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Abstract—Geographic location information can effectively im-
provethe performance (e.g., in routing or intelligent coor dination)
of large wireless networks. In this paper, we propose a novel self-
configurablepositioning techniquefor multihop wirelessnetworks,
based on a Euclidean distance estimation model and a coordinates
establishment scheme. A number of nodes serve as the landmarks
to establish a coordinates system. Specifically, any pair of land-
marks estimate their Euclidean distance according to the shortest
path length between them and establish the coor dinates system by
minimizingan error objectivefunction. Other nodesin thenetwork
can accordingly contact the landmarks and determine their own
coordinates. The proposed technique isindependent of the Global
Navigation Satellite Systems (GNSSs), and the established coor di-
nates can be easily tuned to GNSSif at least one node in the net-
work isequipped with GNSSreceiver. Our simulation results show
that the proposed self-configurable positioning techniqueis highly
fault-tolerable to measurement inaccuracy and can effectively es-
tablish the coordinatesfor multihop wireless networks. M oreland-
marks yield more accurate results. With the rectification of our
Euclidean distance estimation model, four to seven landmarks are
usually sufficient to meet the accuracy requirement in a network
with hundreds of nodes. The computingtimefor coor dinatesestab-
lishment isin the order of millisecondsfor a GHz CPU, acceptable
for most applicationsin the maobile ad hoc networks as well asthe
sensor networks.

Index Terms—GPS-free, positioning techniques, self-config-
urable, wireless networks.

I. INTRODUCTION

HE packet switching wireless networks are experiencing

tremendous growth with the advances in integrated cir-
cuits and radio technologies. Due to limited bandwidth and
error-prone channels compared with their wired counterparts,
however, the wireless networks face several magjor challenges
in the protocol design in various layers. Extensive studies have
shown that the geographic location information of wireless
nodes can effectively improve the performance of large wireless
networks. For example, several location based routing protocols
(such as [1], [2], [3]) have been proposed for mobile ad hoc
networks [4], [5] to reduce routing overhead and to improve
system throughput. Additionally, it is crucial for the nodes in
large-scale sensor networks to locate themselves for intelligent
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coordination, data collection, and energy-efficient routing (see
[6] and [7] for examples).

A number of Global Navigation Satellite Systems (GNSSs),
such as the Globa Positioning System (GPS), the GLObal
NAvigation Satellite System (GLONASS), and the upcoming
Galileo system, as well as several terrestrial-based systems
such as the Signpost Navigation System and the Cellular
Geolocation System, have evolved over the years to provide
location information for outdoor mobile users [8]—{10]. On
the other hand, several indoor positioning systems [11], [12]
have been developed recently to provide location information
in places where the signals from satellite (or other outdoor
systems) are not available. All of these systems rely on ex-
isting infrastructure (e.g., satellites, cellular base stations, or
pre-deployed anchor nodes) and normally need special user
hardware. For example, the GPS system requires each user
to equip with a GPS receiver, which may not be available
(or affordable) by all nodes in a wireless network. Moreover,
the GPS reception might be obstructed by buildings (e.g., for
indoor sensor networks) or climate conditions. In fact, global
positioning information is certainly desirable but not necessary
for al nodes, in order to effectively assist the communication
in a multihop self-configurable wireless network. For instance,
arelative local coordinates system agreed by al nodes in the
network will provide sufficient information to support location
based routing protocols.

The objective of this paper isto establish alocal positioning
system within awireless network with the following features:

» self-configurability: the local positioning system should
work based on the coordination of the nodes inside the
wireless network, without any assistance from other in-
frastructure;

« independence: the local positioning system should be in-
dependent of other global positioning systems. Based on
thelocal coordinates, however, thewirelessnodescan also
tune to the global coordinatesif thereis at least one node
in the network equipped with the GNSS receiver;

« robustness: the positioning technique should tolerate pos-
sible measurement inaccuracy, e.g., in the estimation of
distance between adjacent nodes (within the transmission
range of each other) that is usually needed to calculate the
coordinates,

« high accuracy: the system should provide location infor-
mation that is accurate enough to support target applica-
tions (e.g., location-based routing in sensor networks or
mobile ad hoc networks).

We propose a self-configurable positioning technique that

is built upon two models. First, for a given node distribution
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(e.g., a uniform distribution), the Euclidean distance between
two nodes (usually multiple hops away) is estimated according
to the length of the shortest path obtained by sending a control
packet. Second, a number of stable nodes are selected to serve
as landmarks. Every landmark estimates its distance to other
landmarks and exchanges obtained distance information with
each other. Once a landmark has accumulated a full set of
distances between any two landmarks in the network, it may
start establishing the coordinates system. More specifically,
the landmarks calculate the coordinates by minimizing an
error objective function, which signifies the errors between
the actual distance and the distance in the established coor-
dinates system. Other nodes in the network calculate their
coordinates by similarly minimizing the error in the distances
to the landmarks. Our simulation results have shown that the
proposed self-configurable positioning technique can tolerate
20% (or higher) measurement inaccuracy, effectively providing
location information for the nodes in awireless network. While
the coordinates error decreases with more landmarks, four to
seven landmarks are usualy sufficient to meet the accuracy
requirement for a network with hundreds of nodes. The com-
puting time for coordinates establishment is in the order of
milliseconds in our simulation (where a 2.66 GHz processor
is used), acceptable for most applications in mobile ad hoc
networks and wireless sensor networks.

The rest of this paper is organized as follows. Section |1 dis-
cusses background and related work. Section 111 introduces the
proposed self-configurable positioning technique. Simulation
results are presented in Section 1V. Finally, Section V concludes
the paper.

II. BACKGROUND AND RELATED WORK

Received Signal Power (RSS) and Time-of-Arrival (ToA) are
two basic approaches for estimating the distance between adja-
cent nodes that are within the transmission range of each other.
RSS measures the power of the signal at the receiver and cal cu-
lates the distance according to the propagation loss model. TOA
measures the propagation time of the received signal and de-
termines the distance by multiplying it with the speed of light.
Multiple measurements can be averaged to obtain more accu-
rate results. In general, RSS is easier to implement, while ToA
may achieve higher accuracy. In the following discussion, we
assume either of them is used to provide the estimated distance
(possibly with a certain error) between two neighboring nodes.

A number of positioning systems have been proposed re-
cently for multihop wireless networks. Ref. [13] introduces a
GPS-free positioning system for mobile ad hoc networks. A
node measures the one-hop distance to its neighbors and ex-
changes distance information with each other such that every
node knows its two-hop neighbors and the distances. Based on
this information, each node establishes the local coordinates
with itself asthe origin. Then, theselocal coordinates are tuned
and merged to become the coordinates of the entire system. This
approach needs neither GPS information nor any infrastructure
support other than the nodes in the ad hoc network. However, it
has three major drawbacks. First, each node needs at |east three
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neighbors to establish the local coordinates. Second, the inac-
curate one-hop distance estimation may result in significant er-
rorsor even afailurein establishing thelocal coordinates. Third,
merging the local coordinates is complex. Another GPS free
positioning system has been proposed in [14]. It utilizes con-
nectivity information and establishes the coordinates system by
using adimensional scaling algorithm. I1ts major drawbacks are
the high computing complexity (not scalable) and low accuracy.

Refs. [13] and [14] are the only existing positioning schemes
that do not require any GPS-aware nodes. There are severa
other proposals that need a subset of nodes equipped with GPS
receivers (or that use other global positioning systems). In [7],
the authors present a GPS-less low cost localization approach
for very small devices. The basic ideais to deploy a number of
fixed reference pointswith overlapping regions covering the net-
work. Thereference points are equipped with GPSreceiversand
send out beacons periodically. A node in the network estimates
its coordinates based on the received beacons and the coordi-
nates of the reference points. Similarly, [15] presentsalocaliza-
tion algorithm that cal culates the location of anode based on the
locations of several immediate neighboring beacons nodes.

A recursive position estimation approach that requires fewer
reference nodesis proposed in [16] for sensor networks. A node
that is close to at least three reference points estimates its posi-
tion through nonlinear regression. After the node obtains area-
sonable position estimate, it may serve asanew reference point.
This process can be applied recursively until all nodesin the net-
work have obtained their coordinates. While the recursive ap-
proach saves on hardware cost, it sacrifices accuracy, especially
for the node far away from the original reference points.

Ref. [17] proposes a convex position estimation system for
wireless sensor networks. A number of nodes have known po-
sitions, while the positions of other nodes are unknown. The
connectivity of the network is represented by a set of convex
position constraints and alinear programming model is used to
obtain the coordinates of those unknown nodes. The main draw-
back of this approach is the high computation complexity in-
volved in solving the linear program problem. Similarly, [18] is
another connectivity-based approach, wherethereference nodes
are used to confine the possible locations of the unknown nodes.

Ref. [19] proposes an ad hoc positioning system (APS),
where a number (at least three) of landmarks with GPS re-
ceivers are assumed to be available. The ad hoc nodes estimate
the distances to these landmarks (that may be multiple hops
away) according to the number of hops or the route distance
obtained by a distance vector algorithm. Then, the node co-
ordinates can be calculated using the triangulation approach.
In [20], a similar approach is employed to estimate the coor-
dinates, which are then iteratively refined for improving the
accuracy.

In[21], alocalization schemeis proposed for wirel ess sensor
networks based on the angle of arrival (AoA) technique. A set
of reference points with known coordinates are deployed. The
reference points transmit high power signals to cover the entire
network area. The sensor nodes receive the signalsfrom at least
three reference points and determine their coordinates by trian-
gulation according to the angle bearings of theincoming signals.
In APS-A0A [22], the AoA technique is applied in the ad hoc
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network without reference points that transmit high power sig-
nals. The nodes collect the angle information from neighbors
and derive coordinates by using angle-based triangulation.

Clearly, none of the above related work meets all of our de-
sign objectives discussed in Section I. Specifically, [13] is not
robust; [14] is computationally complex and potentially inac-
curate; while [7] and [15]{21] are not completely self-config-
urable and still depend on GNSS systems.

I1l. PROPOSED SELF-CONFIGURABLE POSITIONING TECHNIQUE

The basic idea of our proposed self-configurable positioning
technique is to select a number of nodes serving as the land-
marks, which can exchange information and establish a coordi-
nate system by themselves without the support of GNSS. The
other nodes (called regular nodes, hereafter) in the network can
accordingly contact the landmarks and compute their own co-
ordinates. In this section, we first introduce a Euclidean dis-
tance estimation model that serves as the basic element of the
proposed positioning technique. Then, we present the proposed
coordinates calculation scheme and the landmark selection al-
gorithm. Finaly, we discuss the application of the proposed
positioning technique in heterogeneous wireless networks. For
simplicity, we illustrate the proposed approach in atwo-dimen-
sional space, whileit can bereadily applied to three dimensions
as well.

A. Euclidean Distance Estimation

In order to establish the coordinates system, it is crucia to
have an accurate estimation of the distance between two land-
marks or between aregular node and alandmark. If two nodes
are within the transmission range of each other, RSS, ToA, or
TDoA (Time Difference of Arrival, a variation of ToA) can be
used to estimate their distance[15]. When the two nodes are not
adjacent, however, the distance estimation becomes nontrivial.

In this research, we propose a simple and effective scheme
to estimate the distance between two remote nodes. The basic
idea of the proposed model is to reveal the correlation of the
Euclidean distance and the corresponding shortest path length
between two nodes in the network. Based on such a model, a
node (.S) can estimate the Euclidean distance to another node
(D) by sending a control packet and finding the length of the
shortest path to D.

We assume that the node distribution of the wirel ess network
isknown. A uniform distribution isadopted in thefollowing dis-
cussion, because it well approximates most applications (e.g., a
sensor network consisting of randomly distributed sensors, or
an ad hoc network with randomly situated mobile users). When
the node distribution is not uniform, the Euclidean distance es-
timation model will still be effective with minor modifications
(as will be discussed later).

Without loss of generality, we consider two nodes, S and D
[as shown in Fig. 1(d)], in a network (or a part of a network)
consisting of N nodesuniformly distributedinal x 1 area. The
Euclidean distance between S and D isd. To facilitate our dis-
cussion, we assume arbitrary coordinates, with S located at (O,
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Fig. 1. Euclidean distance estimation model. The nodes (denoted by “ x ") are
for illustration only, and they may be located anywhere in areal system.

0) and D at (d, 0).t The transmission range of anodein the net-
work isr < 1.

For analytic tractability, we show the correlation between the
Euclidean distance and the shortest path length by finding the
length of the short path (1), for the given Euclidean distance d
between S and D. Since the nodes are uniformly distributed,
therearein average aset ® of N x 72 nodeswithin S’ strans-
mission range. The distance between node D and anode i (with
coordinates (X;,Y;)) in ® isgiven by

Zi=/(Xi—d)2+Y? 1)

where X; and Y; are random variables with a uniform distribu-
tion

L. ied
o Yi(wi,y) =4 o7 '€ 2
P Yilwi yi) {0, otherwise. 2
Accordingly, we can derive the density function of Z;
2 R e
fZi (ZL) = mZi COS W (3)

In order to emulate the shortest path algorithm, we assume
anode «, which is within the transmission range of S and has
the shortest Euclidean distanceto D, is selected as the next hop
along the shortest path. Since the distance between node o and
node D is the shortest, we have

Zo =min{Z;|i € ®}. 4
Consequently, we can derive the density function of Z,,,

f2a(za) = Ner? (1= Fg) ™ " fz(z) ()

INote that these coordinates are used to facilitate our discussion of the Eu-
clidean distance estimation model only. It has no relationship to the coordinates
system to be discussed in Section I11-B.
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and obtain its mean value

d+r 5
E(Za) =d-—r -I-/ (1 — in(zi))Nﬂ-T dz; (6)
d—r
where Fz,(z;) isthe cumulative probability distribution of Z;
Fz,(z) = fz,(2i) dz;. (7)
d—r

To derive the coordinates of node «,, we draw an arc ACB
with node D as the center and E(Z,) as the radius [see
Fig. 1(a)]. The coordinates of A and B are (x4,y4) and
(zB,yB), Wwhere

2+ d? — B*(Za
wA=1p=— 53 (Za) )
2 2 2
-1 7+ d — E (ZQ)
. 9
2rd ©)

Yo = —yp = rsin (cos

Assuming node « is uniformly distributed along AC' (or BC),
we may obtain the mean length of thefirst hop along the shortest
path from S to D

O

_7_E(Za))ElhpticE<%6a,— AdE(Za) )

(d - E(Za))2
(10)

where EllipticE is theincomplete dlliptic integral of the second
kind, which is defined as

®
EllipticE(¢,m) = / (1 — msin? 9)1/2 do (1
Jo

d*> + E(Zgy)? — r?
el a
0o = cos 2dE (Za)

(12)

Recursively applying the above method, we can obtain
the length of the remaining hops along the shortest path.
More specifically, we establish new coordinates [as shown in
Fig. 1(b)], where « locatesat (0, 0) and D locatesat (E(Z.,),0).
Thus, the mean length of the second hop (E(lg)) can be sim-
ilarly calculated by replacing d with E(Z,) in (1)—(12). This
procedure is repeated until the remaining distance to D [e.g.,
|wD| in Fig. 1(b)] is not longer than r. The total length of a
shortest path with m hopsis

I= Em:lc
¢=1

where [ can be obtained through (1)<(12) if ¢ < m, or other-
wiseif it isthe last hop, I, equals to the remaining distance to
D.

The above model reveals the correlation between the Eu-
clidean distance and the shortest path length for any given node
density. For example, the results for three different N values
are shown in Fig. 2. Aswe can see, the shortest path length be-
comes closer to the Euclidean distance with the increase of V.
This is expected because the shortest path is almost a straight
line when node density is very high. The calculation to obtain
such a figure can be done either off-line by a central controller

(13)
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Fig. 2. Euclidean distance versus the shortest path length under r = 0.25.

or in a distributed manner by each node. In addition, when
the node distribution is not uniform, the Euclidean distance
estimation model can till be effective by replacing (2) with a
new density function and deriving (3)—(6) accordingly.

When anode A needs the Euclidean distance to another node
B, it sends to B a control packet that includes a route length
field with an initial value of zero. When an intermediate node
receivesthe control packet, it addsthe one-hop distance (i.e., the
distance between itself and the previous node, whichisobtained
viaeither RSS or ToA) to the route length field. We assume the
control packets follow the shortest path from one node to an-
other node.2 Upon receiving the control packet, hode B sends
it back to node A immediately. After node A receives the re-
turn control packet, it reads the route length field and divides
the value by two to get the shortest path length. Accordingly,
the Euclidean distance between A and B can be determined by
looking up Fig. 2.

B. Coordinates System Establishment

The coordinate system is established in two steps. First, sim-
ilar to[23] that isused for Internet distance predictionin awired
network, the landmarks determine their coordinates themselves
by exchanging information between each other and minimizing
an error objective function. Then, other regular nodes calculate
their own coordinates according to the landmarks.

1) Landmarks: A number of (at least three) nodesin amul-
tihop wireless network are selected to be landmarks. The algo-
rithm for landmark sel ection will be discussed separately in Sec-
tion I11-C.

After the landmarks have been identified, each of them sends
a control packet to every one of al other landmarks in order

2In dynamic routing, the node may receive multiple replies and choose the
one along the shortest path. In addition, each node may send several control
packets separated by random time intervals, and choose the one that travels the
shortest distance, in order to address the problem of possible packet loss along
the shortest path.



WU et al.: NOVEL SELF-CONFIGURABLE POSITIONING TECHNIQUE FOR MULTIHOP WIRELESS NETWORKS 613

to learn the Euclidean distance, as we have discussed in Sec-
tion I11-A. Once a landmark (e.g., landmark 7) has obtained a
set of distances to &l other landmarks, i.e., L; = {L;; | K >
j > 1,5 # i}, it sends L; to other landmarks in the net-
work. After alandmark has accumulated a full set of L;, i.e,
L = {L;|K > ¢ > 1}, it has the distance between any two
landmarksin the network. Thusany landmark may calculate the
coordinates using the following method. Without loss of gener-
ality, we assumethelandmark with thelowest identification (1D)
number (e.g., IP address) will perform the calculation.

Our objective is to establish the coordinates that minimize
the sum of the errors of the distances between any two land-
marks. In other words, assuming the coordinates of alandmark
i1s(x;,y;), then the distance between two landmarks: and j in
the established coordinates system is

Lij = \/(x,- — ;)% + (i — y5)? (14)
and the error function is defined to be
K K —\ 2
_ Lij = Lij
G_ZZ( T ) . (15)
=1 j=141

A Simplex method [24] (whichisalso adoptedin [23]) isused to
minimize the error function ¢ and give the coordinates for each
landmark. The Simplex method is a linear fitting procedure for
function minimization. It uses linear adjustment of the parame-
ters (in our case, the coordinates variables (z;, y;),1 < ¢ < K)
until some convergence criterion is met (i.e., e becomes lower
than a threshold). For example, in a network with four land-
marks A, B, C, and D [as shown in Fig. 3(9)]

N2 N2
. Lap—LaB L+ Lic— Lac
Lag Lac
L o\ (L ine )’
Aap —Lap Bc — Lpc
+ +
( Lap ) ( Lpc )

_\2 2
L - L L - L
4 [ Lso sp\  (Lcp cD
Lpp Lcp

where L,; can be learned through the Euclidean distance esti-
mation model and i\u isexpressed by the coordinates variables,
i.e., (z;,y:;) wherei could be A, B,C, and D, following (14).
The Simplex method is then used to determine the coordinates
variables such that € is minimized. The Simplex has been im-
plemented in many softwares. Our simulation (to be discussed
in Section V) adopts the Simplex module available in Matlab
[25] to minimize the error objective function.

Note that, there are an infinite number of solutions, since the
coordinates can berotated or translated aslong astheir distances
do not change. Without loss of generality, we determine the co-
ordinates conveniently in our implementation as follows (with
further discussion given in Section V). The landmark that per-
formsthe above calculation (i.e., the onewith thelowest I D) sets
(0, 0) to be its own coordinates. The landmark with the second
lowest ID is assumed to have coordinates (z,0) wherez > 0
(i.e., on X-axis), whilethe landmark with the third lowest ID is
assumed to have a negative Y value. After having been deter-
mined, the coordinates are sent to al landmarksin the network.

D Leo C
X
X
Lep x X x
% X
Lan X X X x « Lac
X Lac X X x
x x X
X
| B
A Las

Fig. 3. Coordinates system establishment. (a) Landmarks. (b) Regular nodes.

2) Regular Nodes. Theoretically, all nodesin anetwork can
be chosen as landmarks, with their coordinates determined in a
way as discussed in Section |11-B1. This approach, however, is
not scal able, because the computing complexity increases expo-
nentially with the number of landmarks. Hence, only a limited
number of nodes may serve as landmarks, while other regular
nodes learn the coordinates according to them.

In order to calculate its coordinates, a node needs to know
the coordinates of, and its distances to, the landmarks. There
are two approaches to obtain such information. In the on-de-
mand approach, when a node [e.g., hode p in Fig. 3(b)] needs
its coordinates, it sends a control packet to each of the land-
marks. The control packet isinitially broadcasted over the net-
work if node p doesnot know the I Ds of thelandmarks. The sub-
sequential requests (e.g., when updated coordinates are needed
due to the node’s mobility) are sent via unicast or multicast
in order to reduce the control overhead. Similar to that dis-
cussed in Section 111-B1, the control packet includes a route
length field to allow node p to find the shortest path lengths
and accordingly the Euclidean distances to the landmarks, i.e.,
L, = {L;p| K > i > 1}. In addition, when alandmark sends
the control packet back to node p, its coordinates are attached so
that node p can obtain a set of coordinates of al landmarks. Al-
ternatively, in the pro-active approach, the landmarks can peri-
odically broadcast control packetsthat include their coordinates
to al nodes in the networks.

After obtaining the coordinates of, and the distance to, al
landmarks, node p calculates its coordinates by minimizing
an error objective function similar to that introduced in Sec-
tion111-B1. More specifically, assuming the coordinates of node
pis(zp, y,), then the distance between node p and alandmark
1 in the established coordinates system is

—

Lip = /(i — )2 + (i — v)? (16)
and the error function is defined to be
K —~\ 2
— (LipL—' Lip) . 17)
i=1 P
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Again, the Simplex method can be used to minimize the error
function ¢, and determine the coordinates (z,,, y,).

After calculating its coordinates, node p may label itself as
a“semi-landmark” and respond to the requests of other regular
nodes, in order to reduce communication overhead and quicken
coordinates establishment. Note that, however, only very stable
nodes shall be labeled as semi-landmarks to minimize the pos-
sible errors. On the other hand, other regular nodes may de-
cide whether or not to use the information obtained from the
semi-landmarks, according to their requirements on delay, ac-
curacy, and/or computational complexity.

C. Section of Landmarks

The selection of landmarks is a crucial design issue of the
proposed self-configurable positioning technique. In this sub-
section, we discuss thisissue in two parts: 1) How many nodes
should be selected to serve as landmarks? and 2) Which nodes
(in terms of, e.g., hodal location, computing power, stability,
etc.) shall be selected?

1) Number of Landmarks: The more the landmarks, the
higher the accuracy of the established coordinates system, be-
cause the measurement errors can be more effectively smoothed
out by minimizing the error objective function. It is, however,
not practical to employ a large number of landmarks since
the computational complexity of establishing the coordinates
system (e.g., the procedure to determine the coordinates of
the landmarks) increases exponentially with the number of
landmarks. In this work, we study the tradeoff between the
accuracy and the complexity, and develop a distributed and
flexible landmark selection scheme.

To minimize the computational complexity, the system al-
waysstartswith K (asmall constant) landmarks. Extensivesim-
ulations have been carried out to study the impact of K on the
accuracy of the coordinates system. Our results (as to be dis-
cussed in Section V) show that thetypical valuesof K may vary
from four to seven depending on the required accuracy. After a
regular node calculatesits coordinates, it may announceitself as
a“semi-landmark” if it is stable and computationally powerful.
Asaresult, thereare K landmarksand M semi-landmarksinthe
network, which are usually sufficient (or even more than suf-
ficient) for highly accurate coordinates calculation. Since dif-
ferent regular nodes may have different accuracy requirement
and computing power, it is up to theindividual regular nodesto
decide on how many landmarks and/or semi-landmarks to use
for coordinates calculation. For example, if there are only four
landmarksin the network, but aregular node needs coordinates
with an average error (to be discussed later in Section V) lower
than 0.006, then three additional semi-landmarks may be used
for coordinates calculation (according to our simulation results
shown in Fig. 29).

2) Locations of Landmarks: In order to study the impact of
landmarks' locations on the accuracy of coordinates calcula-
tion, we consider four landmarks in a network with N nodes
uniformly distributedinal x 1 area. For simplicity, we assume
that the four landmarks locate at the vertices of a square which
iscentered at (X, Y..) and hasan edge of G. Wevary the values
of (X.,Y.) and G to change the locations of the landmarks,
and analyze the errors of coordinates calculation of the entire
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Errors vary with the location of landmarks

Total Errors

Fig. 4. G = 0.5.

Errors vary with the location of landmarks

Errors vary with the lccation of landmarks

Total Errors

Ye Xe

Fig.6. G = 0.9.

network, which is defined as the total errors of all regular nodes
(i.e, > €,, Wheree, isthe error of anode p as shownin (17)).
Assume the average single hop distance estimation error is
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Fig. 7. N = 100.
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€. If the shortest path between two nodes includes n hops, the
average error of the estimated distance of the entire path is

€0
€] = \/ﬁ (18)
¢, will inturn affect L;;, in (17) and the accuracy of coordinates
calculation.

Our experimental results are shown in Figs. 4-6. For agiven
value of G, we observe the maximum error when X, = Y, = 0,
i.e., when the square with four landmarks as vertices is at the
center of the network. The error decreases as the landmarks
deviate from the center, and reaches minimum as they are lo-
cated at the “corners’ of the network. With the increase of G,
the square is stretched, and the locations of landmarks become
closer to the boundary of the network. As can be seen, the er-
rors decrease significantly with the increase of G. We have car-
ried out similar experiments by varying the network size and
the number of landmarks, and observed similar tread in all sce-
narios. As a result, we conclude that the landmarks should be

separated as far as possible, i.e., they should locate at the cor-
ners of the network. This is reasonable because the farther the
landmarks, the longer the average path length from the regular
nodesto thelandmarks, thus decreasing the path error [as shown
in (18)] and improving the accuracy of coordinates calculation.

In order to select anumber of (e.g., K) landmarks, wedevelop
an algorithm to determine K corner nodes of the network. Ini-
tially any node is a candidate of landmark if its stability and
computing power are higher than a predefined threshold. We
define a set ¥, which includes all landmark candidates. Each
candidate node discoversthe shortest path to al other candidate
nodesin the network. We define avariable C;, called candidacy
degree, for node ¢,

(19)

where S, ; isthe length of the shortest path from: to j, if node
Jjisinset ¥; or otherwise, .S; ; istaken as an infinite value.

A node 7 with the highest value of C; is most probably lo-
cated at the center of network, and thus should be removed from
W first. Then the candidacy degree of all other nodeswill be up-
dated since @l S; ; related to the eliminated candidate node i is
changed to infinity. This procedure is repeated until ¥ has the
last K nodesleft, which are chosen as landmarks. The proposed
landmark selection scheme is summarized in Algorithm 1.

Algorithm 1 Landmark Selection
U = 0.
fori=1: N do
if node ¢ has required stability and computing power then
U =U+7.
end if
end for
form=1: N—-Kdo
for all 7 € T\If do
Ci = Zj'\:l,j;éi (1)/(531)
end for
Search for node s, with C; < C; (j € ¥ and j # ).
U =y—q
Si,j = o0, for1l S_]g N.
end for

Our simulation shows that the proposed landmark selection
algorithm can effectively determine the corner nodes in a net-
work. For example, Fig. 7 illustrates the result of the algorithm
when it is applied to a network with 100 nodes randomly dis-
tributed in a1 x 1 area. The nodes marked with small triangles
are the four landmarks determined by this algorithm. As we
can see, they locate largely at the corners of the network, ex-
cept that node 83 seems a better choice than the one selected at
the lower-left corner. This deviation is reasonable because the
shortest path instead of the direct Euclidean distanceisused in
our agorithm in order to reduce the complexity. The proposed
landmark selection algorithm also works well in a sparse net-
work, e.g., withonly 10 nodesinal x 1area, asshowninFig. 8.
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D. Further Discussion: Application in Heterogeneous Wreless
Networks

While we have assumed a homogeneous wireless network in
our discussion so far, the proposed self-configurabl e positioning
technique can be readily applied to heterogeneous wirel ess net-
works, such as the Intel heterogeneous sensor network where
an |EEE 802.11 mesh network comprised of high-end nodes
is overlaid on a wireless sensor network in order to improve
system throughput and scalability [26]. In such heterogeneous
wirel ess networks, the high-end nodes (or asubset of them) with
sufficient computing power, battery power, and wireless signal
transmission power, can naturally serve aslandmarksin the co-
ordinates system. Since the landmarks can transmit high power
signals for along range, aregular node can usually receive sig-
nals from the landmarks directly instead of through multiple
hops, thus reducing the control overhead. Moreover, the hetero-
geneous structure can avoid landmarks to become single point
of failure and performance bottleneck (due to, e.g., traffic con-
gestion, high computational load, and power consumption).

IV. SIMULATION AND DISCUSSION

We have done extensive simulations in Matlab [25] to eval-
uate the performance of the proposed self-configurable posi-
tioning technique. In particular, we study the impact of sev-
eral parameters of interest, such as node density, one-hop dis-
tance measurement inaccuracy, the number of landmarks, and
node mobility, which may dictate the accuracy, robustness, and
overhead of the positioning technique. We assume a number
(IV = 50 to 400) of nodes uniformly distributed ina 1 x 1 unit
area. Each node has a transmission range of » = 0.25 unit and
thus has an average of about 10 to 80 neighbors, which are the
typical node densities in mobile ad hoc networks and/or sensor
networks [4]-6]. The landmarks are selected according to the
algorithm proposed in Section 111-C.

A. Node Density

Since the Euclidean distance is estimated based on a statis-
tical model, more nodes in anetwork give rise to more accurate
results, consequently enhancing the accuracy of the coordinates
system.

1) Euclidean Distance Estimation: Fig. 9(a)—c) shows the
Euclidean distance estimation error in the networks with dif-
ferent node density. In general, the proposed Euclidean distance
estimation model yields results that match the simulation re-
sults very well. With an increase in node densities, the error
decreases. When N reaches 100 the error becomes very small;
for N = 400, the error is negligible. The accurate Euclidean
distance estimation can effectively support the coordinates es-
tablishment and reduce the number of landmarks needed (as to
be discussed later in this section).

2) Coordinates System: We simulate networks with N
nodes that are depicted by the dots in Figs. 10-12. Four nodes
(the dots connected by lines in the figures) are selected as land-
marks. As we have discussed in Section 111-B, the landmark
with the lowest ID performs the calculation and sets (0, 0) as
its own coordinates. The landmark with the second lowest ID is
assumed on the X -axis, and the landmark with the third lowest
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ID is assumed to have a negative Y value. Additiona 30 nodes
in atriangle shape (see the figures) are considered as reference
points to facilitate our studies on coordinates accuracy and
to clearly show any distortion of the established coordinates
system. The stars (“x”) represent the “real” coordinates of the
reference points (e.g., according to GPS), while the small cir-
cles(*0") stand for their positionsin the established coordinates
system.

Fig. 10(a)—(c) shows the established coordinates systems for
the networks with N = 50, 100, and 400 nodes, respectively.
As can be seen, the graph corresponding to the established co-
ordinates system (i.e., the triangle consisting of “0") hasasim-
ilar shape as the graph corresponding to the “real” coordinates
system (i.e., thetriangle consisting of “«”). When the node den-
sity islow, e.g., when N equals 50, an obvious distortion is ob-
served in the established coordinates system, which may or may
not be acceptable in a given application. With an increase of
node density, the degree of distortion lessens. In particular, the
two triangles are amost identical when N = 400.

In order to make better comparison, we rotate and translate
the established coordinates system so that the center of the
quadrilateral with four landmarks as vertices has the same
coordinatesin both the “real” coordinates system and the estab-
lished coordinates system. We call this coordinates translation
center match. The outcomes of center match are shown in
Fig. 11(a)(c), where clear deviation exists for N = 50 and a
perfect match results when N equal s 400.

To quantify the coordinates errors, we define the average co-
ordinates error:

s= gy e -y @

where (z;,y;) arethe “real” coordinates of node 7 and (7, y)
are the established coordinates after center match trandlation.
As shown in Fig. 13, the coordinates error decreases with an
increase in node density. When N > 100, the average error is
no more than 0.03 units. When N > 250, the average error
converges to less than 0.01 units, which is acceptable in most
ad hoc or sensor network applications [4]{6].

Inaddition, if one nodein the network is equipped withaGPS
receiver, it can send to other nodes a packet that includesbothits
“red” (i.e., GPS) coordinates and the established coordinates.
Upon receiving this packet, the nodeswithout GPSreceiverscan
tune to the GPS coordinates accordingly. Fig. 12(a)—c) shows
the coordinates after GPS tuning, assuming one landmark has
the GPS receiver. Note that the result of GPS tuning is not the
same asthat of center match tranglation, although the difference
is usualy insignificant. When additional GPS-aware nodes are
available, their information can be used for rectification and to
further improve the accuracy.

B. One-Hop Measurement Error

Neither RSS nor ToA provides absolutely accurate distance
between two adjacent nodes. In fact, the primary cause of errors
involved in our implementation is the inaccuracy of one-hop
distance measurements. Such inaccuracy results in Euclidean
distance estimation between two nodes deviated from their
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Fig. 14. Coordinates error versus one-hop measurement inaccuracy.

actual distance, thus degrading the coordinates accuracy and
swaying the robustness of the proposed positioning technique.
In this subsection, we assumethat the measurement error at each
hop is uniformly distributed between +6 (%), and study the
fault-tolerance of the self-configurable positioning technique.
Fig. 15 shows the established coordinates systems with
different one-hop distance measurement errors. As expected,
the degree of distortion of the established coordinates becomes
more and more pronounced with the increase of ¢. When
6 > 20%, the distortion degree is so large that the established
coordinates are quite different from the “real” coordinates.
These results, however, may still be useful to identify the rough
direction of a node. Fig. 14 illustrates the relative average
coordinates error and variance (as a fraction of r) versus the
inaccuracy of one-hop distance measurements. N is 100. When
measurement inaccuracy ¢ < 5%, the average coordinates error
A islessthan 0.15r. Apparently, A increases with 6. But even
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when ¢ is as high as 40%, the average coordinates error is till
less than about 0.45r. In addition, the proposed positioning
technique exhibits small variance throughout the range of ¢
examined, signifying its stability and consistence.

Different applications have different accuracy requirements.
For example, in location-aided routing, the source sends the
packets in a direction (i.e., in a corn) toward the destination,
where the exact node position is usually not necessary. On the
other hand, some sensor applications need more precise loca
tion information to enable effective data collection. Since the
proposed positioning technique is generally applicable to any
multihop wireless networks, different applications may choose
appropriate hardware/software to provide the one-hop distance
that meets the required accuracy.

C. The Number of Landmarks

Fig. 16 shows the effect of the number of landmarks on the
performance of the positioning technique. With more land-
marks, the Simplex method considers more constraints (i.e.,
more number of distances between the landmarks or between
the regular nodes and the landmarks), thus improving the
accuracy. At the same time, however, more landmarks result
in significantly increased computing time. As we can see in
Fig. 16, the coordinates error (A) decreaseswith theincrease of
the landmarks, and becomes converged after 5 landmarks have
been deployed. In the network with lower node density (e.g.,
N = 100), the number of landmarks has a stronger impact
on A. When the node density is high, A is small even with
only three landmarks. In regular ad hoc networks and sensor
networks that consist of hundreds of nodes, the proposed posi-
tioning technique can usualy yield results acceptable by most
applications with four to seven landmarks. Nevertheless, more
landmarks or semi-landmarks can be deployed to compen-
sate for the inaccuracy introduced by one-hop measurements,
helping to achieve the required accuracy level.

D. Control Overhead

In this subsection, we evaluate the control overhead resulted
from the proposed self-configurabl e positioning technique. The
overhead for initial landmark discovery is relatively high be-
cause flooding is used to locate the landmarks. However, since
it happens only during system initialization and has not lasting
impact on the system, weignore the overhead in theinitial stage
and focus on the overhead for coordinates update only. In order
to update the coordinates, a regular node sends a control packet
to all landmarks and receives their replies as we have discussed
in Section 1. In a multihop network, the control packets are
forwarded by the intermediate nodes. We measure the average
number of control packets transmitted in the network for each
coordinates update. Theresults areillustrated in Fig. 17. Aswe
can see, the total control overhead increases with the number of
nodes. But note that, the average number of control packets car-
ried by each node is very low (less than 0.4). In fact, since the
average number of intermediate nodes along the path between a
regular node and alandmark is proportional to node density, the
total control overhead is proportional to v/ IV, while the average
number of control packets is proportional to 1/v/N.
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E. Node Mobility

The delay in establishing the coordinates system is short. It
includes the transmission delay of the control packets for Eu-
clidean distance estimation and the time for some local compu-
tation involved in the Simplex method. The former depends on
the networkssizeandisusualy inthe order of milliseconds. The
latter is determined by the number of landmarks. For example,
in our simulation running on a2.66 GHz Pentium |V processor,
the computational delay of the Simplex method is summarized
inTablel. In order to establish the coordinates of the landmarks,
the Simplex method minimizes the sum of the error of the dis-
tance between any two landmarks. Thus, the computing timein-
creases exponentially with the number of landmarks (K'). But

Fig. 17. Average control overhead.

TABLE |
COMPUTATIONAL TIME INVOLVED IN THE SIMPLEX METHOD FOR THE
COORDINATES ESTABLISHMENT OF LANDMARKS AND REGULAR
NODES (MILLISECONDS)

K | Landmarks | Regular Nodes
3 41.7 6.3

4 52.0 8.8

5 104.7 9.8

6 234.3 10.3

7 437.0 10.9

8 864.0 14.4

note that, the computing time does not exceed 900 ms even with
eight landmarks, and moreover, it occursonly during the system
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initialization. In contrast to the landmark coordinates establish-
ment, where K pairs of coordinates variables, i.e., (z;,v;),1 <
1 < K, need to be adjusted in the Simplex method, the com-
puting time for the coordinates of aregular node (with only two
coordinates variables) is much shorter (around 10 ms) and in-
creases linearly with the number of landmarks. Hence, the node
mobility (with a moderate moving speed) has no significant af-
fect on the coordinates determination of the regular nodes, be-
cause the computation can befinished beforethe node’ sposition
has a significant change, except more frequent calculation may
be needed to obtain the up-to-date location information. Thus,
the results are omitted here.

V. CONCLUSION AND FUTURE WORK

We have proposed a self-configurable positioning technique
for multihop wireless networks. A number of nodes at the
“corners’ of the network serve as landmarks for estimating
the distances by a Euclidean distance estimation model and
establishing the coordinates themselves by minimizing an error
objective function. Other nodes calculate their coordinates ac-
cording to the landmarks. The proposed positioning technique
is self-configurable and independent of global position infor-
mation. Extensive simulations have been carried out to evaluate
its performance in terms of accuracy, robustness, and overhead.
Our results indicate that the coordinates error is determined
by node density, one-hop distance measurement inaccuracy,
and the number of landmarks. With a node density of ten
neighbors per node, the proposed self-configurable positioning
technique yields useful results, despite with noticeable errors.
When node density is high and one-hop distance measurement
inaccuracy is low, the established coordinates are quite accu-
rate. The proposed positioning technique has exhibited high
fault-tolerance and can obtain useful results even with 20%
or more measurement inaccuracy. More landmarks result in a
better positioning system, but at the same time, the computing
complexity increases accordingly. Acceptable results can usu-
aly be obtained using four to seven landmarks, depending on
the accuracy requirement. The computing time for coordinates
establishment is in the order of milliseconds, capable for most
applications in the mobile ad hoc networks as well as the
sensor networks. In our future work, we plan to implement the
proposed positioning technique in a wireless network testbed
and study its performance with real measurements.
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