and soft carpets and hard floors.

2. Different shoes worn by different peoples from different age groups and of different
gender.

3. A variety of walking modes, such as slow and fast walking, turns, walking backwards,
running, and transitions.

We believe that reference data on short segments of motion that are possible within a room
are sufficient to evaluate different algorithms, because the ground truth is so accurate. In this
way researchers can concentrate on how their algorithms detect individual phase of the
human stride as well as the errors that occur during INS processing. For some of the data
sets we will also provide evaluations of our own simple ZUPT algorithms and Kalman filter
position estimates for comparison purposes.

The resulting data set and our evaluations will be available for free download.
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1 Summary

An experimental study of the performance of four different zero-velocity detectors for a foot-
mounted inertial sensor based pedestrian navigation system is presented. The four detectors
in the study are the (i) acceleration moving variance detector, (ii) the acceleration magnitude
detector, (iii) the angular rate energy detector, and (iv) a generalized likelihood ratio detector.
The performance of each detector is assessed by the accuracy of the position solution
provided by the navigation system employing the detector to perform zero-velocity updates.
The results show that for leveled ground, forward gait, at a speed of 5 km/h, all detectors
yields the same position accuracy. Moreover, the results also show that for the generalized
likelihood ratio detector the threshold that yield the highest position accuracy, and the
position accuracy at this threshold, is independent of the data window size of the detector.

2 Introduction

Pedestrian indoor navigation systems constructed around foot-mounted inertial
measurement units have shown promising results; refer to e.g. [1]. These navigation systems
are commonly implemented as a zero-velocity update aided inertial navigation system and
use the fact that the foot on a regular base is stationary during ordinary gait to reduce the
position error growth of the system. The use of zero-velocity updates requires identification of
the time epochs when the inertial measurement unit is stationary. Thus, a range of detectors
that from the output of the accelerometers or gyroscopes tries to detect when the inertial
measurement unit is stationary have been proposed in the literature, see e.g. [2]. However,
the proposed detectors are generally derived in an ad-hoc manner and the literature lacks a
study on their characteristics and performance. Therefore, in [3] the zero-velocity detection
problem was formalized as a hypothesis-testing problem and analyzed by applying results
from statistical detection theory. It was shown that the acceleration moving variance (MV),
the acceleration magnitude (MAG), and the angular rate energy (ARE) detectors are all
special cases of a more general detector. Further, a novel generalized likelihood ratio test
(GLRT) for the zero-velocity detection problem was proposed.

3 Problem Formulation

In this study, we extend the work in [3] by seeking the answer to the following two questions.
First, how does the choice of detector affect the accuracy of the position solution provided by
navigation system? Secondly, how does the accuracy of the position solution depend on
detector parameters such as the data window size and the detection threshold?

Several parameters affect the performance of a foot-mounted zero-velocity aided inertial
navigation system. Since we are interested in quantifying the contribution of the choice of
zero-velocity detector and the detector parameters to the position error of the navigation
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system, all other system parameters are first tuned using an external reference zero-velocity
detector; the reference detector is constructed around three switches mounted beneath the
user’'s shoe. Then, given the system parameters that yield the smallest position error in the
system with the external zero-velocity detector, we evaluate the performance of the system
when employing the MV, MAG, ARE, and GLRT detector.

4 Preliminary Results and Conclusions

Table 14: Minimum empirical RMS

RMS position error versus the threshold of the GLRT detector
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Figure 1: The accuracy of the position estimate versus the
threshold of the GLRT detector.

Table 1 shows the minimum (with respect to the parameters of the detectors) empirical root
mean square (RMS) position errors after 80 m of levelled ground, forward gait at a speed of
5 km/h, obtained with the considered detectors. From the numbers in Table 1, it is clear that
for levelled ground, forward gait, at a speed of 5 km/h, all detectors yields approximately the
same position accuracy. Fig. 1 shows the empirical RMS position error as a function of the
threshold of the GLRT detector. From Fig. 1, we can read out three facts. First, the detection
threshold that yields the smallest position error is independent of the window size. Second, at
that threshold the performance of the detector is independent of the window size. Third, for
all other thresholds the position error increases as the window size of the detector increases.

To summarize, for forward gait at a speed of 5 km/h, the results shows that all four detectors
gives the same position accuracy — although they utilize different sensor information. Further,
for the GLRT detector the threshold that yields the highest position accuracy, and the
position accuracy at this detection threshold, is independent of the window size of the
detector. The results are believed to important for robust design of detectors, because of the
shown trade-off between design parameters and performance as shown in Fig 1.
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1 Summary

The growing market of mobile phones equipped with accelerometers leads to new
opportunities for personal navigation solutions. In this work we investigate current step length
estimation algorithms regarding their performance using measurement data of handheld
devices. The requirements for step length estimation with handheld devices differ from
regular approaches which are usually based on known sensor poses. We compare
mathematically four step length estimators and evaluate them with real data. The goal is to
characterize the estimators and to determine which offers the best performance at different
walking speeds and for all sensor poses.

2 Compared Algorithms

The chosen step length estimators range from well known mechanisations like the inverse
pendulum estimator, which relies on the sensor position and mounting, to more modern
estimators which are optimized for handheld devices.

Table 2: Comparison of investigated step length estimation algorithms

Step Length Estimator Motion-Model Specific Characteristics

Kneeless biped Designed for hip mounted
sensors; Defined sensor

orientation needed

S = K+v2lh — h?

Sensor could be placed in
trouser pocket; Rough

Empirical relationship
between step frequency,

k

| N
S — 0127 2mimyl®l :
\fl \/,ﬁf.'ﬂ;-r:uj'.fﬁff

mean norm of acceleration
vector and step length

guess of sensor orientation
needed

Empirical relationship
between mean norm of
vertical acceleration and

Designed for foot mounted
sensors; Defined sensor
orientation needed

step length

The estimators can be separated into two groups. One group is based on the underlying
biomechanical model of the kneeless biped. This approach relies on accurate acceleration
measurements and prior knowledge, e.g. length of leg. The other group is based on empirical
relations between frequency, acceleration pattern and step length. Every estimator has the
ability to be calibrated to the individual gait of the user by choosing an appropriate correction
parameter. Depending on the estimator this affects the result in a linear or nonlinear way.
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3 Comparison Methods

The algorithms were compared in two ways: First, a theoretical view of the error propagation
and the theoretical achievable accuracy is presented. Second, the performance of the
algorithms using real measurement data was evaluated. The measurements were taken from
a group of six adult men and six adult women in the age of 21-32 years. Each of them
walked a distance of 212 m at three different walking speeds: slow, normal and fast. We
gathered measurement data at the center of mass (COM), on the feet and at the hand. Main
aspects in our comparison are usability of the algorithms considering different sensor poses,
their performance at all three walking speeds and robustness against misguessed correction
parameters. Figure 1 shows measured accelerations of four accelerometers during four
steps. While the accelerations measured at the hip still show a typical walking pattern, the
signal at the hand is heavy damped and distorted due to the multistage spring-mass-
dampener-system between hip and hand.
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Figure 15: Measured accelerations during four steps; sensors mounted at left foot, right foot,
hip and carried in hand

4 Conclusions and Outlook

In this article different step length estimators from current literature were compared and
evaluated for the use with handheld devices. The propagation of errors and the accuracy
were theoretically investigated and confronted with real measurement results. Due to the
distortion of the signal at the handheld position it is necessary to use more complex
biomechanical models or to exploit empirical relations between measurements and step
lengths.
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1 Summary

This paper proposes an improved shoe-mounted inertial navigation system for pedestrian
tracking. The improvements consist of a fuzzy logic (FL) procedure for better foot stance
phase detection and an indirect Kalman filter (IKF) for drift correction based on the typical
zero-updating (ZUPT) measurement and our proposed angular updating (AUPT) pseudo-
measurement. We illustrate our findings using a real time implementation of the proposed
approach.

2 Angular Updating (AUPT) pseudo-measurement

Typically, shoe-mounted inertial navigation systems estimate and correct drift errors in
position, velocity and orientation via an assisted zero-velocity updating indirect Kalman filter
(IKF). The procedure consists in detecting the foot stance phase in order to build a zero-
velocity-based pseudo-measurement which is delivered to the IKF to estimate drift errors
[1,2]. Following this idea, and since the inertial measurement unit (IMU) is rigidly attached to
the shoe in a known space configuration (see [1]), we propose to built an attitude pseudo-
measurement at the foot stance phase. In what follows the symbols used are consistent with
those of [1]. Thus, let suppose that the attitude’s pseudo-measurement model may be written
as

Yo =O+ng (1)

where O = [¢ 2 1//]T is the vector containing the true IMU’s roll ¢, pitch § and yaw y and
nNe~N(0,Q,) with Q, =diag(c;,0;,0,). Since in this paper the attitude is represented as

a unit quaternion we must establish a quaternion pseudo-measurement instead. Hence,
using eg. (1) and the equations relating ® to unit quaternions i.e. non-linear equations of the
form q=f(®) , we can write after a Taylor series expansion and some algebraic

manipulations the quaternion pseudo-measurement y, as

Yo =L@ +I@)n, (2)

where ﬁ is the IMU’s attitude computed by the strapdown inertial computer, &j is the error
quaternion, J(®) is the Jacobian of /6® and L(-) is an operator letting to express a
quaternion product into a matrix product. Finally, using the error quaternion definition
& =L@) g andédz[l &J]T, where { is the true IMU’s attitude, we may write the IKF
AUPT measurement model as

Zgy = +W, (3) where Wy~N(O,Ry,)
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with Ry, =H,L(@) " J(©)Q,J(®)"L(G) "Hy and H,=[0 1,,]. In practice, we can use a

consistent estimate of ® computed from the IMU’s acceleration measurements at the foot
stance phase during the initialization procedure. This allows us to compute roll and pitch only.
Yaw may be considered to be that one computed by the strapdown inertial computer.

3 Fuzzy logic (FL) step detector

As stated in pedestrian navigation literature the accurate detection of the walking motion’s
stance phase is crucial since it indicates the IKF the right time to apply ZUPTs and AUPTSs to
estimate and correct drift errors. Therefore, in order to detect the stance phase we propose
to use a fuzzy logic-based procedure whose membership function is defined as

My :1—minqya|/sa ,l), where |ya| (‘yg‘) represents the vector norm for the IMU’s
acceleration (rotation speed) measurement and s, (S, ) is the associated stance phase
threshold. To account for both grades of membership ( 4, and u, ) we take

pg =min(,, 4,), and finally we decide if x, <s;, where s is the stance threshold, that

the foot is moving. See figure 1.

4 Experimental results and comments

A real time application of the shoe-mounted inertial navigation system was developed in C++.
It consists of a strapdow inertial computer, the FL step detector and an assisted AUPT -
ZUPT Indirect Kalman filter. Several experiments were carried out; two of them are shown in
figures 2 and 3 for two different walking scenarios composed of straight line walks, turns and
down stairs. The system exhibits an improved accuracy for short term navigation using the
IMU’s acceleration and rotation speed only. Moreover, the system can be further improved
using additional sensors and/or using maps.

Figure 1: Step detector Figure 2: Scenario 1 Figure 3: Scenario 2
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1 Summary

Body-mounted inertial systems for indoor positioning and pedestrian guidance have some
major advantages against other technologies. They do not require any preinstalled facilities,
i.e. they can run completely autonomous and all the necessary components are standard
equipment of a modern smart phone. The quick availability and autonomy is a special
advantage in fields of application such as first responders and military, while the integration
of all system components in an everyday life gadget makes it especially attractive for the
consumer market. But in both cases there is a severe problem to solve: The positioning
accuracy is very weak, if only a simple double integration of the accelerations is performed.
In the following two context-adaptive algorithms to improve indoor positioning with inertial
sensors are presented and the achieved results are discussed. The first algorithm enhances
the detection of zero-velocity updates; the other method improves positioning by map
matching.

2 Introduction

The Institute for Building Informatics at Graz University of Technology concentrates its
research efforts on answering safety questions in case of extraordinary situations, mainly on
the management of disasters in urban environments. The framework project CADMS
(Computer Aided Disaster Management System) covers several research projects; the most
ambitious being the IPS (Indoor Positioning System) project. The developed application
allows for the self-contained positioning of rescue teams within buildings and underground
structures, as well as their tracking by a command centre. Some components of the system
have also been implemented on smart phones to be used for pedestrian navigation.

Various inertial sensor systems have been tested. It has been shown by these tests that
during a longer period of tracking the accuracy is unsatisfactory due to various reasons
(disturbed terrestrial magnetic field, drift, noise, etc). It is necessary to correct the deviances
from the true position either constantly or periodically. Bearing this in mind, a couple of new
context-sensitive algorithms have been designed to recognise the movement patterns and to
improve the positioning by an automatic interaction of the inertial sensor with a building
model.

3 Enhanced zero-velocity updates

As it is well known, the best, drift-free results are achieved when the integration period for the
accelerations and velocities is short (1 — 3 seconds) and the velocity regularly becomes zero
to allow for a periodic velocity reset. One can achieve these short breaks e.g. when the
sensor is mounted on the user’s foot. During the foot strike, the speed should be close to
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zero for a short time. It is very important to detect this certain moment, but it is difficult,
because it is dependent on the movement type of the person, its velocity, the type of the
ground, the measuring accuracy and where the sensor is mounted. Time (between zero
velocity updates, ZUPT) and velocity dependent algorithms have been developed for foot
mounted sensors, as well as for body mounted systems where ZUPTs are replaced by a drift
control. They will be presented in detail in the full paper and during the conference.

4 Sensor - Building Model Interaction

Though the improvement of the position calculation by better integration algorithms is
considerable it can’t compensate systematic errors, like deviations of the terrestrial magnetic
field, e.g. by electrical installations or steel structures.

For this reason a newly developed building map-sensor interaction has been implemented.
This core element of the IPS continually analyses the plausibility of the position provided by
the sensor algorithms by exploiting the information of the building model. Depending on the
deviation of the derived position, the location presented to the user is adapted and shifted
towards the most likely position. Typical types of inaccuracy include the pedestrian’s route
intersecting a wall or the missing of doors and stair cases. The corrections have to take into
account the current local situation within the building (Fig. 1).
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Results obtained with the context adaptive position correction

The algorithms have been evaluated intensively. Test runs with an overall travelled distance
of more than 6 km have been carried out. This involved buildings with various construction
styles and occupancies, numerous test persons and different test equipment and ways of
moving (walking, running, crawling, ascending stairs, etc.). The statistical evaluation yields
an accuracy of 1 — 2 metres for over 95 % of the covered path inside the buildings. This
complies with the demands for indoor navigation in the field of application for first responders.

5 Conclusions and Outlook

The development of CADMS has been supported by civil first responder organisations, the
Swiss and Austrian Armies and well-known companies from the security industry. The
practical implementation in some of these organisations is planned at the end of 2010.
Meanwhile research is going on, especially in the field of user interfaces for such a system
and in the wireless networking of a greater number of systems during the deployment.
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1 Summary

In this paper an Indoor Navigation System with map-matching capabilities in real-time on a
smart phone is presented. The basis of the system is an in-house developed Integrated
Pedestrian Navigation System, based on 2 low-cost IMUs, an electronic compass and an
altimeter with a slightly drifting navigation solution. Combining this system with an additional
laser ranger and SLAM algorithms, we are able to build accurate maps from office buildings
for already visited rooms in post processing.

This paper presents a map matching algorithm based on a new reduced particle filter in order
to use these maps later for real-time applications without an expensive laser ranger but
relying only on the dual inertial system.. It can be used with both, pre-processed SLAM maps
or with already available maps. Finally to smooth the resulting trajectory after particle filtering
we propose the use of a new “balanced bubble band smoother” allowing the trajectory to
optimally match to both, map and recorded IMU data. This new approach makes it possible
to do map matching online on a smart phone.

2 Motivation

Localization and navigation in indoor environments is a core issue for fire fighters, police task
forces and first responders but also for the blind. In general it is necessary to provide
navigation without any knowledge of the building when the emergency responders get in;
knowledge of the building is often not available. But if a building plan is available, it is helpful
to make use of the building information. Also a map that is created with laser or vision
sensors and provided via internet could be used from another user in the same scenario. In
any of the applications, aiding with maps would be desirable where available. In combination
with an inertial based pedestrian navigation system, this will increase localization
performance, navigation robustness and long-term stability. To make this system operable
for mobile operators, it should be running on a small hand held device.

3 Dual IMU System

The sensor basis for the approach is an in-house developed Dual IMU System, which takes
advantage of Zero Velocity Updates from the foot mounted IMU and records the dynamics
from a second, torso mounted IMU, normally combined with a laser or a camera sensor. Due
to the Dual IMU concept, a tight coupled data fusion is possible. This allows constructing
building maps based on laser sensor data and determined by SLAM algorithms. During the
application the laser or vision aiding sensors may temporarily not be available. We
nevertheless we require the calculated position is within the previously estimated map
without using vision or laser sensors but based on inertial sensors only.
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4 Map matching on a Smart Phone

Processing the building information to solve the multi-modal problem of map-matching
requires high computational effort. Therefore, particle filters are used that on the other hand
cause high computational burden due to a drifting navigation solution. However, a portable
system on a smart phone has not enough computational power to solve the problem with
standard map matching algorithms based on patrticle filters.

5 Particle filter & Balanced Bubble Band Smoother

Therefore we propose a simplified map-matching particle filter which is running on a Linux
based phone using the compass aided navigation solution of the dual IMU system. With our
approach, it is possible to match the slightly drifting Dual IMU based solution to a known map.
On the left side of Figure 1, three clusters of particles represent 3 possible areas where the
user can be after having walked about 15 meters. After continuing on a unique path, the
position algorithm will converge and the actual position of the user can be estimated without
knowledge of his starting point, see Figure 1.

Figure 1: Left: Position probability distribution after 15 m walk. Right: Inertial drifting solution (green)
and the PF result (blue). The starting point also was found automatically.

This provides a long-term stable drift-less estimation of the walked path, which can be
calculated and shown on the smart phone display. In addition, it can also be used for
guidance. Figure 2 shows results in detail from a particle filter solution with artefacts from the
nonlinear filtering. For further smoothing of this result, we propose the use of a new
“balanced bubble band algorithm” which uses the smoothing force of a bubble band but also
holds the “balance” with the IMU solution to optimal match both, map and IMU data without
contracting loops as visualized in a more difficult scenario in Figure 2:

Figure 2: More difficult scenario. Particle filter results
with many artefacts in detail after processing (blue)
and “balanced bubble band smoothing”: see iterations
(yellow) and the final balanced solution (red). The
bubble band does not contract the loop due to the
balance with estimated inertial IMU trajectory

6 Conclusions and Outlook

This paper shows that a standard patrticle filter based map-matching algorithm can be
adapted and simplified in order to be applicable on a smart phone. Online calculated results
prove the efficiency of our approach. In the future we want to extend this approach for multi-
floor building plans, which requires handling staircase walks.
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1 Summary

Inertial navigation systems (INSs) placed on the foot of the carrier together with a zero-
velocity detector providing so-called zero-velocity-updates (ZUPTS) is a promising technique
for infrastructure free, pedestrian indoor navigation. The ZUPTs aid the INS to limit its error
growth; without the ZUPTs the errors growth is such that the system becomes useless after
only a few seconds. When implementing the ZUPT-aided INS numerous design choices
have to be made and multiple parameters tuned. This together with the high dynamic and
frequency component ranges of the motion of the foot makes the system hard to optimize.

In this study, we look at what design choices and tuning parameters of a ZUPT-aided INS
there are. A heuristic approach to handling the large number of design choices and
parameters is suggested. Based on analysis and experimental data we argue how the design
choice should be made and the parameters set. The parameter settings are in clear contrast
to many of the one found in the literature. Correct settings are shown to give a significant
performance gain.

2 Introduction

A popular sensor type for indoor pedestrian navigation is micro-electro-mechanical system
(MEMS) inertial measurement units (IMUs), which together with navigation equations make
up an INS. Unfortunately, due to its integrative nature, a standalone INS based on a MEMS
IMU can only be used during a few seconds before the position errors is in the order of
several meters. Hence, additional information about the systems motion is needed to limit the
error growth of the INS. Such additional information can be acquired from additional sensors
or from models of the motion and the environment. Building an accurate and general model
for the full motion of a person on foot is difficult. However, placing the IMU on the foot let us
use a simple but general model of the motion; the foot is either stationary or in motion.
Various detectors working on the inertial measurements can then be used to determine when
the system is stationary. Via standard techniques of aided INS, these ZUPTs together with
an extended Kalman filter (EKF) can be used to estimate the errors in the navigation solution
of the INS. The estimated errors are then used to correct the navigation solution of the INS
and limit the error growth rate of the system. A large number of recent publications of such
systems exist in the literature; refer to e.g. [1] [2].

In the construction of a ZUPT-aided INS there are many design choices to be made and
parameters to tune. Changing between design choices is typically too laborious and the
parameters are too many for it to be feasible to make a global search for the optimal design
choice and parameter values. Moreover, the optimal design choice and parameter values will
depend on the conditions under which the system is intended to work.
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3 Contribution

In this paper, we look at what the design choices and tuning parameters of a ZUPT-aided
INS are and suggest a way of dividing them into subsets. We then look closer at two out of
three subsets, hamely (1) the design choices connected to hardware setup, e.g., sensor
placement and sensor specifications and (2) the design choices and calibration parameters
connected to the EKF, e.g., what errors to estimate, how to model the ZUPT, and filter noise
parameters. Hardware design choices are made and motivated, and carried over to a ZUPT-
aid