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1 Introduction
Positioning services are becoming increasingly popular. They are now used in many activities:
on the road or even in the wild, for example using the GPS (Global Positioning Service) which allows people to track their position and monitor their route, or in large hospitals and warehouses,
through commercial solutions allowing to track and find critical resources. However, there are
many places where the GPS signals cannot be exploited: indoors and in urban canyons. In
such places however, there is still a need for localization and tracking, e.g. in large buildings
like airport halls, malls, etc. Today, there is clearly no cheap positioning solution that is also
available indoors and in urban canyons. In addition to cost considerations, the size and energy
consumptions are also important matters. A cheap, small-sized and energy-efficient solution
would be of great interest to the field of wireless sensor networks, for applications like disaster relief, habitat monitoring, animal tracking, farming, forest-fire detection. In such typically
outdoors applications, it would be an excellent substitute for the GPS due to its cost, size and
energy consumptions. The existence of a cheap, small-sized and energy-efficient solution would
also dramatically lower the price of commercial applications like health monitoring or warehouse
management.
Triangulation and trilateration using reference signals are the fundamental methods used in
positioning. A lot of effort has been spent on adapting these solutions to indoors environments
and obtain accurate positioning. For instance, ranging technologies based on synchronized ultrasound and radio signal, and measuring Time Difference of Arrival allow distance estimation
with quite cheap hardware. However, making such a solution accurate with a large coverage requires a lot of reference nodes, and makes the solution very intrusive with a heavy infrastructure
need. New ranging technologies based on Ultra-Wide Band (UWB) have been developed and
allow very accurate distance measurements under line-of-sight conditions using Time of Arrival
(TOA) measurements, which leads to accurate positioning with much fewer reference nodes.
Other technologies based on the measurement of the Angle of Arrival (AOA) have also been
developed, based on antenna arrays and require potentially even fewer nodes when mixed with
TDOA/TOA measurements. However, these solutions are quite intrusive and expensive, because
they require sophisticated hardware: a small measurement error implies a big error on the final
position estimation.
Relaxing the range or angle measurement accuracy has led researchers to open a wide field
for research: can an accurate localization system be based on inaccurate measurements? The
origin of this field of research is multilateration, also used in the GPS, which uses more than
three reference nodes to locate an unknown node. The distances to each reference node are
erroneous, but can be exploited in Maximum Likelihood Estimation, which determines the most
probable position of the unknown node. The use of geometric constraints tied to communication
availability also allows the use of inaccurate distance measurements. The main methods are
then the use of bounding boxes, or more complex shapes (circles, cones) that lead to the use of
Linear Matrix Inequalities (LMI) and the resolution of LMI systems. An even more radical way
to deal with range measurement errors consists in ignoring ranges: the Centroid method simply
uses the average position of the reference nodes within communication range. The Received
Signal Strength (RSS) has also led to considerable efforts as the foundation of an almost natural
multilateration system: because any communicating device can measure the RSS, WLAN access
points are cheap reference nodes, and numerous models allow the use of RSS to estimate the
5
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distance from the transmitting device. However, the natural large variations of the measured
RSS even for two fixed nodes leads to inaccurate range estimations, and in turn to inaccurate
positioning even when sophisticated radio propagation models are used. RSS fingerprinting
can be introduced to compensate for those large variations by setting up databases of RSS at
specific points and extrapolating from them the most probable positions during real-time use.
RSS fingerprinting clearly leads to precise localization, but implies large costs when initializing
the database or reinitializing it, for instance when moving or adding reference nodes. Finally,
researchers have proposed to use just-localized unknown nodes as reference nodes, called settled
nodes, offering their new position estimation to other unknown nodes.
This Ph.D. is an extension of the work in this field, i.e. accurate localization based on inaccurate information. The main difference here is that we have extended the notion of reference and
settled nodes to the notion of peer nodes: we exploit positioning information from every available
source, including other users of the system whose positioning is getting less and less accurate
over time because they are moving. As soon as two nodes are within each other communication
range, they have the opportunity to exchange positioning information. We tolerate inaccuracy in
the exchanged positions as well as in the distance estimation by the use of specific LMI systems:
we do not estimate the exact distance but a maximum distance with a certain level of confidence,
and use circular constraints. Additionally, to improve accuracy we allow the unknown node to
stop so that its real position remains constant. The unknown node then attempt several position estimations over time and refine its position estimation by the combination of the previous
estimations.
The content of the rest of this manuscript is as follows:
• This manuscript begins with a state of the art on positioning (Chapter 2), starting from
GPS and other measurement-based methods for indoors and outdoors situations, and including work on our field of research, i.e. accurate positioning based on inaccurate positioning information. In this chapter we introduce LMI-based and Centroid-based positioning
in particular, and they are extensively used in the next chapters.
• Both LMI and Centroid are then investigated in detail in Chapter 3. This chapter defines
notations used throughout the rest of the manuscript and analyses the performance of both
schemes in terms of localization error over a fixed situation. The performance analysis
includes the variation of fundamental parameters, such as the maximum range and the
number of nodes exchanging information, but also non uniform position distributions and
errors in the exchanged positions. The detailed comparison of the simple Centroid method
and more sophisticated LMI method is the first contribution of this Ph.D.: although a few
paper deal with each method, no paper has compared them. Our comparison also includes
and illustrates a qualitative interpretation of the difference of performance.
• In Chapter 4, we propose a new positioning scheme, LMI+barycenter, based on the linear
combination of successive LMI estimations over a period of time, for a fixed unknown node
and mobile peer nodes. We also define a Centroid+barycenter method for the sake of
comparison. The LMI+barycenter scheme is the main contribution of the Ph.D. and has
very good accuracy: less than one meter error in a large number of situations. After a
review of fundamental parameters (number of nodes, communication range), we extend
the performance analysis with all time-related parameters: peer nodes mobility model and
speed, peer nodes self-positioning error model, including biases and correlation. We also
propose new mobility models in this chapter, better suited for pedestrians than the classical
Random Waypoint model.
• Chapter 5, addresses two pragmatic implementation issues. First, we consider the special
6

case where peer nodes are equipped with cheap INS (Inertial Navigation System) and
can track their position in an autonomous way, with periodic reinitialisation to accurate
position estimations. Second, we investigate the maximum range estimation in the case
of the use of the RSS measured by the unknown radio device. In that case, we adapt
the LMI+barycenter method so that it exploits a dynamic maximum radio range, which
leads to accurate results even under noisy conditions where large variations of the RSS are
observed.
• Chapter 6 gives the conclusions of this work as well as perspectives for future work.

7

2 State of the art
2.1 Introduction
This chapter surveys various current localization systems and existing technologies used for inferring the user’s location. Localization systems can be classified in two basic categories according
to their different application situations, that are outdoors localization system and indoors localization system. In terms of localization technology, there are also two main categories. One
is measurement-based approach which needs some kind of exact physical measurement, such
as time-of-arrival (TOA), time-difference-of-arrival (TDOA), angle-of-arrival (AOA) or receivedsignal-strength (RSS) to obtain exact range or angular information and then use trilateration or
triangulation methods to compute the user’s location. The other approach is the measurementfree approach which is free from the limitation of exact physical measurement and is more suitable
for opportunistic networks where nodes rarely have exact physical measuring devices due to the
consideration of applications, cost and node size.
This chapter reviews localization technologies and systems. Section 2.2 surveys the measurementbased localization approaches: common physical measurement methods of distance and angle are
described (2.2.2); then measurement-based location computation methods like triangulation and
trilateration are surveyed (2.2.3); then several outdoors and indoors localization systems that
exist today are surveyed (2.2.4 and 2.2.5). Section 2.3 discusses several measurement-free localization approaches, including some mathematical methods in subsection 2.3.2 and more general
measurement-free localization systems in subsection 2.3.3. Section 2.4 gives the conclusion of
this chapter.

2.2 Measurement-based localization approaches
2.2.1 Introduction
To compute an unknown location, a popular method consists in estimating the distances from
the unknown location to several anchors whose positions are well known. By solving the set
of equations composed by the exact distances and the known locations, the unknown location
can be obtained. Some special devices can supply physical measurements such as time-of-flight,
angle-of-arrival or received signal strength. These measurements can be used to get quasi-exact
ranging information for the next step’s localization computation. In the following, we discuss
these physical measurements in detail and describe some usual measurement-based localization
systems.

2.2.2 Measurement methods
2.2.2.1 Received Signal Strength (RSS)
In a wireless network, nodes communicate using radio signals in the 2.4 GHz or 5 GHz band.
Every node has the ability to send its signal with a given transmission power. The signal strength
is measured in dBm or in Watts. When the signal propagates in the environment, its strength
fades. In theory, when the environment is free space, the strength of a radio signal diminishes
9
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with the square of the distance from the source of signal. The greater the distance between the
receiver node and the signal source node is, the lower the received signal strength will be. So RSS
can be taken as a measure to derive the distance between these two nodes. Figure 2.1 depicts
the propagation of a node’s signal [1]. However, in practice, when a radio signal propagates
in a real-world environment, it is strongly influenced by the environment, in particular in the
case of indoor environments. For example, some obstacles, such as walls, furniture and other
similar objects reflect or further decrease the radio signal strength, leading to the multipath
fading phenomenon. Some materials even strongly absorb the signal. This directly leads to
the presence of noise in RSS measurements which affect distance estimation by several meter in
indoor environments [2]. By measuring the path loss of the signal when it arrives at the receiver,
the distance between the transmitter and the receiver can be derived according to mathematical
formulas modeling the relation of distance to path loss. The following list several mathematical
models in different environments [3]:

Figure 2.1: Signal strength propagation in free space [1].
Free space propagation model When there is a clear, unobstructed line-of-sight path between
the transmitter and the receiver, the signal propagation is assumed to occur in a free space
environment. Typical examples are satellite communication systems and microwave line-of-sight
radio links. When the transmitting and receiving antennas are physically separated, the distance
between them can be derived from the following formula:
Pr (d) =

P t Gt G r λ 2
(L ≥ 1)
(4π)2 d2 L

(2.1)

where Pt and Pr are the transmitted and received signal strength in watts; Gt and Gr are the
antenna gains of transmitters and receivers; d is the distance between transmitters and receivers
in meters; λ is the wavelength in meters; L is the system loss factor. This system loss factor
is not related to the propagation but to the system hardware; it is often due to transmission
attenuation, filter losses, and antenna losses in the communication system. When L = 1, there
is no loss in the system hardware.
Path loss represents signal attenuation as a positive quantity and is often measured in dB.
The expression of the path loss in free space is:


Pt
Gt G r λ 2
P L(d) = 10 log
= −10 log
[in dB]
(2.2)
Pr
(4π)2 d2
When the antennas are assumed to have unity gain, the path loss is:
P L(d) = −10 log



λ
4πd

2

[in dB]

(2.3)

In practice, the L factor is rarely available. However, if the receiver knows the path loss of its
received signal, he can compute the distance with the above path loss definitions. Alternatively,
if the receiver knows a reference distance d0 and the corresponding RSS Pr (d0 ), then at any
distance d > d0 the received signal strength Pr (d) in free space is given by:
10
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Pr (d) = Pr (d0 )



d0
d

2

(2.4)

Note that the reference distance d0 and the unknown distance d should correspond to points
located in the far-field of the transmitting antenna. The reference strength Pr (d0 ) can be predicted by using Equation 2.1 or take the average values of many RSS at different points with
the same distance d0 . In practical systems using low-gain antennas in 1-2GHz region, for indoor
environments and outdoor environments, the reference distance d0 is generally chosen to be different values. For indoor environments, the reference distance is typically chosen to be 1 meter
rather than 100 meters or 1 km for outdoor environments.
Ground reflection (2-ray) model Generally, for a mobile channel, the direct path between the
transmitter and the receiver is not the only propagation path. It is possible for a signal to arrive
at the receiver by reflection on other objects. In such cases, the free space propagation model is
not accurate enough. The ground reflection model considers the direct propagation path and an
additional propagation path, which is from the transmitter to ground and then to the receiver.
Figure 2.2 gives an illustration of this case. It has been shown that the ground reflection model
is quite accurate for mobile systems with two towers of height over 50 meters and for line-ofsight micro-cell channels in urban environments [4]. The received strength at distance d is then
modeled as:
Pr (d) =

Pt Gt Gr h2t h2r
d4 L

(2.5)

The path loss for ground reflection (2-ray) model can be expressed as:
P L(d) = 40 log d − (10 log Gt + 10 log Gr + 20 log ht + 20 log hr ) [in dB]

(2.6)

where ht and hr are the height of the transmitter and receiver antennas.

Figure 2.2: Two-ray ground reflection model [3]
Log-distance path loss model The previously described propagation models aimed at different
propagation patterns such as free space and reflection. In practice, the environment in which
the signal travels is often a combination of these three cases especially for the urban or indoor
environments. Due to the asymmetry of the environment, for any two different points at the same
of distance of the transmitter, the actual received signal strength are vastly different. Researchers
have shown that for any distance d, path loss P L(d) is a random variable following a lognormal
law [5, 6]. The path loss is then modeled by:
 
d
P L(d) = P L(d0 ) + 10n log
+ Xσ [in dB]
(2.7)
d0
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where P L(d0 ) is average strength received at distance d0 ; Xσ is a zero-mean Gaussian random
variable with standard deviation σ; and n is the so-called path loss exponent, which indicates
how the path loss increases with distance. Table 2.1 gives some typical path loss exponent values
and standard deviation values for different mobile environments.
Environments
Retail Stores
Grocery Store
Office, hard partition
Office, soft partition
Office, soft partition
Indoor street
Factory line-of-sight
Factory obstructed

Signal Frequency (MHz)
914
914
1500
900
1900
900
1300
4000
1300
4000

n
2.2
1.8
3.0
2.4
2.6
3.0
1.6-2.0
2.1
3.3
2.1

σ (dB)
8.7
5.2
7.0
9.6
14.1
7.0
3.0-6.0
7.0
6.8
9.7

Table 2.1: Path loss exponent and standard deviation measured in different buildings [7]

All of these practical effects make it difficult to precisely model the relation of distance and RSS
by a mathematical formula. Figure 2.3 shows an example of highly non-uniform RSS environment
[8].

Figure 2.3: A practical RSS measurement from [8]

So the distance obtained from this method will not be precise enough, although it gives good
average estimations. But its noticeable advantage is its low cost because most receivers are
able to measure signal strength, and only a few parameters are needed to use the model, which
explains why RSS still attracts research attention.
More careful and complex analysis on radio signal propagation can bring better use of RSS
data. Whitehouse [8] did extensive analysis on signal strength and describes a system calibration
where values of RSS and distances are previously evaluated in a controlled system. However,
a study [9] indicates that all RSS algorithms have a common limit that results in a median
positioning error of approximately 3 meters without more appropriate environment models or
additional positioning infrastructure.
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2.2.2.2 Time-based Measures (TOA and TDOA)
Measuring the flight time of the transmitting signal is the simplest and most intuitive method for
precisely measuring distance. When the flight time can be known by the receiver, the receiver can
compute the line-of-sight distance between him and the transmitter according the propagation
rate of the signal in the space as follows [10]:
d = cr (t2 − t1 )

(2.8)

where d is the distance between the transmitter and the receiver; cr is the propagation rate of
the radio signal; t1 and t2 are the sending time and the receiving time of the signal. This method
is known as Time of Arrival (TOA).
This kind of distance measuring method has high reliance on the accuracy of the time measurements. Timer devices are needed by both sides of the communication system. On one hand
the transmitter’s timer and the receiver’s timer should keep synchronized, on the other hand
the sending time of the signal should be included into the packet of the signal [11]. But high
precision timers are always costly. If the timers contains clock error in it, the distance formula
will be:
d = cr [(t2 + δ2 ) − (t1 + δ1 )]

(2.9)

The distance obtained contains an error cr (δ2 − δ1 ), and because the light speed has a very
large order, a tiny timer error will lead to a great distance error obtained by TOA.
Alternatively, if the transmitter can send multiple kinds of signals with different propagation
rates, Time Difference of Arrival (TDOA) is a good choice to achieve precise distance estimation,
because it deletes the effect of timer error on the distance computation. Figure 2.4b gives an
illustration of TDOA compared to TOA. Normally, one of the transmitting signal is a radio which
propagates in the speed of light, the other is a ultrasound [12] or acoustic [13], which propagates
with several orders of magnitude slower than the first signal. The distance now can be expressed
as:
d = cr [(t2 + δ2 ) − (t1 + δ1 )] = cs [(t3 + δ2 ) − (t1 + δ1 )],

(2.10)

where cr and cs are the propagation speeds of the transmitting signals, t1 is the transmitting
time of the two signals, t2 and t3 are the times at which the radio signal and the slower signal
arrive at the receiver. So the distance can be computed only based on the receiver’s timer:
d = (t3 − t2 ) ·

cr cs
.
cr − cs

(2.11)

The distance errors obtained by TDOA are measured in centimeters without the need of highly
accurate timers, which is a great improvement compared with TOA. In [12] experiments with
ultrasound as the second additional signal show distance errors of about 2-3 cm over the real
distance of 3 meters. However, although the timer of TDOA system may be cheaper than that
of TOA system, TDOA systems require more hardware to produce and send multiple signals,
which also increase the cost. It also should be noted that the propagation range of the second
signal is often limited. It is normally between 3 m and 10 m. So the characteristics of the second
signal itself can also influence the measurement precision. In [13], results show errors of 23 cm
over the real distance of 2 m.
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(a) TOA

(b) TDOA

Figure 2.4: Illustration of TOA/TDOA [1]
2.2.2.3 Angle-based Measurements (AOA)
The Angle of Arrival (AOA) technique estimates the angle between the transmitter and the
receiver. AOA technique has been previously used in outdoors localization such as aircraft
navigation and for services like E-911. Assuming that the transmitter and the receiver have
bean-forming capability and are synchronized, the spatial spectrum of the received power can
be used to detect when the transmitter and receiver main lobes are opposite to each other and
then find the direction of the transmitting source [14]. Based on this principle, this approach
requires the transmitter and the receiver to be equipped with circular phased array antennas so
that the system has the beam-forming capability. Unfortunately, this approach only can address
the problem of a single transmitter, under the assumption that both transmitter and receiver
are stationary during the process of direction estimation.
Figure 2.5 gives an illustration of AOA. AOA can achieve accuracy measurements within a
few degrees [12]. However systems adopting this method have to equip all nodes with special
antenna arrays. This leads to AOA hardware being often more expensive than TDOA ranging
hardware.

Figure 2.5: Illustration of AOA [15]

2.2.3 Measurement-based localization computation methods
In this section, we describe methods allowing a user node to compute its unknown position with
respect to nodes which positions are well known, called anchor nodes, and to measurements
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involving those anchor nodes. Trilateration and multilateration exploit distance measurements,
while triangulation exploits angle measurements. Those measurements are provided by the methods described in the previous section.

2.2.3.1 Trilateration
Trilateration is the most basic method that uses distance information to compute the unknown
position of a user node. Figure 2.6 depicts an example of this method. This method requires
the user node to know the distances from three different anchor nodes as well as their positions.
The distances can be measured by means of the methods explained in the previous section such
as TDOA, RSS, etc.

Figure 2.6: Trilateration. [1]

As shown in Figure 2.6, if the positions of the three anchor nodes are (x1 , y1 ), (x2 , y2 ), (x3 , y3 )
and the corresponding distances to the user node are d1 , d2 and d3 , then the position (x, y) of
the user node can be expressed as follows:

2
2
2

 (x − x1 ) + (y − y1 ) = d1
(x − x2 )2 + (y − y2 )2 = d22


(x − x3 )2 + (y − y3 )2 = d23

(2.12)

Solving the above system, the position of the user node is:


x
y



=



2(x1 − x3 ) 2(y1 − y3 )
2(x2 − x3 ) 2(y2 − y3 )

−1 

x21 − x23 + y12 − y32 + d23 − d21
x21 − x23 + y22 − y32 + d23 − d22



(2.13)

2.2.3.2 Multilateration
In practical applications, the distance measurements are rarely exact. As shown in e.g. the
log-distance path loss model, there may be a normal random variable with zero mean in the
distance estimation. Moreover, in many cases, around the user node there are more than three
anchors which can supply their positions to the user node. An overdetermined system of more
equations than unknowns then emerges, and the localization result is not unique, as shown in
Figure 2.7.
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(a) Distance error generates infinite solutions

(b) Multilateration

Figure 2.7: A realistic trilateration model [1].
This problem can be considered as a problem of minimization of the sum of the squares of
the differences between the estimated distances (e.g. obtained from RSS) and the computed
distances (using the estimated position). Its mathematical expression is:
!
n p
2
X
(x − xi )2 + (y − yi )2 − di
(x, y) = arg min
(2.14)
i=1

Assuming there are n anchors and the error of distance estimations is , the following set of
equations is obtained:

2
2
2

 (x − x1 ) + (y − y1 ) = d1 − 
..
(2.15)
.


2
2
2
(x − xn ) + (y − yn ) = dn − 
By subtracting the last equation, the equations are changed into:

x21 − x2n − 2(x1 − xn )x + y12 − yn2 − 2(y1 − yn )y = d21 − d2n


..
.

 2
2
2
xn−1 − xn − 2(xn−1 − xn )x + yn−1 − yn2 − 2(yn−1 − yn )y = d2n−1 − d2n

(2.16)

The above equations can be expressed in a linear form as:
AX = b

(2.17)


2(x1 − xn )
2(y1 − yn )


..
..
A=

.
.
2(xn−1 − xn ) 2(yn−1 − yn )

(2.18)

where:
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b=

x21 − x2n + y12 − yn2 + d21 − d2n
..
.
x2n−1

−

x2n

+

2
yn−1

X=



−

yn2

x
y



+

d2n−1

−

d2n





(2.19)

(2.20)

Using the standard least squares approaches, the estimated position to be computed [16, 17]
as:
X̂ = AT A
2.2.3.3 Bounding Box

 −1


AT b .

(2.21)

In [18, 19] the bounding box algorithm supplies a simple localization computation based on a
distance estimation between the user node and several beacon nodes. Figure 2.8 illustrates the
bounding box method. This method accounts for errors made on the distance measurements.

Figure 2.8: Bounding box-based estimation [19].
In this method, the user node is assumed to lie in the intersection of the bounding boxes of the
beacon nodes. For beacon node #i, the bounding box is a square centered on the beacon position
Pi = (xi , yi ) with side length of 2di , where di is the distance measurement between the user node
and the beacon node i. The intersection of the bounding boxes can be easily solved without use of
floating point operations just by finding the corresponding maximum and minimum coordinates
of the bounding box. The lower left corner of the intersection of the beacons bounding boxes is
located in (xmin , ymin ) and the upper right corner is located in (xmax , ymax ), where:

xmin



 y
min

xmax



ymax

= max {xi − di , 1 ≤ i ≤ N } ,
= max {yi − di , 1 ≤ i ≤ N } ,
= min {xi + di , 1 ≤ i ≤ N } ,

(2.22)

= min {yi + di , 1 ≤ i ≤ N } .

Those points are the corners of a box bounding the position of the user node. The estimated
cu of the user node is then chosen as the center point of this bounding box, as in the
location P
shaded area of Figure 2.8, and can be computed as follows:


cu = xmax + xmin , ymax + ymin .
P
(2.23)
2
2
This method is very attracting since very small computation resources are used, but it is less
accurate than trilateration.
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2.2.3.4 Probabilistic Approach
Since the distance estimation error always exists, it is unavoidable that the final result computed
by trilateration method contains uncertainties in practical cases. Probabilistic approaches try to
produce a set of possible positions for the position-unknown node indicating the corresponding
probability of each possible position. In [20], the trilateration method is modified by modeling the
error of the distance estimation as a normal random variable. The unknown node can conclude
the probability with which it will be around one beacon node as depicted in Figure 2.9a. When
one more distance information is available, the possible positions will be estimated as illustrated
by Figure 2.9b. If three (or more) distance data from different beacon nodes can be obtained, a
single area of possible positions exists, with a possibly small surface, as described in Figure 2.9c.
When one single point is required, the point with larger probability can be found and used as
the location estimation.

(a) One node case.

(b) Two nodes case.

(c) Three nodes case.

Figure 2.9: Illustration of probabilistic approach [1].
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2.2.3.5 Triangulation
In Section 2.2.2.3 an angle measurement method was described. The receiving node can sense
the direction of the transmitting signal using an antenna array or multiple ultrasound receivers
[12][21]. After computing the relative angles between the transmitter node and the receiver node,
the position of the receiver node can be obtained by triangulation. This method includes the
three steps described hereafter.
1. Angle determination among neighbor nodes Before actual triangulation, the first thing is
to find and determine the relative angle relations among neighbor nodes. As shown in Figure
2.10, there are three nodes A, B, and C. Each node has its own direction baseline, represented
as a straight arrow, which it uses to measure relative angles. The angle of B relative to A is the
angle from the baseline of node A to the line connecting A and B, denoted ∠ab. Similarly he
angle of C relative to A is ∠ac. Further, ∠CAB = ∠ac − ∠ab.

Figure 2.10: Relative angles [12].
There are two methods to measure the angle between two neighbor nodes like ∠ab. One is
the use of an antenna array, as described in section 2.2.2.3. The other method is based the use
of multiple receivers if the node is not equipped with an antenna array. Figure 2.11 gives an
illustration of the second method.

Figure 2.11: Measurement of relative angle between nodes[12].
Assume node A is equipped with two receivers R1 and R2 . The position of node A is represented
by the middle point of the line connecting both receivers. The distance between R1 and R2 is
L. The perpendicular bisector of the connecting line of two receivers is regarded as the axis of
node A (arrow). This axis is taken as the baseline to determine the angles of neighbor nodes.
When both receivers of node A receive the signal of node B, the distances of R1 to node B and
R2 to node B can be computed by means of TOA. According to geometry relation, the angle θ
of B relative A can be obtained by solving:


2 
2
L
L

2


 x1 = 2 cos θ + x − 2 sin θ
(2.24)

2 
2

L
L

2

 x2 =
cos θ + x + sin θ
2
2
19

2 State of the art
where L, x1 , and x2 are known [12].
Obviously, the second method is not as concise as antenna array because it still needs to
use TOA to compute the distances, but it is a feasible method for special nodes with multiple
receivers rather than antenna arrays.
2. Triangulation Triangulation consists in using relative angles to compute circles containing
two anchor nodes and the user node, as illustrated on Figure 2.12. Let A, B and C be three
anchor nodes with positions (xa , ya ), (xb , yb ) and (xc , yc ), and let node D be the user node
seeking its position. The angles of node D relative to node A, B, C are denoted ∠ADB, ∠ADC,
∠BDC. These relative angles can be computed with the method described in section 2.2.3.5.
Considering nodes D, A and C, there is one and only one circle containing those three positions
as shown in Figure 2.12. Let the center of this circle be O1 (xO1 , yO1 ) and its radius be r1 , and
let α be the angle∠ADC; then the angle ∠AO1 C can be expressed as 2π − 2α, and:
q
(2.25)
(xO1 − xa )2 + (yO1 − ya )2 = r1
q
(xO1 − xc )2 + (yO1 − yc )2 = r1

(2.26)

(xc − xa )2 + (yc − ya )2 = 2r12 − 2r12 cosα

(2.27)

From the above equations, the coordinates of O1 and radius r1 can be determined. Similarly,
with A, B and ∠ADB or with B, C and ∠BDC, another two circles O2 , O3 and their radius r2 ,
r3 can be determined.

Figure 2.12: Illustration of triangulation.
3. Compute the position As all distances (D, Oi ) are equal to the corresponding radius ri ,
the trilateration method can be used to compute the final position.
The advantage of using angle localization is that not only the unknown position can be computed but also the direction information can be supplied. Unfortunately AOA measurement is
easily influenced by environment, and additional hardware such as antenna array or multiple
receivers are needed.
2.2.3.6 RSS-based localization
In the localization methods based on RSS, if the transmitting strength is known, the receiver
can compute the path loss according to the received signal strength (RSS) and obtain the corresponding distance using empirical models or theoretical models. Localization methods based
on RSS can be divided into two categories. One is called fingerprinting; the other one uses radio
propagation model to obtain the distance between the transmitter and the receiver for next step’s
localization computation.
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The fingerprinting method was first proposed in [2]. The localization area contains n fixed
transmission sources. Before localization, some test points are chosen at known locations in
the given localization area. An RSS measurements campaign is undertaken at these points,
and the RSS from each fixed transmitter is stored to a database, which contains the following
0
0
tuples: (x, y, ss1 , · · · , ssn ). During localization, the RSS at an unknown location (ss1 , · · · , ssn )
is compared with the RSS data in the database. The q
known location in the database with the
0

smallest mean square deviation of the RSS (i.e. min{ (ss1 − ss1 )2 + · · · + (ss0n − ssn )2 }) will
be regarded as the location of the node. This method has good localization precision but it
is necessary to set up a database between many locations and their corresponding RSS, which
makes the initial measurements campaign long and expensive. More importantly, every time the
locations of the transmitters are changed, a new database has to be set up again, which decreases
the feasibility of the system.
The other method is RSS-distance localization, which uses a radio propagation model to compute the distance between the transmitter and the receiver. Once several distances to the user
node are known, the trilateration/multilateration methods can be applied to compute the location. This method is not as accurate as fingerprinting, because setting up a propagation model
accurate enough is quite difficult in a practical environment, but it is more interesting in terms
of initialization and maintenance cost, since it does not need to set up a database in advance or
to maintain it.
In [22, 23], a System-on-Chip (SOC) Texas Instruments CC2431, which is based on RSS
trilateration method, is used to estimate the position of the nodes of a wireless sensor network.
The CC2431 is composed of one RF transceiver with an industry-standard enhanced 8051 MCU,
128 KB flash memory, 8 KB RAM and the industry leading ZigBee protocol stack (Z-Stack)
from Texas instruments. An accuracy of better than three meters can be achieved with readout
resolution of 0.25 m for wireless sensor networking. However, this accuracy has a great reliance
on the signal environment, the use of special near-isotropic radiation antennas and the optimized
deployment of some fixed reference anchor nodes.

2.2.4 Typical outdoors localization systems
2.2.4.1 Global Positioning System
The Global Positioning System (GPS) is a satellite-based navigation system which was developed
by the U.S. Department of Defense (DOD) in the early 1970s [24]. For the moment, Global
positioning System (GPS) has been the most widely used outdoors navigation system. It can be
applied for civil and military purposes. It consists of twenty four satellites that orbit the Earth
and send their signals continuously. Those signals are composed of two carriers, two codes and a
navigation message. Since the satellites’ orbits are well known, their positions can be predicted
correctly. A GPS user has to receive signals, which consist of the timing information and the
pseudo-ranges, from at least four GPS satellites. The receiver uses this information to compute
in particular the receiver’s coordinates and the clock bias between the receiver and the satellites.
The GPS signal contains two kinds of codes, for civil and military purposes separately. With
the civil code, it is possible for the user to achieve position accuracy of approximately fifteen to
thirty meters. To further improve the civil positioning accuracy, the Differential GPS is needed.
This method adopts two GPS receivers to reduce the position estimation errors by subtracting
out the additional signal propagation delays that occur during propagation from the satellites to
the receiver through the ionosphere and the atmosphere. In this case the receiver can achieve a
position accuracy of approximately one centimeter to a few meters [10].
In indoor environments, the GPS can almost never perform as well as outdoors because of
the difficulty to acquire the signal from four GPS satellites at the same time. In cases where
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four signals can be used, it is also very hard for the user to achieve satisfying accuracy because
the signal has been severely attenuated and perturbed by the multipath effect. Thus the GPS
performance in indoor environments has been limited to a great extent compared to the outdoors
case.
2.2.4.2 Galileo Satellite System
During the past decade, the Galileo Satellite System, Europe’s new global navigation satellite
system, has been developed by the European Union (EU) and the European Space Agency (ESA)
[25]. The Galileo constellation is composed of thirty medium earth orbit (MEO) satellites which
are evenly deployed over three orbit planes. Obviously, more satellites will lead to better visibility
for the receiver. From this point of view, the improvement on both constellation geometry and
satellite number will benefit to the location accuracy and reliability compared with GPS [26].
Galileo can provide ten kinds of navigation signals in Right Circular Polarization (RHCP) which
adopt Code Division Multiple Access (CDMA) and distribute in four frequency bands, namely,
1164-1215 MHz (E5a and E5b), 1215-1300 MHz (E6) and 1559-1592 MHz (E2-L1-E11). The
ability of operating at different frequencies will enable Galileo to cooperate with other system,
such as GSM/UMTS, etc. Additionally, a circularly polarized antenna is more effective than a
linearly polarized antenna at improving the received signal quality in multipath environments.
However, neither system alone can always provide good view of satellites to the receiver. The
Galileo performance in multipath circumstance can only be improved to some extent. Under
this condition it also behaves similarly to GPS alone. Gradually, Galileo has been enlarging
its market applicability by increasing the interoperability with GPS. When a receiver can use
any satellite signal from any constellation, the possibility of the user acquiring enough satellites
increases greatly while the effect of the environment decreases considerably. This will lead to
improving the Galileo system performance in urban areas where the receiver is surrounded by
various buildings.
2.2.4.3 Mobile Phone Localization Systems for E-911
For the purpose of continuously strengthening public safety, the US national emergency network, E-911 system, now integrates some localization constraints. The United States Federal
Communications Commission (FCC) now requires E-911 systems to provide the location information of the mobile phone dialing 911. For E-911 systems, there are several kinds of methods
available to achieve the mobile location [27], that is, Assisted GPS (A-GPS), Time Difference of
Arrival (TDOA), Angle of Arrival (AOA), and Enhanced Observed Time Difference (E-OTD).
The user’s location can be obtained either from the mobile terminal or from the network. An
accuracy standard has been adopted by FCC as follows: for mobile-terminal-based solutions, the
accuracy requirement is 50 meters for 67 percent of calls and 150 meters for 95 percent of calls;
for network-based solutions, the accuracy requirement is 100 meters for 67 percent of calls and
300 meters for 95 percent of calls.
The Assisted-GPS method is a mobile-terminal-based solution where the mobile phone is
equipped with a GPS receiver to provide location information. However this method needs a
new GPS-supported mobile phone, as common phones are not allowed to use the localization
system. The TDOA and AOA methods are network-based and do not require a modification of
existing mobile phones. They can collaborate well with current TDMA and CDMA networks.
TDOA equipments can calculate the user’s location by measuring the difference between the time
of arrival of a mobile phone signal at three cell base station; AOA equipments can determine
the direction of arrival of a mobile phone signal. These two methods also can be combined
for accurate positioning. Compared to the methods discussed above, the E-OTD is a hybrid
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mode which is both mobile-terminal-based and network-based. The phone uses TDOA and
multilateration to position itself, then it reports its position back to the network. It is also the
method that can perform best with GSM networks.

2.2.5 Typical indoors localization systems
2.2.5.1 Infrared-based Localization System
Because infrared transmitters and receivers can be constructed very small and very cheaply in
contrast with other transducers, some of the early localization systems made use of the infrared
light pulses to estimate the position of the user. Infrared based localization systems, like the
Active Badge, can be used for many everyday applications [28]. In the 1990s the Active Badge
prototype system was first implemented consisting of over 100 badges, 200 sensors and 5 badge
networks used at four sites in Cambridge, England. In the Active Badge system [29], every
person that wants to know his location attaches a tag to his clothes, which is able to emit a
unique code periodically for about a tenth of a second every 15 seconds and be heard by the
corresponding sensor. Because the IR signal cannot travel through obstacles and its operating
range is finite, it is usually picked up only by the network of sensors in line of sight. Walls reflect
the IR signal and serve as a container to enable the receiver to identify the badge in its room.
When these signals are picked up by a network of sensors placed around the building, a master
station connected to the network will process the data and find out the sensor associated with the
particular badge. By this, it is possible to infer the badge’s location to room-scale granularity.
Despite the successful application in Cambridge, there are also some limiting issues for the Active
Badge system. Firstly, the location of a badge can only be known to a 15-second time window
because of an infrequent signal from badge. Assuming that a person moves relatively slowly
in the office building, the Active Badge system can provide very accurate location information.
However, it cannot be accurate for a mobile which speed is relatively fast. Secondly, infrared
signal also suffers from dead-spots in case the badge is blocked by furniture. Therefore it is
essential for the fine-grained application to take into account other sensor technologies.
2.2.5.2 Ultrasonic-based Localization System
In contrast to infrared, ultrasonic-based localization systems are capable of achieving the centimeterlever accuracy requirement of fine-grained location-aware applications using a TDOA technique.
Ultrasonic system is a better choice for these applications because of its relative simple, effective properties. In the Bat system [30, 31], various mobiles are equipped with small wireless
transmitters which locations are tracked by the system. The system is mainly made up of a set
of transmitters, a matrix of receiver elements which is mounted on the ceiling of the building
and a RF controller. Every wireless transmitter has a unique address and comprises a radio
transceiver, a microprocessor, a FPGA and an array of several ultrasonic transducers. In the
prototype system, the matrix of receiver elements is distributed on the ceiling in a geometry form
of four-by-four square grid and comprises a serial network interface by which these receivers are
addressable and connected to a controlling computer. The RF controller is also connected to the
controlling computer. Periodically, with a short period time, the controller broadcasts a radio
message consisting of an address to the mobiles nearby. Which address should be sent depends
on the controlling computer. When the message is picked up by the transceiver of a transmitter,
the FPGA decodes it and the address is used to give the transmitter a unique ID. Then the
ultrasonic transducers send an ultrasonic signal to the matrix of receiver elements. At the same
time, these receivers also receive a reset signal sent by the controlling computer from the serial
network. The receiving time difference between these two signals will be used to calculate the
distance from the transmitter to the receiver. The distance is then sent back to the controlling
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computer to undertake data analysis. If there are enough distances that can be used, the mobile
location can be achieved by the trilateration algorithm with an accuracy of approximately 8 cm.
Figure 2.13 shows this procedure.

Figure 2.13: Principle of the Bat System.
The Cricket Location-Support System [32] is an indoors location-support system with combination of RF and ultrasonic technologies. It consists of beacons which are mounted on the
ceiling or on the walls and spread throughout the building, and listeners carried by the users.
Every beacon broadcasts both an RF signal consisting of its location information and a pure
ultrasonic pulse simultaneously. What the listener should do is to gather, deduce, and correlate
these messages. Once the listener detects the RF signal, it picks up the location information of
the beacon and then drives its ultrasonic receiver. Normally, the ultrasonic pulse arrives later.
So the time of flight method can be adopted to calculate the distance from the beacon to the
listener taking advantage of the propagation speed difference between ultrasound and RF. To
estimate the user’s location, it is necessary to calculate enough distances from the user to different beacons. However, if there is no explicit coordination between the transmissions of different
beacons, severe collision will occur between two RF signals when different beacons broadcast at
the same time. In this case it is not easy for a listener to distinguish which beacon a RF signal
comes from and it is unavoidable to yield wrong distance. To minimize errors, the Cricket system
has to employ a randomized transmission algorithm so that beacons can transmit randomly and
keep the statistical independence between different broadcasts. With the Cricket system, the
user can achieve an accuracy of between 5 to 25 cm [12]. At the same time, compared with
the Bat system, this structure of active-beacons and passive-listeners can ensure the privacy of
the users more effectively and the number of mobile users can be upgraded easily. However, the
above two systems for mobile computing both adopt narrow-band ultrasonic transducers. They
have to face a common fact that the ultrasound transmitted cannot encode a unique identifier information. So additional RF signal is needed. This implies compromise between signal band and
the system performance such as the number of transmitters and data rate. Broadband ultrasonic
transducers, referred to as Dolphin units, have been developed [33]. With this kind of transducers, a broadband ultrasonic indoors localization system can be built and the channel bandwidth
can achieve 76 kHz above the noise floor. In broadband systems with Dolphin units, spread
spectrum signaling techniques can be employed to avoid interferences between concurrent transmitting signals. By this, the ranging signals have a much greater information capacity and can
be uniquely identified by the receivers without utilizing other wireless communication channels
like radio. In general, this broadband ultrasonic system can achieve an accuracy of approximate
2 cm. Unfortunately, whichever type the ultrasonic system is, the ultrasound reception suffers
a lot from severe multipath effects. This is due to the character of the ultrasound itself. These
effects last a much longer time than RF multipath because the speed of ultrasound is much slower
than RF. This also makes it difficult for ultrasonic signal to be modulated with information [32].
In addition, the propagation of the ultrasound heavily relies on the environment: an additive
temperature sensor is essential for estimating the speed of ultrasound in air.
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2.2.5.3 Pseudolite Localization Systems

A pseudolite is a signal generator that can broadcast GPS-like signals. Initially, pseudolites
were mainly designed to augment the GPS system in local area positioning applications, acting
as a ground-based GPS signal source. In 1994, for the purpose of air navigation applications,
Stanford University developed the Integrity Beacon Landing System (IBLS) which placed several
pseudolites beside the runway. During the following years Stanford successfully applied pseudolites to the precise positioning for open pit mining as a mean of augmenting the GPS [34]. The
development of pseudolite technology makes it possible to use GPS navigation in indoor environments such as big factories and anywhere GPS signal cannot reach. In 1999, the Seoul National
University GPS Lab (SNUGL) developed a centimeter-accuracy indoors localization system with
commercial asynchronous pseudolites [35]. Using this system as a location sensor, the SNUGL
obtained a location accuracy of 1-2 centimeters. As shown in Figure 2.14, this indoors localization system incorporates a constellation of pseudolites, a reference station, and a user. These
pseudolites are mounted in the ceiling and their positions can be calibrated off-line [36]. Generally, a GPS receiver can obtain the GPS satellites’ position from the almanac and ephemeris
contained in the GPS signal whereas for the pseudolite system there is no any ephemeris that
can be used to compute the position. High accuracy is needed because the distance between
the pseudolites and the user is very short and a small error will introduce very large line-ofsight vector error. Using carrier-phase measurements and the inverse carrier phase differential
GPS (ICDGPS) method, the phase center of each pseudolite antenna can be calculated with
millimeter-level accuracy. On the other hand, all pseudolites adopt the TXCO frequency standard which cannot compare with the atomic clocks on GPS satellites fundamentally in stability.
To realize sampling synchronization, the system has a master pseudolite in the center of the ceiling as a time base which broadcasts navigation message. The reference station is made up of two
GPS receivers, a computer, a wireless data modem. It is fixed on the floor and transmits carrier
phase correction data to the user through wireless links. In the experiment, SNUGL adopted
an autonomous miniature vehicle as the indoor navigation user. To calculate two-dimensional
attitude angles, two GPS antennas were mounted on the top of the vehicle separated by a known
distance. With the correction data from the reference station, the user can calculate its location with an algorithm which is similar to the carrier phase differential GPS (CDGPS) outdoor
method. However, from a mathematical viewpoint, the location algorithm used in GPS cannot
be applied to pure pseudolite systems simply because the distance between the pseudolites and
the user is too short, which would lead to the indoors algorithm too be highly non-linear and
thus harder to solve. In SNUGL, a simple point-positioning method is adopted which is used by
averaging point positions of the master and slave antennas.
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Figure 2.14: Pseudolite localization [35].
While the pseudolite system can offer satisfying location accuracy, multipath is also a major
concern. For the static user, the pseudolite multipath biases are usually a constant; while for
the moving user, the biases are so random that they can difficultly be dealt with. Using a
helical transmitting antenna can mitigate multipath in some sense; however it is also necessary
to continue exploring other multipath mitigation technique.
2.2.5.4 Wi-Fi Based Localization Systems
As infrastructure Wi-Fi systems provide well localized access points as well as periodic radio
beacons, they are a natural candidate for building RSS-based localization systems.
a) Off-the-shelf access point based system Currently, the most convenient solution for Wi-Fi
based indoors localization is RADAR [2]. It was also the first system to apply the received
signal strength (RSS) map for indoors positioning. The use of widely available off-the-shelf
hardware gives to RADAR great advantages. The RADAR system was originally developed and
demonstrated by Microsoft Research for the purpose of providing location-aware services over
an existing RF wireless network inside buildings. Experiments were undertaken in a 3-storey
building where three base stations deployed on the second floor covering a dimension of 43.5 m
by 22.5 m and more than 50 rooms. The experimental results showed that RADAR can estimate
the user location with a high degree of accuracy. As described in Section 2.2.3.6 on page 20,
RADAR builds a fingerprinting database made of positions and RSS values collected at those
positions. To construct this database, two kinds of methods exist. The first one is an empirical
method which needs to gather enough location and signal strength data during the off-line phase.
Using this method, a degree of accuracy between 2 to 3 meters can be achieved. However, this
method costs a lot, because the database must be rebuilt every time an access point changes.
Radio propagation modeling is an alternative method. Though building a propagation model also
needs a few fingerprints to fit model parameters, the dependence on enormous empirical data
is significantly mitigated. The model is more robust against change of access point positions
and relocation in the building. However it is less robust against environmental changes inside
the building. Finally, because the practical indoor environment is often too complex to model
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exactly, the modeling method is less accurate than the empirical one.
b) Modified access point based system Although the use of off-the-shelf hardware makes
indoors positioning using 802.11 quite convenient, a RSS map built as in RADAR is very sensitive
to the variance caused by the surroundings. Moreover it is not always possible to realize such a
RSS map, for example in an ad hoc network.
In [37], an indoors positioning structure is defined, based on modified access points that mitigate the effects of the environment on range measurements. VORBA is a special 802.11 access
point equipped with a highly directional antenna that is continuously rotating, so that it can
provide both angle of arrival (AOA) and range measurements.
Based on the idea that the angle of the strongest maximum in the signal strength is the most
likely direction in which the mobile can be, a function SS(a) is adopted to describe the RSS
of the mobile as seen from the access point, as shown in Figure 2.15. SS(a) provides all the
information necessary and enables the mobile to derive angles with a median error of 22 degrees
as well as ranges with a median error of 2.8 meters. Application of trilateration for ranges and
triangulation for angles allow the mobile to obtain a positioning accuracy of 2.1 to 4 meters
(median error), which is comparable to the original RADAR. In contrast, VORBA can provide a
more robust estimation than what can be achieved from RADAR or similar systems based on RSS
from a standard 802.11 access point. It does not rely on RSS map and needs less infrastructure,
though more base stations can supply better accuracy.

(a) Cartesian representation.

(b) Polar representation.

Figure 2.15: Cartesian and Polar representations of SS(a). A peak in signal strength indicates
a possible direction. Additionally, the mean signal strength can supply range information.
VORBA is not a separate positioning infrastructure but an extension applied to each regular
access point. VORBA can work in AOA-only mode, in which case it does not need any training
prior to operation. However, if VORBA works in ranging mode, it requires some training process
similar to the one used in RADAR, except for a smaller sampling amount.
c) Integrated Wi-Fi and Inertial Navigation Systems In Wi-Fi systems, RSS is ordinarily the
only available information for localization. A wide range of algorithms based on RSS have been
developed for indoors localization, such as the well-known fingerprinting method [2]. However,
a study indicates that all of these algorithms have a common limit that results in a median
localization error of approximately 3 meters without more appropriate environment models or
additional localization infrastructure [9]. Cooperation of a GPS receiver and of an Inertial Navigation System (INS) has proved very efficient for outdoors positioning applications. Similarly,
using INS in indoor environments is a promising effort to improve the accuracy of Wi-Fi-based
positioning system. In [38], an advanced integration technique of Wi-Fi and INS has been developed to enhance the accuracy of an indoors localization system. Figure 2.16 presents the
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structure of the proposed indoors Wi-Fi/INS positioning system. In this structure, INS plays
an important role when operating with Wi-Fi system. Heterogeneous information fusion coming from these two independent technologies will conduce to improve the localization accuracy
contrasting with pure Wi-Fi localization system. As two different localization techniques, both
Wi-Fi and INS can realize location-aware service independently. Individual INS generally provides dynamic information through direct measurements from various low-cost inertial sensors
contained in a sensing box which can be attached to some part of the body and deliver relevant
information such as the angular speed of the user, the number of steps taken by the user, and
atmospheric pressure variation deciding whether the user is going from one floor to the other or
not. However, there is an unavoidable weakness for pure INS, that is, the measurement noise. It
cannot be neglected because it leads to a errors constantly accumulating over time on the trajectory. This issue requires the INS to update itself periodically with new positioning information.
The Wi-Fi system is used as an external navigation reference to accomplish this work based on
RSS fingerprinting. As can be seen from this structure, sensors are able to correct each other
in a smart way. However, because the system is mainly based on Wi-Fi positioning, a degraded
WiFi-based estimation (due for instance to a degraded fingerprinting database) will bring stringent degradation in estimating the location and even lead to a blindness of the whole system,
whereas a sensor failure for INS system will not be as serious and will just lower its positioning
performance to some degree. The prototype system was deployed in a 40 by 40 meters indoor
office building with an access point in each corner. The movements of the user are detected by
an inertial sensors box attached to his belt. An accuracy close to the meter can be achieved with
a low density of access points in the environment, by combining RSS fingerprinting, INS, and
particle filtering based on map matching.

Figure 2.16: Block diagram of the INS/Wi-Fi mutually correcting architecture [38].
2.2.5.5 Ultra Wideband Based localization Systems
Recently Ultra Wideband (UWB) technology, whose frequency band is primarily from 3.1GHz to
10GHz, has been developed for many applications such as see-through-the-wall, medical imaging,
etc. because of its dual ability in ranging and communication [39, 40]. It has been shown
that UWB technology possesses an inherent quality for precise localization due to its immunity
to multipath effects in indoor environments. Gaussian monopulses are widely adopted as the
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emission signal of UWB systems owing to its appropriate spectrum shape and simple closed
form expression [41]. Figure 2.17 shows a sequence of Gaussian monopulses on the transmitter
and on the receiver sides. As can be seen from the figure, due to the use of a short-duration RF
pulse (nanosecond), which waveform leading edge can be precisely determined by the receiver
circuitry [42], very precise time of arrival (TOA) measurements can be achieved even in sever
multipath environments. The UbiSense commercial localization system is based on the UWB
technology [43]. This system comprising several UWB base stations and UWB transmitters
carried by users can achieve an accuracy of the order of 15cm. Because this system provides
immunity to multipath effects and has no strict requirement for line-of-sight, it is a good choice
for localization. However, it is worth mentioning that if there are not enough line-of-sight paths
between the transmitters and the receivers, the received signal is too much attenuated and the
accuracy is degraded. Additionally, in [44] simulation shows that the multipath channel still will
have a significant effect on the performance of UWB when M-PAM modulation is adopted for
this system.

Figure 2.17: Gaussian monopulses on both transmitter and receiver sides.

2.2.6 Conclusion
This section has described several physical measurement methods and the corresponding localization methods such as trilateration, triangulation and RSS-based localization methods. The localization systems (such as GPS, Pseudolite, etc.) which adopt the measurement-based localization
methods can achieve quite precise localization result by means of exact physical measurements.
However, accurate physical measurements always require hardware. This leads to an increase
of the system cost. For example, TOA requires accurate timers on both the transmitting side
and the receiving side to measure the time-of-flight. TDOA does not require accurate timers,
but requires the transmitter to have multiple transmitting signal types. AOA requires special
antenna array or multiple signal receiving devices in the receiver.
In contrast, the measurement of RSS does not rely on special expensive hardware. The RSSbased localization method includes two solutions: fingerprinting and RSS-distance modelling.
In RADAR, fingerprinting can achieve a quite satisfying precision but this method needs a preestablished RSS database which is difficult to set up. Whenever an anchor position is changed, the
RSS database has to be re-established. The RSS-distance transition model has poorer precision
than fingerprinting due to the limitations of signal propagation models.
Almost all of the measurement-based localization methods need at least three anchors within
line-of-sight. The line-of-sight condition is very important for precisely measuring distance or
angle. If the condition of line-of-sight can not be met, the localization accuracy will decrease.

2.3 Measurement-free localization approaches
2.3.1 Introduction
Measurement-based localization method performs well in those systems described in previous
section. Even in some special environments, they can reportedly achieve fine-grained localization
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precision. However, all of them need specialized equipments either on the beacon nodes or on
the user side. For example, the AOA systems require a directional antenna featuring beamforming to estimate the angle of arrival of the received signal, while TOA systems require high
precision timers to meet the synchronization requirement, and TDOA systems require multiple
communication technologies. For RSS, the difficulty lies in the amount of measurements of radio
signal strength and the precise modeling of the relation between signal strength and propagation
distance.
All the above reasons could prevent their application in many cases, as in opportunistic networks and in especially wireless sensor networks which are made of a lot of nodes with small size,
cheap cost, and low energy battery. For example, GPS is one of the most successful outdoors
localization system. A GPS receiver is more than 100 euros for civil application which has big
size and consumes a lot of energy. Even though recent GPS receivers are getting smaller and
consume less energy than before, it is still expensive to equip all nodes with GPS receivers. Additionally, sensor nodes can be envisioned to be a few cubic millimeters in the future which will be
much smaller than the size of GPS receivers. Consequently, researchers have been investigating
measurement-free methods, that are simple but effective localization means because they do not
need any special devices, at the expense of a lower accuracy.

2.3.2 Measurement-free localization methods
2.3.2.1 Centroid
The Centroid localization method [45] consists in estimating the user’s location by computing
the barycenter of all the positions the user receives from fixed beacon nodes. This method arises
from a very simple idea: the most likely position of a node is at the centroid of its neighbors’
positions. This method only requires the user being within range of the beacons. Firstly, all
beacon nodes send their exact known positions to the user node within their transmission range.
Secondly, the user node calculates the centroid of the received beacon positions as its location
estimation. This is illustrated by Figure 2.18, where a user located at P (x, y) is within range
of four beacons which form a square, and the centroid is P 0 (x, y) is the centroid of the square.
In [45], by placing four beacon nodes at the four corners of a 10m×10m square testing area, an
average localization accuracy of 1.83 m with a standard deviation of 1.07 m can be obtained.

Figure 2.18: Centroid localization with four beacons. The four big dots represent four beacons;
the four big circles represent the maximum radio ranges of the beacons. The small
dots represent the user real position P (x, y) and estimated position P 0 (x, y).
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The mathematical expression of the Centroid method is as follows:
N
X
cu = 1
Pi
P
N

(2.28)

i=1

cu is the estimated user position, and Pi is the location of the ith beacon within the
where P
user range.
The Centroid method is attractive because of its simplicity. However, the location estimation
is not accurate enough when beacon density is low, and in practice a uniform placement is not
always feasible, even impossible for most opportunistic applications. To find an efficient and
non-uniform deployment of those beacon nodes for a given application is a difficult task.
2.3.2.2 Weighted Centroid
Other work try to further improve the localization precision by introducing weights in the centroid
computation:

cu =
P
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X

(2.29)
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i=1

The Centroid method is a special case of the Weighted Centroid method where all weights
equal one.
In [46], the distance between the beacon node and the user node is used to compute the
weight of the beacon position. The distance beacon-user can be estimated from the received
signal strength as described in Section 2.2.2. The key idea is to give a higher weight to the
closest beacons, because RSS-to-distance models are less erroneous in the case of high RSS
corresponding to short distances. The latest developments directly use the RSS to compute the
weights [47]. Consider the example of Figure 2.19where the user position is first estimated as
P 0 by a centroid calculation with three position information from three different beacon nodes.
If one beacon is closest to the real user position then after the use of the weight the estimated
position P 00 will move slightly towards the corresponding beacon position as well as to the exact
position.

Figure 2.19: Weighted Centroid localization.
Proposed values for the weights are given by:
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wi =

1
,
(di )g

(2.30)

where di is the distance between the user the ith beacon within the user range and g is a degree
that can be optimized for different environments and beacon dispositions. In [47] the authors
propose to use a dynamic degree g that is based on the existence of optimal regions and depends
on the detection of those regions.
In fact, the Weighted Centroid method is a Centroid method coupled RSS-distance measurementbased method. By working with cheap RSS measurements, Centroid increases its localization
accuracy. Using such a distance estimation makes the Weighted Centroid method a measurementbased method, but a much simpler one than RSS fingerprinting and still a cheap one.

2.3.2.3 Semi-definite Programming and Linear Matrix Inequalities
In [48] Doherty, Pister and El Ghaoui pioneered the application of semi-definite programming
(SDP) methods in localization. The localization problem is considered as a bounding problem
containing several convex geometric constraints with the mathematical representation of linear
matrix inequalities (LMI). Figure 2.20 gives some examples of SDP constraints. Other work
investigate more sophisticated semi-definite programming for ad hoc wireless sensor network
localization [49].

Figure 2.20: Examples of semi-definite program constraints. (a) A radial constraint from radio
connectivity; (b) A triangular constraint from angle-of-arrival data; (c) Location
estimation derived from two convex constraints [48].
LMI-based localization is a mathematical optimum method which uses the positions of beacon
nodes detected by the user node as well as the maximum radio range to set up one linear
matrix inequality per beacon, then solves the LMI system and takes the optimum value as the
localization result. This method requires an estimation of the maximum distance between nodes,
but is not categorized as a measurement-based method because the maximum distance is much
easier to estimate than the real distance used in trilateration methods.
When the environment effects on signals of nodes is negligible, the signal propagation model
can be seen as a rotationally and symmetrical global form. In two dimensions, the coverage
of the node’s signal will be a circular area. Though in anisotropic environment the accurate
physical form is often a time-varying quantum, using a circle whose radius bounds the maximal
range is still a valid and more practical method in simulation analysis. We consider the following
situation.: if the user can detect the signals from two beacon nodes at the same time, the user
can be sure that he is lying in the intersection of the two nodes’ coverage, as shown in Figure
2.21.
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Figure 2.21: Black dots represent beacon nodes; the white dot represents the user. Circles represent the maximum radio range of the beacon nodes.

The more circles that intersect with each other there are, the smaller the intersection is. So if
a sufficient amount of beacon nodes can be detected by the user, the possible area the user lies
in will be small, so that the localization error will be small too.
Let Pu be the position of the user, Pi be the position of the ith beacon node and Ri be the
maximum radio signal of the ith beacon node. If N beacon nodes can be detected by the user,
the geometry relations among the nodes can be expressed as the following set of LMI constraints:

‖Pu − P1 ‖≤R1



..
.



‖Pu − PN ‖≤RN

(2.31)

These inequalities constrain the position of the user in the intersection of the maximum radio
range of the nodes. The next problem is how to choose a proper point as the user’s location
estimation. Looking at Figure 2.21, any point of the shaded area is a good choice. More generally,
searching for the optimum value of the intersection can be taken as a linear optimum program
which satisfies the series of constraints of Equation 2.31. Each of the preceding constraints is
firstly transformed into a linear matrix inequality (LMI):

‖Pu − Pi ‖ ≤ Ri →
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(Pu − Pi )T
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≥0

(2.32)

Namely, in 2 dimensions,



Ri
0
xu − xi

0
Ri
yu − yi  ≥ 0
xu − xi yu − yi
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(2.33)

The optimum of these inequalities will be the localization result. This optimum depends on
the solver used. For instance, in Matlab Robust Control toolbox, two solvers can be considered:
feasp, which returns an unintuitive point of the intersection; and mincx, which returns one of the
extremum points of the intersection. As stated in [48], using the mincx solver with four different
configurations will provide a box tightly bounding the intersection, and the box center can be
cu of the user node position (see Figure 2.22).
used as the LMI estimation P
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Figure 2.22: Using the mincx solver allows to define a bounding box and use its center as a
position estimation [48].
LMI is an effective method to define the radio communication ranges intersection where one
node resides. It only requires the positions of beacon nodes and their maximum radio range.
Here again, the amount of beacon nodes will influence the localization accuracy, which can be
below the meter. Other influencing parameters are the errors made on the ranges and on the
beacon positions, which will be investigated in detail in the next Chapters.

2.3.3 Measurement-free localization systems
2.3.3.1 APIT
APIT [50] is a centroid-like approach where the user node is surrounded by a large number of
beacons. In the APIT method, the user chooses randomly three beacon nodes around him to form
a triangle and uses the Point-In-Triangle (PIT) algorithm to test if he is lying in the triangle.
The PIT test fails if the signals of the three beacons are simultaneously getting stronger or
weaker when the user moves towards any direction. Continuously, another different three nodes
are chosen to try the PIT test again. The user repeats the PIT test until all combinations
are exhausted or the satisfying accuracy is achieved. The barycenter of the intersection of the
triangles that pass the PIT test will be used as user position estimation. Figure 2.23 shows an
example of this process: the triangles are the ones used in PIT tests and the barycenter of the
intersection of the triangles passing the test gives the location of the user node.
APIT is a promising method but still suffers from several drawbacks. First, fluctuations of the
RSSI signal can make signal comparison ineffective and make the PIT test return an erroneous
inclusion status. Second, ensuring the presence of a lot of static beacon nodes around the user is
not a practical thing; if the beacon nodes are allowed to move, it brings uncertainty into the PIT
test: experiments in [50] shows that the PIT test may fail in up to 14% of the cases, i.e. give
an erroneous value. Another solution is to compare received signals with received signals from
neighbors, but this is also error-prone due to RSSI fluctuations. The accuracy can be below the
meter for ten beacon nodes.

Figure 2.23: Illustration of APIT [50].
2.3.3.2 Ad hoc Localization System (hop-count method)
Using trilateration method, three or more than three beacon nodes which can supply distance
information to the user node are necessary. However, in a low-beacon-density network, direct
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distance measurements to even a single beacon node (or in other words, direct hop) is not always
available. Applying trilateration in such a situation requires additional distance information:
the DV-hop method introduces the hop count information and transforms it into a average hop
distance information. In the DV-hop method of the Ad-hoc Localization System [21], beacon
nodes flood their location throughout the network along with a hop count value initialized to
one. It is a mechanism that is similar to classical distance-vector routing. The user nodes receive
all beacon nodes position information as well as the number of hops to these beacons. Each
receiving node just keeps the minimum counter value from one beacon node, discarding the
messages with higher hop-count values. By this mechanism all user nodes can have the shortest
hop counter number to every beacon node. The following figure 2.24 is an illustration of the
beacon information propagation.

Figure 2.24: Hop-count Method [21].
All beacon nodes receive broadcast messages too, including position information and hop
count. As a beacon node i also knows its own position (xi , yi ), it can compute an average hop
size as follows:
Xq
(xi − xj )2 + (yi − yj )2
ahi =

j

X

hij

,

(2.34)

j

where (xj , yj ) is the location of the beacon node j and hij is the hop count from node i to node
j. Beacon node i then broadcasts its position with the average hop size ahi . When a user node
receives a message from a beacon, it contains such an average hop size as well as the hop count
to that beacon, so that it can estimate the distance to beacon nodes, and then with 3 messages
from 3 different beacon nodes, trilateration can be used. The advantage of APS is that it needs a
low number of beacon nodes to accomplish the localization. However, the estimation of distance
from hop count will increase the final localization error in the system.
2.3.3.3 Recursive Position Estimation (RPE)
In [51] another idea, Recursive Position Estimation (RPE), is proposed to solve the case of low
beacon density. RPE tries to achieve the localization task based on a set of initial beacon nodes
(e.g., 5% of the total nodes in the network) using only local information. When a user (unknown)
node manages to perform localization, it becomes a new reference node (settled node) in the
network and it can supply its location estimation to other unknown user nodes, as illustrated
in Figure 2.25. A user node can use two types of reference nodes for its own trilateration:
beacon nodes (accurate) and settled nodes (estimations). The process is iterative so that the
localization information increases as well as the number of reference nodes. The RPE algorithm
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can be divided into four steps as follows:
1. An unknown user node detects the available reference nodes around him;
2. The node measures distances to these reference nodes;
3. The node calculates its location estimation by means of trilateration;
4. This node is now a settled node that acts as a new reference node for its neighbor unknown
nodes.

Figure 2.25: Recursive Position Estimation (illustration from [1]).
The advantage of this algorithm is clearly that the number of reference nodes can increase
quickly although in the beginning there are only a few beacon nodes that supply their location
information. This way most of the nodes can achieve localization. The disadvantage of this
method is the propagation of the localization error. After iterating again and again, the localization may be quite inaccurate and the localization error will keep increasing. A specific simulation
model in [51] shows that an accuracy of 3% of the ranging distance can be achieved with 90%
possibility when 5% of the total nodes in the network are used as beacons.

2.3.4 Conclusion
This section has described several measurement-free localization methods and systems. In contrast with measurement-based localization methods, an advantage of measurement-free methods
is that they are free from accurate physical measurement. For example, the centroid method only
needs to know the positions of beacons, while the LMI methods only needs to know the positions
of beacons and their communication range, rather than the exact node-beacon distance, which
is much more difficult to obtain. So the localization systems which are based on these methods
such as APIT do not need special measurement devices, which drastically decreases the cost of
network deployment. The disadvantage of such localization systems is that their accuracy is not
as good as the one obtained with the use of special devices.

2.4 Conclusion
This chapter surveyed two categories of localization approaches. Generally speaking, in terms
of localization accuracy, measurement-based methods have advantage over measurement-free
methods by means of exact range or angle estimation. For example, GPS, Cricket, Pseudolite
can achieve centimeter level localization accuracy. RSS measurement-based methods can supply
about 3 meters of localization accuracy due to the lack of precise measurement of radio signal
strength and the unavailability of precise modeling of signal propagation.
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2.4 Conclusion
In the domain of wireless (sensor) networks, measurement-free methods are more popular.
This is due to the nature of wireless sensor networks which generally have a large amount of
small size sensor nodes. Equipping every node with an angle or distance measurement device is
not practical due to the size of nodes and/or the resulting cost of network-wide deployment, so
measurement-free methods are preferred in that context. As the nodes are communicating with
a radio, the RSS information can still be exploited, although its large fluctuations in indoor and
urban environments make it a rather inaccurate tool.
In the remainder of this manuscript, we will focus on improvements of the LMI method, a
measurement-free method taking into account maximum ranging information and location of
beacon nodes and generally achieving better accuracy than the Centroid method in a low beacon
density environment.
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3.1 Introduction
In this chapter, we study the localization performance of two measurement-free localization
schemes, Centroid and LMI. These schemes were chosen because they only need the peer positions, and because Centroid is the simplest while LMI is the most promising. As described in
the previous chapter, the Centroid scheme uses the centroid of the positions of peer nodes within
range as the localization result; the LMI scheme uses an optimum value which is enclosed in the
peer radio ranges intersection as the localization result. So for both of them, the localization
result will be unavoidably influenced by the number of peer nodes as well as the radio range
of peer and user nodes and the precision of positions supplied by peer nodes. Sometimes the
spatial distribution of peer nodes can decrease the accuracy of LMI and Centroid. It will be also
surveyed.
In the following, Section 3.2 gives the background and notations. Section 3.3 analyzes the
impact of the cited parameters on LMI performance and Centroid performance. This detailed
analysis is the first contribution of this PhD. Section 3.4 gives the conclusion of this chapter.

3.2 Background and notations
This section recalls content already reviewed in chapter 2 on the Centroid and LMI methods,
with additional notations that will be kept throughout the rest of this chapter.

3.2.1 Situation
We consider a user node that computes its position based on information sent by peer nodes.
The real position of the user is denoted Pu and the real position of the ith peer is denoted Pi .
There are N peers in the system. User and peers communicate with a radio device such as WiFi
or Bluetooth, which coverage is assumed to be circular, and the radio range is denoted R. Figure
3.1 illustrates this situation with N = 5 peers. The user real position is represented by a black
bullet (•) and the real peer positions are represented by triangles (M).
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Figure 3.1: Basic situation and notations.

When the user and a peer are in reciprocal range, the peer can send its position information
to the user. We denote NR the number of peers within such reciprocal range with the user. In
figure 3.1 all peers are within the user range, i.e. NR = N = 5.

3.2.2 User localization with exact peer positions
Using the collected information, the user can compute an estimation of its position, which is
cu . The Centroid and LMI methods are two possible methods to compute P
cu .
denoted P

3.2.2.1 Centroid method with exact peer positions
cu as the arithmetic
As described in section 2.3.2.1, the Centroid method consists in computing P
mean of the exact positions of peers within range:
NR

X
cu = 1
Pi .
P
NR

(3.1)

i=1

The Centroid method is illustrated in figure 3.2 for the situation of figure 3.1, with peers
providing real positions. The estimation of the user position is represented by a red asterisk (∗).
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Figure 3.2: Centroid estimation.

3.2.2.2 LMI method with exact peer positions

In section 2.3.2.3, the LMI method is described and consists in solving an inequation system.
This system is made of one inequation for each peer within range, that expresses that the user
cu is one of the
and the peers are within range R. When peers can supply their real position, P
solutions of the following LMI system:

∀i ∈ 1..NR kPu − Pi k ≤ R .

(3.2)

This inequation system defines an intersection of circles centered on the peer positions. Any
cu , but we choose the center
point of this intersection can be used as the user position estimation P
of the rectangle enclosing the intersection, which is easily computed with Matlab’s mincx solver.
The LMI method for peers providing real positions is illustrated in figure 3.3.
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Figure 3.3: LMI estimation.

Finally, equation 3.2 can be reformulated as a form of Linear Matrix Inequality (LMI) as
follows:


I2 R
Pu − Pi
∀i ∈ 1..NR
≤ 0.
(3.3)
(Pu − Pi )T
R
Namely,




R
0
xu − xi
0
R
yu − yi  ≤ 0 .
∀i ∈ 1..NR 
xu − xi yu − yi
R

(3.4)

This form is the one used in our Matlab simulations based on the Robust Control Toolbox,
as shown in algorithm 3.1. The functions setlmis, lmivar, lmiterm, getlmis, mincx and dec2mat
are provided by the Robust Control Toolbox. The LMI system to solve is defined by setlmis
(initialize an empty system), lmivar (defines which variables should be optimized when solving
the system), lmiterm (adds parts of inequations: NR indicates which inequation is being filled in,
the negative form targets the left-hand side, the two subsequent numbers are the row and column
numbers, etc.). Inequations are added only when the user-peer Euclidean distance is less than
range R. This distance is computed by the norm Matlab function. Once the LMI inequations
have been defined, the system can be addressed by getlmis and solved with for instance mincx.
In our case, we invoke mincx so that it solves for a minimum or maximum x or y coordinate, so
as to obtain the coordinates of the red rectangle of figure 3.3, as suggested in [48]. Each of the
four values is returned enclosed in an optimum vector called vopt in the algorithm, and we use
dec2mat to extract the x or y scalar value accordingly. We then use the center of this rectangle
cu .
as the user position estimation P
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Algorithm 3.1 LMI solving with mincx in Matlab (exact peer positions).
cu NR] = lmi(Pu , Pi , R)
function [P
% Initialize the LMI system, with 2 unknown scalars
setlmis([]);
X = lmivar(1, [1 0]);
Y = lmivar(1, [1 0]);
% Among the positions in Pi , retain only those within the user range
N = length(Pi );
NR = 0;
for i = 1:N
if norm(Pu - Pi (i, :)) <= R
% add a LMI using the matrix form of (3.4)
NR = NR + 1;
lmiterm([−Nr 1 1 0], R);
lmiterm([−Nr 2 2 0], R);
lmiterm([−Nr 3 1 X], 1, 1);
lmiterm([−Nr 3 1 0], −Pi (i, 1));
lmiterm([−Nr 3 2 Y], 1, 1);
lmiterm([−Nr 3 2 0], −Pi (i, 2));
lmiterm([−Nr 3 3 0], R);
end
end
lmis = getlmis;
% Solve the LMI system 4 times with mincx to get the enclosing rectangle
[~, vopt] = mincx(lmis, [1 0]);
xmin = dec2mat(lmis, vopt, X);
[~, vopt] = mincx(lmis, [-1 0]);
xmax = dec2mat(lmis, vopt, X);
[~, vopt] = mincx(lmis, [0 1]);
ymin = dec2mat(lmis, vopt, Y);
[~, vopt] = mincx(lmis, [0 -1]);
ymax = dec2mat(lmis, vopt, Y);
% The returned estimation is the middle of the rectangle
cu = [(xmin + xmax)/2 (ymin + ymax)/2];
P
end

3.2.3 User localization with estimated peer positions
In many practical cases, the peer can only send an estimation of its current position. The
estimated position of a peer is denoted Pbi . In the initial situation figure 3.1 we used an ideal
situation where ∀i ∈ 1..N Pbi = Pi , i.e. peers were able to provide their exact position to the user
(this is the case for infrastructure elements such as WiFi access points). Figure 3.4 depicts a
situation where peers can only supply an estimation of their position, which is represented by a
diamond like , and most of the time differs from the real position represented by triangles like
M. A dashed line links each peer’s real and estimated positions. Note that the range circles are
centered on the real positions, not on the estimated positions.
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Figure 3.4: Basic situation with peers estimating their own position.

3.2.3.1 Centroid method with estimated peer positions

When peers provide estimations instead of exact positions, the Centroid method consists in
cu as the arithmetic mean of the estimated positions Pbi of peers within range:
computing P
cu =
P

NR
1 Xb
Pi .
NRr

(3.5)

i=1

The Centroid method is illustrated in figure 3.5 for the situation of figure 3.4, with peers
providing estimated positions. The estimation of the user position is represented by a red asterisk
(∗). The figure also reminds the case of peers providing exact positions: the user position
estimation slightly differs.
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Figure 3.5: Centroid method.

3.2.3.2 LMI method with estimated peer positions
When peers provide only estimations of their positions, the LMI method is adapted in two
manners. First, the ranges are enlarged to take into account the error on peer estimation.
Second, as the exact position is not known, the enlarged ranges are centered on the estimated
peer positions.
If we can bound the module of the error Ei on position estimation for the ith peer with a value
ebi , then we can write for any peer in the system:
∀i ∈ 1..N

(

Ei = Pi − Pbi ,

kEi k ≤ ebi .

(3.6)

Then, considering Pu , Pi and Pbi as the vertices of a triangle as illustrated by figure 3.6, we
also have the following triangle inequality for each peer in the system:
∀i ∈ 1..N ||Pu − Pbi || ≤ ||Pu − Pi || + ||Pi − Pbi || .

(3.7)

In addition, equation 3.2 reminded below is still true in the case of errors in estimated peer
positions:
∀i ∈ 1..NR kPu − Pi k ≤ R .
For each peer within the user’s range the combination of equations 3.2, 3.6 and 3.7 gives:
∀i ∈ 1..NR Pu − Pbi ≤ R + ebi .

(3.8)
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The LMI form of this system of inequations is:


R + ebi
0
xu − xbi
0
R + ebi yu − ybi  ≤ 0 .
∀i ∈ 1..NR 
xu − xbi yu − ybi R + ebi

(3.9)

Figure 3.6: Illustration of position relations of peer nodes.

Assuming that peers can provide both an estimation of their position and a bound on the
estimation error, the above system can be solved and has many solutions, and similarly as
before, we will choose the center of the box bounding the ranges intersections as the user position
estimation.

Figure 3.7 illustrates the LMI method for the case of estimated peer positions, also reminding
the case of exact peer positions. Note that range circles are bigger, and centered on estimations.
The consequence is a slightly larger intersection and a different user position estimation.
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Figure 3.7: LMI method.

Algorithm 3.2 is the adaptation of algorithm 3.1 to the case where peer provides only position estimations. The main difference are the two additional input parameters: the estimated
positions Pbi and the error bounds ebi . Inequations are added to the LMI system by using the
real peer position in the distance computation made with norm, but the inequation features the
estimated peer position and adds the error bound to the range.

Algorithm 3.2 LMI solving with mincx in Matlab (estimated peer positions).
cu NR] = lmi(Pu , Pi , Pbi , R, ebi )
function [P
... (same as algorithm 3.1)
for i = 1:N
if norm(Pu - Pi (i, :)) <= R
% add a LMI using the matrix form (3.9)
NR = NR + 1;
lmiterm([−Nr 1 1 0], R + ebi (i)); % add the error bound
lmiterm([−Nr 2 2 0], R + ebi (i));
lmiterm([−Nr 3 1 X], 1, 1);
lmiterm([−Nr 3 1 0], −Pbi (i, 1)); % now use Pbi , not Pi
lmiterm([−Nr 3 2 Y], 1, 1);
lmiterm([−Nr 3 2 0], −Pbi (i, 2));
lmiterm([−Nr 3 3 0], R + ebi (i));
end
end
... (same as algorithm 3.1, applies to figure 3.7)
cu = [(xmin + xmax)/2 (ymin + ymax)/2];
P
end

47

3 LMI and Centroid Performance Study

3.2.4 Localization error
The localization error of the user position estimated with a localization method, denoted Eu , is
the Euclidean distance between the real and estimated position of the user:

3.3 Performance Analysis

cu .
Eu = Pu − P

(3.10)

In this performance analysis, we mainly consider the accuracy of a localization method, which is
the expected mean distance between the real user position and the estimation returned by the
method (see below for more detailed definitions). In this section we look at the accuracy of the
Centroid and LMI methods under a wide range of operating conditions. The main parameters
that impact the accuracy of user location, either obtained by the Centroid or the LMI method,
are:
• the number of peer nodes within the user’s range; as a large number of nodes will provide
more information, we expect that accuracy will improve as this number increases (see
section 3.3.2);
• radio range; for a fixed number of peers within range, a bigger range will correspond to a
larger polygon for Centroid localization or a larger intersection for LMI localization, which
should lead to more possibilities about the user location and thus less accuracy (see section
3.3.3);
• spatial distribution of peer nodes; when peer nodes are close to each other and form several
clusters spatially, the spatial distribution of peer nodes will largely influence the form of
the polygon formed by peer nodes (for Centroid) and the corresponding intersection of the
radio communication area of peer nodes (for LMI); we therefore think that the accuracy
will change as the spatial distribution of peer nodes tends to form clusters (see section
3.3.4);
• errors in the positions supplied by peers; erroneous peer positions will be propagated to
the user position estimation (see section 3.3.5).
To study the impact of all these parameters on the accuracy of the Centroid and LMI localization
schemes, we will use the following methodology:
1. Define a basic setup which will be used as a reference;
2. Measure the accuracy of the Centroid and LMI schemes on this basic setup;
3. For each of the above listed parameters, vary only this parameter, and leave the other
parameters unchanged with respect to the basic setup;
4. For each parameter variation, measure the accuracy of the Centroid and LMI schemes.
However measuring the accuracy is not trivial because the localization error depends on the peers
positions. These positions will be drawn randomly, so the error varies among different runs. To
overcome this variability issues, each time we measure the accuracy of schemes for a given
configuration (i.e. a fixed set of parameter values) we perform as many runs as needed so that
statistical confidence is obtained. We use the statistical mean error of the location estimations
Eu as an indicator of the performance of the localization methods in terms of accuracy. In the
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rest of this manuscript, the mean localization error is obtained on all the runs when the 95%
confidence interval of this mean is a value less than 10 centimeters. It should have the ability
to be re-obtained in similar but different scenarios. In other words, when we give an mean error
Eu , if we run other experiments with the same configuration, 95% of localization errors obtained
will fall in the interval [Eu − 0.1, Eu + 0.1].

3.3.1 Basic setup
Before observing the impact of the parameters referred above, a basic case is considered firstly.
The localization accuracy of the Centroid and LMI methods is evaluated with a fixed set of
parameters which are set up as shown in table 3.1. In the following sections, each of these
parameters will be varied separately to study its impact on the localization accuracy.
Parameters
Number of peers
Radio range
Peers clustering
Peer position errors

Values
5
10 m
No
No

Table 3.1: Basic setup parameters.
As referred in Chapter 2, in ideal conditions the signal propagation model can be seen as a
rotationally and symmetrical global form. In two dimensions, the coverage of the peer node’s
signal will be a circular area. In this simulation, the peer nodes are uniformly distributed within
the circular communication area of the user node. The same uniform distribution in a disc will
be used in the other sections of this chapter, except in the clustering impact section. Consider a
disc centered in (0, 0) with radius R. To distribute uniformly N nodes in this disc, a well-known
filtering technique consists in drawing uniformly nodes in a square of side 2R centered in (0, 0),
and filtering out nodes which distance to (0, 0) is greater than R.
So the setup of table 3.1 consists in randomly distributing 5 peers uniformly in a disc centered
on the user position with a 10-meter radius, each peer providing its exact position to the user
node. In this basic setup, 735 runs were needed to get the mean localization error with a 95%
confidence less than 10 centimeters. In each run, the peer positions are distributed differently
by simply using a different random seed. When there are more peer nodes, for example, 10 peer
nodes, only 433 runs are needed.
Table 3.2 gives the accuracy performance of the Centroid and LMI schemes in the basic setup.
We can see that in the given basic case both of them can achieve good accuracy of about 2~3 m
with 5 peers. LMI has a little better localization performance than Centroid, about 0.5 meter.
For both schemes the standard deviation is “large”, more than 1.3 meters, which means that large
localization errors of more than 6 meters can be observed from time to time. Further discussion
of the LMI and Centroid performance will be detailed for each parameter in the next sections.

Mean localization error (m)
Standard deviation (m)
95% confidence interval (m)

Centroid
2.7994
1.3830
< 0.1

LMI
2.3270
1.3039
< 0.1

Table 3.2: Localization results for the basic setup.
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3.3.2 Peer node number impact

In this section, the impact of peer node number is surveyed. The number of peer nodes varies
from 2 peers to 100 peers, while the other parameters are fixed as in the basic setup (see table
3.3). Peers are uniformly distributed in a disc centered on the real user position with a 10-meter
radius. For each peer node number value, a sufficient amount of simulation runs has been done
for the 95% confidence interval of the mean localization error to be less than 10 centimeters.

Parameters
Number of peers
Radio range
Peers clustering
Peer position errors

Values
2 to 100
10 m
No
No

Table 3.3: Peer node number impact setup.

The results of this study are shown in Figure 3.8. The mean localization error of both Centroid
cu can be seen as the
and LMI decreases as the peer node number increases. For Centroid, P
average of the Pi within range and will slowly converge to the mean position of the peers, which
by assumption uniformly surround the real user position. For LMI, more peers leads to more
intersecting circles. The intersecting area always contains the real user position but gets smaller
and smaller as the center of the circles (the peer positions) surround uniformly the real user
position. The effect of adding a peer within range is illustrated in Figure 3.9; note in particular
how adding a peer attracts the estimation to the real position.
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Figure 3.8: Impact of number of peer nodes.
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Figure 3.9: Increasing the number of peers.

When there are 2 peers, the localization accuracies of Centroid and LMI are exactly the same.
Because when there are 2 peers, the Centroid localization result is the same as that of LMI
optimum value obtained with the mincx solver using two identical ranges. However, as the
number of peer nodes increases, LMI localization method performs better than Centroid. The
mean localization error of LMI decreases rapidly. When there are 10 peer nodes, the mean
localization error of Centroid is about 2 meters while the mean localization error of LMI is below
1.5 meters. When the number of peer nodes is more than 10, both of the mean localization error
curves decrease slowly. In contrast, LMI achieves 1 meter accuracy with 15 peers while Centroid
reaches that accuracy with about 50 peers.
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3.3.3 Radio range impact
In this section, the impact of peers and user radio range will be surveyed. The ranges are chosen
to vary from 5 meters to 50 meters. All nodes share the same radio range. Other parameters are
set up as in the basic setup, i.e. 5 peers uniformly distributed around the user without clustering
(see Table 3.4).

Parameters
Number of peers
Radio range
Peers clustering
Peer position errors

Values
5
5 to 50 meters
No
No

Table 3.4: Radio range impact setup.

Radio range can decide if peer nodes are far away or near to the user node (for Centroid)
and the corresponding intersection of the radio communication area of peer nodes is big or small
(for LMI). As the radio range increases, both the mean localization error of Centroid and LMI
increase, as shown in Figure 3.10. LMI still achieves better accuracy performance than Centroid
for all values of the range.
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Figure 3.10: Impact of the radio range.

In the case of Centroid, the positions of some peer nodes are increasingly far away from the
user node; with only a few nodes, one far away peer node can attract the centroid far from
the user position. In the case of LMI, the intersecting circles are bigger, thus leading to a
bigger intersection of the communication area of peer nodes, not necessarily centered on the user
position. This magnification effect is illustrated by Figure 3.11.
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Figure 3.11: Increasing the range.

3.3.4 Peer node clustering impact
In the previous sections, the accuracy of the methods was compared with peers uniformly distributed around the user. In this section, we study the impact of spatial distribution on location
estimation when peers form several clusters. We choose to obtain these clusters by construction.
There are N peers in each tested setup, and the radio range is still R. However, the N peers are
partitioned in NC clusters that do not overlap. Each cluster is contained in a disc with radius
Rc . The peers of a given cluster are uniformly distributed in the cluster disc similarly as in
Algorithm ??. The clusters discs are distributed in the user range in a somewhat uniform way,
so that each cluster disc is fully included in the peer range (i.e. all peers are within the user
range) and cluster discs do not intersect; this distribution is performed by computing the cluster
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centers positions with Algorithm 3.3.

Algorithm 3.3 Cluster centers distribution algorithm.
i = 0;
R0 = R − Rc ;
while i < NC
% Choose a candidate center far enough from the disc edge
x = unifrnd(−R0 , R0 );
y = p
unifrnd(−R0 , R0 );
x2 + y 2 ;
d =
if d > R0
continue;
end;
% Check that this candidate is far from the stored centers
ok =true;
if i > 0
for j = 1 to i
% xc
qj and ycj are the coordinates of stored center Cj
2

2

(x − xcj ) + (y − ycj ) ≤ 2 Rc
if
ok =false;
break;
end;
end;
end;
if ok
% Store the candidate as the ith center
i = i + 1;
Ci = (x, y);
end;
end;

An example of cluster distribution is given by figure 3.12 where N = 50 peer nodes are divided
in NC = 5 clusters, the user range being set to R = 10 meters and the cluster radius set to
Rc = 1 meter. Algorithm 3.3 ensures that the 50 peers are within the user range and that the
clusters are well identified, forming distinct spots because their disc do not intersect with each
other. This cluster distribution intuitively shows what we will demonstrate in the remainder of
this section: if the clustering character is high, then each cluster acts as a single peer and the
accuracy performance is not tied to the number of peers but rather to the number of clusters.
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Figure 3.12: Cluster construction example.

This cluster construction is not meant to be realistic. In a real environment, to determine the
clusters in a network, there are several factors that need to be considered, such as social relations,
spatial position, etc. [52, 53, 54]. Here, to effectively analyze the impact of spatial distribution of
peers on localization, the positions of peers are taken as the factor determining a cluster. In the
simulations, a cluster is simply defined as a disc. It represents a kind of simple spatial relation
that a set of peer nodes in the same cluster are very close to each other but relative far away from
other peer nodes in other clusters of the network. This spatial relation is quite similar to the
well-known Caveman mode [55]. In general, the diameter of a network is defined as the largest
hop path between any node pair in the network [56]. From that point of view too, the cluster
construction is not meant to be realistic, as we use a circle to bound every cluster and use the
diameter of the circle as the diameter of the cluster which the circle represents. And, for the
convenience of analysis, we also assume that the diameters of all clusters are the same and the
total nodes are uniformly distributed into these clusters with the same number of peer nodes.
The artificial construction of clusters used in this chapter is sufficient to show that when nodes
are grouped in clusters the accuracy of both the Centroid and LMI methods can be strongly
degraded. We will study separately the impact of the number of clusters, the cluster radius and
the cluster density in the next paragraphs.

3.3.4.1 Clusters number impact
In this section, the impact of cluster number is surveyed. The total number of peer nodes is set
to N = 100 and the number of clusters NC is varied so that all clusters have the same number
of peers (see parameters in Table 3.5). Note that varying NC while keeping N fixed leads to
clusters more or less densely populated.
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Parameters
Number of peers
Radio range
Peers clustering
Number of clusters
Cluster radius
Peer position errors

Values
100
10 m
Yes
2 to 10
1m
No

Table 3.5: Cluster number impact setup.

The accuracies of Centroid and LMI are observed with different cluster numbers in Figure
3.13. When 100 peer nodes are divided into two clusters, the Centroid and LMI localization
results are almost the same. Their accuracies are close to 4 meters as if there were only two peer
nodes, which is quite far from the 80 cm obtained for Centroid and the 20 centimeters obtained
for LMI with 100 peers not grouped in clusters (see Figure 3.8 on page 50). When the cluster
number increases, the mean localization error decreases for both Centroid and LMI localization
with approximately the same shape as Figure 3.8 on page 50 replacing N by NC.
This shows that the cluster number can have a decisive effect on the variation of the mean
localization error, rather than simply the total number of peer nodes. However, as we will show
in the next section, these results are also due to the small radius used for the clusters.
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Figure 3.13: Impact of the number of clusters.

3.3.4.2 Cluster radius impact
In the previous section, we have used a small radius, and in that case the variation of the number
of clusters NC impacted a lot the accuracies of Centroid and LMI. In this section, we keep N
and Nc fixed and vary the radius of the clusters Rc . The simulation parameters are set up as
described in Table 56.
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Parameters
Number of peers
Radio range
Peers clustering
Number of clusters
Cluster radius
Peer position errors

Values
90
10 m
Yes
3
0.2 to 3 m
No

Table 3.6: Cluster radius impact setup.
Figure 3.14 shows that as the radius of the clusters increases, the mean localization error
decreases for both Centroid and LMI. When the total peer node number is fixed, enlarging the
radius means that the cluster content is more evenly distributed in the 10-meter radio range R,
thus getting closer to the non-clustered situation of the basic setup. When the cluster radius
increases, the total number of peer nodes will play a more important role than the cluster
number, and the mean localization error will decrease. Conversely, clustering has a big impact
when clusters have a small radius, in which case the cluster behaves as a single peer node,
whatever the amount of nodes in the cluster. The next section will work on this idea more
deeply by introducing the notion of cluster density.
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Figure 3.14: Impact of the radius of clusters.
3.3.4.3 Clusters density impact
In the two previous sections we have observed two effects related to clustering: when the number
of clusters increases or when the radius of clusters increases, the mean localization error decreases
for both Centroid and LMI. However, for small cluster radius, the mean localization error is
quite high/bad and does not seem related to the number of peers anymore. So in this section,
we investigate a third factor, cluster density, i.e. whether a cluster is crowded or not. More
precisely, the node density of a cluster is defined as the number of peers in a cluster divided by
the cluster surface, i.e.:
µ=

N
,
πRc2 NC

(3.11)

where µ is the node density of cluster; Rc is the radius of the cluster; Nc is the number of
57

3 LMI and Centroid Performance Study
clusters and N is total number of peer nodes. This density describes how populated is a cluster
disc. We keep the same radius for all clusters, fixed to 1 meter, while varying the density of
the clusters. Furthermore, for each density investigated, we vary the number of clusters which
automatically sets the total number of peers to N = µπRc2 NC. The radio range R is still set to
10 meters. The values investigated are summarized in Table 3.7.

Clustering node density µ
15/π
10/π
6/π
3/π

NC = 3
45
30
18
9

NC = 5
75
50
30
15

NC = 10
150
100
60
30

NC = 15
225
150
90
45

Table 3.7: Value of NC for different clustering strategies (Rc = 1 m).

Figure 3.15 gives one example of clustering node density equaling to 15/π. Figure 3.15a depicts
the case of 45 peers distributed in 3 clusters. The left figure shows Centroid location estimation,
where the red point represents the estimation computed with all 45 peer nodes while the red
circle represents the estimation computed with only the 3 points, the centers of the 3 clusters.
Note how close the estimation with 3 cluster centers is to the estimation with 45 peers. Similarly,
the right figure shows LMI location estimation, where the red star represents the estimation with
all 45 peer nodes while the red square represents the LMI location estimation computed with
only the center points of the 3 clusters. As for Centroid, the LMI location estimation derived
from all 45 peer nodes is very close to the results computed with only the cluster centers. Similar
result exists in Figure 3.15b which illustrates the case of 150 peer nodes grouped in 10 clusters.
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(b) N = 150 peers in NC = 10 clusters.

Figure 3.15: Example density of µ = 15/π.

To further evaluate this phenomenon, we made simulations for every case listed in Table 3.7. By
comparing the accuracy of every case, we can see that the same number of cluster will bring almost
the same accuracy even if the total number of nodes which are distributed into these clusters is
largely different (NC = 15 corresponds to N = 45 to 225 according to the different values of µ),
as shown in Figure 3.16a. In other words, to some extent, the cluster number determines the
final LMI or Centroid accuracy level, which is equivalent to the accuracy computed only with
the cluster centers instead of all the peers, as shown in Figure 3.16b. Moreover, comparing both
sides of Figure 3.16, given the same number of clusters, LMI will achieve better accuracy than
Centroid.
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Figure 3.16: Cluster density impact.

Figure 3.17 uses the same results as Figure 3.16 with µ densities on the x axis, and clearly shows
that for a small cluster radius the cluster density does not really impact the mean localization
error.
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Figure 3.17: Cluster density impact, a different view.
3.3.4.4 Conclusion on the impact of peers clustering
From the previous sections we can conclude that when some given number of peer nodes are
divided into several clusters (or groups) occupying a small area, the final LMI or Centroid
accuracy involving all nodes is almost the same as the result computed using only the cluster
centers coordinates. The mean localization error difference is then below the centimeter. This
means when some peer nodes are very close to each other, their whole localization behavior
towards outside can be replaced by the center point of the cluster which encloses these nodes.
This kind of node convergence character may mitigate the localization methods accuracy: indeed,
the number of equivalent useful locations decreases. For example, when 45 peers are divided into
3 clusters with a small radius of 1 meter, the LMI accuracy is just equivalent to the localization
level of 3 peers.
From another view, the cluster centers can be regarded as cluster heads. Since using these
heads only leads to almost the same accuracy as using all peers, using these head as the only
communicating entity towards outside is a better choice to avoid interferences and save energy.

3.3.5 Peer node position error impact
In the previous sections, the positions of peer nodes are assumed to be well-known when the
impacts of peer number, peer range and cluster are surveyed respectively. In this section, selfpositioning error of peers will be considered; in other words peers provide erroneous estimations
of their positions, as already discussed in section 3.2.3 on page 43. In this section, four different
kinds of self-positioning error models are involved. They are disc-uniform, 2D-Gaussian, 2DGaussian angular and 2D-Gaussian radial error models. Their impacts on localization accuracy
will discussed in separate subsections hereafter.
More precisely, we study different distribution laws for the random variable Ei such that:
Pbi = Pi + Ei

(3.12)
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The simulations done in this section have the following main structure:
1. Uniformly draw real peer positions Pi from a disc centered around the real user position
(as in the basic setup).
2. For each peer, draw an estimation error Ei from the tested error distribution and add it to
Pi to get the estimated position Pbi .

3. Run the centroid and LMI methods.

For each parameter configuration, the above steps are repeated until the 95% confidence interval
on the mean localization error is less than 10 centimeters.
Referring to equation 3.8 on page 45, the LMI localization problem can now be regarded as
an optimum problem with peer locating at P̂i with radio range R + eb, where eb is an upper
bound on the module of the error kEi k. To some extent, it seems that the peer node radio range
is enlarged. According to the results in section 3.3.3 on page 52, the localization accuracy will
decrease as radio range enlarges. However, if these error positions P̂i are in the radio range of
the user node and the error bound eb is small enough, good localization still can be expected.
3.3.5.1 Disc-uniform error
Here, we assume the self-positioning error Ei of peer nodes obey to uniform distribution in a disc
centered around the real user position. The disc radius is the error bound eb, and is the same
for all peers.
Figure 3.18 gives an example of disc-uniform error model. In this figure the peer exact position
is assumed to be the origin (0, 0) and the maximum error bound eb is 10 meters. 500 possible
positions with uniform error are produced in the disc bounded by the maximum error.
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Figure 3.18: One example of disc-uniform error distribution in a disc. The black dots represent
the possible error positions. The green circle represents the maximum error bound.
To observe the impact of the disc-uniform error model on localization accuracy, the maximum
error bound varies from 0 to 30 meters, 0 meters corresponding to the basic setup where peers
provide exact positions. Other parameters of simulation are set up as shown in table 3.8.
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Parameters
Number of peers
Radio range
Peers clustering
Peer position errors
Error model
Error bound

Values
5
10 meters
No
Yes
Disc-uniform
0 to 30 meters

Table 3.8: Disc-uniform error impact setup.
In Figure 3.19, the mean error of localization of centroid and LMI are shown. For both
localization methods, the mean localization error increase with the maximum error bound. When
the error bound is smaller than 6 meters, LMI localization accuracy is better than centroid and
smaller than 3 meters. When the error bound is between 5 meters and 20 meters, the localization
accuracy of LMI and centroid are almost the same and begin to exceed half of the radio range.
After the error bound exceed 20 meters, the LMI localization becomes better than centroid again
but both their accuracies are close to the radio range.
This simulation demonstrates that under disc-uniform error conditions, the LMI method always
can behave better than or similar to the Centroid method.
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Figure 3.19: Impact of disc-uniform error model.

3.3.5.2 2D Gaussian error
In this section, the self-positioning error Ei obeys a 2D Gaussian law. Such an error model in
the simulation is produced by letting each coordinate of Ei follow Gaussian law N (0, σ), with σ
computed such that in 99% of the cases the module of Ei is less than eb. Figure 3.20 gives an
example of 2D Gaussian error model with an error bound eb = 10 meters, which corresponds to
σ = 3.3 meters. In this figure there are 500 black dots which represents 500 possible estimated
peer positions around (0,0). The green circle represent the maximum error bound, and some
points are lying outside this bound: the presence of the four outliers is due to the 99% used in
the computation of σ.
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Figure 3.20: Example of 2D Gaussian error model. The black dots represent the possible error
positions. The green circle represents the 99% error bound of 2D Gaussian error.

Finding σ How is σ computed as a function of a maximum error bound eb and a confidence α?
Let X and Y be the random variables representing the x and y coordinates of the error Ei . By
construction
√ both X and Y follow a Gaussian law N (0, σ). The module of the error Ei is then
kEi k = X 2 + Y 2 , which follows a Rayleigh law with parameter b = σ. We want σ such that:
P (kEi k < eb) = α,

(3.13)

which by definition of the Rayleigh law CDF is equivalent to:
1 − e−eb

2 /2σ 2

= α.

(3.14)

This equation can be solved for σ, and equation 3.15 shows how σ is computed out of eb for
confidence α = 0.99:

eb
σ=p
.
−2 log(1 − α)

(3.15)

It can also be observed that σ = eb/FR−1 (1 − α), where FR−1 is the inverse cumulative distribution
function for the Rayleigh law with parameter b = 1.

Simulation results The simulations done in this section are very similar to the simulations done
for the Disc-uniform peer position error model, with the maximum error bound varying from 0
to 30 meters. The simulation parameters are set up as in table3.9.
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Parameters
Number of peers
Radio range
Peers clustering
Peer position errors
Error model
Error bound eb

Values
5
10 meters
No
Yes
2D Gaussian
0 to 30 meters

Table 3.9: 2D Gaussian error impact setup.
As shown in Figure 3.21, for both localization methods, the mean localization error increases
with the maximum error bound. When the error bound is smaller than about 8 meters, LMI
localization accuracy is better than Centroid and smaller than 3 meters. When the error bound
exceed 8 meters, the LMI localization becomes worse than Centroid. If the 2-dimension Gaussian
error bound is not greater than 20 meters, for both LMI and Centroid, it is possible to achieve
a localization accuracy of about 5 meters (half of the radio range).
This simulation demonstrates that if 2D Gaussian error can be considered in a localization
application and if the error is small, LMI localization is more accurate than Centroid. However,
when the self-positioning error is larger than the radio range, the Centroid localization is a
consistently better than LMI localization. This is because the LMI inequations use eb as an
error bound while the Rayleigh distribution of the error module kEi k is more concentrated on
smaller values; in other words, the range is enlarged too much in many cases. This was not the
case for the disc-uniform distribution of the previous section, for which both Centroid and LMI
performed a little better.
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Figure 3.21: Impact of 2D Gaussian error model.
3.3.5.3 2D-Gaussian angular error
In the previous sections, error positions were uniformly or normally distributed around the user,
with consequently angles uniformly distributed in the range [0, 2π]. This section considers a
special case where error positions are normally distributed in an angular area. This error model
is named 2D-Gaussian angular error model. Here an error position Ei is produced as follows:
1. Do a 2D Gaussian random draw where the x0 and y0 coordinates of Ei follow a Gaussian
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law N (0, σ), with σ computed as a function of eb as in the previous section (see equation
3.15).

2. Compute ρ, the distance to point (0,0):
ρ=

q
x20 + y02 .

(3.16)

3. Draw a random angle θ from a Gaussian law N (µθ , σθ ).

4. Change the error position produced in step 1 so that the distance to point (0,0) remains
the same but the angle is the one drawn at step 2:
(3.17)

Ei = (ρ cos θ, ρ sin θ).

Figure 3.22 gives an example of Gaussian angular error model with 500 possible error positions
(black dots). Here eb = 10, µθ = 0 and σθ = π/12. Due to the normal law obeyed by θ, 95% of
the angles are between −2σ and 2σ, i.e. an angular sector of π/3. The normal law obeyed by
the radius explains the greater density in the disc center.
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Figure 3.22: One example of 2D-Gaussian angular error. The black dots represent the possible
error positions. The green circle represents the 99% error bound.

For the 2D-Gaussian angular error model, the error bound eb used in step 1 and the standard
deviation of angles σθ used in step 3 will be regarded as two factors which may influence the
localization accuracy of LMI and Centroid. To observe the impact of the variation of these two
factors, the simulation parameters are set up as in table 3.10:
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Parameters
Number of peers
Radio range
Peers clustering
Peer position errors
Error model
Error bound eb
Angle bias mean µθ
Angle bias std. dev. σθ

Values
5
10 meters
No
Yes
2D Gaussian angular
0 to 30 meters
0
0 to π/3

Table 3.10: 2D Gaussian angular error impact setup.

In Figure 3.23a, the error bound varies from 0 to 30 meters while the angle bias is fixed to
π/12. For both LMI and Centroid, the mean localization error increases with the error bound.
When the error bound is lower than 10 meters (radio range level), the accuracy of LMI is better
than Centroid and both of their mean localization errors are below 5 meters (half radio range).
When the error bound is between 10 and 15 meters, the accuracies of LMI and centroid are
almost the same. However, when it exceeds 20 meters, the localization accuracy of LMI is a little
worse than centroid. The results shown in 3.23a are worse than for the 2D Gaussian error model
in Figure 3.21, showing that the existence of an angular bias may degrade the performance.
In Figure 3.23b, the error bound is fixed to 5 meters and angle bias standard deviation change
from 0 to π/3. With the last value π/3, 99.7% of the possible angles are between −π and π,
the majority being around angle θ = 0. As the peer nodes are more dispersed in a larger angle
area, both the localization mean error of LMI and Centroid decrease because the peer nodes
are gradually distributed around the user instead of always being in a small angle area. This
demonstrates that if error position is confined in a small angle area, the localization accuracy of
LMI and Centroid will degrade.
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Figure 3.23: Impact of 2D-Gaussian angular error model.
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3.3.5.4 2D-Gaussian radial error
In this section, we will survey the impact of another error model on the localization of LMI and
centroid. The 2D-Gaussian angular error model of the previous section introduced a bias in the
angle of peer location estimations. The model presented here introduces a bias in the distance
of peer location estimations.
In polar coordinates, peer position errors Ei can be represented as (ρ, θ) in a coordinate
system with origin in Pi . In the 2D-Gaussian radial error model, ρ obeys a Gaussian distribution
N (µρ , σρ ), while θ is uniformly distributed in [0, π]. An error position Ei is produced as follows:
1. Draw a random radius ρ from a Gaussian distribution N (µρ , σρ ).
2. Draw a random angle θ from a Uniform law U (0, 2π).
3. ρ and θ are the polar coordinates of Ei :
(3.18)

Ei = (ρ cos θ, ρ sin θ).

Figure 3.24 gives an example of Gaussian radial error model. The black dots represent the
possible error positions. The intermediate green circle represents the radial bias µρ = 10. The
standard deviation is set to σρ = 1 so that most of the radius are between 7 and 13, materialized
by the inner and outer green circles. From this figure, we can see for 2D-Gaussian radial error
model, the mean µρ and the standard deviation σρ decide the form of error positions distribution
which is a ring. These are two factors that may influence the localization accuracy of LMI and
Centroid.
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Figure 3.24: One example of Gaussian radial error model.
To observe the impact of the variation of these two factors, the simulation parameters are set
up as described in table 3.11. We choose µρ and σρ = 1 so that the outer size of the ring is the
99% maximum error bound eb. In particular, σρ is chosen so that the ring width is approximately
10% of eb, e.g. σρ = 0.1 × eb/6 = eb/60. Once σρ is fixed, the mean radius µρ can be computed
so that radiuses produced are smaller than eb with confidence α:
P (ρ) < eb = α,
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which by definition of the Gaussian law CDF is equivalent to:

1
2

eb − µρ
√
1 + erf
σρ 2

!

= α,

(3.20)

and can be solved for µρ when σρ is fixed:

√
µρ = eb − σρ 2 erf −1 (2α − 1)

Parameters
Number of peers
Radio range
Peers clustering
Peer position errors
Error model
Error bound eb
Radial bias std. dev. σρ

(3.21)

Values
5
10 meters
No
Yes
2D Gaussian angular
0 to 30 meters
0 to eb/6

Table 3.11: 2D Gaussian radial error impact setup.

Figure 3.25 shows the impact of the 2D-Gaussian radial error model. When error bound eb
changes from 0 to 30 meters and the radius bias is set to be as small as 10% of eb for each value
of eb (i.e. σρ = 0.1 × eb/6 = eb/60), the localization results of LMI are always better than that
of Centroid. Moreover, if the error bound does not exceed 10 meters (radio range level), both
localization mean errors of LMI and Centroid are smaller than 5 meters (half radio range level)
as shown in Figure 3.25a. For Centroid, the performance is clearly worse than in the case of a
2D-Gaussian error, while the performance of LMI remain quite similar. This can be explained
by the fact that the intersecting circles of LMI keep the same radius (same eb used) while the
bias introduced in the location of the estimated peer position compensate among the peers.
Figure 3.25b assumes the error bound is set to 5 meters and radial bias varies from 0 to eb/6,
the last value corresponding to a coverage of all possible radius smaller than eb. The performance
of both Centroid and LMI are similar, and the accuracy improves as the radial bias and therefore
the ring width increase. With a high ring width, the effect of the radial bias is less visible and
the error disc is increasingly covered, though many value are located in the middle of the ring.
This more even distribution improves the performance of both mechanisms.
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Figure 3.25: Impact of 2D-Gaussian radial error model.

3.4 Conclusion
This chapter has demonstrated that in most situations the LMI scheme is more accurate than
the Centroid scheme, improving the performance up to 80% in some cases. However there are
important cases where the performance is only slightly better, or even worse:
• when the number of peers within range is smaller than 4 the improvement is marginal;
• when the peer self-localization error follows a 2D-Gaussian law, with a big error bound,
Centroid is better.
We also noted that for both schemes heavy clustering of nodes degrades the performance, because
tight clusters (small radius) act a single peer. If peers cannot provide their exact position, the
self-localization error model must provide a maximum error bound for LMI to work. The accuracy
then degrades when this error bound increase. Additionally, a common bias in the angle or the
radius of the self-localization error degrades even more the accuracy.
Yet, the performance of the schemes can be improved by:
• increasing the number of peers within range;
• choosing a small range, which leads to a trade-off with the above point;
• keep the maximum error bound as low as possible for peers.
Even with good parameters like the above, the mean localization error for practical situations
(not a lot of peers within reasonable range, self-localization errors) is largely greater than the
meter. In the following chapter, we will introduce a time-based combination of the LMI or
Centroid estimations allowing to improve the accuracy of both LMI and Centroid.
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4.1 Introduction
In the previous chapter, we mainly surveyed the static performance of Linear Matrix Inequalities
(LMI) localization method by many simulations and showed that it can achieve better localization
accuracy than Centroid in a static network.
Nowadays, due to the intensive deployment of mobile wireless devices, some new opportunistic
wireless mobile networks emerge, such as mobile ad-hoc networks (MANET) and delay-tolerant
networks (DTN). In these mobile networks, mobile devices can opportunistically exchange data
whenever they come into wireless range of each other. In such scenarios, the peer nodes that can
provide localization information to a user are not static anymore.
To solve the localization problem of this kind of dynamic scenario, we assume the user node
can be static for a moment, while other peer nodes move around it. By waiting for a period
of time, the user can collect successive LMI computation results and combine them to improve
the final localization accuracy deeply. The combination proposed here is a weighted barycenter
of the instantaneous LMI estimations, so we call the proposed method LMI+barycenter. This
localization method is the main contribution of this Ph.D.
This chapter is organized as follows. Section 4.2 describes the LMI+barycenter localization
method and also another combination, Centroid+barycenter, based on raw Centroid estimations,
for the purpose of comparison. We then revisit fundamental parameters, study parameters
linked to the peer error models dynamics and to their mobility. The results obtained for both
combinations are also compared to the LMI-only and Centroid-only localization methods studied
in Chapter 3. Section 4.3 undertakes performance analysis for the proposed methods based
on two scenarios: an optimistic one, where there is always the same number of peers within
the user’s range; and a pessimistic one using a much larger area. In this section, the impact
of fundamental parameters is surveyed, including parameters already studied in the previous
chapter: peer number, radio range, as well as other fundamental parameters emerging from the
fact that now time passes: duty cycle, peer node speed, user waiting time and method warm-up
time. LMI+barycenter shows its advantage in the comparison with other methods. Section 4.4
further validate the performance of LMI+barycenter localization scheme by investigating several
peer self-localization error models, including linearly growing error bounds and correlation of selflocalization errors over time. Section 4.5 investigates different peer mobility patterns, introducing
two new mobility models better suited for pedestrians than the Random WayPoint model used in
the previous sections: the Random Pedestrian model and the Group Random Pedestrian model.
The newly proposed mobility models are another contribution of this Ph.D. Different mobility
patterns imply different peer positions, and therefore have an impact on the performance of the
localization schemes that this section investigates.

4.2 Method definition
The localization scheme defined here is founded on two mechanisms as follows:
• an instantaneous localization mechanism using information available from peers within the
user’s range at time t; the mechanisms that we use are the Centroid and LMI mechanisms
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described in the previous chapter. The LMI mechanism is slightly improved to take into
account peer self-localization errors.
• a cumulative mechanism combining all raw instantaneous position estimations collected in
a time window by a weighted barycenter mechanism. For this combination to be efficient,
the user has to stand at the approximately same position during the whole localization
process.
We assume that user and peer nodes can communicate only during a certain period of time, the
so-called Scan Phase, which may correspond to an interleaved Inquiry/Scan phase of Bluetooth
[57] or to the Active Scanning procedure of IEEE 802.11 systems [58]. The scan phase is repeated
with period T , asynchronously and independently by each node, so that the offset between the
scan phases of two nodes can be modeled as a random variable with uniform distribution in the
interval (0, T ). The ratio between the scan phase and the entire cycle time T , is called duty cycle
and denoted by δ. Whereas the scan period T is the same for all the nodes, we suppose that
each node can fix its own duty cycle depending on the requirements and the management policy
of that node.
Figure 4.1 illustrates duty cycles with 3 nodes. When the signal line is up, the peer is in the
scan phase; for instance, Peer 1 can communicate with Peer 2, because their scan phases overlap,
but not with Peer 3.

Scan phases

Peer 3

Peer 2

Peer 1
0

T

2T
Time (cycles)

3T

4T

Figure 4.1: Duty cycles.
We suppose that opportunistic data exchange can occur (in a negligible time) only when
the scan phases of the two nodes overlap in time. Furthermore opportunistic data exchange
also requires the nodes to be mutually in range. We assume that opportunistic interaction
immediately takes place as soon as both conditions are satisfied. Such an event is named rendez vous.
The localization method defined here requires the user to stop and stay at a fixed position
for a given time interval, called waiting time and denoted W , during which the user collects
the information opportunistically exchanged with passing-by peers. The localization time t is
measured in number of scan periods, starting from t = 1. The opportunistic position estimation
works in the following two stages described in the following subsections.

4.2.1 Raw instantaneous estimations
Here we adapt the Centroid and LMI localization methods studied in chapter 3 to take into account the time-passing aspect, which leads to dynamic values for peer positions, peer estimations
and maximum error bounds.
At every scan period t, the user collects self-positioning estimations Pbi (t) from each peer within
mutual radio range and whose duty cycle overlap the user’s duty cycle (rendez-vous). Let Pi (t)
be the real position of peer i at time t. We also denote NR(t) the number of peers within range
at time t. The instantaneous localization methods allow the user to compute a raw estimation
du (t).
RP
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4.2.1.1 Raw Centroid estimation
The Centroid equation 3.5 on page 44 defined in a static context is adapted to the dynamic
du (t):
context and allows the computation of the raw Centroid estimation RP
du (t) =
∀t ≥ 1, RP

NR(t)
X
1
Pbi (t).
NR(t)

(4.1)

i=1

4.2.1.2 Raw LMI estimation
Let eb i (t) be an upper bound on the error Ei (t) between exact and estimated position of peer i
at time t. During a rendez-vous, ebi (t) can be sent to the user along with Pbi (t). Then the LMI
equation 3.6 on page 45 defined in a static context becomes:
∀t ≥ 1, ∀i ∈ 1..N, kPbi (t) − Pi (t)k ≤ eb i (t).

(4.2)

∀t ≥ 1, ∀i ∈ 1..NR(t), kPu − Pi (t)k < R.

(4.3)

Since communication is feasible only when the nodes are within the coverage range R, we have:

Therefore, for each peer i within the range of user at time t, inequalities 4.2 and 4.3 yield the
following triangular inequality:
∀t ≥ 1, ∀i ∈ 1..NR(t), kPu − Pbi (t)k ≤ R + eb i (t)

(4.4)

Collecting the inequalities 4.4 for all the peers in the coverage range of user we get a Linear
Matrix Inequality (LMI) system that can be solved with Matlab’s mincx solver as described in
du (t) of the user position.
section 3.2.3. The resulting solution is used as a raw LMI estimation RP
du (t) is generated at cycle t, assuming that only P1 and P2 are within
Figure 4.2 shows how RP
the User’s range at time t.
•

P1 (t)

P3 (t)
Pu
•
•
P2 (t)
•
(a) Real positions

•
Pu
•

◦

•
Pu
•

c1 (t)
P

• ◦P
c2 (t)

(b) Self-estimations

◦
du (t)
∗ RP

• ◦

(c) Raw LMI estimation

Figure 4.2: Illustration of Raw LMI_only estimation.

4.2.2 Combining raw estimations with a weighted barycenter
When t > 1, the user can compute the barycenter of the raw (Centroid or LMI) estimations
computed since t = 1. In the previous chapter, we have shown that the localization accuracy
of both instantaneous methods improves as the number of peers within range increases. So in
the second stage of the proposed scheme, we define a weighted barycenter as the self-positioning
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estimation of the user at time t:
t
X

cu (t) =
∀t ≥ 1, P

k=1

du (k)
wk RP
t
X

(4.5)

,

wk

k=1

where wk is a weighting coefficient based on NR(k), which is the number of peers that have
contributed to the k th raw LMI estimation:
NR(k)
.
(4.6)
N
NR(k) is divided by N , the total number of peers in the network, to provide a normalized weight.
cu (1), P
cu (2) and P
cu (3) are
This second stage is illustrated in Figure 4.3, which shows how P
d
generated from RPu (t), t = 1, 2, 3, with all weights wk equal to 2/3.
wk =

du (2)
RP

∗

•
Pu


∗

(a) t = 1

cu (1)
P

du (1)
RP

•
Pu

∗

cu (2)
P

du (3)
RP

∗

(b) t = 2

∗

cu (3)
P

•
Pu ∗

(c) t = 3

Figure 4.3: LMI+barycenter estimation.
In the rest of this chapter, we will show that the LMI+barycenter estimation is the most
accurate one.

4.3 Performance analysis
In this section we analyse the performance of the defined localization mechanism in terms of
accuracy, using similar simulation tools as in the previous chapter. The main difference lies in
the dynamics of the system: as time passes, both the peer real position and the peer estimation
change. The peer position error also changes. We use models to reflect these changes in our
simulation: a mobility model for real peer positions, and a dynamic error model for self-estimated
peer positions.
So the simulations carried out to analyse the accuracy will take into account many parameters
as compared to the previous chapter:
• shared basic parameters: the number of peers N and the radio range R;
• time related parameters: the user waiting time W and a warm-up time wu which will be
described later on;
• peer mobility parameters: mobility model used, peer speed, existence of groups, shape of
the movement area;
• peer self-positioning error parameters: error model used, correlation over time.
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These parameters will be varied on the basis of two scenarios, an optimistic and a pessimistic
one. For each set of parameters chosen we will run as many simulation as needed so that the
mean localization error found lies in a 95% confidence interval less than 10 centimeters. Our goal
is still to reach an accuracy less than one meter.

4.3.1 Basic scenarios
In the previous chapter, we have seen that the parameter that has the biggest impact on accuracy
is the number of peers. So we define on optimistic scenario where “a lot of” peers are within
range every time, always the same ones, and a pessimistic scenario where only “a few” peers are
within range, not always the same ones. This is done simply by defining a user radio coverage
area as the area for the peers movement in the optimistic scenario. The pessimistic scenario uses
a much larger square, centered on the user and largely including its coverage area. For example,
if 100 peers move in this square area for 120 seconds, for the user, the mean number of peers
available for opportunistic exchanges is only about 6.
Once the simulation area and the number of peers have been decided, the other parameters
are the same for both scenarios, as defined in table 4.1.
Parameter
Radio range
Speed of peers
Duty cycle
Waiting time
Warm-up time
Peer position errors
Mobility Model

Value
10 m
0.8 – 1.2 m/s
0.5
120 s
No
No
RWP

Table 4.1: Common parameters for both scenarios.
In these basic scenarios, all peers are assumed to be able to know their exact positions. Moreover, duty cycles of user and peers are set to 0.5. That means if a peer and the user are within
the radio range of each other, the duty cycles of their communication signals will overlap enough
so that they can communicate under our assumptions. When the value of duty cycle is smaller
than 0.5, even when the user and peer are within reciprocal range, they can not ensure to have
overlapping duty cycles and exchange data. The duty cycle will be studied later in subsection
4.3.2.4.
The N peers are initially distributed in the simulation area (circle or square) using a uniform
law. Then peers move in the simulation area for 120 seconds following the classical movement
pattern RWP (Random Waypoint Mobility Model) [59, 60]. RWP is a widely used mobility
model. In the RWP model, starting from its initial position, each peer randomly chooses a
destination in the simulation area (uniform distribution), a speed in a given range (in this
chapter [0.8, 1.2]), and move straight to the destination with that speed. Once the destination is
reached, the peer pauses for a period of time before choosing a new destination and a new speed.
The effective pause time used here is 0 second.
The user waits at the center of the simulation area for the whole 120 seconds to accumulate
enough raw estimations for the weighted barycentric computation. The scan period is 1 second,
and every second the user computes a raw estimation with peers within range, followed by
weighted barycenter of the raw estimations computed since t = 1.
In this performance study, we use both Centroid and LMI to get raw estimations, and then perform both Centroid+barycenter and LMI+barycenter, so that we can compare the performance
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of all the four methods, which will demonstrate the better performance of LMI+barycenter.

4.3.1.1 Optimistic scenario (disc)

In this subsection, the simulation area is a disc centered on the real user position and with radius
equalling the radio range. 15 peers are uniformly distributed in the circular simulation area at
first, and the RWP model is adapted so that the destinations are uniformly drawn in the disc,
ensuring that the number of peers within the user’s range NR is 15 during the whole simulation
time. The parameters are summed up in table 4.2.

Parameter
Value
Scenario type
optimistic
Simulation area disc (radio range)
Number of peers
15
Other same as table 4.1
Table 4.2: Optimistic scenario parameters.

Figure 4.4 gives one example of the localization result of LMI+barycenter in the optimistic
scenario. In Figure 4.4a, the LMI-only location estimations are shown. These location estimations are scattered around the user and most of them are within the range of 3 meters. The
estimations are printed with colored dots that reflect the time-stamp of the estimation: the bluest
dot is the first of the example run, i.e. t = 1, while the redest dot is the last one at t = 120.
After the application of the weighted barycenter method, Figure 4.4b shows a clear improvement
on the localization result, with an error that becomes smaller over time (same color code). The
improvement is due to the fact that the raw estimations are quite evenly distributed around the
real position, so their barycenter is close to it. As the number of raw estimations increase, the
barycenter is closer to their mean position. The good spatial distribution of raw estimations is in
this case the consequence of the RWP mobility model used for peers. Different mobility models
will be tried later in this manuscript.
Figure 4.4c shows the same example, displaying the localization errors against time: it is more
obvious that the LMI-only localization error fluctuates during the whole waiting time, while the
LMI+barycenter localization error decreases. After 120 seconds, the mean localization error of
the LMI-only and LMI+barycenter methods on that example run are computed and displayed
with a strait line. Although not shown here, the behaviors of Centroid and Centroid+barycenter
are similar to the LMI case, i.e. Centroid-only fluctuates while Centroid+barycenter improves
over time. In addition, LMI and LMI+barycenter perform better than their Centroid equivalents.
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Figure 4.4: Localization results example in the optimistic scenario.

The same optimistic setup has been run several times with different random seeds, and the
mean localization errors of each run slightly differ, as shown on figure 4.5 on 30 runs. This figure
also displays the mean localization errors obtained for Centroid and Centroid+barycenter.
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Figure 4.5: Localization results on 30 runs for the optimistic scenario.
Those 30 runs were sufficient to get a mean localization error with a 95% confidence interval
less than 10 centimeters for the four tested methods. The final result is that for the opportunistic
scenario, the weighted barycenter largely improves the accuracy, and that the best method is the
LMI+barycenter one, offering a mean error largely below the meter. Detailed values are given
in table 4.3.
Centroid
LMI
Centroid+barycenter
LMI+barycenter

Mean (m)
1.35
1.23
0.64
0.46

Std Dev (m)
0.18
0.12
0.17
0.14

Table 4.3: Mean localization errors for the optimistic scenario.
4.3.1.2 Pessimistic scenario (large square)
In this subsection, the simulation area is a big square centered on the real user position and with
a 100-meter edge, while the radio range is still 10 meters. Before moving, the 100 peers involved
are uniformly distributed in the square simulation area at first, and the RWP model is applied
so that their destinations are uniformly drawn in the square. The user waits at the center of the
square for 120 seconds. Although there are 100 peers, they do not always pass through the radio
range area of the user. During the 120 seconds waiting time, the mean peer number available
for the user is NR ' 6.7. The pessimistic scenario parameters are summed up in table 4.3.
Parameter
Value
Scenario type
pessimistic
Simulation area square (100 × 100 m2 )
Number of peers
100
Other same as table 4.1
Table 4.4: Pessimistic scenario parameters.
As in the previous section, we illustrate the behavior of the localization schemes during a single
run in figure 4.6. Here again, the application of the barycenter improves the accuracy over the
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Figure 4.6: Localization results example in the pessimistic scenario.

This pessimistic setup has been run several times with different random seeds, and again, the
mean localization errors of each run differ, this time more than the optimistic scenario, as shown
on figure 4.7 for the 30 first runs: the best LMI+barycenter run has an error of 0.36 meter while
the worst has an error of 1.84 meter.
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Figure 4.7: Localization results on 30 runs for the pessimistic scenario.
After 62 runs we obtain a mean localization error with a 95% confidence interval less than
10 centimeters for the four tested methods. The final result has the same trend as in the
opportunistic scenario: the weighted barycenter largely improves the accuracy, and that the best
method is the LMI+barycenter one. Due to the lower number of peers within range, the overall
mean LMI+barycenter accuracy is not as good as in the optimistic case, i.e. 91 centimeters on
average instead of 46 centimeters. Detailed values are given in table 4.5.
Centroid
LMI
Centroid+barycenter
LMI+barycenter

Mean (m)
2.79
2.30
1.17
0.91

Std Dev (m)
0.37
0.36
0.40
0.39

Table 4.5: Mean localization errors for the pessimistic scenario.

4.3.2 Fundamental parameters variations
In this section, the impact of different fundamental parameters on the performance of the
LMI+barycenter method are surveyed. Our goal is to confirm the superiority of the LMI+barycenter
method in a wide range of situations. Fundamental parameters include these basic and simple
elements of the simulation such as peer node number, radio range, duty cycle, peer node speed,
waiting time and warm-up time. More complex parameters like the self-positioning error model
and the peer movement model will be studied in later sections.
When discussing the impact of one fundamental parameter, we isolate it from the other parameters: when one fundamental parameter is varied, the other parameters keep unchanged from
the basic scenarios. We will choose to use the optimistic and/or the pessimistic basic scenario
as the basis for variations depending on the studied parameter.
4.3.2.1 Peer node number impact
In this subsection, we survey the impact of peer nodes number on the proposed localization
scheme (LMI+barycenter) and make a comparison with other methods like Centroid+barycenter,
individual LMI or individual Centroid. Peer nodes number vary from 2 to 100. The scenario
chosen is the optimistic one, so that there is always the same number of peers within the user
range, making it easier to see the impact.
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The simulation results are shown in Figure 4.8. The localization error of the four methods
decreases as the peer number increases, and LMI+barycenter always has the best accuracy. For
Centroid and LMI this is similar as in the instantaneous case studied in the previous chapter,
section 3.3.2 on page 50. Indeed, the situation is quite similar: as peers move using the RWP
model, at every scan phase t the peers are evenly distributed around the user. Combining the
Centroid or LMI raw instantaneous estimations over time with a weighted barycenter further
improves the results. Comparing in detail the Centroid-only and LMI-only results between this
chapter and the previous one reveals a few differences in scale. In the previous chapter, the peer
positions were randomly drawn for each estimation, while here they are correlated over time with
the RWP model, leading to a different spatial distribution for each raw estimation.

Nb peers impact
4

Value
optimistic
disc (radio range)
2 to 100
10 m
0.8 – 1.2 m/s
0.5
120 s
No
No
RWP

3.5

3

Localization error (m)

Parameter
Scenario type
Simulation area
Number of peers
Radio range
Speed of peers
Duty cycle
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Peer position errors
Mobility Model
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LMI+bary

2.5

2

1.5

1

0.5

0

0

10

20

30

40

50
Nb peers

60

70

80

90

100

Figure 4.8: Impact of the number of peers.

Before 15 peers, the accuracy improves quickly for the four methods, then it improves only
slowly. Note that LMI+barycenter reaches the 1 meter accuracy with only 6 peers under the
optimistic conditions, while more than 20 peers are needed for raw estimations.

4.3.2.2 Radio range impact

In this subsection, we survey the impact of peer node radio range on the proposed localization
scheme (LMI+barycenter) and make a comparison with other methods like Centroid+barycenter,
individual LMI or individual Centroid. The ranges are chosen to vary from 5 to 50 meters.
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Range impact
7

Value
optimistic
disc (radio range)
15
5 to 50 m
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0.5
120 s
No
No
RWP
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Figure 4.9: Impact of the radio range.
In Figure 4.9, we can see that as the radio range increases, the localization error of Centroid
and LMI increases. The order of performance is the same for all range values: LMI+barycenter
has the best accuracy. As already said above, the explanations given in the previous chapter,
section 3.3.3 on page 52, are still valid since the RWP model distributes instantaneous peer
positions evenly around the user: when the positions of peer nodes are far away from the user
node (for Centroid), the corresponding intersection of the communication area of peer nodes
becomes bigger (for LMI). This logically leads the localization error of their linear combination
(LMI+barycenter and Centroid+barycenter) to decrease. Additionally, a close look at figure 3.10
on page 52 and this chapter’s figure 4.9 reveals that the Centroid-only and LMI-only performances
are better and closer to each other with peer moving with the RWP model than with uncorrelated
peer positions.
In a real setup, the radio range and the number of peers are often correlated: enlarging the radio
range potentially leads to an increase of the number of peers within range. Since augmenting the
number of peers improves the accuracy while enlarging the range decreases it, the question of a
trade-off arises. In table 4.6, we report the values observed by doubling the radio range while
keeping the same peer density, which leads to multiply the number of peers by four. The result
are quite similar, which means that the choice of enlarging the radio range or not should be
driven by other considerations like energy consumption, peer density or peer mobility patterns.

Centroid
LMI
Centroid+barycenter
LMI+barycenter

N = 15, R = 10 m
Mean (m)
Std Dev (m)
1.35
0.18
1.23
0.12
0.64
0.17
0.46
0.14

N 0 = 60, R0 = 20 m
Mean (m)
Std Dev (m)
1.33
0.31
1.23
0.15
0.82
0.28
0.50
0.21

Table 4.6: Trade-off between number of peers and radio range.
4.3.2.3 Peer node speed impact
In this subsection, the impact of the mean speed of peer nodes is surveyed. The mean speed
of peers varies from 0.5 m/s (1.8 km/h, slow pedestrian speed) to 15 m/s (or 54 km/h, urban
vehicle speed). Other parameters are set up as in the opportunistic scenario, then as in the
pessimistic scenario.
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Increasing the speed of peers also changes their distribution around the user. This leads
to peers supplying more different positions to the user during the whole waiting time. High
speeds should therefore lead to better performance for all methods. Figure 4.10 shows that the
situation is more complicated in the optimistic scenario. Increasing speed improves accuracy
only for the combined methods, Centroid+barycenter and LMI+barycenter. More surprising
is the behavior of Centroid-only and LMI-only, in particular the Centroid mean error increases
with the speed. A possible explanation would be that the RWP movement at high speed does
not provide such different positions, especially in the optimistic case where the movement area
is small and therefore drawing new destination occurs frequently.
Peer speed impact
3
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optimistic
disc (radio range)
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10 m
0.5 to 15 m/s
0.5
120 s
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No
RWP

2.5

2
Localization error (m)
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Scenario type
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Peer position errors
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Figure 4.10: Impact of the speed of peers, optimistic scenario.
We then rerun all the setup based on the pessimistic scenario, which allows for a larger movement area, and the results are shown in figure 4.11. The behavior of the combined methods is
the same, improving with the peer speeds, while the curves of Centroid-only and LMI-only are
still surprisingly flat. However, it should be noted that when the peer speed increases, the peer
spends less time within the user range even though it passes through more often.
Peer speed impact
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pessimistic
square (100 × 100 m2 )
15
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0.5 to 15 m/s
0.5
120 s
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No
RWP

2.5

2
Localization error (m)
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Scenario type
Simulation area
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Warm-up time
Peer position errors
Mobility Model

Centroid
LMI
Centroid+bary
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Figure 4.11: Impact of the speed of peers, pessimistic scenario.
Here, the best method is once again LMI+barycenter, in both scenarios and for all values.
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However, the surprising shapes of the LMI-only and Centroid-only curves show that the peer
mobility model plays a very important role that is quite difficult to foresee. That lead us to try
different mobility models, as detailed in section 4.5, which will confirm the strong impact of the
mobility model. In section 3.3.4 on page 53, we similarly saw how clustering can degrade the
accuracy of the Centroid and LMI methods because the spatial distribution of peer positions
around the user is not uniform.
4.3.2.4 Duty cycle impact
In this subsection, the impact of duty cycle will be surveyed. The value of duty cycle of user
and peers varies between 0.1 and 0.5. The user and the peers all have the same duty cycle, but
they are not synchronized and therefore independent from each other. A low duty cycle means
that even though the user and a peer may be within each other’s range, their scan phases may
not overlap and no data exchange can take place. A duty cycle greater than 0.5 implies that
whatever the offsets in scan phases, they will necessarily overlap and data exchange can take
place whenever the user and peer are within mutual range.
In figure 4.12 the impact of the duty cycle variation is studied on the basis of the optimistic
scenario. The order of performance of the four methods is still the same, with LMI+barycenter
outperforming the other methods. The mean localization error decreases when the duty cycle
increases, and the figures obtained for δ = 0.5 are the same as the basic scenario without duty
cycles. In the opportunistic case, during the waiting time, all peers are within the communication
distance of the user. However, if their scan phases do not overlap each other, although the peer
always moves within the radio range of the user, they are not able to exchange data. The smaller
the duty cycle is, the smaller the overlapping possibility is, and there will be less peer nodes
exchanging data with the user. In essence, this affects the effective number of peers available in
the radio range of the user. We have seen in the previous sections that less peers implies higher
errors.
Duty cycle impact
3.5

Value
optimistic
disc (radio range)
15
10 m
0.8 – 1.2 m/s
0.1 to 0.5
120 s
No
No
RWP

Centroid
LMI
Centroid+bary
LMI+bary

3

2.5
Localization error (m)

Parameter
Scenario type
Simulation area
Number of peers
Radio range
Speed of peers
Duty cycle
Waiting time
Warm-up time
Peer position errors
Mobility Model

2

1.5

1

0.5

0
0.1

0.15

0.2

0.25

0.3
Duty cycle

0.35

0.4

0.45

0.5

Figure 4.12: Impact of the duty cycle, optimistic scenario.
The conclusions are exactly the same in the pessimistic case, not reported here.
4.3.2.5 User waiting time impact
In this subsection, we will survey the impact of waiting time of the user, i.e. how the localization
error evolves according to the time he spends at the same position. The combination of LMI
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raw estimations in a weighted barycenter (LMI+barycenter) is founded on the premise that the
user is capable of waiting for a moment so that the barycenter of the raw estimations makes the
error curve slowly decrease over time, as shown in both scenarios of section 4.3.1, so we want to
measure the gain of longer waiting times. The waiting time is varied between 30 seconds and
5 minutes. Although asking a real user to wait more than 2 minutes at the same place is quite
unrealistic, we investigate such values in order to measure the gain that can be obtained with
this parameter, with values that could be used in other context like wireless sensor networks.
Figure 4.13 shows the performance of the four methods in the optimistic scenario when the
waiting time varies. LMI+barycenter achieves the best performance for all values, and the
localization error decreases as the waiting time increases. This result confirm our expectation:
as time passes, the weighted barycenter of more and more raw estimations (each made with
different peer positions) is more and more accurate. For LMI+barycenter, the meter accuracy
is obtained since the beginning, with a reasonable waiting time of 30 seconds. The results of
the LMI-only and Centroid-only methods remain constant for all values of the waiting time,
which is due to the fact that in the optimistic scenario, from one moment to the other the
conditions are the roughly same, so the time when the raw estimation occurs does not impact
on the performance. In other words, the LMI curve observed in figure 4.4c on page 77 keeps
oscillating as usual.

User waiting time impact
3.5

Value
optimistic
disc (radio range)
15
10 m
0.8 – 1.2 m/s
0.5
30 to 300 s
No
No
RWP

3

2.5
Localization error (m)

Parameter
Scenario type
Simulation area
Number of peers
Radio range
Speed of peers
Duty cycle
Waiting time
Warm-up time
Peer position errors
Mobility Model

Centroid
LMI
Centroid+bary
LMI+bary

2

1.5

1

0.5

0
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180
Waiting time (s)

210

240

270
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Figure 4.13: Impact of the user waiting time, optimistic scenario.

The same results can be observed in the pessimistic case (figure 4.14). The only difference is
that the LMI-only and Centroid-only errors are large for small waiting times, then they decrease
and flatten as in the optimistic case. This is due to the fact that in the pessimistic case, with a
100 × 100 square, a number of peers are initially far outside the user’s range (10-meter circle at
the center of the square), and their speed (1 m/s on average) does not allow them to get within
the user’s range before the end of a short waiting time: the first estimations are then made with
a lower than usual number of peers, leading to a lower precision.
85

4 The LMI+barycenter localization method
User waiting time impact
3.5

Value
pessimistic
square (100 × 100 m2 )
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0.8 – 1.2 m/s
0.5
30 to 300 s
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3
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Figure 4.14: Impact of the user waiting time, pessimistic scenario.

4.3.2.6 Warm-up time impact

Going back to figure 4.4c on page 77, we observe that the performance of LMI+barycenter in
the first seconds of the waiting time is not very good, and that the convergence becomes largely
better after a few tens of seconds. This has been observed on almost all runs. We also can
observe that after a period of time, the error curve begins to flatten. We therefore survey the
localization accuracy only after a warm-up time, measured in scan periods starting at t = 1. The
mean localization error Eu on any of the four methods can be expressed as follows:

Eu =

W
X
1
Eu (t),
(W − wu + 1) t=wu

(4.7)

where W is the user waiting time, wu is warm-up time and Eu (t) the localization error at time
t.
Figure 4.15 illustrates the efficiency of the warm-up time in the optimistic scenario: for
LMI+barycenter and Centroid+barycenter, the mean localization error slightly decreases as the
warm-up time increases. This is because the estimations are done by combining raw estimations
starting at t = 1. Using a big warm-up time, the estimations combining only a few estimates are
eliminated, and we only use the combinations with a lot of raw estimates, which are more accurate. The curves of LMI-only and Centroid-only methods remain roughly constant, because they
oscillate around the mean during the whole waiting time, so cutting out the warm up time only
remove oscillations and does not change the result. The order of performance of the four method
keeps unchanged, with LMI+barycenter performing the best. A similar behavior is observed for
the pessimistic scenario, not shown here.
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Warm−up time impact
3

Value
optimistic
disc (radio range)
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0.8 – 1.2 m/s
0.5
120 s
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RWP

Centroid
LMI
Centroid+bary
LMI+bary
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2
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Duty cycle
Waiting time
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Peer position errors
Mobility Model
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Figure 4.15: Impact of the warm-up time, optimistic scenario.

4.3.3 Summary
In this section, we carried out the performance analysis of the localization method proposed
LMI+barycenter, comparing it to simpler localization methods: Centroid-only, LMI-only and
Centroid+barycenter. We studied the impact of fundamental parameters, in the case of peers
moving independently according to the Random Waypoint model and providing their exact
positions. Clearly, under these conditions, LMI+barycenter outperforms the other methods,
obtaining errors 2 to 5 times smaller than the Centroid-only error, and most importantly, reaching
a localization accuracy less than the meter. The Centroid+barycenter method behaves well too
but has more difficulties to reach the meter accuracy.
The details are as follows:
• As the number of peers increases, for all methods the mean localization error decreases because more position information is supplied. When peer number equals to 6, LMI+barycenter
can achieve an accuracy of 1 meter.
• As the radio range of user and peers increases, for all methods the mean localization
error increases because communicating peers can be more far away from the user. The
localization accuracy of LMI+barycenter can degrade to more than 4 meters.
• As the speed of peers increases, for the LMI+barycenter and Centroid+barycenter methods
the mean localization error decreases because the position information are updated faster
due to mobility. The 1 meter accuracy of LMI+barycenter is reached for all speeds greater
then 1 m/s. However this result must be taken with care because it is strongly tied to the
use of the Random Waypoint model for peers movements.
• As the duty cycle changes from 0.1 to 0.5, for all methods the mean localization error
decreases because of the possibility of exchanging data increases.
• As waiting time becomes longer, all methods see their mean localization error decrease
because the user is able to collect more position information. A minimum waiting time of
one minute is necessary for the LMI+barycenter to reach the one meter accuracy in the
pessimistic case.
• For the LMI+barycenter and Centroid+barycenter methods, using a warm-up time may
further improve the accuracy.
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Above all, LMI+barycenter brings forth its advantage over LMI, Centroid, or Centroid+barycenter.
This mainly arise from two aspects:
• it can be considered as a combination of LMI and Centroid as its two localization stages:
this makes it better than either individual application of LMI or Centroid;
• LMI is most of the time better than Centroid, as shown in the previous chapter; so
LMI+barycenter is better than Centroid+barycenter.
This study demonstrates that LMI+barycenter is a very promising method. In the next sections,
we will put it under even more stress, introducing self-localization errors and different peer
mobility models.

4.4 Peer self-localization errors
In this section, we evaluate how the proposed method LMI+barycenter behaves when peers
cannot provide their exact positions but rather estimations of their positions. These estimations
vary over time, such that:
Pbi (t) = Pi (t) + Ei (t).

(4.8)

P (kEi (t)k ≤ ebi (t)) = α.

(4.9)

In this section, we model the positioning error Ei (t) with a 2D-Gaussian random variable, such
that its coordinates are random variables obeying a Gaussian law N (0, σi (t)). There is no
absolute error bound for such a model. We therefore choose the error bound ebi (t) with a
confidence level α ∈ [0,1] (0.99 in the following simulations) such that:

As shown in section 3.3.5.2 on page 64, the error module obeys a Rayleigh law R(σi (t)) and:
ebi (t)
σi (t) = p
.
−2 log(1 − α)

(4.10)

In the remainder of this section, we study the mean localization error variation for different
functions t 7−→ ebi (t): a constant function, and a linearly increasing function. Then we investigate a 2D Gaussian error model where errors are correlated over time, with a linearly growing
error bound.

4.4.1 Constant error bounds
We consider here that the error bound of the peers self-localization errors is constant over time,
and is the same for all peers, i.e.:
∀t ≥ 1, ∀i ∈ 1..N, eb i (t) = λ0 .

(4.11)

Then for each time t, the peer self-localization error Ei (t) is a 2-dimensional Gaussian random
variable with zero mean and standard deviation σi (t), the latter being obtained from ebi (t) = λ0
using equation 4.10:
!
λ0
∀t ≥ 1, ∀i ∈ 1..N, Ei (t) ∼ N 2d 0, p
.
(4.12)
−2 log(1 − α)
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This peer self-localization error model is illustrated in figure 4.16. The black dots represent
the real peer positions while the red dots represent their self-estimations. In figure 4.16a, a
small sample is illustrated with λ0 = 1 meter: the real position at time t (1 ≤ t ≤ 5) and the
corresponding self-estimation are linked by a red line, that spans to the error bound circle ebi (t).
The dotted circle shows σi (t). In figure 4.16b, a similar error model is applied to a 300-second
peer trajectory, with λ0 = 3 meters. In the latter figure the red line links the position estimations
of the peer.
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Figure 4.16: Constant error bounds.

We varied the value of this constant shared error bound λ0 from 0 to 30 meters (as in the
previous chapter) in the optimistic and pessimistic scenarios. Figures 4.17 and 4.18 report the
results, which is a clear improvement obtained by using the barycenter combination of raw
estimations, with a mean error being below two meters. We also observe that in this case
the accuracy of the LMI+barycenter and Centroid+barycenter is quite similar, with the latter
outperforming LMI+barycenter when the error bound is greater than 13 meters for the optimistic
case (15 peers) or 25 meters in the pessimistic case (less than 7 peers on average). Enlarging
the error bound only slightly degrades the performance: this limited impact is explained by the
fact that the peer position estimations are evenly distributed around the real peer position, and
therefore average to the real peer position.
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Error bound impact
7

Value
optimistic
disc (radio range)
15
10 m
0.8 – 1.2 m/s
0.5
120 s
No
2D Gaussian
ebi (t) = λ0
0 to 30
RWP

6

5
Localization error (m)

Parameter
Scenario type
Simulation area
Number of peers
Radio range
Speed of peers
Duty cycle
Waiting time
Warm-up time
Peer position errors
Error bound
λ0 constant
Mobility Model
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Centroid+bary
LMI+bary
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Figure 4.17: Impact of the error bound, optimistic scenario.

Error bound impact
7

Value
pessimistic
square (100 × 100 m2 )
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10 m
0.8 – 1.2 m/s
0.5
120 s
No
2D Gaussian
ebi (t) = λ0
0 to 30
RWP

6

5
Localization error (m)

Parameter
Scenario type
Simulation area
Number of peers
Radio range
Speed of peers
Duty cycle
Waiting time
Warm-up time
Peer position errors
Error bound
λ0 constant
Mobility Model

4

3
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LMI
Centroid+bary
LMI+bary
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Error bound (m)
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Figure 4.18: Impact of the error bound, pessimistic scenario.

4.4.2 Linearly growing error bounds
We now investigate the case of error bounds that increase over time. This is the case when peers
estimate their positions in an autonomous way, for instance based on inertial navigation systems
(INS). In this section, we adopt a simple model where the error bound grows linearly with time,
with the same drift rate λ1 for all peers:
∀t ≥ 1, ∀i ∈ 1..N, eb i (t) = λ0 + λ1 t.

(4.13)

As for the constant bounds, the law of the error Ei (t) can be derived from equation 4.10:
!
λ0 + λ1 t
∀t ≥ 1, ∀i ∈ 1..N, Ei (t) ∼ N 2d 0, p
.
(4.14)
−2 log(1 − α)

The linearly growing peer self-localization error model is illustrated in figure 4.19. The black
dots represent the real peer positions while the red dots represent their self-estimations. In figure
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4.19a, a small sample is illustrated with λ0 = 0.5 m and λ1 = 0.05 m/s: the real position at time
t and the corresponding self-estimation are linked by a red line, that spans to the error bound
circle ebi (t), the dotted circle corresponding to σi (t). In figure 4.19b, this error model is applied
to a 300-second peer trajectory, with the same λ0 and λ1 values.
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Figure 4.19: Linearly drifting error bounds.
We made numerous simulations with λ0 set to 0 and λ1 varying from 0 to 0.25 m/s. For the
latter value, that means that after 120 seconds of waiting time the error bound is 30 meters.
The results in the optimistic scenario are shown in figure 4.20. It clearly shows that for the
combined LMI+barycenter and Centroid+barycenter methods the impact is very limited, which
is confirmed in the pessimistic scenario (figure 4.21). Similarly as for the constant error bounds,
the estimated peer positions are evenly distributed around the corresponding real position, and
therefore average to the real position over time. In addition, the initial distances between real
and estimated peer positions are very small, thus lowering even more the global error.
Note that here again LMI+barycenter clearly outperforms the other methods.
Error bound impact

Value
optimistic
disc (radio range)
15
10 m
0.8 – 1.2 m/s
0.5
120 s
No
2D Gaussian
ebi (t) = λ1 t
0 to 0.25
RWP

4.5
Centroid
LMI
Centroid+bary
LMI+bary

4

3.5

3
Localization error (m)
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Scenario type
Simulation area
Number of peers
Radio range
Speed of peers
Duty cycle
Waiting time
Warm-up time
Peer position errors
Error bound
λ1 drift
Mobility Model
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Figure 4.20: Impact of the linear error drift, optimistic scenario.
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Error bound impact

Value
pessimistic
square (100 × 100 m2 )
100
10 m
0.8 – 1.2 m/s
0.5
120 s
No
2D Gaussian
ebi (t) = λ1 t
0 to 0.25
RWP

4.5
Centroid
LMI
Centroid+bary
LMI+bary

4

3.5

3
Localization error (m)

Parameter
Scenario type
Simulation area
Number of peers
Radio range
Speed of peers
Duty cycle
Waiting time
Warm-up time
Peer position errors
Error bound
λ1 drift
Mobility Model
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Linear error drift (m/s)

0.2

0.25

Figure 4.21: Impact of the linear error drift, pessimistic scenario.

In the next chapter we will study a more complex model allowing for growing errors, introducing biases as found in a commercial Inertial Measurement Unit.

4.4.3 Correlated errors
Finally, we consider a peer self-localization error model where the errors are correlated. In the
previous sections, the peer self-estimation at time t was only related to the real position and the
error bound value at time t. In the present section it is also related to the previous estimation
at time t − 1 via a correlation coefficient, using a 2-dimensional correlated Gaussian distribution.
More precisely, at time t > 0, Ei (t) is calculated through its coordinates X(t) and Y (t), which
are random variables drawn according to the bivariate Gaussian distribution:
h
i
2
2)
exp − x(t) −2ρx(t)x(t−1)+x(t−1)
2(1−ρ2 )
p
f (x(t)|x(t − 1); ρ) =
,
2πσ(t)σ(t − 1) 1 − ρ2

(4.15)

where x(t) = x(t)/σ(t) and ρ is the correlation coefficient, which can vary in the interval [0, 1].
When ρ = 0 the samples are independent and when ρ = 1 they are completely correlated, i.e.
equal. In addition, σ(t) is a function of eb(t) as described in equation 4.10 on page 88.
The correlated peer self-localization error model is illustrated in figure 4.22. The black dots
still represent the real peer positions while the red dots represent their self-estimations. In figure
4.22a, a small sample is illustrated with a linearly growing error bound (λ0 = 0.5 m and λ1 = 0.05
m/s as in the previous section) and a correlation coefficient ρ set to 0.95. Note how the errors are
approximately always in the same direction as compared to the previous model: this is the effect
of the strong correlation coefficient. In figure 4.22b, this error model is applied to a 300-second
peer trajectory, with the same ρ, λ0 and λ1 values. Again, note how the estimated trajectory
does not fluctuate around the real one, but rather keeps on the same side, slowly drifting apart.
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Figure 4.22: Correlated errors.

We made numerous simulations where we varied the correlation coefficient ρ between 0 an 1,
i.e. no correlation to full correlation. We used both a constant error model, with a big ebi (t) = 10,
and a linearly drifting error model, with ebi (t) = 0.25t + 1. The results are illustrated in figures
4.23 and 4.24 for the optimistic scenario. Clearly, strong correlation degrades the performance
of the combined methods. When the errors are strongly correlated, the diversity of errors over
time does not exist any more, and the interest of the time-based combination disappears. This
trend was also observed in the pessimistic scenario, not reported here.

Error correlation impact
5
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optimistic
disc (radio range)
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0.8 – 1.2 m/s
0.5
120 s
No
Correlated 2D Gauss.
ebi (t) = 10
0 to 1
RWP

Centroid
LMI
Centroid+bary
LMI+bary

4.5

4

3.5
Localization error (m)

Parameter
Scenario type
Simulation area
Number of peers
Radio range
Speed of peers
Duty cycle
Waiting time
Warm-up time
Peer position errors
Error bound
ρ correlation
Mobility Model
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Figure 4.23: Impact of the correlation, constant error.
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Error correlation impact
5
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optimistic
disc (radio range)
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0.8 – 1.2 m/s
0.5
120 s
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ebi (t) = 0.25t + 1
0 to 1
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LMI+bary
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Localization error (m)
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Duty cycle
Waiting time
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Error bound
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Mobility Model
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Figure 4.24: Impact of the correlation, drifting error.
This section has shown that the combined methods are not robust against error correlation.
In the next chapter, we will implement an Inertial Navigation System (INS) error model, based
on data from a commercial product, and investigate the performance of LMI+barycenter and
Centroid+barycenter under such condition. The INS error model introduces complex error correlations over time.

4.4.4 Summary
In this section we have investigated a number of peer self-localization error models, introducing
correlation among errors over time. The impact of these errors on the LMI and barycenter
localization methods is rather strong, especially when the error bound is big. However the
combination of barycenter largely improves the performance and keeps the user localization
error within acceptable bounds. A study on linearly increasing error bounds also shows that
when the error bound is initially low, the LMI+barycenter performance is very good even when
the final error bound is as big as 50 meters. This suggests that periodic resets of the maximum
error bounds would be a major feature enabling accurate localization in a real-world setup.
However, when the correlation of the self-localization errors of a peer over time is large, then
the LMI+barycenter combination of raw estimations over time fails at compensating the instantaneous errors and the user localization error can quickly increase for strong correlation
coefficient. In the next chapter, we will present a case study of peers using Inertial Navigation
Systems (INS), where errors are correlated over time due to different biases in accelerometers
readings.

4.5 Using different peer mobility models
In the previous sections of this chapter, RWP was chosen as the default mobility model supplying
peer traces for the localization simulation. Currently, RWP is one of most popular mobility models and is widely used in networking simulations since its first publication in 1996 [59]. However,
it has been proved since that it suffers from a number of drawbacks (see e.g. [61]): for instance,
during the simulation process an RWP node has larger probability to pass through the center
area of the simulation region. This high aggregation in the center part of the simulation area
will unavoidably have some effects on a performance evaluation. In our pessimistic localization
simulation scenario which has assumed that the user node is located at the origin point, the user
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node will benefit from this character of RWP and always have a number of peers passing by its
radio range area so that it always has enough peer position information to undertake localization.
The results obtained may not be trustworthy if there is a window period in the user’s waiting
time in which the user cannot find or only can find rare peer nodes position information.
In addition, the peers were independent in the previous sections. We want to investigate cases
where the peer movements are correlated, because it brings in some clustering effects. We focus
on the case of group mobility models, although social mobility models are another interesting
class of models to explore. We will use simpler group mobility models, more easily understood
and that constitute a worst case where peer independence and spatial diversity are seriously
decreased.
As a consequence, this section extends and investigates the application of the localization
method by proposing several new mobility models: one is Random Pedestrian Mobility Model
(RP, introduced in [62]) which is also a individual mobility model; the others are Group Random
Waypoint Mobility Model (GRWP) and Group Random Pedestrian Mobility Model (GRP) which
are improvements of RWP and RP with group behavior. These alternate mobility models are
not meant to be realistic: their role is to show the impact of the mobility models chosen on the
performance in a rather qualitative way. The use of more realistic models introducing micromobility such as SIMPS [63] or social gathering/splitting [64] was considered but finally left
for future work. Note that realistic movements or social behavior modeling are still largely
controversial issues although a few models have been published addressing realism and/or social
foundations [65, 66, 67, 68, 69]. We will show that under those conditions, the performance of
our scheme decreases but remains largely acceptable.

4.5.1 Individual mobility models
4.5.1.1 Random Waypoint (RWP)
This has been our reference mobility model in this chapter. It is slightly modified here so that
speeds to next waypoint are chosen from a normal distribution N (µv , σv ) instead of the usual
uniform distribution. All the models used in this section will use the same normal law for speed
choice.
4.5.1.2 Random Pedestrian (RP)
In this section we introduce the Random Pedestrian Mobility Model to predict the positions of
nodes assumed to be carried by pedestrians. This model does not aim at being a realistic model
such as social mobility models [64] but rather it provides a simple random model with speed and
direction properties closer to a pedestrian than a free particle. The user’s 2-minute waiting time
is divided into 120 small time slots of one second. During each time slot, the trajectory of the
pedestrian carrying node i is considered as rectilinear and uniform: speed and direction do not
change. At time slot t ≥ 1 the position Pi (t) of node i is a function of its previous position and
its current walking speed vi (t) and direction θi (t):
Pi (t) =



xi (t)
yi (t)



=



xi (t − 1) + vi (t) · cos θi (t)
yi (t − 1) + vi (t) · sin θi (t)



(4.16)

Now the critical point lies in how to adjust the speed vi (t) and the direction θi (t) of every time
slot automatically and randomly. According to statistical data about pedestrians in [70, 71], a
person’s walking speed obeys to a normal probability distribution. A new speed vi (t) is produced
at each time slot t according to the normal law:
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(4.17)

vi (t) ∼ N (µv , σv )

In the case of a free particle movement, peers would simply choose their next time’s direction θ
uniformly in [0, 2π]. However, this would result in a very erratic trajectory. To obtain smoother
pedestrian trajectories, we take into account the fact that in most cases a person moves forward
with a field of vision of approximately π. This means a person going forward has a very large
probability to choose his next step’s direction in a small sub-range of [0, π] in front of him. We
propose to derive a new mobility model where the next time’s direction is tightly related to the
former time’s direction and obeys to normal law. In such a model, the direction used during
time slot t is centered on the direction at time slot t − 1:
(4.18)

θi (t) ∼ N (θi (t − 1), σθ )

Finally, the movement area is defined as a square. When the peer is getting close to one of the
edges of the square, the first value randomly drawn for θi (t) can drive the peer outside of the
square. In that case, if a vertical edge is trespassed θi (t) is replaced by −θi (t), and if a horizontal
edge is trespassed θi (t) is replaced by (π − θi (t)), both replacements being possibly cumulated.
By definition of the normal law, in our mobility model the probability that a peer chooses his
next direction θi (t) in the range of [θi (t − 1) − 2σθ , θi (t − 1) + 2σθ )] in front of him is about 0.95.
After some experiments, we decided to set σθ to π/6 which will gives smooth traces. Based on
results published by Henderson in [70], in our model we set the mean value of walking speed µv
equal to 1.2 m/s and its standard deviation σv equal to 0.2 m/s. Figure 4.25 shows a 300-second
trajectory generated by this model with the parameters cited above.
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Figure 4.25: A 300-second Random Pedestrian trajectory.

4.5.2 Group mobility models
The group mobility models presented hereafter are based on two fundamental mechanisms: group
detection, or how peers are gathered in groups; and mobility, or which rules drive the movement
of peers. We will use the same group detection mechanism for both group mobility models
presented.
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4.5.2.1 Group detection
Normally, there is some kind of social or biological relations among peer nodes since they are
carried by people. To set up this kind of mutual relation, we adopt the classical method of
representing social or biological network, weighted graphs. The strength of mutual relation
between any node pair is represented using a value in the range [0, 1]. As a consequence, the
network internal relation can be described as a relation matrix M with a dimension of N × N
where N is the total number of nodes in the network.
At present, there are several models that describe the key properties of real-life network, such
as random graph, small world, etc. Some research work show that the properties of these random
graphs, such as path lengths, clustering coefficients, cannot be regarded as accurate models of
realistic networks [72, 73, 74].
Here, considering the concrete simulation case in the following simulation part (the length of
the square simulation area is 100 meters and the radio range of each node is only 10 meters), we
choose to build the network model based on geometry only, i.e. a geometric random graph. In
this kind of model, the geometry relations of nodes have a strong association with their social
relations. That means when any two nodes are in the radio range R of each other, the social
relation exists; when they are not within mutual range, they cannot communicate with each
other and we assume that there is no social interaction between them. So when the Euclidean
distance between any two nodes is smaller than 10 meters, the corresponding element of the
social relation matrix is set to 1 or else set to 0:
(
1 if i 6= j and kPi − Pj k ≤ R,
mi,j =
(4.19)
0 otherwise.
It should be emphasized that the relations value of one node and itself is set to zero in the
matrix. In [73] it is shown that in two or three dimensional areas, using Euclidean norm can
supply surprisingly accurate reproductions of many features of real biological networks.
Once the relation matrix M is obtained, groups can be detected. However, finding group
structures within an arbitrary network is an acknowledged difficult task. A lot of work has been
done on that. Currently, there are several methods that can achieve that goal, such as Minimumcut method, Hierarchical clustering, Girvan-Newman algorithm, etc. Here we adopt one of the
most widely used group detection method: modularity maximization, which detects the group
structure of high modularity value by exhaustively searching over all possible divisions [75]. In
real networks, the modularity value is usually in the range [0.3, 0.7]; 1 means a very strong group
structure and 0 means no better than random.
After finishing the group division, peers can start moving in the simulation area. They will
remain in the same group for all the duration of a simulation.
4.5.2.2 Group Random Waypoint (GRWP)
This model is a group-wise extension of the classical Random Waypoint model and is largely
inspired by the Community Based mobility model [64]. The square simulation area is divided in
a hundred sub-squares. Before moving, each group of peers chooses one of the sub squares to be
its group destination. And then each peer in the group will independently choose its own next
destination in the group’s sub-square.
Once they know their destinations, peers move towards their goal with speeds independently
drawn from a normal probability distribution N (µv , σv ). We choose this speed distribution
instead of the uniform speed distribution in the classical RWP model so that it is the same as in
the Random Pedestrian model described above. Because of the speed and destination position
differences among peers in one group, they will reach their destination at different times: the
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first peers will pause at their destination until all the peers in the group have reached their
destination. Once all the members of the group have arrived, a new destination sub-square is
chosen for the group, and the movement repeats.
4.5.2.3 Group Random Pedestrian (GRP)
This model is set up based on our individual Random Pedestrian model. After groups have been
detected and setup, each node is characterized by a Sociability Factor (SF) as follows [76]:
SFi =

N
1 X
mi,j ,
z j=1

(4.20)

j6=i
mi,j >ct

where mi,j is an element of the relation matrix M ; N is the total number of nodes; ct is a
connectivity threshold, and z is total number of nodes characterized by mi,j > ct. In each group,
the node which has the greatest sociability factor is elected as the head node of the group and
the remaining nodes in the group are regarded as slave nodes which follow the head node. In
this mobility model, the head node adopts a Pedestrian Movement Pattern and chooses its next
direction at time t as in the individual Random Pedestrian model, i.e. in a normal distribution
centered on its past direction and with standard deviation σθ,h :
Node i is a head node ⇒ θi (t) ∼ N (θi (t − 1), σθ,h ).

(4.21)

The slave nodes choose their direction as if they were following a leader, in a normal distribution
centered on their head node current direction with standard deviation σθ,s :
Node i is a slave node ⇒ θi (t) ∼ N (θh(i) (t), σθ,s ),

(4.22)

where h(i) is the head of the group of node i.
When any node reaches the boundary of the simulation area, it will be reflected into the area
by changing its direction to –θ or (π − θ), if it is going outside from the vertical edge or horizon
edge, respectively.
Finally speeds are drawn from the same normal distribution N (µv , σv ) regardless whether they
are head or slaves.

4.5.3 Contact time and inter-contact time distributions
An opportunistic network is a kind of network in which nodes can communicate with each other
when they are in the communication radio range. Consequently, contact time is defined as the
time interval during which the two nodes can maintain the contact. The time interval from this
contact to next one is defined as inter-contact time during which nodes cannot communicate.
These two parameters are very important for opportunistic network especially in terms of the
inter-contact time. Contact time can help us determining the capacity of opportunistic networks.
Inter-contact time is a parameter which strongly affects the feasibility of the opportunistic networking.
To observe the contact time and inter-contact time distributions of these four mobility models,
we let each mobility model run 1000 seconds for one experiment and made 50 times similar
experiments for each mobility model. Each experiment involves 100 nodes in a 100 × 100 square
meters area, with a 10-meter radio range. Speeds are normally distributed around µv = 1.2 m/s
with a standard deviation σv = 0.2 m/s. In the RP model, the standard deviation of the direction
was σθ = π/6. For the GRP model the standard deviations of the direction were σθ,h = π/6
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for the head nodes and σθ,s = π/12 for the slave nodes, with a connection threshold ct = 0 to
calculate the sociability factors.
Figure 4.26 gives the contact time distribution and inter-contact time distribution in different
coordinate systems. In figure 4.26a, we can see that the four mobility models’ inter-contact time
distribution fits an exponential distribution using log-log coordinate system. In figure 4.26b, the
contact time distributions show more obvious difference: both individual mobility models curves
are still exponential-like curves, while the group models look fit a power law curve. In figures
4.26c and 4.26d we use a semi-log coordinates system to display the same curve, and we can see
the difference between the curves more clearly. The exponential nature of the inter-contact time
shown in figure 4.26a appears as a straight line in figure 4.26c.
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Figure 4.26: Inter-contact time and contact time distributions.
In terms of the probability of the inter-contact time ict being greater than a certain duration
x, the results of the four mobility models compare as follows:
PGRP [ict > x] ' PRP [ict > x] > PGRWP [ict > x] > PRWP [ict > x].

(4.23)

Small probability means that the probability to have long inter-contact time is low, implying
that contacts happen more frequently. The corresponding mobility model has more more frequent
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contact events which means more randomness to some extent, and increases the opportunities to
exchange localization data between peers and user. In this sense the individual mobility model
RP proposed and its corresponding group mobility model GRP proposed here are better than
both other RWP-based models because they have longer inter-contact times, and therefore take
in account pedestrian or social behavior in a more realistic way.

4.5.4 Impact on LMI+barycenter user localization
In this section, we look at the performance of the LMI+barycenter localization method under
different peer mobility models. We use Matlab simulations with the same parameters as in the
previous section on inter-contact and contact time distributions, except for the duration of an
experiment: the user stands at the center of the square and waits there up to 120 seconds.
In figure 4.27, a comparison of the impact of different mobility models on the performance of
the LMI+barycenter performance is undertaken. The table sums up the parameters. The setup
was run 50 times for each mobility model. The error bars show the 95% confidence interval
on the mean localization error over the 50 runs (upper leg) and the standard deviation (lower
leg). All mean localization errors are within a 10-centimeters confidence interval except the GRP
model: 19 centimeters. However the trend is clear: group mobility models degrade the accuracy
of the LMI+barycenter method, and the localization error is more than doubled between RWP
(the most favorable model) and GRP (the less favorable model).

GRWP
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N (1.2, 0.2)
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120 s
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σθ = π/6
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σθ,s = π/12
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100 sub-squares
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Figure 4.27: Impact of the mobility models, pessimistic scenario.
The relative performance of the mobility models can be explained as follows. RWP is the
most “random” model and nodes have big opportunity to pass through the radio range area of
the user, who is located at the center of the simulation area. So during the waiting time, the
user can almost always find position information of peer nodes available. Compared with RWP,
RP’s randomness is lower: peers have less opportunity to pass through the central area of the
simulation square so that there are less positions available than for RWP. This is the reason why
the accuracy obtained from RP is a little lower than RWP. This case is more strongly exhibited
in the group model GRP: when nodes move in group, the diversity of peer information in the
radio range of the user changes more dramatically across waiting time since slaves follow the head
node and like him have less chances to bass by the user. The time interval during which the user
cannot find even one peer will be even longer than for the individual mobility models since peers
move in group. In addition, when peers move in group, the clustering effect in raw estimations is
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much larger than in the individual models. Finally, it can be noted that the standard deviation
of the RP and GRP models are comparatively larger than for the RWP and GRWP models,
which implies a much larger variability of the results.
In figure 4.28, we can see the variability of the mean localization error in the detailed results
for the 4 models over the 50 experiments. In particular, the GRP curve, black squares on solid
line, has mean localization errors spanning from 69 cm (run #7) to 3.12 m (run #28). The RWP
curve, hollow red bullets on dashed line, have a much lower variability spanning from 36 cm to
1.31 m.
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Figure 4.28: LMI+barycenter mean localization error over 50 experiments.

4.5.5 Summary
In this section, we have shown that peer mobility models have a strong degradation effect into the
final localization error. Adding group behavior decrease the performance, as well as using another
mobility model than the classical Random Waypoint model. The degradation of performance
is due to two effects: having less peers passing near the user, i.e. less data exchanges, and the
formation of natural clusters of peers, i.e. less useful data exchange.
Clearly, under the worst mobility model assumptions of Group Random Pedestrian we miss
the 1-meter accuracy target. However, the mean localization error in this case is still only 1.5
m, and an error lower than 2.66 m in 95% of the cases, which is still a good result.

4.6 Conclusion
In this chapter we have proposed a new localization methods based on the combination of raw
LMI user position estimations over time. The combination used here is a barycenter of the raw
estimations, weighted by the number of peers having provided information for the raw estimation.
We have studied the impact of fundamental parameters (number of peers, range, waiting time,
etc.) as well as different error models and mobility models on the accuracy of the proposed
scheme. The main conclusion is that in the vast majority of cases studied, this combination is
efficient and allows the LMI+barycenter methods to have a mean localization error lower than
one meter. This method is therefore a very promising method, that deserves to be implemented
and tested on the field.
However, the performance studies has also revealed a number of situations where the accuracy
of the method is degraded, although it still outperforms the other tested methods:
• there are not enough peer nodes within range (less than 5 on average);
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• the radio range gets too large;
• the nodes move too slowly;
• the duty cycle is too short;
• the peer self-estimated position error bound is too large (tens of meters);
• the peer self-estimated positions are correlated over time;
• nodes move in group or in social character.
Among the above points, the most important ones are the combination of radio range and
number of peers, which are tightly related in a real environment: on one hand, a small radio
range theoretically improves the accuracy but on the other hand it decreases the number of
peers within range. We also note that periodically resetting the peer error bounds efficiently
compensates for high error bounds. The degradation brought in by group behavior, and therefore
by the social nature of real environments where peer nodes are carried by pedestrians, is large
but still gives acceptable results.
Finally, the user waiting time, here set to two minutes, is difficult to judge: for human beings
it may be perceived anywhere between “unacceptably long” and “worth it”, depending on the
culture and current situation of the user. It is definitely a parameter that we should strive at
decreasing, although in case of priority need for accuracy it can be easily extended to several
minutes, thus increasing the chances to get highly accurate positioning.
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In the previous chapter the localization performance of LMI+barycenter has been surveyed
by many simulations. In these simulations, we considered some implementation issues with
simple assumptions. In this chapter, in order for the results provided by our simulation to have
practical meaning, we survey these implementation issues with practical considerations. These
implementation issues are how to determine if users and peers are within the radio range of each
other using the RSS measurements, and how can peers self-estimate their positions.
Regarding self-positioning issues, different error models were adopted in chapter 4. Recent
development in the performance of MEMS (micro-machined electromechanical systems) devices
makes it possible to apply INS (inertial navigation system) for peer self-positioning. INS navigation is a self-contained navigation technique which uses IMUs (Inertial Measurement Units).
Cheap IMUs can supply a kind of self-estimations with a large drift over time. In this chapter,
we will simulate one case in which each peer is equipped with an INS device.
In Chapters 3 and 4, to determine if one peer is within the radio range of the user, we compute
the Euclidean distance between nodes by means of the real positions computed by the mobility
models used. During implementation in real world, the real positions are not available. If the
user wants to get the exact distance of a peer, it will have to seek support from some special
ranging measurement devices such as TOA, AOA which are highly expensive. A low-cost method
to find other peers is to make use of the Received Signal Strength (RSS). Generally, when the
user receives strong signal from a peer, he will be able to have a good communication quality
and to decide that the peer is not far away. In this chapter, an RSS threshold discrimination
approach is adopted by the user to decide if the peer’s position information can be used and what
is the communication range. This RSS discrimination scheme and the analysis of its impact on
localization is one contribution of this PhD.
This chapter is organized as follows. Section 5.2 describes the received signal strength discrimination scheme and analyze the path loss model which indicates the relation between RSS
and propagation distance. We then use a real RSS database to measure the parameters of the
path loss model and use them for our simulations. Section 5.1 gives the simulation using INS for
self-positioning, based on parameters of a real commercial device.

5.1 INS-based Peer Self-Positioning
Micro-machined electromechanical systems (MEMS) technology is improving rapidly. It offers
lower cost, smaller and more lightweight inertial sensors relative to other available technologies.
The improvements in the performance of MEMS inertial sensors have resulted in an increased
interest in the topic of inertial navigation due to its possible application for capturing human
motion. INS (Inertial Navigation System) navigation is a self-contained navigation technique
which uses IMUs (Inertial Measurement Units) containing three orthogonal rate-gyroscopes and
three orthogonal accelerometers.
In Chapter 4, for the discussion of peer self-positioning error issues, different theroretical error
models were used. In this Section, we simulate the self-positioning error of a practical INS based
on the Xsens MTx inertial measurement unit (IMU), which is an excellent measurement unit for
the orientation of the human body segments and other applications requiring very low profile
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Figure 5.1: The Xsens MTx inertial measurement unit.
and lightweight sensor units. Figure 5.1 shows the Xsens MTx device [77]. In this section, for
simplicity, we model only two accelerators in the x and y dimensions respectively and simulate
the output of the IMU.

5.1.1 INS error model simulation
In [78], Woodman used a combination of measurement and simulation to explore the error characteristics for strapdown INS based on MEMS devices. Generally, there are three types of noises
which will perturb the accelerator signal of a real device: white noise, bias instability and fixed
bias error, which we address below [78]. These perturbed signals must then be integrated twice
to get the position information.
1. White noise. Here we adopt a standard distributed Gaussian random variable with a mean
of zero. In this section the standard deviation σ used is taken from the Xsens MTx device in
Table 5.1. Figure 5.2a gives an example of white noise in 1000 seconds.
2. Bias instability. This noise is modeled as a random walk which can be defined to be a
sequence of random variables (R1 ,R2 ,R3 ...) in which:
Ri =

P
Ni ,

(5.1)

where Ni is a Gaussian white noise. The standard deviation of bias instability is also chosen
from the parameters of Xsens MTx devices as shown in Table 5.1. Figure 5.2b gives an example
of random walk.
3. Fixed bias . The bias is an indicator which gives the offset of the output signal from
the real value. The fixed bias of an accelerometer produces a positioning error along its axis as
follows:
1
·  · t2 ,
(5.2)
2
where ef ixbias is the resulting positioning error in single axis.
In this section the x and y axis have the same fixed bias. Figure 5.3 gives the three INS error
curves of different fixed bias values, without any white noise nor bias instability. When  equals
to 0.02 m/s2 , the error increases much faster than when it equals to 0.01 or 0.002. Within 120
seconds, the error reaches about 200 meters. For a radio range of 10 meters, it undoubtedly has
a severe effect on the final localization results. During the following part, we will set the fixed
bias to 0.02.
In addition, it should be noted that sensor fusion using magnetometers and domain-specific
constraints can be applied to reduce drift in INS. It is possible to know the bias value by measuring
the long time average of the accelerometer’s output when it is not undergoing any acceleration
ef ixbias =
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error parameters
X-Accel
Y-Accel

White noise (σ)
0.011
0.011

Bias instability (σ)
1.2×10−6
2.7×10−6

Table 5.1: White noise and Bias instability parameter setting
error parameters
X-Accel
Y-Accel


0.01
0.01

0.002
0.002

0.02
0.02

Table 5.2: Fixed bias parameter setting
or from the concrete device description. This makes it possible to calibrate the effect of fixed
bias. For instance, the MTx Development Kit includes a calibration certificate.

5.1.2 Performance evaluation
In this part, we will briefly survey the localization performance of LMI+barycenter with peers
equipped with INS.
Figure 5.4 shows a peer trajectory of 120 seconds along with its self-estimation with INS. The
trajectory with INS (dotted line) dramatically deviates from the real trajectory (solid line). The
circle represents the user position and the radio range. The observed deviation is in accordance
with the effect in Figure 5.3. What is the impact of such a deviation on the LMI+barycenter
performance?
The effects of this large deviation were investigated with a few simulations. Table 5.3 sums up
all the parameters used. 30 runs were made with different waiting times. Figure 5.5a illustrates
the use of a 120-second waiting time: the mean localization error is 25 meters, which is much
more than in the previous chapters. That is because the error on positions self-estimated by INS
increases too fast and after only a few seconds this error is larger than the radio range. In this
case, a large waiting time implies the injection of large errors into the localization process. So
we attempted to reduce the waiting time to 30 seconds to see what happens. This reduction is
effective, as illustrated in 5.5b: user waiting only 30 seconds reduces the error to 3 meters. That
is because at the beginning of the waiting time, the influence of the fixed bias is relatively small.
But as time passes, the influence of the fixed bias error becomes dominant and the other two
noises become negligible.
When peers use such an INS equipment to self-localize autonomously, the following actions
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Figure 5.2: Examples of white noise and bias instability.
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Figure 5.3: Peer INS error curves for different fixed bias.
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Figure 5.4: An example of peer trajectory with INS error model

Parameters
Scenario type
Simulation area
Number of peers
Radio range
Speed of peers
Duty cycle
Waiting time
Warm-up time
Peer position errors
Mobility model

Value
Pessimistic
Square (100m × 100m)
100
10 m
0.8 – 1.2 m/s
0.5
120 and 30 s
No
INS (MTx device)
RWP

Table 5.3: Parameters set-up.
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Figure 5.5: User LMI+barycenter accuracy with peers using the INS model.
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Figure 5.6: Peer INS error curve with error reset every 30 seconds.
can be undertaken:
1. decrease the waiting time according to the fixed bias value, for example, when it is 0.02,
reduce to 30 seconds; when it is 0.002, reduce to 60 seconds. However this only works if
the INS error is initially small.
2. Calibrate the INS against an external source in order to reset the error every 30 seconds
to try to eliminate the stronge effect of fixed bias. In the above simulations with INS,
although there is no calibration, we ideally assume all peers’ error curve start to increase
at the same beginning point in time.
The periodic error reset was simulated too, with a period of 30 seconds. In addition, each peer
randomly chooses one time point in time range [1..30] for its first error reset: the purpose is to
prevent the peers’ error curves from synchronized calibration. Figure 5.6 shows such an example
of periodic error reset after an initial random time. Figure 5.7 shows the effect of periodic INS
error reset on a peer self-estimated trajectory. In contrast with figure 5.4, we can see the INS
self-estimated trajectory is closer to the real trajectory.
In figure 5.8 we can see that after using periodic reset, when the waiting time is 120 seconds,
the accuracy is enhanced largely from the 25 meters in figure 5.5a to 5 meters, the half of the
radio range. Moreover, when the waiting time is 30 seconds, the accuracy in Figure 5.8 and
Figure 5.5b are very close.
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Figure 5.7: Example of peer trajectory with INS error model with error reset.
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Figure 5.8: User LMI+barycenter accuracy with INS error reset every 30 seconds.

5.1.3 Summary
Although MEMS IMU technology is improving quickly, it is not yet possible for a MEMS-based
INS to supply a sub-meter position accuracy during an operation of more than one minute.
Due to the large increase of error values of INS, the combination of raw LMI estimations of
LMI+barycenter do not converge towards a better estimation than LMI-only any more. That
means waiting for a long time cannot improve accuracy when INS devices are used. However,
using periodic reset of the INS error can significantly improve performance.

5.2 Received Signal Strength Discrimination Scheme
The proposed localization method in this thesis aims at using low-cost devices and without
infrastructure. These low-cost devices carried by peers cannot perform exact ranging but most
of them can measure received signal strength (RSS). This is enough for our localization method
proposed in previous chapters which not using exact ranging.
From the practical implementation viewpoint, peers and user need to decide if they can undertake information exchange according to the measured RSS, and the user needs to use a range
value in the inequations. The question is how to decide whether kPu − Pi k < R when the only
available measure for the user is the RSS from the ith peer? In this section, we will discuss an
RSS-based discrimination scheme using a well-known radio propagation model: path-loss exponent with lognormal shadowing. We will then examine the performance of our LMI+barycenter
localization scheme under different radio propagation conditions.
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5.2.1 LMI+barycenter using RSS-based peer discrimination
Research has shown that a complex relation exists between RSS and the transmitting distance.
This relation allows us to replace our distance-based peer discrimination kPu − Pi k < R by an
RSS-based discrimination scheme with the form RSSi > RSSthreshold . Our LMI system will
be adapted to include only inequations corresponding to strong-enough radio signals. Before
describing this adaptation, we detail the radio propagation model we use.
5.2.1.1 Path-loss exponent with lognormal shadowing
The received signal strength is generally expressed as:
(5.3)

Pr = Pt − P L ,

where Pt is the signal strength at the transmitter and P L is the path loss. For radio signals, Pr
and Pt are generally expressed in dBm. Path loss is always expressed in dB.
Based on extensive measures in a variety of indoor environments, P L can be expressed as a
function of the transmitter-receiver distance d and of environmental parameters such that [79]:
P L(d) = P L(d0 ) + 10η log10

d
+ Xσ [dB] ,
d0

(5.4)

where η is the path loss exponent which indicates the rate at which the path loss increases with
distance; Xσ is the shadowing term, a Gaussian random variable obeying N (0, σ) in dB; d0 is the
reference distance; and P L(d0 ) is the average path loss at distance d0 , in dB. With this radio
propagation model, the RSS can be defined as:
Pr = Pt − P L(d0 ) − 10η log10

d
− Xσ .
d0

(5.5)

In the remainder of this Section, we will used a shortened version of Equation 5.5:
Pr = K − n log10 d − Xσ ,

(5.6)

where K is a constant set to K = Pt − P L(d0 ) + 10η log10 d0 and n is another constant set to
n = 10η. So, for a given range d, Pr is a Gaussian random variable:
Pr ∼ N (K − n log10 d, σ) .

(5.7)

Maximum distance for a given RSS sample Even with the a priori knowledge of channel
parameters K, n and σ, for a single RSS sample Pr there is no way to know the corresponding
value of Xσ and therefore the exact value of d. However, it is possible to estimate the maximum
distance possible for this Pr with some level of confidence. When a single sample RSS Pr is
observed for a transmitter-receiver distance dreal , this distance verifies equation 5.6 and can be
expressed as:
dreal = 10(K−Pr −Xσ )/n .

(5.8)

The Gaussian nature of the shadowing term implies that 99% of the values of the shadowing
term Xσ lie in [−2.58σ, 2.58σ]. When Pr , K and n are fixed, this variation of the shadowing
term implies a variation of the possible values of dreal :
dreal ∈ [10(K−Pr −2.58σ)/n , 10(K−Pr +2.58σ)/n ] .

(5.9)
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The most interesting of these possible values is the largest one, denoted dmax
real :
(K−Pr +2.58σ)/n
dmax
,
real (Pr ) = 10

(5.10)

because it can be used with a high confidence on the right-hand side of the LMI system:
dreal = kPu − Pi k < dmax
real (Pr ).

(5.11)

The dmax
real distance corresponds to rarely observed conditions, where the TX-RX distance is big
while the shadowing term is small and therefore compensates the large distance in the total path
loss.
Minimum RSS for a given distance The Gaussian nature of the law obeyed by Pr makes it
possible to estimate the minimum RSS observed for a given distance. Similarly as above, when
d, K and n are fixed, 99% of the possible values for Pr are in:
Pr ∈ [K − n log10 d − 2.58σ, K − n log10 d + 2.58σ] ,

(5.12)

which means that an estimation of the minimum RSS sample observable for distance d, denoted
Prmin , can be expressed as:
Prmin (d) = K − n log10 d − 2.58σ .

(5.13)

5.2.1.2 RSS-based discrimination schemes
Raw LMI estimations are computed with peers within range. In Chapters 3 and 4, the discrimination between peers within the user’s range and peers outside the user’s range was expressed
using the real user-peer distance, i.e. kPu − Pi k < R. In this Section, the discrimination is based
on an RSS threshold :
Peer #iis within range ⇔ Pr (i, t) > Prmin (R) ,

(5.14)

where Pr (i, t) is the RSS from Peer #i measured by the user at time t and Prmin (R) is the
minimum RSS corresponding to a predefined radio range R, in other words the RSS threshold.
The range-free LMI+barycenter scheme is an adaptation of the LMI+barycenter scheme where
the peer discrimination in raw LMI estimations is based on the RSS as defined above. The LMI
computation remains unchanged, and uses the range R used as the input of the RSS threshold
computation. The LMI system is thus constituted as follows:
∀t ≥ 1, ∀i ∈ 1..N, Pr (i, t) > Prmin (R) ⇒ kPu − Pbi (t)k ≤ R + eb i (t) .

(5.15)

∀t ≥ 1, ∀i ∈ 1..N, Pr (i, t) > Prmin (R) ⇒ kPu − Pbi (t)k ≤ dmax
(t) + eb i (t) ,
i

(5.16)

The range-free scheme can be improved if the user also has the knowledge of the channel
parameters K, n and σ: he is then able to compute the maximum distance associated to the
measured RSS with equation 5.10 and to use this value instead of the range R in the LMI
inequation. This scheme is called range-based LMI+barycenter, and constitutes the LMI system
to solve as follows:

where dmax
(t) is the maximum distance associated with the RSS sample Pr (i, t).
i
The range-based LMI+barycenter scheme is illustrated by Figures 5.9 and 5.10. Figure 5.9
depicts the situation, with the real positions of the user and the peer, and the peer self-estimated
position. The circle delimits the area where the estimation Pbi is likely to be, and the maximum
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Figure 5.9: Situation for a peer within range.
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Figure 5.10: Reconstitution of the LMI inequation.
RSS-based distance dmax
is also illustrated. The translation of this situation to an inequation is
i
illustrated in Figure 5.10: a larger disc has been added to take into account the maximum range
dmax
as well as the error bound ebi , and the discs are now centered on Pbi rather than Pi . The
i
radius of the outer circle is Ri , the sum of dmax
and ebi . The real user position Pu is contained
i
in the disc.
The issue of radio sensitivity For both RSS-based schemes, the choice of R and consequently
of the RSS threshold Prmin (R) is limited by the target radio hardware sensitivity, which is defined
as the received signal power at antenna terminals that yields a specified packet error rate (PER)
of less than 1% without interference [80]. Under the condition of P ER < 1% and without
interference, the IEEE 802.15.4 specification states that “for 2.4 GHz O-QPSK signal, 915 MHz
ASK or O-QPSK signal, a compliant device shall be capable of achieving a sensitivity of -85dBm
or better; for 915 MHz BPSK signal, a compliant device shall be capable of achieving a sensitivity
of -92 dBm or better.”
Given the transmitting power and the sensitivity of the receiver, the maximum communication
range R can be computed with equation 5.10 with confidence 0.99. However, the RSS threshold
of our scheme should be chosen greater than the value of sensitivity to ensure the quality of
communication and enlarging the chance of successful information exchange. In the following
simulations, we will use a communication range R for the chosen communication channel such
that the corresponding RSS threshold is greater than the radio sensitivity.
Effects of RSS discrimination on localization Using RSS discrimination instead of distance
information to accept peer information in the LMI system has the following consequences:
• When the shadowing is strong, although the actual peer-user distance is smaller than R,
the RSS is largely attenuated and below the RSS threshold Prmin (R): some of the peers
actually within geometric range will not be used in the LMI system, which tends to decrease
the LMI performance.
• If the shadowing is very weak, the real user-peer distance di is then greater than the dmax
i
maximum estimation, leading to a situation illustrated by Figure 5.11. In that case, the
c2 is too small and does not contain the real user position. There is no
disc centered on P
common intersection for all discs, and the LMI system is unsolvable. A solution would be
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Figure 5.11: An unsolvable LMI system due to a maximum ranging error.
to enlarge all discs using a magnifying step until the system is feasible; in this dissertation,
we simply do not provide estimation when such a situation occurs.

5.2.2 Simulations
In this Section simulations are undertaken to evaluate the performance of LMI+barycenter when
used with an RSS-based discrimination scheme. The simulations are based on channel parameters
measured by our Italian partners of the FP7 NEWCOM++ partners.
5.2.2.1 Channel parameters measurement
In order for the results provided by our analysis to have practical meaning, the channel model
parameters K, n and σ used in equations 5.10 and 5.13 are computed from real measures collected
by our Italian partners in their testbed at the Istituto Superiore Mario Boella (ISMB) in Turin
[81].
More specifically, they collected both RSSI measures, using ZigBee sensor nodes. The measures
were performed by a Lego robot, equipped with ZigBee, that moved along a predefined L-shaped
path in a corridor at a constant speed (6 m straight, a quarter of circle curve and then another
8.2 m straight). During its motion, the robot communicated with the static nodes deployed both
in the same corridor and inside adjacent rooms.
The RSSI experiment was performed using 21 ZigBee devices CC2430 that communicated
with the mobile device every 50 ms. The CC2430 is a true System-on-Chip (SoC) solution which
provides the market’s most competitive solution for IEEE 802.15.4 and ZigBee™ applications. It
enables ZigBee™ nodes to be built with very low costs. It is composed of the excellent performance
of the leading CC2420 RF transceiver with an industry-standard enhanced 8051 MCU, 32/64/128
KB flash memory, 8 KB RAM and many other powerful features. More important, the CC2430
is highly suited for systems where ultra low power consumption is required [82].
Overall, more than 4000 samples were collected in the experiment. These data have been used
to characterize the parameters of equation 5.10. Using a Least Square method, the following
estimations were obtained: η = 3.31 and Pr (d0 ) = Pt − P L(d0 ) = −29.03 dBm at distance
d0 = 0.1 m. Furthermore, the shadowing term distribution was found to be approximately
Gaussian (in dB), with zero mean and standard deviation σ = 5.55, as plotted in Fig. 5.12.
In fact, different environments have different values in terms of η and σ [79]: η indicates the
rate at which the path loss increases with distance; σ is standard deviation of shadowing term
X which reflects the attenuation caused by flat fading. When there is no fading, X is 0 and σ
is 0. Generally, η = (1.6..1.8) corresponds to an indoor environment with line-of-sight between
transmitter and receiver; η = 2 corresponds to free space environment; and η > 2 corresponds
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Figure 5.12: Experimental ISMB testbed measurements.
to obstructed indoors or urban area cellular radio. Values η = 3.31 and σ = 5.55 correspond to
a typical obstructed indoors and are consistent with the real environment in which the measures
took place.
According to equation 5.13, the RSS threshold Prmin corresponding to range R = 10 meters
for the ISMB channel is:
Prmin (R) = Pt − P L(d0 ) − 10η log10

R
+ 2.58σ = −81 dBm .
d0

(5.17)

It is greater than the sensitivity specified by IEEE (-85 dBm) and the sensitivity of the CC2430
specification (-92 dBm). Such an RSS threshold for indoors environment is reasonable because
the IEEE and CC2430 specified values are given for an environment without interference.
5.2.2.2 Self-positioning model used by peers
The self-positioning model used by peers is the 2-dimensional Gaussian error model described in
Section 3.3.5.2 on page 63 with constant error bounds. In other words, the self-positioning error
Ei (t) = Pi (t) − Pbi (t) is a 2-dimensional random vector obeying the Gaussian law:
!
λ0
∀t ≥ 1, ∀i ∈ 1..N, Ei (t) ∼ N 2d 0, p
,
(5.18)
−2 log(1 − α)

where λ0 is the constant error bound with confidence α. This law is shared by all peers and is
constant in time. In the following simulations the constant error bound λ0 is set to 6 meters
(which corresponds to a standard deviation of approximately 2 meters) with confidence α = 99%.
5.2.2.3 Range-free LMI+barycenter simulation
In this Section we undertake the simulation of the range-free LMI+barycenter simulation using
the channel model and the peer self-localization error model described above. Using the numerical
values given for the ISMB channel, the range R = 10, the RSS threshold and the constant error
bound, the LMI problem can now be stated as follows:
∀t ≥ 1, ∀i ∈ 1..N, Pr (i, t) > −81 ⇒ kPu − Pbi (t)k ≤ 16 .

(5.19)

The first simulations measured the impact of the number of peers on the accuracy of the
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Value
optimistic
disc (radio range)
2 to 100
10 m
0.8 – 1.2 m/s
0.5
120 s
No
ISMB
3.31
-62.13 dBm
5.55 dB
2D Gaussian
ebi (t) = λ0
6m
RWP
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Scenario type
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Figure 5.13: Impact of the number of peers on range-free methods.
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Figure 5.14: Impact of the shadowing on range-free methods.
range-free LMI+barycenter method. The results and all parameters used are displayed in Figure 5.13. In particular, the user waiting time is set to 2 minutes. As in the previous chapter,
the performance of all schemes improves with the number of peers. The combined methods are
better than the LMI-only and Centroid-only methods (which were also adapted to use RSSbased discrimination), with a mean localization smaller than one meter with as few as 4 peers.
As in the case studied in Section 4.4.1, LMI-only does not show better localization accuracy
than Centroid-only. The range-free Centroid+barycenter slightly but consistently outperforms
range-free LMI+barycenter.
A second set of simulations was run to measure the impact of the shadowing on the range-free
LMI+barycenter scheme performance, where the number of peers was set to 15 and the standard
deviation σ was varied between 0 (no shadowing) and 10. The results are shown in Figure 5.14.
The combined methods outperform the other methods, and range-free LMI+barycenter has a
performance only slightly better than range-free Centroid+barycenter. Their performance remain
quite good, approximately 50 cm of error for all values of σ.
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Figure 5.15: Impact of the number of peers on range-based methods.
5.2.2.4 Range-based LMI+barycenter simulation
In this section we investigate the range-based localization methods performance when the number
of peers or the shadowing term vary. As in the previous section, we use the ISMB channel model
and a constant error bound of 6 meters for the peer self-localization errors. Using the numerical
values given for the ISMB channel, the range R = 10, the RSS threshold and the constant error
bound, the LMI problem can now be stated as follows:
∀t ≥ 1, ∀i ∈ 1..N, Pr (i, t) > −81 ⇒ kPu − Pbi (t)k ≤ dmax
(Pr (i, t)) + 6 .
i

(5.20)

We firstly fix the environment parameters η = 3.31 and σ = 5.55 and observe the influence
of the number of peers variation on the LMI+bary range-based localization results. Other implementation parameters are the same as in the table of Figure 5.13. The results are shown in
Figure 5.15. The curves are similar as in the range-free case, showing a better performance of the
combined methods and a good mean localization error below one meter for as few as 3 peers. The
combined methods have slightly better results than in the range-free case, and LMI+barycenter
and Centroid+barycenter are now quite similar. The improvements come from the use of dmax
i
in the inequations, which is lower than R = 10, and leads to smaller circles and necessarily to
a greater precision than in the range-free case. The average values of dmax
and the associated
i
standard deviations are shown in Figure 5.15b and vary around 6.35 meters.
The impact of the shadowing was also studied. In Figure 5.16 the error curves of rangebased LMI-only and Centroid-only still increase with σ. In the case of LMI, this is because as σ
increases, the average dmax
also increases as shown in figure 5.16b, and therefore the intersecting
i
circles of the LMI system also grow. Note that for small values of σ, the accuracy of range-based
LMI-only is better than Centroid-only. Range-based LMI+barycenter shows better accuracy
than Centroid+barycenter for most values.
5.2.2.5 Discussion
We can see range-based LMI+barycenter is a little better than range-free LMI+barycenter. This
is due to the use of a more accurate range bound. More interesting, the use of RSS discrimination
globally improves the performance as compared to the cases studied in Chapter 4 that were based
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Figure 5.16: Impact of shadowing on range-based methods.
on distance discrimination. Here, the accuracy is better than one meter with only 3 or 4 peers,
including ranging and self-localization errors; in Section 4.3.2.1 on page 80, without ranging
abd without self-localization errors, LMI+barycenter accuracy was better than one meter only
after 5 peers. The reason for that is that RSS discrimination tends to use only peers close
to the user, which improves the accuracy of the raw estimations. In this situation however,
the similarity of performance between Centroid+barycenter and LMI+barycenter makes the
Centroid+barycenter the best solution in terms of complexity.

5.3 Conclusion
In this chapter, we have challenged the LMI+barycenter localization scheme proposed in Chapter 4 with two error models corresponding to cheap off-the-shelf equipments: using MEMS-based
Inertial Navigation Systems; and using the RSS to discriminate peers within a predefined range
from peers outside of the user’s range. The use of MEMS-based INS is very more challenging
and clearly does not allow the user to obtain a good accuracy due to the poor quality of its
output. The next generation of INS will hopefully improve its performance. Alternate solutions,
for instance based on the combination of podometers and accelerometers, have to be evaluated.
The use of RSS gives very good result, actually better than the ones obtained in Chapter 4.
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6.1 Summary
This dissertation proposed a new method for opportunistic localization in indoor or urban environments, as well as the evaluation of its performance through numerous simulations. Assuming
the user node can be static for a moment, other peer nodes passing by can opportunistically exchange low-quality self-positioning information with him. During this waiting time, the user can
perform successive LMI computations and combine them to improve the final localization accuracy. The combination proposed in this dissertation is a weighted barycenter of the instantaneous
LMI estimations, named LMI+barycenter position estimation.
The detailed contributions of this dissertation are as follows:
• We analyzed the performance of two existing measurement-free localization methods, Centroid and LMI. Most of the time, LMI is more accurate, except in case of large peer
self-positioning errors. None of these methods has a localization error smaller than the
meter.
• We proposed the LMI+barycenter localization method, based on linear combination of
successive LMI position estimations performed by the user while he waits at the same
location. We also proposed the simple Centroid+barycenter localization method, a linear
combination of successive Centroid estimation. The accuracy of both methods was studied
and compared with the performance accuracy of the Centroid and LMI methods in scenarios
where peers move around the user. In most cases, both combined methods are more
accurate than Centroid and LMI. In addition, they also achieve a localization error smaller
than the meter in most situations. The LMI+barycenter is the most accurate method for
user positioning, except in case of large peer self-positioning errors.
• The performance analysis of these localization methods investigated many variable conditions, including different models for peer self-positioning errors and peer mobility. Nontrivial communication conditions were also investigated, such as duty cycles, RSS-based
peer discrimination schemes and RSS-based maximum range computation. We also investigated the impact of complex peer self-positioning error models, involving correlated
errors over time, first with a Gaussian correlated bivariate, then with an Inertial Measurement Unit (IMU) accelerometer error model. Except for the IMU accelerometer model,
the proposed methods can offer an accuracy better than the meter in most situations.
LMI+barycenter has the best accuracy in most cases.
• We proposed two new mobility models: Random Pedestrian (RP) and Group Random
Pedestrian (GRP), and derived a group-based variant of the classic Random Waypoint
(RWP) named Group Random Waypoint (GRWP). These models have allowed us to investigate the behavior of the proposed methods under different conditions of correlation of the
peer positions in time and space. Both proposed methods still have a good performance
provided that peer self-positioning errors are independent.
In summary, the proposed LMI+barycenter method is able to estimate the user position with an
accuracy better than the meter provided that their are enough peers with communication range,
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the range is not too large, and the peer self-localization errors are not strongly correlated over
time and simultaneously are not too large.

6.2 Future Work
Future work may further consolidate this work by investigating the performance under different
conditions of peer mobility and radio propagation, as detailed below.
Future work includes the use of realistic pedestrian/vehicular mobility models. In this dissertation we have demonstrated the impact of the mobility model on the accuracy of our
LMI+barycenter localization scheme. The obtained accuracy varies from below 1 meter to below 3.5 meters using the same setup with different mobility models. It should be noted that
real traces from Dartmouth College and UCSD show a power law distribution with respect to
inter-contact time. This aspect is not covered by the group models used in this dissertation.
Well-known social-founded mobility models such as the Community Model or SIMPS should be
investigated. Other realistic models such as the Random Trip model may also be investigated.
We should also use a more realistic communication channel taking into account noise and
interferences. In this dissertation we assume that the user node can exchange information with
several nodes which are within its radio range at the same time. A contention and group-based
communication protocol could be further studied in the future, building on the fact that strongly
interfering peers form a spatial cluster that behaves as a single node from the LMI viewpoint.
Finally, with respect to consolidation, an implementation of the proposed scheme on smart
phones would allow to test the proposed method in live conditions. Even if such a live test
cannot precisely analyse the impact of all parameter variations investigated in this dissertation,
it may give very useful information on practical implementation issues and real peer mobility
and self-positioning conditions.
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9 Résumés des chapitres en français
Le manuscrit complet de cette thèse a été rédigé en anglais. Ce chapitre regroupe les résumés
en français de chaque chapitre. Le titre français est « Géolocalisation en intérieur opportuniste
à base d’inégalités matricielles linéaires ».

Chapitre 1 : Introduction
Les services de géolocalisation deviennent de plus en plus populaires. Ils sont maintenant utilisés
dans de nombreux contextes : sur la route et même en pleine nature, par exemple au moyen du
GPS (Global Positioning System) qui permet aux gens de connaître leur position et de surveiller
leur itinéraire ; ou dans de grands hôpitaux et entrepôts, où d’autres solutions commerciales
permettent de localiser des ressources critiques. Cependant, il y a de nombreux endroits où l’on
ne peut pas exploiter les signaux GPS : à l’intérieur des bâtiments et dans les canyons urbains.
Il y a pourtant un besoin en localisation et en suivi de localisation dans de tels endroits, par
exemple dans de grands bâtiments tels que les aéroports ou les grands centres commerciaux, etc.
Aujourd’hui aucune solution de localisation n’est à la fois peu onéreuse et disponible dans tous
les environnements, y compris urbains et intérieurs. Au delà des considérations de coût, il faut
aussi considérer la taille des équipements et leur consommation énergétique. Dans le domaine
des réseaux de capteurs sans fil, une solution peu onéreuse, de taille réduite et consommant
peu serait bienvenue, pour des applications telles que les opérations sur théâtre de catastrophe,
la surveillance de l’habitat, le suivi des animaux, le travail dans les fermes ou la détection de
feux de forêt. Dans ces applications typiquement d’extérieur, une telle solution remplacerait
avantageusement le GPS qui souffre de son prix, de sa taille et de sa consommation d’énergie.
Une telle solution ferait également beaucoup baisser le coût d’applications commerciales telles
que la surveillance de santé ou la gestion d’entrepôts.
Les méthodes fondamentales utilisées pour la localisation sont la triangulation et la trilatération à partir de signaux de référence émis par des balises fixes. Beaucoup d’efforts ont été
consacrés à adapter ces méthodes avec une bonne précision pour des environnements intérieurs.
Par exemple, on a proposé une technologie de mesure de distance basée sur la synchronisation
de signaux ultrason et radio, pour lesquels on mesure la différence de temps d’arrivée (TDOA
pour Time Difference of Arrival). Cette technologie peut être implémentée à peu de frais, mais
requiert la présence d’un nombre considérable de balises de référence, ce qui rend cette solution
particulièrement intrusive du fait de son gros besoin d’infrastructure. De nouvelles méthodes de
mesures de distance ont été développées à partir de l’Ultra-Wide Band (UWB), et permettent
d’obtenir des mesures très précises en visibilité directe en mesurant le temps d’arrivée (TOA pour
Time of Arrival). Cette technique permet d’obtenir une localisation précise avec beaucoup moins
de balises de référence. D’autres techniques de mesure de distance basées sur l’angle d’arrivée
(AOA pour Angle of Arrival) ont été développées, reposant sur des antennes réseau. En couplant
des mesures AOA et des mesures TDOA ou TOA, on peut développer des méthodes de localisation précises avec encore moins de balises de référence. Cependant, toutes ces solutions restent
intrusives et coûteuses, dans la mesure où elle nécessitent du matériel sophistiqué et extrêmement
précis : une petite erreur de mesure entraîne une grande erreur sur la localisation finale.
Pour pouvoir se passer de l’hypothèse de précision des mesures d’angle et/ou de distance, la
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communauté a ouvert un nouveau champs de recherche : peut-on construire un système de localisation précis à partir de mesures imprécises ? Les travaux fondateurs dans ce domaine portent
sur la multilatération, qui utilise plus de 3 balises de référence pour localiser un nœud utilisateur, et qui est aussi mise en œuvre dans le GPS. Les estimations des distances aux balises
sont erronées, mais peuvent être utilisées dans une estimation du maximum de vraisemblance,
qui déterminera la position la plus probable du nœud utilisateur. L’utilisation de contraintes de
nature géométrique liées aux possibilités de communication permet aussi d’utiliser des mesures
de distance imprécises. Les principales méthodes consistent à utiliser des boîtes de limitation
(bounding box), ou des formes plus complexes (cercles, cônes) qui entraînent alors l’utilisation
d’inégalités matricielles linéaires (LMI pour Linear Matrix Inequalities) et la résolution de systèmes LMI. Une méthode encore plus radicale pour gérer l’imprécision des mesures de distance
consiste à tout simplement se passer de toute mesure de distance : ainsi, la méthode Centroid
utilise tout simplement la moyenne des positions des balises de référence à portée de communication. La puissance de signal reçu (RSS pour Received Signal Strength) a elle aussi conduit
la communauté à fournir beaucoup d’efforts, parce qu’elle permet de construire d’une manière
très naturelle un système de multilatération : tout nœud communiquant par radio peut mesurer
le RSS, et les points d’accès d’un réseau sans fil peuvent jouer le rôle de balises de références à
bas coût, parce qu’il existe de nombreux modèles permettant d’estimer la distance d’une balise à
partir de son RSS. Toutefois, les importantes fluctuations naturelles du RSS mesuré même pour
deux nœuds fixes entraînent des imprécisions dans l’estimations de la distance, qui entraînent
à leur tour des imprécisions dans la localisation, même en utilisant des modèles de propagation
radio très sophistiqués. L’utilisation d’empreintes RSS (fingerprinting) permet de compenser ces
fluctuations par la mise en place de bases de données de mesures RSS à des endroits spécifiques
et l’extrapolation à partir de ces bases de la position la plus probable pendant une utilisation
opérationnelle. L’utilisation d’empreintes RSS améliore clairement la précision de localisation ,
mais implique des coûts élevés lors de l’initialisation de la base de données RSS, ou de sa réinitialisation, chaque fois qu’une balise (un point d’accès) est déplacée, ajoutée ou supprimée. Enfin,
certaines solutions de localisation proposent de considérer les nœuds qui viennent d’estimer leur
position comme de nouvelles balises de référence, appelées nœuds établis (settled nodes), offrant
leur estimation de position aux nœuds en cours de localisation.
Cette thèse se situe dans la continuité de ces travaux : comment faire de la localisation précise
à partir d’informations imprécises. La principale différence introduite par cette thèse est que
nous avons étendu la notion de balise de référence et de nœud établi à la notion de nœud pair :
nous exploitons les informations de localisation de tous les sources disponibles, y compris celle
provenant des autres utilisateurs du système, dont la précision se détériore progressivement au gré
de leurs mouvements. Dès que deux nœuds sont à portée de communication, ils ont l’opportunité
d’échanger des informations de localisation. Nous tolérons les imprécisions aussi bien dans les
positions ainsi échangées que dans les estimations de distance en utilisant des systèmes LMI
spécifiques : nous ne cherchons pas à estimer de distance exacte, mais plutôt des distances
maximales avec un certain degré de confiance, et nous introduisons alors de contraintes circulaires
dans le système LMI. De plus, afin d’améliorer la précision, le nœud utilisateur à localiser arrête
de bouger de manière à ce que sa position réelle reste constante. Le nœud utilisateur à localiser
effectue alors plusieurs estimations successives dans le temps, puis raffine son estimation en
combinant les estimations précédentes.
Le contenu du reste du manuscrit est le suivant :
• Le chapitre 2 est un état de l’art à large spectre, qui commence avec le GPS et d’autres
méthodes à base de mesures précises, pour les environnements intérieurs et extérieurs,
et se poursuit avec les méthodes spécifiques à notre problématique, faire de la localisation
précise à partir d’informations imprécises. Dans ce chapitre nous introduisons en particulier
124

les méthodes LMI et Centroid, qui sont au cœur des chapitres suivants.
• Ces méthodes LMI et Centroid sont étudiés en détail dans le chapitre 3. Ce chapitre introduit également les notations. Une étude de performance en termes de précision dans
une situation statique est également menée. Nous y faisons varier un grand nombre de
paramètres : la portée de communication, le nombre de pairs, la distribution des positions des pairs, la distribution des erreurs dans les informations qu’ils envoient. L’analyse
quantitative est accompagnée d’une interprétation qualitative des résultats. Cette analyse
approfondie est la première contribution de cette thèse, car même si les méthodes étudiées
ont souvent été citées, aucune analyse de cette ampleur n’a encore été menée.
• Nous proposons ensuite dans le chapitre 4 une méthode de localisation originale, LMI+barycentre,
qui consiste à faire une combinaison linéaire d’estimations LMI successives pendant une
certain temps, pour un utilisateur statique et des pairs mobiles. Nous définissons de manière similaire la méthode Centroid+barycentre à des fins de comparaison. La méthode
LMI+barycentre est la contribution principale de cette thèse et permet d’obtenir une très
bonne précision : moins d’un mètre dans un grand nombre de situations. Après une revue
des paramètres fondamentaux (nombre de pairs, portée de communication), nous étendons
l’analyse de performance à tous les aspects dynamiques liés au passage du temps :modèles
de mobilité et vitesse des pairs, modèles d’erreur dans les informations transmises par les
pairs, y compris avec biais et corrélation. Nous proposons aussi de nouveaux modèles de
mobilité dans ce chapitre, mieux adaptés aux piétons que le modèle classique Random
Waypoint.
• Dans le chapitre 5, nous abordons deux problèmes d’implémentation concrets : le cas où les
pairs estiment leur propre position pendant qu’ils bougent au moyen d’une centrale inertielle
à bas coût, et l’estimation de la distance maximale d’un pair à partir du RSS mesuré par
l’utilisateur. Dans ce deuxième cas, la méthode LMI+barycentre est adaptée de manière
à exploiter une portée radio maximale dynamique, ce qui conduit à une bonne précision
même dans des conditions où le RSS subit des fluctuations particulièrement importantes.
• Le chapitre 6 conclut cette thèse et trace des perspectives pour les travaux futurs.
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Chapitre 2 : État de l’art
On peut aujourd’hui considérer le Global Positioning System (GPS) comme le système de géolocalisation ayant remporté le plus de succès. Il peut être utilisé dans de nombreux cas, civils ou
militaires. Le GPS peut atteindre une excellente précision en extérieur, mais cette précision ne se
retrouve pas en environnement intérieur, ni dans certains environnements urbains. Dans de tels
environnements, cette moindre performance est due à la difficulté de réception de signaux d’un
nombre suffisant de satellites différents, et à la faiblesse des signaux reçus. De plus, un récepteur
GPS reste aujourd’hui à un coût élevé (plus de 100 euros pour les applications civiles), est relativement encombrant, et consomme beaucoup d’énergie (quelques heures d’autonomie). Même si
la tendance est à la miniaturisation et à la baisse de consommation, équiper tous les nœuds d’un
réseau opportuniste ou un réseau de capteurs avec un récepteur GPS reste très cher. Certains
capteurs du futur doivent mesurer quelques millimètres cubes, ce qui n’est pas envisageable en
considérant la taille actuelle des récepteurs GPS. En conséquence, les chercheurs ont étudié des
mécanismes de géolocalisation alternatifs, simples mais suffisamment efficaces pour résoudre les
problèmes de coût, de consommation et de taille rencontrés avec les récepteurs GPS.
En règle générale, on peut classer les systèmes de géolocalisation actuels en deux catégories
de base en fonction de leur cadre d’application : les systèmes de géolocalisation en extérieur et
les systèmes de géolocalisation en intérieur. On peut aussi classer les systèmes de géolocalisation
actuels en fonction de leur technologie de géolocalisation en deux autres catégories transversales :
approches à base de mesures, et approches sans mesure. C’est sur cette deuxième classification
que nous nous appuyons.
Les approches à base de mesure reposent sur des mesures physiques plus ou moins précises,
les plus connues étant la mesure du temps d’arrivée du signal (TOA pour Time of Arrival), de
la différence de temps d’arrivées de deux signaux (TDOA pour Time Difference of Arrival), de
l’angle d’arrivée d’un signal (AOA pour Angle of Arrival) ou de la puissance du signal reçu (RSS
pour Received Signal Strength). Ces mesures sont ensuite transformées en mesures de distance
ou d’angle, qui permettent à leur tour de calculer une estimation de la position du récepteur par
triangulation ou trilatération.
Les systèmes reposant sur les approches à base de mesure sont précis, par exemple le GPS,
les systèmes Cricket, les pseudolites, etc. Dans certains environnements, ces systèmes permettent
d’obtenir une géolocalisation très précise. Cependant, la plupart de ces systèmes reposent sur
l’utilisation d’équipements spécialisés coûteux soit sur les récepteurs soit sur les balises. Les
systèmes AOA nécessitent une antenne directionnelle avec formation de faisceau afin d’estimer
l’angle d’arrivée du signal reçu ; les systèmes TOA nécessitent des horloges très précises afin
de satisfaire les besoins de synchronisation émetteur-récepteur ; enfin, les systèmes TDOA nécessitent l’implémentation de plusieurs technologies de communication. Ces raisons empêchent
l’application de ces technologies à un certain nombre de cas, comme les réseaux opportunistes
et en particulier les réseaux de capteurs sans fil, formés avec une grande quantité de nœuds de
petite taille, peu coûteux et avec une faible quantité de batterie.
En ce qui concerne RSS, la difficulté principale réside dans la modélisation précise de la relation
liant la distance de propagation émetteur-récepteur à la puissance du signal reçu. Cette modélisation est encore aujourd’hui approximative, du fait des importantes fluctuations subies par le
signal en intérieur ou en environnement urbain, même pour des nœuds fixes et une puissance de
transmission constante. Cette fluctuation peut-être compensée en procédant à une importante
campagne de mesure sur site (fingerprinting), processus coûteux, et à réitérer chaque fois que
l’environnement change. Ce type de campagne n’est utile que lorsqu’un certain nombre de balises
fixes est disponible (typiquement les points d’accès d’un réseau WiFi) et ne peut s’appliquer à
des réseaux mobiles sans infrastructure suffisamment développée.
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Contrairement aux approches à base de mesure décrites ci-dessus, les approches sans mesure,
tant au niveau de méthodes de géolocalisation que des systèmes, ne nécessitent pas l’utilisation
de mesures physiques, ou alors peuvent fonctionner avec des mesures physiques peu précises.
Par exemple la méthode Centroid n’a besoin de connaître que les positions de balises, tandis
que la méthode LMI (Linear Matrix Inequality, ou inégalité matricielle linéaire) n’a besoin de
connaître que la position des balises ainsi que leur portée maximale (et non la distance exacte
émetteur-récepteur, bien plus difficile à obtenir). Ainsi, les systèmes de géolocalisation reposant
sur de telles méthodes, par exemple APIT, n’ont pas besoin d’équipements de mesure spécifiques,
ce qui diminue le coût de déploiement du réseau de manière drastique, au prix d’une précision
moindre que celle obtenue avec des approches à base de mesure.
En règle générale, la précision de géolocalisation obtenue avec les méthodes à base de mesure
précise de distances ou d’angles est meilleure que celle obtenue avec les méthodes sans mesure.
Des systèmes à base de mesure comme le GPS, Cricket ou les pseudolites permettent ainsi
d’obtenir une précision de l’ordre du centimètre. Les systèmes RSS permettent quant à eux
d’obtenir une précision de l’ordre de 3 mètres à cause de la difficulté de modélisation de la
relation entre puissance du signal reçu et distance émetteur-récepteur. Dans le domaine des
réseaux de capteurs sans fil, les méthodes sans mesure sont plus populaires, parce que de tels
réseaux comprennent généralement un grand nombre de nœuds de petite taille, donc incapables
de contenir des équipements de mesure et des batteries de grande capacité. De plus de tels
équipements rendraient prohibitif le coût de déploiement du réseau. Comme ces nœuds/capteur
communiquent par radio, l’information RSS peut cependant être exploitée, même si l’on ne peut
utiliser les techniques de fingerprinting évoquées plus haut en l’absence d’infrastructure suffisante.
Dans la suite de ce manuscrit, nous nous concentrerons sur les améliorations à apporter à la
méthode LMI, une approche sans mesure utilisant la position des balises et leur portée maximale.
Nous utiliserons aussi la méthode Centroid à titre de comparaison. LMI a généralement une
meilleure précision que Centroid, en particulier quand la densité des balises est faible.
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Chapitre 3 : Étude de performance de LMI et Centroid
Dans ce chapitre, nous étudions la performance en termes de précision de géolocalisation de
deux méthodes de géolocalisation sans mesure, LMI et Centroid. Ces deux méthodes ont été
choisies cas elles ne nécessitent que la position et la portée maximale de chaque balise, ou plus
généralement de chaque nœud pair ayant la possibilité de diffuser sa propre position. Centroid
est la méthode la plus simple et LMI est la méthode la plus prometteuse. Ces méthodes sont
appliquée à un nœud utilisateur cherchant à estimer sa position à partir des informations de
ses pairs. La méthode Centroid utilise le centre de gravité des pairs à portée de l’utilisateur
comme estimation de la position de cet utilisateur. La méthode LMI utilise comme estimation
une valeur optimale contenue dans l’intersection des portées radio des pairs, modélisées par des
disques centrés sur les pairs.
Pour les deux méthodes, la précision de l’estimation de la position de l’utilisateur dépend
inévitablement du nombre de pair, de la portée radio et de la précision de l’information délivrée
par les pairs. De plus, la répartition spatiale des pairs influence elle aussi largement la position
de l’estimation, entraînant parfois une mauvaise précision.
Ce chapitre donne dans un premier temps le détail des notations utilisées ainsi que le fonctionnement précis des méthodes d’estimation LMI et Centroid. Une analyse détaillée de l’impact des
paramètres cités plus haut (nombre de pairs, portée radio, précision des informations envoyées
par les pairs, répartition spatiale des pairs) est effectuée au moyen de simulations Matlab mettant
en œuvre la toolbox Robust Control. Cette analyse détaillée est la première contribution de cette
thèse.
Les résultats de cette analyse montrent que dans la plupart des situations, la méthode LMI
est plus précise que la méthode Centroid, améliorant la précision jusqu’à 80%. Cependant, dans
quelques cas importants, la performance de LMI n’est que légèrement supérieur à celle de Centroid, voire inférieure :
• quand le nombre de pairs est inférieur à 4, l’amélioration est marginale ;
• quand les informations de position envoyées par les pairs sont erronées, l’estimation de
leur propre position par les pairs suivant une loi Gaussienne 2D avec un grand écart-type,
Centroid a de meilleures performances que LMI ;
• l’introduction d’un biais angulaire ou d’un biais radial dans les erreurs de positionnement
des pairs aggrave encore la dégradation des performances ;
• nous avons aussi noté que pour les deux méthodes, quand les nœuds ne sont pas uniformément répartis dans l’espace mais forment des amas, la précision tend à décroître, les amas
de faible rayon se comportant comme un nœud unique.
En règle générale, la précision des deux méthodes peut être améliorée en :
• augmentant le nombre de pairs à portée de l’utilisateur ;
• choisissant une faible portée maximale, ce qui conduit à un compromis avec le point cidessus ;
• gardant l’erreur maximale de localisation des pairs aussi faible que possible.
Même avec des paramètres conformes aux recommandations ci-dessus, par exemple s’il n’y a
pas beaucoup de pairs dans une portée raisonnablement grande et si ces pairs ont une erreur
de localisation, la précision des méthodes LMI et Centroid reste largement supérieure au mètre.
Le chapitre suivant propose une méthode pour améliorer la performance des deux méthodes, en
particulier de LMI, afin d’atteindre une précision meilleure que le mètre.
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Chapitre 4 : La méthode de géocalisation LMI+barycentre
La chapitre précédent a montré au travers de nombreux cas d’étude que dans une situation
statique la méthode de localisation LMI est plus précise que la méthode Centroid. Aujourd’hui,
en raison du déploiement croissant de mobiles communiquant sans fil, de nouveaux types de
réseau sans fil apparaissent, avec de nouvelles opportunités de communication en point à point :
les réseaux ad-hoc mobiles (MANET pour Mobile Ad-hoc Networks) et les réseaux tolérant les
déconnexions et les délais (DTN pour Disruption Tolerant Networks). Dans de tels réseaux de
mobiles, les nœuds peuvent échanger des données de manière opportuniste chaque fois qu’ils
sont à portée radio l’un de l’autre. Les nœuds pairs susceptibles de fournir de l’information de
localisation à l’utilisateur cherchant à estimer sa position ne seraient alors plus statiques.
Pour résoudre le problème de localisation de l’utilisateur dans ce type de scénario dynamique,
nous faisons l’hypothèse que l’utilisateur peut attendre à la même position pendant un certain
temps, tandis que les nœuds pairs se déplacent dans un large environnement (pas nécessairement
à portée radio). Durant cette période d’attente, l’utilisateur peut effectuer différentes estimations
LMI de sa propre position en fonction des informations envoyées par les pairs qui passent à portée,
et combiner les estimations LMI successives afin d’améliore ces estimations brutes de manière
significative.
Le mode de combinaison que nous proposons ici est un barycentre pondéré des estimations
LMI instantanées, et nous appelons la méthode de localisation proposée LMI+barycentre. Cette
méthode est la principale contribution de la thèse.
Le chapitre complet détaille la méthode de localisation LMI+barycentre, ainsi qu’une combinaison similaire, Centroid+barycentre utilisant des estimations instantanées Centroid, à des
fins de comparaison de performance. Les notations sont revues pour prendre en compte la dimension temporelle. La suite du chapitre est une étude de performance détaillée, basée sur deux
scénarios, l’un optimiste où 15 “pairs” mobiles restent à portée (10 m) pendant toute l’attente de
l’utilisateur, et l’autre “pessimiste” où 100 pairs mobile se déplacent autour de l’utilisateur sans
être nécessairement à portée, la zone de mouvement des pairs étant un carré de 100 m de côté,
plus grand que la portée radio de l’utilisateur. Dans ces deux scénarios, le mouvement de base
des pairs est de type RWP (Random Waypoint), avec une vitesse moyenne de 1 m/s. Dans les
deux scénarios, les méthodes combinées sont deux fois plus précises que les estimations Centroid
et LMI instantanées, et LMI+barycentre est de loin le plus précis avec une erreur moyenne de
46 cm dans le scénario optimiste et de 91 cm dans le scénario pessimiste, sur une attente de 2
minutes, en considérant que les pairs envoient leur position exacte.
Nous étudions ensuite l’impact des variations des paramètres fondamentaux sur la précision
de localisation à partir du scénario optimiste et/ou du scénario pessimiste : impact du nombre
de pairs et de la portée radio d’abord, comme dans le chapitre 3, puis impact de la vitesse des
pairs, du temps d’attente de l’utilisateur et du “temps de chauffe” de la méthode. Dans tous les
cas, la combinaison LMI+barycentre est la plus précise, et dans une majorité de situations la
précision est meilleure que le mètre. Les tendances sont les suivantes : la précision de la méthode
LMI+barycentre s’améliorent quand le nombre de pairs augmente, la portée radio diminue, la
vitesse des pairs augmente, le temps d’attente de l’utilisateur augmente et le temps de chauffe
augmente. Nous avons aussi étudié l’impact des cycles d’utilisation pour l’économie d’énergie :
plus ces cycles sont proportionnellement petits, moins la précision est bonne.
Nous avons ensuite entrepris une étude concernant l’impact des imprécisions dans les positions
envoyées par les pairs. Ces imprécisions ont été modélisées sous plusieurs formes dérivées d’une
loi Gaussienne en 2D, centrée sur la position exacte du pair. Le premier modèle d’erreur considéré
est un modèle où les erreurs sont indépendantes dans le temps et où l’écart-type est constant,
puis nous avons considéré un modèle où les erreurs sont indépendantes dans le temps et où
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l’écart-type s’accroit linéairement avec le temps, de sorte qu’au bout de deux minutes l’erreur
maximale de position des pairs est de 30 mètres (à 99 %). Pour ces deux modèles d’erreurs des
pairs, on constate que les méthodes combinées LMI+barycentre et Centroid+barycentre sont à la
fois au moins deux fois plus précises que les méthodes instantanées LMI et Centroid, mais aussi
beaucoup plus stable et robustes aux variations de l’écart-type de l’imprécision des pairs. Nous
avons ensuite relâché l’hypothèse d’indépendance dans le temps des imprécisions d’un même pair :
nous avons introduit un coefficient de corrélation de sorte que chaque coordonnée suit une loi
gaussienne bivariée. Là encore, les méthodes combinées LMI+barycentre et Centroid+barycentre
sont plus précises que les méthodes instantanées, mais leur supériorité s’atténue considérablement
quand le coefficient de corrélation dépasse 90%. De plus, Centroid+barycentre est parfois plus
précise que LMI+barycentre, en particulier quand le coefficient de corrélation est grand.
Enfin, dans la dernière partie de ce chapitre, nous avons défini et utilisé de nouveaux modèles
de mobilité, afin de remplacer le modèle RWP, qui constitue un standard de fait dans la simulation de réseaux mobiles, mais ne peut en aucun cas être considéré comme réaliste. Afin de
se rapprocher de situations réelles, nous avons introduit un modèle de mobilité individuel pour
piétons, RP (Random Pedestrian), inspiré du mouvement brownien et fondé sur l’utilisation de
lois gaussiennes pour choisir la vitesse de déplacement et les directions prises à chaque instant.
L’innovation réside dans le choix de la prochain direction, qui suit une loi gaussienne centrée sur
la direction courante, permettant ainsi d’obtenir des trajectoires bien plus lisses que les traditionnels mouvements browniens. Nous avons également introduit deux modèles de mobilité de
groupe, où les pairs se déplacent en groupes, toujours afin d’introduire un peu plus de réalisme.
Ces modèles, GRP et GRWP, consistent à détecter des groupes à partir d’un algorithme géométrique, puis à faire évoluer ces groupes en fonction de mouvements inspirés par les modèles
individuels RWP (chaque groupe choisit sa prochaine destination dans la même zone) et RP (le
groupe suit son leader, qui suit un mouvement purement RP). L’étude de performance montre
que dans les mêmes conditions, la précision de la méthode LMI+barycentre varie du simple au
double en fonction du modèle de mobilité choisi, RWP donnant la meilleure précision, suivi par
l’autre modèle de mobilité individuel RP, puis par les modèles de groupe GRWP et GRP. On
retrouve dans ces résultats la constatation faite au chapitre 3 : à nombre de pairs égal, les amas
de pairs diminuent la précision. Or les mouvements de groupe forment à chaque instant des amas.
En résumé, ce chapitre propose une nouvelle méthode de localisation combinant diverses estimations successives au moyen d’un barycentre. Cette méthode est beaucoup plus précise en règle
générale que les méthodes utilisées pour l’estimation instantanée. Les conditions à réunir pour
avoir une bonne précision sont d’avoir suffisamment de pairs à portée de l’utilisateur (plus de 5),
d’avoir une petite portée, des pairs bougeant assez vite, des cycles d’utilisation proportionnellement assez longs, une imprécision maximale de la position des pairs suffisamment, une faible
corrélation des erreurs successives de position des pairs, et l’absence de grands groupes.
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Chapitre 5 : Problèmes d’implémentation
Dans le chapitre précédent, la précision de la localisation a été étudiée au travers de nombreuses
simulations. Dans ces simulations nous avons fait des hypothèses d’implémentation simples. Dans
ce chapitre, nous reprenons ces hypothèses sous angle plus concret afin d’obtenir des résultats de
simulation plus proches des performances obtenues avec des équipements courants. Les problèmes
d’implémentation étudiés ici sont :
• Comment un pair estime-t-il sa propre position ?
• Comment déterminer que l’utilisateur et un pair sont à portée de communication en utilisant des mesures de puissance de signal reçu (RSS pour Received Signal Strength) ?

Estimation de la position des pairs par INS
En ce qui concerne l’estimation de sa propre position par un pair, différents modèles d’erreur ont
été utilisés au chapitre 4. Les développements récents dans le domaine des systèmes micro-électromécaniques (MEMS pour micro-machined electromechanical systems) permettent aujourd’hui
de développer des systèmes de navigation inertiels (INS pour Inertial Navigation Systems) pour
qu’un pair estime de sa propre position en continu. La navigation INS est une technique autonome
qui utilise une unité de mesure inertielle (IMU pour Inertial Measurement Unit). Les IMUs à
bas coût à base de MEMS fournissent des estimations de position qui dérivent rapidement en
précision avec le temps.
Dans ce chapitre nous simulons le cas où les pairs estiment leur propres positions en utilisant un
équipement INS. Nous nous appuyons sur les données constructeur de la centrale inertielle à base
de MEMS Xsens MTx. La dérive de tels équipements est très rapide et dégrade considérablement
la précision des estimations instantanées LMI, ce qui se répercute dans les estimations fournies
dans les méthodes combinées LMI+barycentre. Même en procédant à un calibrage périodique de
l’erreur INS, les estimations envoyées par les pairs ne permettent pas de d’avoir une précision
meilleure que quelques mètres. La conclusion de cette étude est qu’aujourd’hui, la technologie INS
à base de MEMS ne permet pas d’obtenir une précision satisfaisante à cause de la faible qualité
des sorties brutes. La prochaine génération d’INS à base de MEMS s’améliorera probablement
de ce point de vue.

Utilisation du RSS pour déterminer les pairs à portée
Dans les chapitres 3 et 4, nous avons utilisé la distance euclidienne pour déterminer si un pair
est à portée de l’utilisateur, cette distance étant calculée à partir des positions “réelles” des pairs
produites par les modèles de mobilité. Dans une implémentation concrète, les position réelles
des pairs ne sont pas disponibles. Pour obtenir la distance exacte d’un pair, l’utilisateur devrait
recourir à des équipements spéciaux du type AOA ou TOA, qui sont coûteux. Une méthode à
bas coût pour estimer la distance des autres pairs consiste à utiliser la puissance du signal radio
reçu des pairs (RSS). De manière générale, si la puissance reçue d’un pair est grande, on pourra
déduire que ce pair est proche et accessoirement avoir une bonne qualité de communication. Dans
ce chapitre, nous définissons une méthode de discrimination des pairs fondée sur la puissance du
signal reçu par l’utilisateur, afin de décider si l’information de position de ce pair est retenue
dans le système LMI, et afin d’en déduire une distance maximale de ce pair. Cette méthode de
discrimination est une des contributions de cette thèse, ainsi que l’étude de son impact sur la
précision de localisation.
Dans ce chapitre, nous détaillons la méthode LMI+barycentre modifiée pour utiliser la discrimination RSS, et nous analysons le modèle de d’affaiblissement exponentiel de propagation (path
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loss exponent) qui permet de calculer une distance maximale avec 99% de confiance en fonction
d’un échantillon RSS. Nous utilisons ensuite une base de données de mesures RSS constituée dans
le cadre du réseau d’excellence FP7 NEWCOM++ pour mesurer des paramètres réaliste pour le
modèle d’affaiblissement exponentiel de propagation utilisé pendant nos simulations. Ces simulations sont extrêmement encourageantes, dans la mesure où elles montrent que même en utilisant
le RSS au lieu de la distance réelle, la précision de localisation n’est pas du tout dégradée, et
meilleure que le mètre pour les méthodes combinées LMI+barycentre et Centroid+barycentre,
voire meilleure que dans l’étude menée au chapitre 4.
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Chapitre 6 : Conclusion et travaux futurs
Bilan
Dans cette thèse nous avons proposé une nouvelle méthode de localisation opportuniste pour les
environnements intérieurs ou urbains, et nous avons évalué sa précision au moyen de nombreuses
simulations. Sous l’hypothèse qu’un nœud utilisateur peut attendre à une position fixe pendant
un certain temps, les nœuds pairs qui passent aux alentours peuvent échanger avec lui de manière
opportuniste des informations de faible qualité sur leur propre position. Durant ce temps d’attente, l’utilisateur peut réaliser plusieurs estimations LMI successives de sa propre position et les
combiner pour améliorer la précision de cette estimation. La combinaison proposée dans cette
thèse est un barycentre pondéré des estimations LMI instantanées, que nous appelons estimation
LMI+barycentre.
Voici le détail des contributions de cette thèse :
• Nous avons analysé la performance de deux méthodes existantes de localisation sans mesure,
Centroid et LMI. La plupart du temps LMI, est plus précise, sauf dans le cas de grandes
imprécisions dans les estimations de leurs propres positions envoyées par les pairs. Aucune
de ces deux méthodes n’a de précision de localisation meilleure que le mètre.
• Nous avons proposé la méthode de localisation LMI+barycentre, basée sur la combinaison
linéaire d’estimations LMI successives de la position de l’utilisateur, pendant qu’il attend
à une position fixe. Nous avons aussi proposé la méthode simplifiée Centroid+barycentre,
combinaison linéaire d’estimations Centroid successives. La précision des deux méthodes a
été étudiée et comparée avec la précision des méthodes LMI et Centroid sans combinaison
linéaire, dans des scénarios où les pairs évoluent aléatoirement autour de l’utilisateur. Dans
la plupart des cas, les deux méthodes combinées sont plus précises que LMI et Centroid.
De plus, elles obtiennent souvent un erreur de localisation inférieure au mètre. Des deux, la
méthode LMI+barycentre est la plus précise pour estimer la position de l’utilisateur, sauf
dans les cas où les informations de localisation des pairs sont trop imprécises.
• L’analyse de performance de ces méthodes de localisation a étudié de nombreuses conditions
de variation, y compris différents modèles pour les imprécisions concernant les informations
envoyées par les pairs sur leurs propres positions, et la mobilité des pairs. Des conditions
de communication non triviales ont été étudiées, comme l’existence de cycles d’utilisation,
la discrimination des pairs hors de portée basée sur la puissance du signal reçu (RSS), et le
calcul de la portée maximale basée sur le RSS. Nous avons aussi étudié l’impact de modèles
complexes pour l’imprécision de localisation des pairs, y compris des erreurs corrélées dans
le temps, dans un premier temps avec des lois gaussiennes bivariées, puis avec un modèle
d’erreur d’accéléromètre dans une unité de mesure inertielle (IMU). Excepté dans ce dernier
cas, les méthodes proposées offrent une précision meilleure que le mètre dans la plupart
des situations, LMI+barycentre étant la plupart du tems la méthode la plus précise.
• Nous avons proposés deux nouveaux modèles de mobilité : Random Pedestrian (RP) et
Group Random Pedestrian (GRP), et nous avons aussi proposé une variante pour la mobilité de groupe du modèle classique RWP (Random Waypoint), variante appelée GRWP.
Ces modèles nous ont permis d’étudier le comportement des méthodes proposées sous différentes conditions de corrélation des positions des pairs dans l’espace et dans le temps.
Les deux méthodes de localisation proposées restent raisonnablement précises, pourvu que
les erreurs de localisation des pairs soient indépendantes.
En résumé la méthode de localisation LMI+barycentre permet d’estimer la position de l’utilisateur avec une précision meilleure que le mètre sous condition qu’il y ait assez de pairs à portée
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de communication, que cette portée ne soit pas trop grande et que les imprécision de localisation
des pairs ne soient pas à la fois corrélées dans le temps et trop importantes.

Travaux futurs
Les travaux futurs pourraient être consacrés à consolider ce travil en envisageant encore davantage
de conditions de mobilité des pairs et de propagation du signal radio.
Nous envisageons d’utiliser des modèles de mobilité plus réalistes, pour piétons ou pour véhicules. Dans cette thèse, nous avons montré l’impact de ces modèles de mobilité sur la précision de
localisation de la méthode LMI+barycentre : la précision obtenue varie entre moins d’un mètre
et plus de trois mètres cinquante pour la même configuration en fonction du modèle de mobilité
utilisé. Notons que les traces réelles collectées par le Dartmouth College et l’UCSD montrent que
les temps d’inter-contact entre nœuds suivent une distribution de puissance, aspect qui n’est pas
couvert par les modèles de mobilité de groupe proposés dans cette thèse. Des modèles de mobilité
à base sociologique éprouvés tels que le Community Model et SIMPS devraient être étudiés, car
ils couvrent complètement cet aspect. D’autres modèles de mobilité réalistes tels que le Random
Trip Model devraient aussi être exploités.
Il serait également judicieux d’envisager un canal de communication plus réaliste, prenant
en compte le bruit et les interférences. Dans cette thèse nous avons fait l’hypothèse que le
nœud utilisateur peut échanger des informations simultanément avec plusieurs nœuds à portée
de communication. Un protocole de communication de groupe avec contention devrait être étudié
dans le futur, en s’appuyant sur le fait que des nœuds interférant fortement forme de fait un amas,
qui du point de vue des méthodes de localisation instantanées LMI et Centroid n’apporte que
peu d’information par rapport à un seul nœud de l’amas.
Enfin, toujours afin de consolider ce travail, nous devrions envisager une implémentation des
méthodes de localisation proposées sur par exemple des téléphones intelligents, afin de les tester
dans des conditions de mobilité et de communication réelles. Même si un test réel de cette nature
ne permet en aucun cas une analyse exhaustive de l’impact de tous les paramètres étudiés dans
cette thèse, il peut nous fournir des informations très utiles sur les problèmes d’implémentation
concrets rencontrés.
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Les services de localisation de personnes et de matériels sont de plus en plus demandés. En environnement
extérieur, les outils GPS offrent une réponse à cette demande croissante, avec une précision de l'ordre du
mètre en espace dégagé. En intérieur, il n'existe pas d'outil aussi performant. Les solutions commerciales
sont coûteuses en équipement. Les propositions de recherche, quant à elles, font appel soit à du matériel
coûteux soit à une infrastructure lourde. Enfin, le succès actuel des téléphones mobiles “intelligents” auprès
du grand public d'une part, et l'émergence des réseaux de capteurs dans le monde académique nous
amènent à étudier des solutions viables y compris pour des mobiles ne disposant que de la réception de
signaux radio.
L'objectif de cette thèse est de proposer une mécanisme de localisation en intérieur à la fois peu coûteux,
sans recours à des équipements dédiés du type UWB ni à des infrastructures supplémentaires, tout en
offrant une précision de l'ordre du mètre. Pour cela, nous faisons l'hypothèse que l'utilisateur désirant se
localiser est environné de pairs sachant estimer leur position, éventuellement de façon grossière, et que
l'utilisateur peut patienter quelques instants pendant que l'algorithme de localisation s'exécute. L'utilisateur
collecte alors de façon opportuniste les informations de localisation de tous ces pairs.
Dans cette thèse nous étudions les performances en termes de précision d'une méthode de localisation
utilisant des inégalités matricielles linéaires (LMI), en faisant varier un grand nombre de paramètres. Nous
comparons systématiquement ces performances à celles de l'une des solutions les plus simples, celle du
centre de gravité de tous les pairs à portée. Nous améliorons ensuite l'approche LMI en la couplant à une
moyenne pondérée dans le temps, qui permet d'obtenir une bien meilleure précision proche du mètre. Enfin,
nous terminons par des considérations d'implémentation.
Les travaux de cette thèse ont été menés dans le cadre du projet ANR Fusion d'Information de Localisation
(FIL).
MOTS-CLES : Localisation opportuniste, Centroïde, Inégalités matricielles linéaires (LMI).

Opportunistic Indoors Localization based on Linear Matrix Inequalities
The localization services for people and equipments are more and more required. In outdoor environments,
the GPS offers a solution for this increasing requirement with a precision in the order of one meter without
space obstruction. In indoor environments, there is no fully satisfying solution yet. The commercial solutions
imply too much expensive equipment. The proposals issued from the research community need either
expensive devices or complicated infrastructures. Finally, as smart phones are getting more and more
popular, and as wireless sensor networks are emerging in the academic world, we study localization
solutions viable even for mobiles nodes without any special device and relying only on radio signal
reception.
The goal of this thesis is to propose a low cost and accurate localization method for indoor environments,
without special devices like UWB nor additional infrastructure. The target accuracy is less than the meter. To
achieve this, we assume that the user needing to be localized is surrounded by peer nodes which can
estimate their own position, even roughly, and we assume that the user can wait at the same position for
some time while the localization algorithm is running. The user then opportunistically collects localization
information from all passing-by peers.
In this thesis we study the performance in terms of precision of a localization method based in Linear Matrix
Inequalities (LMI), by varying a large number of parameters. We systematically compare this performance
to the performance of one the simplest existing solutions, which uses the centroid of all peers within range.
We then improve the LMI-based method by coupling it to a weighted barycenter over time, which allows a
large improvement in precision, close to the meter. Finally, we discuss some implementation issues.
This work has been partially funded by the French ANR project FIL (Fusion d’Information de Localisation).
KEY WORDS: Opportunistic localization, Centroid, Linear matrix inequalities (LMI)

GuoDong KANG – Géolocalisation en intérieur opportuniste à base d’inégalités matricielles linéaires
Opportunistic Indoors Localization based on Linear Matrix Inequalities

Géolocalisation en intérieur opportuniste à base d’inégalités matricielles linéaires

THÈSE
En vue de l'obtention du

DOCTORAT DE L’UNIVERSITÉ DE TOULOUSE
Délivré par l’Institut Supérieur de l’Aéronautique et de l’Espace
Spécialité : STIC Réseaux, télécoms, systèmes et architectures

Présentée et soutenue par GuoDong KANG
le 19 novembre 2010

Géolocalisation en intérieur opportuniste à base d’inégalités matricielles linéaires
Opportunistic Indoors Localization based on Linear Matrix Inequalities

JURY

M.
M.
M.
M.
M.
M.

Jérôme Lacan, président
Marcelo Dias de Amorim, rapporteur
Michel Diaz, directeur de thèse
Damien Kubrak
Tanguy Pérennou, co-directeur de thèse
David Simplot-Ryl, rapporteur

École doctorale

: Mathématiques, informatique et télécommunications de Toulouse

Unité de recherche

: Équipe d’accueil ISAE-ONERA MOIS

Directeur de thèse
: M. Michel Diaz
Co-directeur de thèse : M. Tanguy Pérennou

