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a b s t r a c t

As it strongly affects the system performance in measuring 3D point coordinates, beacon positioning rep-
resents a challenging issue in large scale metrology applications based on wireless sensor networks. This
paper presents a software-assisted procedure for efficient placement of ultrasonic beacons in a wireless
distributed network-based system for medium–large sized object measurements. A regular grid-based
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eywords:
ptimal beacon positioning
arge scale metrology
istributed measurement systems

strategy and a genetic algorithm-based approach to the deployment problem are presented. The result-
ing network configurations are compared in terms of overall costs, sensor availability and measurement
precision. The genetic algorithm outperforms the regular deployment solution, optimizing the objective
functions and providing additional capabilities to represent a realistic working environment. The novelty
here is the approach to the “pre-processing” phase of a sensor network deployment, involving working
environment constraints, system functional characteristics, measurand geometry, and measurement task

mens
enetic algorithms definition in the three-di

. Introduction

The wide variety of large scale metrology applications, involv-
ng many engineering areas, gives rise to the interest in designing
nnovative and efficient systems for medium–large sized objects.
everal metrological solutions for large scale applications are
urrently available, based either on optical, mechanical, electro-
agnetic, inertial or acoustic technologies. Optical-based systems,

uch as laser trackers, laser radars, jointed-arm CMMs, photogram-
etry, theodolites, and total stations, actually demonstrate best

erformance as to measurement accuracy, working volume dimen-
ions, flexibility and portability features [1,2]. According to sensor
ositioning strategies, metrological instruments can be classified

nto centralized and distributed systems. Centralized systems (e.g.
aser tracker and theodolites) manage measurement through a
ingle stand-alone unit, whereas distributed systems (e.g. pho-
ogrammetry and indoor GPS) use a “network” of sensor nodes
ositioned within the working volume.

As portability, setup complexity and flexibility are commonly
umbered among the key issues in evaluating system perfor-
ance, metrological solutions based on a distributed network
f sensing devices have been studied and developed for large
olume measurements [3,4]. Notwithstanding they are based on
ifferent technologies, existing solutions share a common sys-
em architecture, consisting of a “constellation” of remote sensors,
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a mobile measuring equipment, and a centralized processing
system.

The network geometry, which is the distribution of nodes
in the working volume, strongly influences signal availability
and quality of communication. Signal availability (“coverage”) is
the working condition under which beacon devices communi-
cate to each other. It directly affects capabilities to measure the
coordinates of a reference point (“localization”) through the min-
imum coverage requirement, i.e. the minimum number of visible
nodes needed for solving the localization problem. On the other
hand, quality of communication among sensing devices is demon-
strated to strongly depend on network node distribution in the
volume (“positioning”) and to heavily affect the localization pre-
cision.

Therefore, beacon positioning, as a function of operating envi-
ronment geometry, object shape, measuring points location, and
hardware constraints, represents a challenging issue whichever
localization approach (proximity-based or multilateration-based)
is implemented [5]. As a matter of fact, sensor deployment affects
granularity of localization, in proximity-based approaches [6], and
accuracy of position estimates in multilateration-based approaches
[7].

Fixed and adaptive strategies have been proposed for beacon
placement. Fixed strategies, implementing either uniform or very
dense placement, are unable to encounter for lacks of homogeneity

in the operating environment, self-interferences among transmit-
ting devices [8], and cost or power constraints [9]. On the other
hand, in [6] adaptive strategies of beacon deployment are imple-
mented for incrementally improving precision of proximity-based
localization algorithms. Candidate points for sensor placement are

http://www.sciencedirect.com/science/journal/01416359
http://www.elsevier.com/locate/precision
mailto:maurizio.galetto@polito.it
mailto:barbara.pralio@polito.it
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lgorithmically selected as a result of localization error computa-
ion. However, as this strategy does not provide for a complete
edeploying of all beacons, the overall performance of the final
dapted network are strongly affected by the initial sensor layout.

Several optimization methodologies have been proposed
10–14], aiming at outperforming regularly distributed config-
rations either fixed or empirically adapted. Optimal beacon
eployment is tackled in [10,11] with reference to a 2D scenario. A
ore complex even though unrealistic 3D problem is addressed in

12], where a unit sphere is used as ideal reference surface for sen-
or distribution. Realistic applications for navigating Autonomous
uided Vehicles (AGVs) within industrial environments are faced

n [13,14] through optimization methods. These works address the
ensor deployment problem, sharing with the proposed approach
he working principles (multilateration techniques for evaluat-
ng spatial positions, heuristic methods for deployment strategies)
nd the research objectives (minimization of number of sensors,
aximization of sensor availability and localization accuracy). Nev-

rtheless, by assuming fixed vertical beacon positioning at ceiling
nd fixed height of the receiving unit, they really restrict the opti-
ization problem to a two-dimensional search. In [13] the problem

f cost minimization is faced with a non-linear optimization model,
here each beacon is characterized through its x–y coordinates

n the planar space of the working environment. Although, as for
he present application, the aim is to cover a set of critical points
nstead of an entire area, requirements are limited to coverage
eeds, whereas localization precision is not taken into account. It
as to be noted that the need for covering a set of points, possi-
ly in different areas of the working volume, instead of an entire
patial region could lead to a different positioning strategy. As to
ur measurement task, coverage continuity over an area is actu-
lly not required. On the other hand, in [14] the coverage of an
ntire navigation area is addressed through discretization, reduc-
ng the continuous space to a grid of points. Beacon communication
haracteristics are introduced in the optimization process through
literature-based model and no blocking obstacles are assumed

o exist in the communication range between transmitting and
eceiving devices.

This paper presents a software-assisted procedure for beacon
ositioning in large scale metrology applications. Two deploy-
ent strategies, based on regular grid positioning and optimal

ensor placement, are herein proposed and compared, within the
ramework of a wireless distributed network-based system using
ltrasonic devices for indoor dimensional measurements (Mobile
patial coordinate Measuring System—MScMS). Both strategies
arry out the network configuration design according to an exper-
mentally derived communication model of the ultrasonic devices.
ignal availability, measurement precision, and costs have been
ddressed as objectives of the optimization task and they have been
sed as metrics for the comparison between the proposed strate-
ies. The optimal deployment has been faced with an evolutionary
echnique based on genetic algorithms. Although it cannot guaran-
ee the global optimal solution, the stochastic-based approach has
een preferred to conventional search methods (enumerative as
ell as deterministic) due to the problem complexity. As a matter of

act, genetic algorithms are computationally simple and powerful
n managing large search spaces and multi-objective optimization,

ithout assumptions such as continuity, unimodality, existence
f derivatives and convexity [15,16]. As the proposed procedure
s aimed at representing a “pre-processing” phase of the over-
ll measurement task, particular attention has been provided for

imulating a realistic operating scenario. To this end, the optimal
eployment takes into account working volume geometry, physical
bstacles, object shadowing, and network sensor orientation. The
robe geometry as well as positioning and orientation of receiving
evices during measurements are taken into account in design-
ineering 34 (2010) 563–577

ing the network layout. Moreover, the evaluations of availability
and localization precision are narrowed to the measurement points,
allowing to find efficient task-oriented solutions. On the other hand,
the interactive graphical interface provides an intuitive tool for
modifying the beacon layout, according to user needs, during the
pre-processing phase as well as during the measurement task.

In Section 2 the reference spatial coordinate measurement sys-
tem, based on ultrasonic devices, is described and the localization
procedure, implementing a trilateration technique, is outlined.
Sensor positioning constraints, related to physical environment,
measurement task and connectivity characterization, are discussed
in Section 3. The experimental communication model, used for con-
figuration design and coverage analysis, is also introduced. The
network configuration procedure is detailed in Section 4, where
issues related to problem definition, positioning strategy imple-
mentation and interactive graphical representation are addressed.
A practical case study is presented in Section 5, providing numerical
results of deployment strategies implementation. Finally, conclud-
ing remarks are reported in Section 6.

2. System description

The Mobile Spatial coordinate Measuring System (MScMS)
is a wireless sensor-network-based system developed at the
Industrial Metrology and Quality Engineering Laboratory of
DISPEA—Politecnico di Torino. It has been designed to perform
indoor dimensional measurements of medium–large sized objects.
It is made up of three main components [17,18] (Fig. 1):

• a network of wireless devices, distributed around the working
area;

• a portable probe, equipped with two wireless devices, used to
touch the measurement points;

• a processing system, receiving data from the measuring probe
and processing them, in order to evaluate measured object geo-
metrical features and to graphically represent them in a virtual
environment.

Wireless devices equipping the MScMS prototype – known as
“Crickets” – are developed by the Massachusetts Institute of Tech-
nology (MIT) and produced by Crossbow. Being quite small, light
and potentially cheap, they can be fit in a wide range of differ-
ent network configurations [19,20]. The Crickets are provided with
radiofrequency (RF) and ultrasound (US) transceivers. Transmitting
signals to each other, they repeatedly communicate and calculate
their mutual distances with a technique known as TDoA (Time Dif-
ference of Arrival) [21]. The measuring probe is a portable system
equipped with two wireless devices, a tip to touch the measure-
ment points and a trigger to activate data acquisition. Acquired data
are sent from the mobile probe to the centralized processing system
through a Bluetooth connection for computing sensor location.

The spatial location of each probe device is achieved using a
trilateration technique [22,23]. Given a set of N nodes (i.e. trans-
mitting devices) with known coordinates (xi, yi, zi, where i = 1, . . .,
N) and a set of measured distances dmi from a generic node (i.e.
receiving device)p = (u, v,w), the system of N non-linear equations

dmi =
√

(xi − u)2 + (yi − v)2 + (zi −w)2 (1)

is linearized by assuming approximate values (u(0), v(0),w(0)) for
the receiving node location and decomposing the unknowns by:
⎧⎪⎨
⎪⎩
u = u(0) +�u
v = v(0) +�v

w = w(0) +�w
(2)
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Fig. 1. (a) Basic elements of the MScMS architecture. (b) Ultrasonic de

y substituting Eq. (2) and expanding into a Taylor series truncated
fter the linear term, the non-linear formulation in Eq. (1) becomes
24]:

mi (u, v,w) = dmi (u
(0) +�u, v(0) +�v,w(0) +�w)

∼= dmi (u(0), v(0),w(0)) + ∂dmi (u
(0), v(0),w(0))

∂u(0)
�u

+ ∂dmi (u
(0), v(0),w(0))

∂v(0)
�v + ∂dmi (u

(0), v(0),w(0))

∂w(0)
�w

(3)

here

mi (u
(0), v(0),w(0))=d(0)

mi
=
√

(xi−u(0))2+(yi−v(0))2+(zi−w(0))2 (4)

∂dmi (u
(0), v(0),w(0))

∂u(0)
= −xi − u

(0)

d(0)
mi

∂dmi (u
(0), v(0),w(0))

∂v(0)
= −yi − v(0)

d(0)
mi

∂dmi (u
(0), v(0),w(0))

∂w(0)
= − zi −w

(0)

d(0)
mi

(5)

Considering the N nodes of known coordinates, the linearized
roblem can be rewritten as:
= AX (6)

here D = [dm1dm2 . . . dmN ]T is the vector of measured distances,
= [�u�v�w]T is the vector of unknowns and the design matrix
used as transmitting and receiving units. (c) Measuring mobile probe.

A ∈RN×3 is defined as

A =

⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

x1 − u(0)

d(0)
m1

y1 − v(0)

d(0)
m1

z1 −w(0)

d(0)
m1

x2 − u(0)

d(0)
m2

y2 − v(0)

d(0)
m2

z2 −w(0)

d(0)
m2

· · ·
xN − u(0)

d(0)
mN

yN − v(0)

d(0)
mN

zN −w(0)

d(0)
mN

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

(7)

By formulating Eq. (6) in terms of residuals V = [v1 v2 . . . vN]T

V = AX − D (8)

the vector of unknown coordinates can be estimated by least
squares adjustment

�
X = (ATA)

−1
ATD (9)

An iterative procedure, starting from tentative values for the
receiving node coordinates and updating them at each step, is
implemented for minimizing residuals. The selection of initial val-
ues can be completely arbitrary: they can be randomly selected
within the measurement domain as well as set equal to zero [24].

It has to be noted that the geometry of the network nodes rep-
resents a key factor in achieving good localization results, as it
contributes to the design matrix definition. The Dilution of Pre-
cision (DOP) factor is used to give a measure of the quality of
the network geometry, whenever approaching a localization prob-
lem based on distance measurements along lines of sight from the
unknown location to reference points [24,25]. The position DOP
(PDOP) is defined in literature as a function of the cofactor matrix

Q of the unknown coordinates

Q = (ATA)
−1 =

[
qXX qXY qXZ
qXY qYY qYZ
qXZ qYZ qZZ

]
(10)
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he PDOP is expressed as follows:

DOP =
√
qXX + qYY + qZZ (11)

It has to be noted that good network geometries are character-
zed by low DOP values.

As the covariance matrix of the k unknowns is given by:

X = �2
0 Q (12)

here the variance of the measured distances �2
0 can be estimated

y:

2
0 = VTV

N − k (13)

he DOP factor can be correlated to the localization uncertainty
hrough the measurement precision, assuming that the measure-

ent is characterized by the same standard deviation �0 along all
irections. Hence, the localization standard uncertainty �XYZ in the
adial direction can be expressed as:

XYZ = PDOP · �0 (14)

rom an operational point of view, it is noteworthy that, given the
eometrical characteristics of the mobile probe, the tip coordinates
V ≡ (xV, yV, zV) can be univocally determined by means of the
patial coordinates of the two probe devices PR1 ≡ (xR1, yR1, zR1)
nd PR2 ≡ (xR2, yR2, zR2) according to [17]:

V = PR2 + (PR1 − PR2)

∥∥PR2 − PV

∥∥∥∥PR2 − PR1

∥∥ (15)

It has to be noted that the distance between the two sensing
evices PR1 and PR2 as well as the distance between the probe tip
V and one of the receiving devices PR2, are assumed to be known
s measured to sub-millimeter accuracy by a coordinate measuring
achine.
From a theoretical point of view, an uncertainty budget in

he distance measurement of one receiver could be calculated
ccording to the DOP-based approach, whereas the uncertainty in
easuring the probe tip position could be computed by means of

he uncertainty propagation law applied to Eq. (15). As to the overall
etrological performance of the MScMS, repeatability and repro-

ucibility tests have been experimentally carried out, according to
UM standards [26]. Average standard deviation values less than
mm as to repeatability and less than 8 mm as to reproducibility
ave been obtained from these experimental tests [27].

Before starting measurements, the location of network devices
as to be determined. This phase should be fast and automated as
uch as possible to prevent any conflict with the system adaptabil-

ty to different working environments. Moreover, it is important
o remark that accuracy in the location of network nodes is funda-

ental for assuring accurate mobile probe location [17]. In order to
educe human involvement, a semiautomatic procedure has been
mplemented. It consists in touching several reference points, with
priori known coordinates, within the measuring volume. Location
f each network device is, therefore, incrementally performed by
olving a trilateration problem, where spatial coordinates (xi, yi, zi)
f the ith node are the unknown parameters.

. Sensor positioning constraints

The positioning of distributed nodes is strongly related to envi-
onmental constraints and technological features of the sensing

evices.

As to the environmental factors, working volume geometry as
ell as measured object dimension and shape have been taken into

ccount. Due to its network structure, MScMS works correctly in
nvironments with non-convex planimetry also. Usually, sensor
Fig. 2. The radiation pattern (r, �) of the Cricket ultrasonic transducer over signal
orientation (�).

devices are placed on the ceiling, and – if needed – on the walls
and the floor of the building. In specific cases, in order to “flood-
light” shady areas, special trestles can be used to position sensors
inside the working volume. On the other hand, the dimension and
shape of the measured object are important issues in determin-
ing the minimum working distance between network and probe
devices, the presence of shady areas due to signal hiding, due to hol-
lows or complex geometries (concave surfaces, marked cambers,
discontinuities, etc.).

All these aspects influence the beacon number and their posi-
tioning (ceiling, walls, trestles, etc.), and the probe geometry (tip
length, tip geometry, etc.). Hereafter it has been supposed to work
with a probe having a fixed geometry and to measure objects char-
acterized by reasonably smooth surfaces (for example, airplane
wings, fuselages, ship hull, etc.).

It is noteworthy that the aim of the measurement has a substan-
tial effect on the constellation positioning. If the goal is to reproduce
the geometry of a given object (such as, for example, in reverse-
engineering), the whole object surface must be scanned. Hence the
probe should be able to measure a high quantity of points uniformly
distributed all over this surface. On the contrary, if the goal is to con-
trol only some specific geometrical features, a limited number of
points must be covered.

Technological features of sensing devices affecting connectivity
and coverage capabilities are [27]:

• transceiver’s “misalignment angle” (�),
• distance of communication (“communication range”, h),
• battery charge level,
• US transceiver geometrical features.

The full coverage of a location served by a distributed network is
conditioned by the reciprocal alignment and distance of the ultra-
sonic transmitters and receivers.

Fig. 2 shows the radiation pattern of the ultrasonic transmitter
of a Cricket. This is shown in (r, �) polar coordinates, where r is the
signal strength in dB and � is the tilt angle from the front of the
ultrasonic transmitter.

The radiation pattern shows that the direction in which the
ultrasound transmitter has the maximum signal strength is 0◦,
while the signal strength drops to 1% (−20 dB) of the maximum
value at about ±85◦ away from the 0◦ direction. This determines
a cone of transmission characterized by an opening angle of 170◦.
Assuming that the receiver has the same reception cone of 170◦,
it must be oriented so that the transmitter is included inside this

cone. As a matter of fact, the quality of communication between two
devices can be represented as a function of the orientation angles
between the normal to the sensor surfaces and the radial direction
connecting their centers. Signal attenuation is also related to the
distance from the transmitter. When this distance exceeds a fixed
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imit, the signal strength becomes so low that it is not possible to
etect it correctly. It can be observed that, along the direction in
hich the ultrasound transmitter faces, this limit is about 8 m. It
ecreases to 4 m at ±45◦ away from the 0◦ direction. In general, the
trength of the signal caught by the receiver strongly depends on
he reciprocal position and orientation of transmitter and receiver.
ignal strength drops along direction that are away from the normal
irection to the transducer surface.

A set of preliminary tests have been carried out on a sample of
ricket devices, in order to experimentally evaluate the communi-
ation volume. Two parameters have been used to characterize this
olume (Fig. 3):

the “communication range” h, intended as the distance between
the transmitter and the receiver devices, assuming that they are
positioned in two parallel planes, facing each other;
the “misalignment angle” (�), defined by the maximum angle (in
relation to the direction in which the transmitter faces) under
which the communication between transmitter and receiver is
maintained when the receiver is moved in any direction over the
plane it lies without changing its initial orientation.

Experimental results showed a mutual dependence of these
arameters [27]. As a matter of fact, the misalignment angle mono-
onically decreases as the communication range increases, i.e. the
eceiver moves away from the transmitting node (see Fig. 3b). This
hould be ascribed to the signal attenuation features of the ultra-
onic devices.

Therefore, the device’s “field of sensing”, intended as the real
ommunication volume, has been defined as the envelope of a set
f circular surfaces positioned between the transmitter plane and
reference plane (Fig. 3a). Each surface may be identified as the

ntersection of a plane distant h* from the transmitter and a cone
aving the vertex in the transmitter’s center and an opening angle
qual to 2�(h*).

The last constraints considered within this implementation are
elated to the probe geometry. The distance between the two
evices mounted on it, and the tip length are two basic elements
or determining the extension of the connectivity areas for a given

easured object (see Fig. 4). The constellation must ensure the full
overage of the areas where the probe devices are positioned dur-
ng measuring operation. This condition is not required for the tip.
his results in an evident advantage when measuring complex sur-
aces, characterized by hollows or shady areas. In these cases special
ips with particular geometry can be used in order to touch hidden
oints [28].

. Network configuration procedure

Responding to the needs for flexible, efficient and modular
ensor deployment strategies, the “pre-processing” software pro-
edure is structured in three main steps:

1) problem statement and measurement task definition;
2) sensor deployment strategy implementation;
3) sensor network visualization.

.1. Problem definition

Given a working volume V and a set of m points P ≡ P (p1, p2,

. ., pm) to be measured, where for each point pj ∈P the spatial coor-
inates (uj, vj, wj) are known, the problem is to identify a sensor
etwork configuration, in such a way that each sensor si ∈S is char-
cterized by its location coordinates (xi, yi, zi), such that each point
j ∈P is covered by at least nmin sensors. According to the trilater-
ineering 34 (2010) 563–577 567

ation technique based on time difference of arrivals of ultrasound
signals, for the current implementation nmin = 4.

The working volume geometry and the reference system details,
as well as the set of measuring points are defined by the user in the
setup phase. Coordinates of points to be measured are assumed
to be estimated by the user prior to proceeding with the mea-
surement session, through a rough positioning with respect to
the reference system (see Fig. 5). The position of US receiving
devices can then be fully characterized knowing the measuring
probe geometry. The beacon positioning strategies provide, as a
result, position coordinates as well as orientation angles of the
transmitting devices.

4.2. Positioning strategy implementation

Two different sensor positioning strategies have been inves-
tigated and experimentally tested within the MScMS layout. The
grid-based strategy draws a square configuration, characterized by
a reference distance between sensor nodes, which are placed on
the ceiling. It reduces the 3D positioning to a 2D problem, working
on a fixed-altitude plane instead on the whole volume. Due to this,
it is unable to provide an optimal solution to the coverage problem,
generally overestimating the number of sensor nodes.

In order to provide a better solution to the coverage problem,
an approach based on genetic algorithm has been implemented. It
takes into account availability and precision issues, aiming at min-
imizing the number of sensors. It deals with a three-dimensional
working environment and measurement task definition. Since the
communication volume is affected by the reciprocal alignment
of transmitting and receiving units (see Section 3), the GA-based
approach is able to characterize each sensor through orientation
angles as well as position coordinates (see Fig. 5). This represents
an important issue as it is no longer needed to position constellation
devices parallel to the devices to locate. However, additional speci-
fication details of the measurement task, such as probe orientation
for each point pi, are required.

4.3. Grid-based beacon positioning

Summing up the sensor positioning constraints, a practical solu-
tion to resolving the connectivity problem consists in mounting
the network devices on the ceiling of the working environment, as
shown in Fig. 3, and performing the measurement by orienting the
probe Crickets upwards as much as possible.

In this condition, the distance between the ceiling and the ref-
erence plane, at the maximum distance from the ceiling at which it
is planned to work, can be assumed as “maximum communication
range” (hMAX). The corresponding “misalignment angle” is called
“minimum misalignment angle” (�MIN).

Furthermore, it is assumed to “floodlight” only the zones where
probe Crickets will be positioned during the measurement (accord-
ing to the object shape, the probe geometry and the measurement
strategy).

Under these conditions, the concept of beacon “density” may
be introduced. It is defined as the number of constellation devices
that should be placed per unit of surface on the ceiling, in order to
correctly “floodlight” a given region of a horizontal plane positioned
at a distance h from the ceiling (see Fig. 4).

For beacon positioning a square mesh grid is adopted [3,29,30].
The covered area is determined by the circular surfaces represent-

ing the intersection of the horizontal measuring plane and the cones
generated by the constellation devices (see Figs. 4 and 6).

Referring to Fig. 6, it can be observed that a circle, having radius
rh on the plane at a distance h from the ceiling and centered on a
corner of the square mesh having diagonal d, overlaps the opposite
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orner if the following condition is verified:

≤ rh (16)

Defining as pitch (p) the distance between two nodes of the grid,
he diagonal of the mesh is given by:
=
√

2 · p (17)

As all the circles generated on the plane have the same exten-
ion (rh = r1 = r2 = r3 = r4 = . . .) and the misalignment angle (�) can
e obtained as a function of distance h through the experimentally
ion range, intended as distance between transmitter (T) and receiver (R′ , R′′) planes,
S devices connectivity is guaranteed until the receiver moves within the circular
ment angle � and communication range h.

derived relationship shown in Fig. 3, the pitch can be rewritten
as:

p ≤ 1√
2

· h · tan(�(h)) (18)
Hence, if a given area positioned on a plane at a distance h from
the ceiling must be covered by at least four beacons at the same
time, a square mesh grid (see Fig. 6) with a maximum pitch size
defined according to Eq. (18) must be designed. Fig. 7 shows the
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ig. 4. Representation scheme of overlapping “communication areas” of two US de
elative distance h between transmitter Ti (i = 1, . . ., nt) and a measuring plane, inc
ndicated, corresponding to the minimum and maximum distances, respectively, at

ariation of the maximum pitch size

MAX = 1√
2

· h · tan(�(h)) (19)

s a function of the communication range h.
As the maximum pitch is a non-monotonic function (see Fig. 7),

f the measuring volume ranges from a minimum distance hMIN to
maximum distance hMAX, a conservative pitch value pGRID can be
stimated as:

GRID = min
(

1√
2

· hMIN · tan(�(hMIN)),
1√
2

· hMAX · tan(�(hMAX))
)

(20)

Due to the behaviour of � versus h (see Fig. 3), this pitch size
uarantees the complete coverage of the measuring planes at hMIN
nd hMAX, as well as of the enclosed volume.

.4. GA-based beacon positioning

In order to improve system performance, in terms of coverage
apabilities, measurement precision, and cost, a sensor position-

ng procedure, based on multi-objective optimization, has been
et up and tested. Evolutionary algorithms, and specifically genetic
lgorithms (GAs), have been selected according to the results of
n explorative analysis of widely used search techniques (such as
imulated annealing, tabu search, and scatter search). As a matter of
positioned on the ceiling. Each cone, identified by dashed lines, is a function of the
g the receiver devices Rj (j = 1,2). Two reference distances, hMIN and hMAX, are also
h measurement is carried out.

fact, the evolutionary technique, applied to the present optimiza-
tion problem, is able to provide a comprehensive representation
of the search space and to limit the computational burden of the
searching phase.

Genetic algorithms apply mechanisms of natural selection and
natural genetics to a population of individuals, searching for the
fittest through an iterative procedure [15,31]. Each individual,
representing a possible solution of the optimization problem, con-
sists of a set of parameters (“chromosomes”), whose basic units
(“genes”) are the smallest entities the evolutionary algorithm is
able to manage.

The initial population could be either randomly generated or
user-defined within a domain of acceptable solutions according
to his/her knowledge of the search space. The genetic algorithm
applies selection, crossover and mutation operators to the current
population to generate new individuals for the next generation.
Basic schemes of a GA implementation are provided in literature
[15,32,33].

Selection operators are twofold: a probabilistic selection
(selection of parents) is applied to choose the individuals for repro-
duction, whereas a deterministic selection (selection of fittest)
is implemented for replacing individuals in the population. The
crossover operation is performed between selected pairs of indi-

viduals, by combining them to obtain new individuals (offsprings).
Therefore, the offsprings created through the crossover operator
are somehow similar to their parents, inheriting some properties
of them. On the other hand, the mutation operator acts on the basic
units of the individuals, by randomly changing the existing ones. It
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Fig. 5. Parameters for characterizing beacon positioning. The measurement task is detailed through positions of the jth measurement point pj ≡ (uj, vj, wj) and the related
p tem F
u system
s device
s

p
f

a
(
t
a

robe orientations (˛j , ˇj , � j) with respect to the room-aligned world coordinate sys
sed to indicate the positions of receiving devices in the local probe-fixed reference
patial coordinates (xi , yi , zi) and orientation angles (	i , �i , i) of the ith transmitting
hown in the lower picture.

lays an important part in the preservation of the diversity, useful
or an efficient exploration of the search space.
The search and optimization problem is formulated through
fitness function, whose values are computed at each iteration

“generation”) for each individual. The fitness values are represen-
ative of the capability to address one or more objective function(s)
nd they are used as a metric of an individual’s performance. When-
WCS ≡ (XWCS, YWCS, ZWCS), as shown in the upper picture. The terms Rj,1 and Rj,2 are
FPCS ≡ (XPCS, YPCS, ZPCS). The positioning strategy results are provided in terms of

, characterized by a local TX device-fixed reference system FTCS ≡ (XTCS, YTCS, ZTCS),

ever a set of objective functions, possibly in conflict with each
other and/or measured in different units, has to be optimized, a

multi-objective optimization problem (MOP) is addressed. In such
cases the optimum is generally defined as the solution giving all
acceptable values for the objective functions and providing a good
trade-off among them [34]. As a matter of fact the MOP solution
search is articulated in two steps: (1) optimization of the objective
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Fig. 6. Covered areas versus beacon “de

unctions and (2) definition of the decision maker’s criteria for
electing the problem solution. Several techniques are available
or managing the MOP process, according to the articulation of
decision” and “search” steps [35]. Basically, three techniques are
pplied for solving MOP problems: optimization of the highest pri-
rity objective, optimization of an aggregated weighted sum of the
bjectives, and Pareto optimum search [16].

A stopping criterion, either based on maximum number of itera-
ions or achieved performance metrics, can be implemented to stop
he iterative process.

As to the proposed implementation, referring to a sensor posi-
ioning procedure, the input data include:

the working environment geometry (room sizing and possible
unusable areas);
the measurement task details (measurement point coordinates
and probe orientations);

the GA settings (initial population, representation of individuals,
selection, crossover and mutation parameters).

Differently from the grid-based approach, the GA-based pro-
edure explicitly takes into account the probe geometry and its

ig. 7. Maximum pitch size pMAX as a function of the communication range h.
” at a given distance h from the ceiling.

orientation during the measurement task. To this end, each mea-
surement point pj = pj(uj, vj, wj) is associated with the spatial
coordinates of the two receiver devices (R1 and R2) located on the
probe and the orientation angles of the normal vector to the probe
referred to the room coordinate system. As a matter of fact, the cov-
erage analysis is carried out with reference to the receiving devices
instead of the measurement points (see Fig. 5).

Each individual, as possible solution of the optimization prob-
lem, is represented by a configuration of distributed sensor nodes
S = S(s1, s2, . . . , snmax ). The spatial coordinates and orientation
angles characterizing each sensor node si = si(xi, yi, zi, 	i, �i) have
been selected as decision variables of the optimization prob-
lem. Due to its axial symmetry property, variations in the  i
orientation angle do not cause changes to the communication
volume. As to the present implementation, a number of deci-
sion variables ndv = 5 has been defined. It has to be noted that
a parameter nmax, i.e. the maximum number of available sen-
sors, is introduced by the user through the initial configuration
and represents an upper limit for the network sizing. Therefore,
the population consists of a (np × nmax × ndv) multi-dimensional
array, where np is the number of individuals per population. Bea-
con positioning variables are bounded according to the working
environment dimensions and constraints. Network configurations
characterized by different beacon numbers (≤nmax) are evalu-
ated by enabling/disabling sensor nodes, where null values are
used to identify a disabled node. The initial population could be
defined by randomly setting active sensors and related coordi-
nates or by inserting a user-defined network configuration. The
iterative procedure based on genetic evolution is run to find a
sub-optimal configuration layout, by enabling/disabling sensor
nodes and changing their position and orientation, according to
selection, mutation, and crossover criteria. A stopping criterion
based on the maximum number of iterations has been imple-
mented.

Three objective functions are considered in the optimization

procedure, taking into account, at each iteration, overall cost, cov-
erage capabilities, and measurement precision.

As reducing the number of sensor nodes represents an impor-
tant issue in order to build a low-cost flexible system, the cost
function (O1) is defined in terms of number of enabled sensors (nact)



5 n Eng

a

O

(
u
r
s
s
a
v
c
a
r
w
i
c
s
b
m
c

e
t
t
t
o
t
A
i
g
i
i
c
s
o
.

O

w

O

a
t

w
r
t
t
c

e
a
t
t
m
c
(
c
c
t

munication volumes. Whereas a single-point coverage checking
has to be performed, spatial coordinates and approaching trajectory
72 M. Galetto, B. Pralio / Precisio

s follows:

1 = 1 − nact

nmax
; O1 ∈ [0,1] (21)

It represents the cost reduction obtained by the current layout
using nact sensors) with respect to the initial reference config-
ration (using nmax sensors). The lower limit of the definition
ange corresponds to a configuration using all the available sen-
ors (nact = nmax) whereas the upper limit characterizes an empty
ensor set. It is noteworthy that taking into account cost reduction
s a key objective of the optimization process has a twofold moti-
ation. Firstly, although the US sensor herein considered is actually
heap (about 200$ per unit), beacon positioning and calibration
re time-consuming activities. Hence, labor costs per placed unit
epresent an additional term that should be taken into account
henever economic impact is evaluated. Reducing the network siz-

ng entails a reduction in direct costs (price per sensor unit), labor
osts, and setup times. Furthermore, as the proposed optimization
trategy could be applied to sensing devices other than ultrasound-
ased (e.g. optical sensors), by simply changing the communication
odel, direct costs of a single sensor unit could become a strict

onstraint.
The coverage capabilities of sensor configurations are stated, for

ach measurement point pj, as the number of sensorsncovj including
he receiving devices within their communication volumes, under
he assumption that transmitter and receiver devices are posi-
ioned in parallel planes (see Section 3 for details on the geometry
f communication volumes). The effects of object’s shadowing on
ransmission cones can be taken into account in the coverage test.
s the ultrasonic transducer performance are affected by obstacles

nterposing between receiving and transmitting devices, the real
eometry of the measured object has to be modified according to
ts shadow. As a matter of fact, the shadow of the measured object
s subtracted from the “ideal” communication volume, reducing the
overage area. The availability function (O2), intended as a “mea-
ure” of network coverage capabilities, can be related to the number
f transmitting devices covering each measurement point pj (j = 1,
. ., m). Therefore, it is algorithmically defined as:

2 =
∑m

j=1O2j

m
; O2 ∈ [0,1] (22)

here

2j =
{

1 if min(ncovj,R1 , ncovj,R2 ) ≥ nmin
min(ncovj,R1 , ncovj,R2 )

nmin
otherwise

(23)

nd nmin is the minimum number of transmitting sensors needed
o locate the measuring probe.

The lower limit of the definition range describes a layout in
hich no communication is established between transmitting and

eceiving devices for any measurement point. On the other hand,
he upper limit characterizes an operating condition in which all
he measurement points can be adequately localized as they are
overed by the minimum number of sensors.

Furthermore, the efficiency of a given beacon configuration is
valuated through the measurement precision. For each point pk
dequately covered by the sensor network (O2k = 1, k ≤ m), the posi-
ion DOP (PDOPk) is computed according to Eq. (11) and compared
o a reference acceptance value (PDOPlim). As to the present imple-

entation, it has to be noted that the design matrix A in Eq. (7) is

omputed by considering the real measurement point coordinates
u, v,w) instead of the approximate values (u(0), v(0),w(0)). The pre-
ision function (O3), intended as a “measure” of network geometry
apabilities, can be related to the measurement precision charac-
erizing the beacon layout for each measured point. It is defined as
ineering 34 (2010) 563–577

follows:

O3 =
∑mcov

k=1 O3k
mcov

; O3 ∈ [0,1] (24)

where

O3k =
{

1 − max(PDOPk,R1,PDOPk,R2)
PDOPlim

if max(PDOPk,R1,PDOPk,R2) ≤ PDOPlim

0 otherwise
(25)

and mcov is the number of measurement points characterized by
unit availability function.

The lower/upper limit of the definition range refers to a network
layout characterized by unacceptable/acceptable PDOP values for
all the measurement points.

The fitness function, expressing the needs for minimizing the
network cost and maximizing sensor availability as well as mea-
surement precision, has been defined as a linearly aggregated
weighted sum of the objectives:

FF = K1O1 + K2O2 + K3O3 (26)

where the weighting coefficients (0 ≤ Ki ≤ 1;
∑

Ki = 1) represent the
relative importance given by the user to the problem objectives.
Despite its drawbacks in finding the solutions for all possible multi-
objective optimization problems [36], the Conventional Weight
Aggregation (CWA) has been used in the present GA’s implemen-
tation as it is computationally efficient and it represents a suitable
method whenever the objective’s relative importance can be quan-
tified [16]. Further development of the optimization algorithm
should include a Dynamic Weight Aggregation (DWA) strategy,
allowing the weights to change during the iterative procedure [37].

4.5. Network visualization

A software tool for network visualization, based on the 3D con-
tent creation suite Blender [38], has been developed in order to
graphically represent coverage capabilities of different sensor con-
figurations and the effects of layout changes.

A Graphical User Interface (GUI) drives the user through the
definition of the working setup and the analysis of network per-
formance (Fig. 8). As to the working setup, it consists of the
physical working volume geometry and the network configuration.
Data related to network layout are beacon positioning (i.e. spatial
coordinates and orientation angles) and communication volume
geometry. Since it is aimed at visualizing the results of algorithm-
assisted as well as user-defined beacon positioning, the software
allows loading by file as well as manual insertion and/or displace-
ment of sensor nodes. The coverage analysis could be addressed to
pick out the real working volume, intended as the intersection of
a minimum number of communication volumes, or to check cov-
erage capabilities of a sensor network with reference to a specified
set of measurement points.

Other than coverage requirements, the user can insert in the vir-
tual working environment a solid shape, representing the object to
be measured. Therefore, the coverage analysis could be carried out
by taking into account the effects of the object’s shadow on the com-
orientation have to be defined for each measurement point. These
data could be loaded by file or manually introduced, either in an
empty scene or with reference to a pre-defined solid shape. Capa-
bilities to import CAD models of free-form objects to be measured
are also provided.
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ig. 8. Graphical User Interface (GUI) of the network visualization tool: (a) 3D virtu
etting parameters for coverage analysis; (d) user-defined displacement of beacon

. Numerical results

Experimental testing of beacon positioning strategies has been
arried out at the Industrial Metrology and Quality Engineering
aboratory of DISPEA—Politecnico di Torino, with the purpose
f verifying feasibility and performance. Covering capabilities of
esulting network configurations have been evaluated through vir-
ual reconstruction of the working setup as well as by means of
n-the-field experiments.

In a working environment of about 55 m3 (width = 4.00 m,
ength = 6.00 m, height = 2.30 m) a reference object, represented by

1.80 m × 0.80 m × 0.70 m box, has been positioned on a rest at
.3 m from the floor. The measurement task definition is strongly
elated to the aim of the measurement (see Section 3). As the
resent case study aims to provide distance measurements for
haracterizing some specific geometrical features of the measur-
nd, a set of m = 16 measurement points has been chosen by the
ertices of the object on its upper and lower surfaces.

The input dataset, reported in Table 1, includes, for each
easurement point, its spatial coordinates as well as the probe

rientation during measurement (see Fig. 9 for working layout
etails). These data allow to spatially locate the receiving devices
quipping the probe. It has to be noted that, for a more realistic
mplementation, coverage capabilities will be tested on the 2 m crit-
cal points, corresponding to the positions of the receiving devices
n the probe, instead on the m measurement points located on the
bject. In order to compare the performance of the two proposed
trategies, the receiving devices on the probe have been always ori-

nted upwards (ˇ = 90◦) and perpendicularly to the ceiling (� = 0◦).
ig. 9 shows the working setup and the measurement task details,
irtually reconstructed through the network visualization tool.

Three performance indicators, referring to cost reduction (IC),
vailability (IAV), and precision (IPDOP), have been used to analyze
onstruction of the working environment; (b) loading of a sensor layout by file; (c)
(e) measurement task definition; (f) setting optimization parameters.

grid-strategies effectiveness (see Table 2). The objective functions
in Eqs. (21), (22) and (24), expressed as percentage, are used as
performance indicators, so that

IC = O1 · 100; IAV = O2 · 100; IPDOP = O3 · 100 (27)

5.1. Grid-based positioning approach

The test parameters characterizing the implementation of the
grid-based positioning strategy are the distances between the ceil-
ing and the upper and lower surfaces of the reference object,
hMIN = 1.3 m and hMAX = 2.0 m, respectively. According to the work-
ing hypotheses and to Eq. (20), pGRID = 0.6 m is the pitch actually
used to regularly deploy the sensor nodes. As a matter of fact,
the grid extension depends on pitch size and measurement point
position. In an attempt to deal with the differences between mea-
surement points and receiver positions, the regular grid has been
extended beyond the extreme x–y coordinates. The final grid layout
consists of 15 sensor nodes.

Fig. 10 and Table 2 report graphical visualization of the resulting
network configuration (CS1) and numerical details of its perfor-
mance, obtained by considering a minimum required number of
four beacons for trilateration-based localization (nmin = 4).

It has to be noted that the grid-based strategy does not take into
account the presence of a physical object between the two measur-
ing planes (at hMIN and hMAX) and, hence, the related shadowing
effect. Analytical (see CS2) and experimental tests confirmed the

full coverage of measurement points on the upper surface (with,
at least, four beacons at the same time, in the extreme zones). On
the other hand, they showed an expected degradation of coverage
capabilities as to the measurements referred to the lower surface
(at wi = 0.300 m).
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Table 1
Input dataset for measurement task definition. The spatial coordinates (u, v, w) are provided with reference to the room-aligned world coordinate system FWCS. As a matter
of fact the measurement points on the upper surface (wi = 1.000 m) are replicated on the lower surface (wi = 0.300 m). The probe orientation is defined through the (˛, ˇ,
�) set of angles.

Measurement point u [m] v [m] w [m] ˛ [◦] ˇ [◦] � [◦]

p1 p9 1.100 2.600 1.000 0.300 225 90 0
p2 p10 2.000 2.600 1.000 0.300 270 90 0
p3 p11 2.900 2.600 1.000 0.300 315 90 0
p4 p12 1.100 3.400 1.000 0.300 135 90 0
p5 p13 2.000 3.400 1.000 0.300 90 90 0
p6 p14 2.900 3.400 1.000 0.300 45 90 0
p7 p15 1.100 3.000 1.000 0.300 180 90 0
p8 p16 2.900 3.000 1.000 0.300 0 90 0

Table 2
Numerical results obtained through the two proposed beacon positioning strategies (SH: shadowing effect; R: beacon rotations). The cost reduction indicator IC is given as a
percentage of the total number of available sensors. Availability IAV and precision IPDOP are given in terms of percentage of measurement points m and covered points mcov

satisfying the coverage and precision requirements, respectively.

Cost reduction IC Availability IAV Precision IPDOP

Grid-based strategy
CS1 Grid layout (SH off) 0% 100% 100%
CS2 Grid layout (SH on) 0% 93.75% 100%

GA-based strategy
0%
3%
7%
0%

5

h
s
o
b
i
r

F
d

CS3 Optimized layout (SH off; R off) 6
CS4 Optimized layout (SH off; R on) 7
CS5 Optimized layout (SH on; R off) 4
CS6 Optimized layout (SH on; R on) 6

.2. GA-based positioning approach

Once coverage capabilities through a regular grid positioning
ad been tested, the GA-based strategy has been applied to find a

olution to the multi-objective optimization problem. The number
f sensors and their spatial positions within the grid layout has
een used to constrain the usable transmitting units (nmax) and to

nitialize population within the optimization procedure. A uniform
andom perturbation of the reference spatial coordinates is used to

ig. 9. Virtual reconstruction of the working setup: the big arrows represent the receiving
etails are reported for the measurement points on the upper surface only (pi with 1 ≤ i ≤
100% 100%
100% 100%

68.75% 100%
93.75% 100%

generate the individuals of the starting population. The parameters
related to the GA implementation (population size, crossover rate,
mutation rate) have been set according to the designer’s knowledge
of the problem. The entire working volume has been considered

accessible for beacon positioning. A spatial constraint in terms of
minimum distance between sensor nodes (dmin = 0.30 m) has been
introduced. In order to perform a comparison of the two proposed
approaches, sensor rotations have been firstly blocked (	i = �i = 0,
i = 1, . . ., nmax).

devices equipping the hand-held probe. For the sake of clarity the probe positioning
8).
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ig. 10. Top view of the beacon configurations resulting from the grid-based (left si
bject; C: network layout). The bold empty circles represent the beacon nodes, wh
olume covered by at least four beacons.

The genetic algorithm has been run until it reached a maximum
umber of iterations (Nit = 200), according to the evolution of the
tness function.

The weights used for aggregating the objective functions
K1 = 0.40; K2 = 0.55; K3 = 0.05) have been chosen, according to a
onventional weight aggregation method [14], in order to stress the
omparison between the regular grid positioning and the optimized
ayout in terms of cost reduction and beacon availability.

The genetic algorithm provides an optimal layout (see Fig. 10
nd Table 2, CS3), covering all the measurement points by means
f 6 beacons only. As a matter of fact, a cost reduction of 60% has
een obtained by performing the optimization procedure. It has to
e noted that the accuracy issue is fully addressed by fulfilling the
DOP requirement (herein stated as PDOPk ≤ PDOPlim = 3, k = 1, . . .,
cov) for all the critical points.

Interesting considerations regarding potentialities of the GA-
ased positioning strategy can be made by evaluating its
erformance with unlocked sensor rotations and shadow effects
stimation. The results herein presented have been obtained by
ssuming, as a first approximation, that the communication vol-
me is not affected by small sensor rotations. A further version of
he pre-processing software, taking into account the effects of rel-
tive orientations between receiving and transmitting devices on
he communication volume geometry, is under development.

The 5-DoF sensor characterization (CS4) provided enhanced
apabilities in cost reduction, notwithstanding adequate perfor-

ance as to sensor availability and measurement accuracy. An

ptimal layout, characterized by 100% fulfillment of availability
nd accuracy requirements and a cost reduction of about 70% with
espect to the regular layout, is reported in Fig. 11. The GA-based
pproach effectively demonstrated capabilities to further improve
d the GA-based (right side) positioning approaches (A: working room; B: reference
the filled circles identify the measurement points. The light grey area defines the

its performance according to spatial and rotational constraints of
beacon positioning.

The shadow volume effects have been evaluated by consider-
ing the measured object within the coverage analysis procedure.
In practical implementations, these effects could be responsible of
criticalities related to the measurement of points lying under the
upper surface of the object. If shadowing is included, the optimal
layout of Fig. 11 partially loses its effectiveness in carrying mea-
surements, as availability degrades to about 50%. Further runs of
the optimal deployment procedure, taking into account changing
of coverage volumes due to object shadow, provided renewed con-
figurations (CS5 and CS6). If sensor rotations are blocked (CS5),
coverage requirements are hardly to be fulfilled with a reduced
number of nodes and efficient layouts can be obtained at higher
costs. On the other hand, whenever rotated sensor were allowed
(CS6), the GA-based procedure provided network layout solutions
adequately fulfilling availability and accuracy requirements, being
still able to outperform the regular grid configuration in terms of
cost function.

An important remark has to be made concerning computational
workload. A complete optimization run includes GA-related oper-
ations (population generation, sorting, and selection), objective
function computation (coverage analysis, PDOP evaluation, object
shadow subtraction) and network layout visualization. As a matter
of fact, roughly the 90% of the total running time is due to objectives
computation. Furthermore, the most fraction of this computational

time is spent for evaluating point coverage. As to the present case
study, a current implementation on a 2.5 GHz computer platform
requires about 50 s without considering shadow effects. The run-
ning time drastically increases (up to 1 h) if shadowing of measured
object is taken into account.
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ig. 11. Perspective view of the beacon configuration resulting from GA-based posit
s well as measurement point locations are indicated. The light grey area defines th

. Conclusions

A novel software-assisted procedure for beacon positioning
as been presented and characterized by means of a set of prac-
ical case studies. Two approaches, based on regular grid and
ptimal placement, have been proposed and compared in terms
f cost and measurement performance. This framework provides
or a practical definition of the measurement problem, through

three-dimensional definition of working environment, sensor
ositioning and orientation, measurand geometry and measuring
ystem functioning. The experimentally derived characterization of
ensor devices gives further concreteness to the obtained results,
aking into account real technological features and operating
onstraints. A comparative analysis of performance of the pro-
osed approaches, referring to an US-based metrological system,
howed better capabilities of the proposed genetic algorithm-
ased strategy to provide an optimal beacon configuration, taking

nto account a realistic working scenario and addressing a multi-
bjective optimization of cost, sensor availability and network
eometry. It is noteworthy that the proposed optimization strategy
ould be applied to sensing devices other than ultrasound-based
e.g. optical sensors), by simply changing the communication

odel.
Further work will be carried out for evaluating alternative meta-

euristics applied to the present implementation of the sensor
eployment problem. Moreover, the proposed positioning proce-
ure provides potentialities for a more generalized application,

nvolving other sensing technologies as well as different measuring
nstruments.
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