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Abstract—In this paper, we define a mobile self-localization received signal strength measurements and pre-calcudaged
(MSL) problem for sparse and/or mobile robotic sensor netweks,  nal strength maps. The AHLoS (Ad-Hoc Localization System)
and propose an algorithm, MA-MDS-MAP(P), based on Multi- - 110] proposed by Savvidest. al enables sensor nodes to
Dimensional Scaling (MDS) for solving the problem. For spase . - - . o ) .
robotic sensor networks, all the existing localization algrithms dlscoyer their locations using ,a .set of distributed iterai
fail to work properly due to the lack of distance or connec- algorithms. An RF based proximity method was developed
tivity data to uniquely calculate the geo-locations. In MAMDS- by [7], in which the location of a node is given as a centroid
MAP(P), we use one or more mobile sensors to add extra distaac generated by counting the beacon signals transmitted by a se

constraints to a sparse network, by moving the mobile senserin ¢ heacons pre-positioned in a mesh pattern. Other methods
the area of deployment and recording distances to neighborat

these intermediate locations. MA-MDS-MAP(P) can also be i that do not rely on range measurements were also ‘?'e",e'oPed-
for localizing and tracking mobile objects in a robotic or body ~FOr example, the count of hops is used as an indication
sensor network. Experiments and evaluations of the propose of the distance to the beacon nodes in some applications

algorithm are provided. [5], [11]. Signal processing methods have been developed
Index Terms—Sensor networks, MDS-MAP, Mobile self- for localizing a set of static sensor nodes and analyzing
localization the error properties [12]-[14], using both TOA and angle of

arrival (AOA) measurements. Localization for non-unifoamn
anisotropic networks (e.g., [15]) has also been studied.

Most of the localization algorithms are developed for

Recent advancements in wireless communication and micisationary sensor networks where the sensor nodes do not
electro-mechanical systems (MEMS) have made possible fh@ve once they are deployed. Recent years have seen the
deployment of wireless sensor networks for many real worl@fowing interest in mobile sensor networks [16] where all or
applications, such as environmental monitoring, searcth apartial of the sensor nodes have motion capability endowed
rescue, military surveillance, and intelligent transptign, by robotic platforms. Mobileactuatedsensor networks have
etc [1]-[3]. The ability of a sensor node to determine it§10re flexibility, adaptivity and even intelligence compate
geographical location is of fundamental importance in eensstationary sensor networks. Mobile sensors can dynargicall
networks. Although global positioning systems (GPS) aféposition themselves to satisfy certain requirements onim
getting popular and more accessible, they do not work iAring coverage, network connectivity, or fault tolerandéang
all environments. In recent years, various local positigni [17] presented an approach to use mobile sensors to assist
systems [4] and self-localization methods have been dpeelo sensor deployment. The approach uses Voronoi diagrams to
for ad hoc wireless sensor networks. discover the coverage holes and moves sensors from densely

Most of the node localization algorithms are based on rangeployed areas to sparsely deployed areas. On the other hand
measurements, through either time of arrival (TOA) [5],eimthere is an increasing interest to embed sensor nodes into
difference of arrival (TDOA) [6], or received signal strehg €veryday objects, such as cellphones and PDAs that aredarri
(RSS) [7], [8]. The problem ofocalizationis to derive the by people, or cargos and cars that are moving with their
geolocation of a node given a set of known locations afyvn destinations. Tracking and self-localizing varioupety
range measurements to these locations. The probleseléf Of moving objects become an important research topic.
localizationis to derive geolocations of all nodes in a sensor Various work has been done on solving localization, track-
network given range measurements between these nod@gand mapping problems for mobile robots in robotics, whic
Various work has been done in both categories. For examplgavily relies on the sophisticated sensors such as sasar, |
In the Picoradio project [9] at UC Berkeley, a geolocatiof@nger finder, or camera onboard the mobile platforms [18].

scheme for an indoor environment is provided based on Kfowever, most of these mobile sensors have very stringent
constraints on the cost and complexity. To the best of our
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to solve the localization problem and they found that the2. MDSBASED ALGORITHMS FORSELF LOCALIZATION

mobility of the sensors can be exploited to improve the accu-y a5 self-localization algorithms have been developed

racy and precision of the localization. The SMC Iocalizatioin the last couple of years, including using semi-definite

method ha_s two steps, prediction step and ‘f”,te””g step. [Wogramming [27] and using multi-dimensional scaling [25]
the prediction step, the nodes use the transition distdbut 28], [29]. The difference between [25] and [28], [29] is
to greﬁpt their possible Iocr?uopls based on prﬁwousdsamp hat the former uses shortest path distances to approximate
and their movement. In the filtering step, the nodes ug§,qjigean distances between missing distance pairs amd the

newlmform_atlon repﬁlvebd to eh_mmatggrgdmtled rll(.)catldn&d applies classical MDS to solve the problem on the complete
are inconsistent with observations. Obviously this met distance graph, while the later uses iterative methods en th

derived from the mobile robot localization algorithms. kg original graph. Although all localization algorithms cam b

a sirkr_1ilar gpLZr_IE)acfh, simg!}aneczjus Ic_)(;]glization, ;:alilml_amnd applied to solve mobile self-localization problems, MD&sbd
tracking ( ) of a mobile node within a set of static S€NSGhethods have the advantage that they are robust for noisy and
nodes has been developed [21], where both the mobile n

. . X farse networks, with or without anchor nodes.
and the set of static sensor nodes are localized using ran Bur new algorithm is based on the localization algorithm
measurements.

MDS-MAP(P) developed by Shang and Wheeler [25]. Here we
Using mobile nodes to assist self-localization of a spar$siefly review the classical multidimensional scaling (CED
robotic sensor network is a new research direction. Spatéghnique, and the MDS-MAP and the MDS-MAP(P) algo-

sensor networks are deployed due to environment consrairithms.

e.g., range measurements are missing due to obstructians in

room, or to reduce cost by mini.mizing the number of SeNsors.;  jassical Multidimensional scaling (CMDS)

In an extreme case, the static sensors do not have range = _ i ) _
measurements between themselves since they are transmitteMultidimensional scaling (MDS) is a set of data analysis
or receivers only. For sparse sensor networks, all theiagist techniques that display the structure of distance-likea dzt
localization algorithms fail to work properly due to the kac @ geometrical picture. The distance between every pair of
of distance or connectivity data to uniquely calculate te-g OPjects measures their dissimilarities. MDS techniques ca
locations.Mobility-assisted localizatiofi22] is to use one or P€ classified according to whether the similarities data are
more mobile sensors to add extra distance constraints tglyglitative (nonmetric MDS) or quantitative (metric MDS).
sparse network, by moving the mobile sensors in the arég€ number of similarity matrices and the nature of the
of deployment and recording distances to neighbors at thé4®S model can also classify MDS techniques. This classifi-
intermediate locations. As long as the number of distan€8tion yields classical MDS (one matrix, unweighted madel)
measurements is greater than the degree of freedom of fRBlicated MDS (several matrices, unweighted model), and
location coordinates, extra constraints are added to sbive Weighted MDS (several matrices, weighted model). Due to
localization problem. Pathirana et. al [23] developed ahoét the page limit, we will only briefly introduce the classical
based on Robust Extended Kalman Filter for a mobile node ¥PS technique on which the localization is based on. A quite
a disconnected sensor network to estimate locations faosencOmPplete introduction to MDS was presented in [30] and a
nodes it passes. For this purpose, one may use more than %€ complete theoretical treatment of MDS can be found in
mobile nodes to add extra range measurements. For exam[ﬁé]-

Virtual Ruler [24] uses two nodes attached to a mobile vehicl In classical MDS, the dissimilarities are usually the Eu-

to achieve better localization results in an indoor envinent. clidean distances between pairs of objects. kgt denote
the dissimilarity between object and j, d;; denote the

In this paper we first define and characterize the problem,cjidean distance, andz;}YY., denote the coordinates of

of mobile self-localization, discuss various movement-pagpjects. {x;} | is to be recovered from the dissimilarities
terns and scenarios to generate a relatively dense Ioeah%gij}zv .. Then we have
L, )=1"

tion network, and then develop a self-localization aldorit

MA-MDS-MAP(P), for the generated network based on a o =d;; = |lz; — z;||* = (x; — 2;)" (xi —z;). (1)
distributed multidimensional scaling approach, MDS-MRP( , i , )

[25], [26]. The rest of this paper is organized as foIIowsThe above equation can be rewritten in the following way
Section 2 introduces MDS based localization algorithms, in dij = 272 +I;._FIJ_ — 227 ;. )
particular, MDS-MAP(P). In section 3 we define the mo-

bile self-localization problem and discuss its propert®sc- If we defineg = [z 21, ..., 2% 2n]T, then the squared distance
tion 4 presents a mobile assisted MDS-MAP(P), MA-MDSmatrix, D = |dfj ff’j:l, can now be written as

MAP(P), for the mobile self-localization problem. Section - - -

5 provides detailed comparison of the performance between D=¢e’ —2X" X +eo ®3)

MDS-MAP(P) for static networks and the proposed algorith”v?/heree is the N-dimensional vector of all ones anil —

for mobile networks using four different topologies. Th 4, ..., zn]. If we multiplying both sides of Equation 3 by a
influence of noise and the effect of the number of virtu

i ) entering operatofl, defined byl — ee” /N, we will have
nodes on the accuracy of localization are also discussed in

this section. Section 6 concludes this paper. HDH = H¢e' H —2HXTXH + He¢' H (4)



Since Hpe™ H and He¢” H are equal to zero, we have
HDH = —2HXTXH (5)

Let B = —1HDH, then we can see tha = HXTXH.
Given B, we can now recover matriX up to a translation and
orthogonal transformation by the singular value decontjmosi
of B:

a b
B=VAVT (6) @ (b)
Fig. 1. Improvement on the distance estimate with node mewén{a) a
and sparse network. (b) If we can insert a node4dtand a node af’, then the
1 graph becomes more rigid.
X =VA? @)

For the coordinates of objects in two dimensions, only thet fir

two columns ofX are needed. « Apply the classical MDS to the distance matrix and retain

the first 2 (or 3) largest eigenvalues and eigenvectors to

construct a 2-D (or 3-D) local map.

2.2. MDS_MAE . . « Refine the local map. Using the node coordinates in
MDS-MAP is based on the classical MDS technique to  the MDS solution as the initial point, a least squares

obtain the coordinates of nodes given an approximation@f th  minimization is performed to make the distances between
Euclidean distances between them. The MDS-MAP algorithm  nearby nodes match the measured ones.

has the following three steps [25]: _ ~3) Merge local maps. Local maps can be merged either
1) Compute shortest paths between all pairs of ”OdeséBquentiaIIy or in parallel.

the region of consideration. The shortest paths are used %) Given sufficient anchor nodes (3 or more for 2-D

construct the distance matrix for MDS. networks, 4 or more for 3-D networks), transform the global

2) Apply the classical MDS to the distance matrix, retaininghap to an absolute map based on the absolute positions of the
the first 2 (or 3) largest eigenvalues and eigenvectors i@chors.

construct a 2-D (or 3-D) relative map.

3) Given sufficient anchor nodes (3 or more _for 2-D 3 MOBILE SELF-LOCALIZATION (MSL) PROBLEM
networks, 4 or more for 3-D networks), the coordinates of : . — . .
the anchors in the relative map are mapped to their absolutén this section, we f_'rSt introduce t.he mobile self-locatian
coordinates through a linear transformation. The bestaﬁnepmb'em’ and then discuss scenarios that generate such prob
transformation between the absolute positions of the ansch&ems'
and their positions in the relative map is computed.

Classical MDS requires the distance between every pair ®fL.. Mobile Self-Localization (MSL) Problem
nodes. MDS-MAP uses the shortest path between two nodeshe self-localizationproblem for sensor networks can be
to approximate the Euclidean distance. This estimate is fiftgmalized as follows. Given a distance graph= (X, D, A)
when the networks are dense and uniform, but is not go@ghereX is the set of locations aV nodes in a-dimensional

for very irregular ones. When the estimate is off, the restilt spaces { is 2 or 3), D is a set of distance values between
MDS-MAP is not good. The MDS-MAP(P) method presenteghe nodes:d;; € R, and A is a set of anchor nodes, i.e.,

in the next section addresses this issue. a subset ofX, with cardinalitym < N, whose elements
have known locations, find = N — m unknown locations,
2.3. The MDS-MAP(P) Method X = [x129...x,], wherez; € R® denotes the location of node

_ _ i, such thatlz; — z;| = d;;. If A is empty or too few, only
In MDS-MAP(P), each node applies classical MDS tgative geolocations among nodes can be recovered.
compute a local map that includes only nearby nodes. Forgjce the range data may be noisy, this problem can
example, only those nodes within two communication hopg formalized as a least squares problem, i.e., minimizing
are considered. Local maps are then merg_ed together base@gjij(m — a;] — di;)? wherew;; are weights related to the
the common nodes according to the best linear transformatioise levels ofl;;. The problem is difficult even for centralized
that transforms the coordinates of the common nodes in OBSlutions, since there is a large degree of freedsnx (n
map to those in the other map. The steps of MDS-MAP(R}riables) whem: is large. Furthermore, the solution may not
are as follows [25]: be unique if the distance graph is not rigid [32]. When the
1) Set the range for local maps?.,. For each node, connectivity is sparse, none of the existing self-locaiara
neighbors withinR;,, hops are involved in building its local algorithms would work well.
map. For correct localization, one essential requirement ig tha
2) Compute local maps. Each node does the following: the graph must be rigid, which means the existing conssaint
« Compute shortest paths between all pairs of nodes imthe graph must be sufficient to determine a unique position
range R;,,. The shortest paths are used to construct tloé each node in the graph. Otherwise, there may be multiple
distance matrix for MDS. solutions and no algorithm can guarantee correct locadiaat



For example, in Fig. 1-(a), nodé actually can be anywhere in mobile nodes can be used to localize the whole network or turn
the circle centered & with radius equal tdAB|. Goldenberg a nonrigid network into a rigid network. With the improved
et. al. [33], [34] presents a detailed discussion about thehortest distance between nodes, we expect the accuracy of
conditions for a two dimensional graph to be globally rigidla the MDS-MAP localization will get better.
introduces an algorithm to identify locally localizableipts. The mobile self-localizatiofMSL) problem can be defined
The MDS-MAP method also assumes that the shortest a self-localization problem in whick = X, U X, where
path between nodes is approximately proportional to thel, = [z1, 2, ..., 2,] iS a set of real node locations and, =
Euclidean distance. While this may be true if the networlel, 22, .25, 23, ..., 25,21, ..., 23] is a set ofvirtual node
is dense and isotropic, in the situation where a dense dodations, wherer® denotes fork’th intermediate location of
isotropic network is not possible due to limited resourcespde:. Following are two scenarios to generate a mobile self
this assumption is not necessarily true. For example, in Figcalization problem:

1-(a), while the shortest path between some nodes, such ag) Deploy a sparse sensor network, use one or more addi-
B ~ F, B ~ E, are approximately proportional to the tional mobile sensors to localize the whole network.
Euclidean distances, the shortest paths betweandD, and ~ 2) Deploy a mobile sensor network, where all sensors are

D andFE are, however, significantly Iarger than their Euclidean mobile, track snapshot of relative locations among these
distances. In this situation, the assumption of the MDS-MAP  sensor nodes.

method is not valid anymore. The the initial position gem_x_da In both scenarios, we may assume that a mobile sensor can
by MDS-MAP can be very different from the actual positiong,aaqre the distance between two consecutive points in its

of nodes. Though there is a refinement step in the MDS-MAR,iectory, e.g., with an extra inertial sensor on boardthaiit

algorithm, due to the existence of local minimums, it is harght assumption, one less distance measurement will beladde
for the refinement to draw the nodes to their correct posstiory, . a5ch virtual node (e.gAA’ in Fig. 1-(b)). For the first

MDS-MAP(P) is more reliable compared with MDS-MAP duescenario, an extreme case is that the deployed network has

the fact it constructs local map only in a small neighborhoqg} connectivity among its nodes, the only connections are
of each node and the local maps are patched together to gel,een the mobile and the static nodes. Although appdicati

the global map. It still does not solve this problem complete ise these are two different problems, technically they loan
The non-proportional relation between pair-wise shorteg&ved by the same type of algorithms

paths and the Euclidean distances, and the non-rigidity ofj, i’ paper, we will evaluate the second scenario: full

the network are two challenges for MDS-MAP methods. The e self-localization problem. The algorithms develdp
first challenge affects the accuracy of the localization tred ., e applied to partial mobile sensor networks. Note that
second one affects the correctness of thg results: in this paper we will describe an improved MDS-MAP(P)
In some type of networks, such as mobile robotic networkg. apije self-localization. Other localization methageuld
each ?Ode car;( move aroun_dl_ W'trr‘]'” a cs._lrtam fa’;ﬁ?- F?rr: Brk as well on the distance graph using added virtual nodes.
type of networks, we can utilize the mobile capabllity of thes 1,4 isons with other algorithms will be future work. Ireth
nodes to get additional information about the networkssthilag; of this section, we discuss how virtual nodes are géetra

Improve the_ accuracy of localization. , using mobile nodes and some movement patterns we used in
The mobility of the sensor nodes allows us to increase t'&%r simulation study

density of the network throughirtual nodes Here a virtual

node represents an instant location of a mobile node dutsng i _

movement. A mobile sensor node takes distance measureménts Virtual Node Generation

to a set of nearby sensor nodes at its intermediate poimtgalo We assume the identification number of real nodes ranges
its trajectory. Each such point adds a virtual node as wed agrom 1 to n, wheren is the number of nodes with unknown
set of distance measurements. If the number of measuremdo¢stions in the network. Aocation identifierrepresents a
added by a virtual node is greater than the degree of freedamique location in space; for a real node, the location ifient

of the location coordinate, more constraints are added do tis the node identifier and for a virtual node the location
distance graph to make the graph more rigid and have betigentifier is i*, denotingk’th location of nodei. To ensure
localization results. For example, the distance graph gf Fithe uniqueness of the identification numbers, the location
1-(a) is not rigid, which means the existing constraints identifiers of the virtual nodes can be easily setask + i.

the network are not enough to unambiguously determine tRer the first positionk is equal to 1; for the second position,
positions of the nodes in it. However we can utilize the mobilk is equal to 2, and so on.

capability of the nodes to get additional information about During the localization process, a mobile node can be
the networks, thus improving the accuracy of localizatiéor in two status:Moving or Rest A mobile node gets a new
example, in Fig. 1-(b), supposé moves straight to a new location identifier each time it comes ®est Only nodes in
position A’, and E moves toE’. If A’ can communicate with Restparticipate in measuring distances. Before the locabirati
B, C, D, and E’ can communicate wittD, C, and F', then starts, all nodes are iReststatus. At anyReststatus during the
several new edgegi A’ (assume distance of movement can beovement process, including the initial position, a nod# wi
measured)A’B, A'C, A'D, E'D, E'C, E'F, E'E, shown as add a virtual node and corresponding distance measurements
dashed lines in Fig. 1-(b) can be added into the network. Wittith its neighbors when there exist at least three neighbors
these new edges, the graph becomes more rigid. In genefafjeneral description of the process is presented below. Any



V2
snapshot of locations of all nodes, e.g., initial or finaliposs, it o

\Y V2 V2
can be considered as locations of real nodes, while otheyv. h it
intermediate positions are considered as virtual nodes. ‘ , \/ y j\

« At the initial position or any intermediate position during e R oy g\v;@ o fw
the movement, a node broadcasts a messag/irtualN- ¢ o \ /
odewith its location identifieri to its neighbors. MG (I YR . .

« When a neighbor with the location identifigrreceives raen:  patem2 patem s O eaema patem's

the AddVirtualNodenessage, it measures the distadge
betweeni andj and saves tripléi, j, d;;) in its table. It Fig. 2. Five example patterns of the movement of mobile no@ibis figure
then broadcasts the measurement to its neighbors shows the idea cases where each node can move back to itrbpgisition.
h d ith | K id ifiei . ’ Vili=1:5 are the virtual nodes created at each intermediate posifioand
« When a node with location i ent_' ler rgce'ves MOIe o’ are the original position and the position after movemespeetively. 1
than three measurements from its neighbors, all thedO are overlapping. Ideally, mobile nodes can get back to tbeginal
measurements are stored Iocally and it may continue ;L%sitions. Therefor®’ and O are overlapping. In real applications, however,
o ! I iS may not be true.
move to the next position. On the other hand, for a mobile
node, if within certain time period after sendidgidVir-
tualNode it does not receive at least three measurements

. . : e - Due to the infinite ways of movement for mobile nodes, it is
it broadcasts arbortVirtualNodewith location identifier

impossible for us to analyze every pattern of movement.ig th

i, and continues to move to the next position. paper, we will only evaluate five example movement patterns
« Upon receiving ambortVirtualNodewith location iden- ¢, mopile nodes, as shown in Fig. 2. In the first pattern, a

tifier i, the neighbors S|_mply delete all measuremeni,qe st goes out straight in a random direction for a certai
relevant to location identifie. distanced, adds a virtual node, and then moves back the same
In the network, each node keeps a local adjacency talfigtance in the opposite direction. In the second pattexch e
(i,7,dij), wherei and;j are location identifiers, and;; is the node goes out straight in a random direction for a certain
distance between these two locations. The distributedngiap distance, adds a virtual node, and then moves back twice the
the input to any localization solver. For a centralized sglall  distance ofd in the opposite direction, adds another virtual
the measurements are sent to a base station which perfoemsidde, then tries move back to its original position. Thregeno
computation. In this paper, we present a distributed smuti movement patterns are also illustrated in Fig. 2. Each reobil
The above protocol addresses a general case, where evfjile also adds a virtual node at its original position befoee
node in the network is mobile. However, it can also be appliglovement. For mobile robots that can track their movement
to those networks where only a subset of nodes are mobiigjectory, the distances between all virtual nodes added b
In these type of networks, the nodes which can not move af: same mobile node can be known. Therefore, the virtual

always inReststatus. nodes together with the mobile node that creates them form a
locally rigid graph when moving in the last three movement
3.3. Movement Pattern of Mobile Nodes patterns. In Fig. 2, it is assumed that robots can get back to

their original positions, therefor® and O’ are overlapping.

For mobile assistant localization, one can control the moth this case, the virtual nodes created at the original fosit

ment of mobile nodes to get better localization. In this . ,

. S , are redundant. Due to noise or obstacl@sand O’ may not
section, we will discuss how the mobile nodes shall moye ) ) : :
) . . e overlapping. In the simulation experiment, we have also
in the network. The simplest way is to let each nodes move

. :imalyzed the situation. Each of the five movement patterns
randomly. However, we may want to add some constraints {0 .
has its own pros and cons. Pattern 1 and 2 are much simpler

the movement. For example, we don’t want the network after
P an the other movement patterns. Robots that can only track

the movement to be completely different from the origina} .
. e movement distance may take these patterns. Thesengatter
network, and we may want the positions of the nodes to be a8

. L o so suffer less from the error in tracking the movement. But
close as possible to their original positions after moveimen . .
X . . the number of virtual nodes added per movement is small. The
With the current technologies, robots have the capability 0 .
: : : . Other three movement patterns require the robots to have mor
tracking the trajectory of their movement. Such technadsgi . ; :
) . ._~. advanced capability such as tracking not only the distante b
include dead reckoning [35], land mark based localziatio O ;
also the direction of movement. Though they add more virtual

[36], GPS [37], cooperative localization [38], or the compi . .
; ; - . . nodes per movement, the error in tracking the movement may
tion of them. Such a self-tracking capability makes it pblgsi Lo : i

become more significant than that in the first two patterns.

to obtain the relative positions of the virtual nodes.
Therefore, we can constrain the movement of mobile nodes.

One strategy is to let the mobile nodes move in a circular wafl: MA-MDS-MAP(P)FORMOBILE SELF-LOCALIZATION

They go out for a certain distance, start moving in a circhel a  In this section, we will discuss how to build the map of the

then try to move back to their original positions. Howeveg, wnetwork after virtual nodes are added in the way discussed

do not require the mobile nodes to get back to their original the previous section and present a mobile-assisted MDS-

positions exactly since in real applications, the nodesra@tn MAP(P) algorithm, denoted as MA-MDS-MAP(P). After the

move in a perfect path and some nodes may not even be abl@vement of all nodes, there are two types of nodes in the

to finish moving in a circle due to obstacles. network: one type is real nodes, the other type is virtual



nodes added during the movement of nodes. The virtual ° -, A
nodes only exist in the adjacency tables of the real nodes. T
There is no communication between a virtual node and any
other nodes. However, the distances kept in the adjacency
tables provide additional information of the network. Bhsa e
these information, more precise localization can be obthin :
through a mobile-assisted MDS-MAP(P) algorithm (MA- o e
MDS-MAP(P)). The details are discussed as follows: (@) (b)
o Step 1. Each node broadcasts its local measurements
in its K-hop neighborhood (K=2 in our experiments)'.:ig- 3. (&) Only the real nodes and the virtual nodes, shownaasfilled
h nod bi he adi bl fi . hbcircles, within two hops from the center nod2 are kept in the local map
Egc _no e Co_m Ines the adjacency tables o It_S NeIGNDBIS) The virtual nodes shown in gray spheres are not includedusecthey
with its own into a local tablel’. After removing the are more than two hops away fro®. (b) Node D and E move to D’ and
duplicated entries (entries describing the same edge)Eérespectively and get into communication range of each offtes distance
E%?tween them is kept in the adjacency table of hbttand E.
node constructs a local graph centered at the real node

(e.g., initial or final location), shown in Fig. 3-(a). Let

the K-hop neighbors of the real nodebe denoted by  The above presentation is based on the assumption that the
Sr. S contains all the real nodes within K-hop distancgdes in the network are computationally powerful enough to
of » and some virtual nodes. Nodethen constructs the constryct the local maps. For the network in which the majori
distance matrix for nodes ifi, using only edges betweenyt nodes have limited computation capability, sending tual
nodes inS,. The elements in the distance matrix are thggiacency tables to some central nodes for constructing and
shortest path between every two nodessjn _ merging the local maps might be the only way to localize
« Step 2: Noder builds its local relative map using thee network. In the sequential merging approach, each node
classical MDS method for nodes 8. The local map of sends the local map to a central node. If efficient routing
a node contain the IDs and the coordinates of the nodggchanism is not available, it will result in large number of
in S, } . ) . _messages. However, since all information is available @n th
« Step 3: Noder refines the location of nodes, includingeentral node, global refinement is possible. In the distetu
the virtual nodes, in its local relative map via leasherging approach presented in [26], at least three beacon
squares minimization using the distance information ifoges must broadcast their absolute coordinates to allsiade
T and the coordinates from the step 2 as the initial poiffe network. Broadcasting can be carried out very efficentl
Let (i,j,di;) denote the entries if” and p;; denote ¢ global refinement is hard to implement in this approach.
the Euclidean distance betweeérand j based on their  Tne apove presentation does not consider building local
coordinates. The formulation of the minimization is maps around virtual nodes to save computation. However,
min Z wij(dij — pij)? forall (i,7,d;;) in T (8) We can treat virtual nodes in the same way as real nodes
iGes, if each node sends its adjacent table to a central node for
localization. In this scenario, the complexity in step 1a8d

wherew;, is the weight for the distance betwegand;. 3 will be increased. The increase will be linear with respect
To compensate for the potential noise introduced in the N . >P
the number of virtual nodes. For example, if three virtual

movement of nodes, higher weight can be assigned to tn(()ades are added per movement, the complexity in the first
distances between real nodes. three steps will be three times larger. The complexity op ste
« Step 4: Merge the local maps until all the real nodes are P ger. plexity op

included in a core map, which grows by merging it With4 and 5, however, will not change much. An experiment in

the local maps of neighboring real nodes. The local méavaluatlng the performance when building local maps around

with the maximum number of common nodes, incIuding')rtual nodes is presented in section 5.
virtual nodes, with the core map is chosen to be merged
with the core map. The merging can be done sequentially
[25] or in a distributed way [26]. 5.1. Performance Comparison with Static Networks
« Step 5: Transform the core map into an absolute mapSimulation experiments have been carried out to evaluate th
based on the absolute positions of anchors. Obviouslycalization improvement after introducing movements emd
in this step, we only have to transform the coordinatégrrious network settings. We assume that distance between
of the real nodes, if we are not interested in movemeggénsors within communication range can be measured rgliabl
histories. As we know, the accuracy of the MDS-MAP method is highly
Let & be the average number of nodes, including virtualependent on the density/degree of the network. The higher
nodes, in a local map. The overall complexity for computinthe degree of each node, the more accurate the localization i
each local map i©)(k3). The total complexity for step 2 and 3For the rest of this paper, the degree of a node refers to the
is O(k3n). Similar to the discussion in [25], the complexity ofnumber of neighbors that the node can communicate directly.
step 4 isO(k3n). Form anchors, the complexity of step 5 isThe degree of a network is the average degree of nodes in it.
O(m3+n). So the total complexity of this MA-MDS-MAP(P) Therefore, we would focus the experiments in evaluating the
method is als@)(n). improvement of the proposed scheme in the localization of

5. SMULATION RESULTS



. TABLE |
sparse networks, whose degree is under 5. We compared Irhe
HE ERROR COMPARISON ON FOUR TYPES OF NETWORKBROM LEFT TO

performance of MA-MDS-MAP(P) in mobile networks with
MDS-MAP(P) in static networks of both uniform topology and'
. . . RANDOM C SHAPE
irregular topology. The settings and results of the expernita
: . MDS-MAP(P) | 0.182 ] 0.162 | 0.695 ] 0.286
on each type of networks are discussed below. In the follgwin| mean  —ggsABEY 0,010 [ 0.001 | 0.008 | 0.070
experiments, mobile nodes move in pattern 1 as shown in deviation MDS-MAP(P) 0.086 | 0.105 | 0.509 | 0.271
Fig. 2. MA-MDS-MAP(P) | 0.012 | 0.001 | 0.007 | 0.035
Fig. 4 shows the experiment on a network with 200 nodes
randomly positioned within a 10 * 10 field. The communi-
. . . PERFORMANCE COMPARISON WHENLO%NODES WITHIN
cation range is 1.0. To prevent the nodes from getting to too
. . COMMUNICATION RANGE CAN NOT COMMUNICATE. FROM LEFT TO
close to each other, the minimum distance between any two

. . . RIGHT: RANDOM UNIFORM, REGULAR UNIFORM, REGULAR C-SHAPE, AND
nodes is larger than 0.5. The average degree is 4.72. Fig. £ RANDOM CoSHAPE &

IGHT: RANDOM UNIFORM, REGULAR UNIFORM, REGULAR C SHAPE, AND

TABLE Il

(a) shows the graph of the network. Fig. 4-(b), (c) show th NMDSVAPE) R T R
localization errors from static localization and the mebil mean A MBS-MAP(P) | 0.002 | 0.001 | 0.019 | 0.021
assisted localization respectively. The errors are shown b deviation MDS-MAP(P) 0.329 | 0.097 | 0.364 | 0.196
a line segment starting from the actual position towards the MA-MDS-MAP(P) [ 0.001 [ 0.001 | 0.017] 0.012

estimated one. The longer the line segments are, the ldrger t

error is in localization. It can be seen that after incorpiog

the information obtained from the movement of nodes, the A summary of the comparison is shown in Table I.

mean error is reduced by more than 90% and the deviation ofThe above experiment assumes that all nodes within com-

the error is reduced by more than 80%. munication range can communicate with each other. However,
Fig. 5 shows the experiments on a network with 144 nodds real application, due to obstacles, the communication be

regularly positioned within a 10 * 10 grid. There are 12 node¥veen nodes may be blocked. So we did another experiment

in each row/column. To model the error in grid placement, tHe evaluate the improvement when some nodes within com-

position of the nodes are adjusted by a uniformly distriduténunication range can not communicate with each other. The

noise. The mean of the noise is 0, the range is betwe®#ftings are the same as the previous experiments except tha

—0.09r and0.09r, wherer is the communication range, whichwhen two nodes are within communication range, there is 10%

is 1.0 in this experiment. The average degree is 4.39. FRiance that they are unable to communicate. Table Il shows

5-(a) shows the graph of the network. Fig. 5-(b), (c) shotfi€ result of this experiment. It can been seen that on random

the localization error by using MDS-MAP(P) and MA-MDS-uniform, regular uniform, regular C-shape networks, mbent

MAP(P) respectively. It can be seen that after incorpogatirP8% decrease in localization error has been achieved. On the

the information obtained from the movement of nodes, tH@ndom C-shape network, the error has been reduced by up to

mean of estimate error decreased from 0.162 to 0.0080%.

almost reduced by 99%. The standard deviation of the error

decreased from 0.10585 to 0.001373, reduced by more tr®p. Performance Comparison between With and Without

98%. It is obvious that the estimate by MA-MDS-MAP(P) iSBuilding Local Maps around Virtual Nodes

significantly better. As we have discussed in section 4, we can treat virtual

Fig. 6 and Fig. 7 show the exp_erlments on irregular networlﬁ%des in the same way as real nodes if the localization is done
.Of C-shape topology. Th_e localization for |rre_gular netkdr ;. 5 central node. Therefore, we can also build local maps
E much trrr:ore challegglng than tthatj fqr ur:;]form nGf‘t\"’orlt(around virtual nodes. However, the time complexity will be
pecause the error made In any step dufing th€ Merging S'aferent. we did an experiment to compare the complexities
Is easily propggated to the \.Nh0|e networks due to the limit qthe two scenarios. Fig. 8 shows the result. We can see there
paths of merging (the merging has to follow the topology q significant difference in the time cost. Table Ill shows th

the networks). The degree; of the networks in_this_ experme, comparison between building local maps and not bugdi
are 3.96 and 4.12 respectively. The communication rangel8£al maps around virtual nodes. As we can see, there is no

the noo!es in both experimentg Is 1.0. The size of the field is %nificant difference between the two ways. Thereforehi t
10 Fig. 6, shows the experlments W'th, ,112 nodes regular periments of the following sections, no local maps ard bui
positioned in a C-shape field. The position of each nodeﬁ

; . ) . ound virtual nodes.
adjusted by the same noise as that in the experiment of a
regular uniform network. As we can see from Fig. 6-(b), (c), )
the mean of the estimate error decreased from 0.69 to 0.0083- Analysis of the Movement Patterns
and the standard deviation of the error decreased from @.50 t This experiment tries to evaluate the number of virtual rode
0.007. Fig. 7 shows the comparison on the random C-shgmer movement on the accuracy of localization. If there is no
network which contains 150 nodes and the communicatiooise in tracking the trajectory of mobile scenarios, ther@no
range is 1.0. The minimum distance between any two nodégual nodes added during the movement, the more accurate
is 0.5. It can be seen that the mean of the estimate error wérg localization would be. However, the noise in tracking
down from 0.28 to 0.07 and the standard deviation decreagsbd trajectory of movement will lead to inaccuracy of the
from 0.27 to 0.035. estimates of the distances between the virtual nodes added b
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Fig. 7. Error comparison in a random C-shape network

TABLE Il
PERFORMANCE COMPARISON BETWEEN BUILDING LOCAL MAPS AROUND
VIRTUAL NODES, DENOTED ASLMVN, AND NOT BUILDING LOCAL MAPS

3000 ‘
AROUND VIRTUAL NODES, DENOTED ASNLMVN. EACH COLUMN SHOWS random unitorm
THE RESULT OF ONE NETWORKFROM LEFT TO RIGHT, THE NETWORKS © regu:ar unifﬁrm
c
ARE RANDOM UNIFORM, REGULAR UNIFORM, REGULAR C-SHAPE, AND 2500 e Cssh?pee 1
RANDOM C-SHAPE.
mean NLMVN | 0.0064 | 0.0102 | 0.0227 | 0.0567 g 2000r 1
LMVN 0.0065 | 0.0059 | 0.0676 | 0.0675 §
deviation NLMVN | 0.0054 | 0.0093 | 0.0236 | 0.0351 2
LMVN 0.0105 | 0.0099 | 0.0466 | 0.0400 7 15001 1
[=}
o
£ T
= 1000 T
the same node, which will in turn degrade the accuracy of the e -
localization. Furthermore, it costs more energy and timadod 500} T ’@, I
more virtual nodes. Therefore, we want to know how many R e S
virtual nodes are sufficient for accurate localization. fTtsa T ‘ ‘ ‘ ‘
1 5 2 25 3 35 4 45 5

which movement pattern is sufficient for a sparse network.
Similarly to the previous experiment, we tried on four

types of network topologies: regular uniform, random untio 8. The time cost comparison between with and withoutding local

regular C-shape, and random C-shape. The configuratioh (Skps around virtual nodes when processing on a central ez curves
as the number of nodes, the communication range, and tii¢he same color reflect the same network. The curves witheowathout

: : iding local maps around virtual nodes. The curves wittrerwith building
_degree) of _each netwc_)rk is the same as the networks dlscuq%gaq maps around virtual nodes.
in the previous experiment.

The localization error produced by adopting the five move-
ment patterns are shown in Fig. 9. As we can see, the random
C-shape is vibrating more than the other three topologies,
but the mean error is still less than 0.07, about 7% of the
communication range when two or more virtual nodes are- " \
added during the movement of each node. We can also se’| . o
that with the increased number of virtual nodes per move-| .
ment, localization generally gets more accurate. Howeter, ../
improvement is getting less obvious as the number of virtua:-«f "
nodes per movement increases. Therefore, it is not negessa*
to add many virtual nodes per movement. Two to three virtual”
nodes per movement should be sufficient to get accurat. =~ = e
localization. For network even sparser, such as networkis wi (a) Mean error (b) Deviation of error
degree less than 4, we have to adopt the movement pattern that , ,
adds more virtual nodes. Generally speaking, if the prodL@féé'aﬁﬁalys's of the influence of number of samples on theigcy of
of the number of virtual nodes added per movement and the
degree is larger than 10, the localization shall be accémtab

Number of samples per movement

4 s s i 1s 2 a s

25 3 35
Number of samples per movement
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5.4. Analysis of the Fraction of Mobile Nodes

Up to now, we assume that every node in a network is”
mobile. For many networks, only a subset of nodes can move..
Even for the network where all nodes are mobile, we may not-
want to let all nodes participate in the movement so as to sav’’
the energy and reduce the localization error caused by nois.,
in tracking the movement trajectory. Furthermore the fract
of nodes participating in the movement is really dependen.’” ™ ™ Mwwlft 0Tttt o,
on the degree of the network, the acceptable accuracy of Mean error Standard deviation
localization, and the noise in tracking the movement titajgc
If the network is sparse, then more nodes should particiipateﬁigt 11. Evaluation of the effect of the noise in sensor maweis: The

. orizon axis is the deviation of the noise. The vertical dgighe estimate
the movement. Otherwise, less nodes are needed. If accuraey.
requirement is higher, then more nodes should participate i
the movement. The noise in tracking movement trajectory may
become significant if large fraction of nodes participate iaxperiments, we adjust the final positions of the mobile sode
the movement. It is not our intention in this paper to find apy accumulating all errors in the movement. For example, if
optimal percentage for a specific type of networks. So we will nodev moves in pattern 3, then there are fours steps in
just show an experiment to demonstrate that good result diae movement. Let the noise in the four steps be a set of
be obtained if only partial nodes participate in the movemerindependent vectors,, ez, e3 andey, then the final position

In this experiment, we will evaluate for a network of certai®f v is adjusted bye; + e + e3 + es. The noise{e;}; is
degree, how many mobile nodes are sufficient for accuradgtermined by multiplying the expected travel distancenvait
localization. We randomly created 10 networks for each tyg&o dimensional norm-distributed random vector. By adigst
of topology and on each randomly generated network, \iee deviation of the norm distribution, we can know how rdabus
change the communication range, between 1.0 and 1.4,tle¢ approach is against the tracking noise. From Fig. 10, we
the nodes to simulate networks with various degrees. Tkeow the all the four types of network get pretty good results
third movement pattern is adopted. In this experiment, eawthen half of the nodes are participating in the movement and
node has a probability of participating in the movement. movement pattern 3 is adopted. Therefore, in this experimen
By evaluating the accuracy of localization at various Isvewe will analyze the influence of noise on networks with 50%
of p, we can see that with a network of certain degree, howobile nodes and each mobile node moves in pattern 3. The
many nodes should participate in the movement to get theean of the noise is 0 and the deviation of the noise is from 0
desired accuracy so as to avoid the unnecessary overheatPifd.15. Fig. 11 shows the results of the experiments. We can
the sensor movement and error due to moving more nodes tis&e that for the uniform network, under 6 percent of additive
needed. Fig. 10 shows the results of this experiment. As weise, both the mean and standard deviation of the error are
can see from the figure, the higher the degree, the less moli#ies than 0.05, which is 5 percent of the communication range
nodes are needed. For a network of degree higher than 6, g C-shape networks, we see more vibrations. However, the
localization is good even with very small number of mobilgnean and the standard deviation are still quite small if the
nodes. For a network with degree less than 5, 40% of mobfleviation of the noise is less than 0.03, which is 3 percent of
nodes are sufficient. the communication range.

5.5. Analysis of Reliability to Movement Tracking Noise 6. CONCLUSION

Up to now, we have not considered the influence of noise onin this paper, we proposed a mobile assisted localization
the accuracy of the localization. In real applicationsréh@e method based on multi-dimensional scaling for robotic eens
two types of noise. One is the noise in measuring the distanoetworks to solve the self-localization problem. The MDS-
between stationary nodes and mobile nodes. Since this ndié&P(P) method highly depends on the degree of the network,
is not caused by the movement of nodes, we are not goingwbich leads to poor performance in sparse networks. Based on
analyze it here. The other noise is in tracking the trajgctothe fact that robotic sensors in a mobile network have lichite
of mobile nodes. This noise influences the distance estsmataobile capability, in the proposed approach, more inforamat
between virtual nodes and also the distance between virtimbbtained by moving the sensors around and adding virtual
nodes and the final positions of mobile nodes. For exampledes during the movement. The distances between virtual
in movement pattern 5, the distandesv;|; j=1.5,i»;, |v;0'|, nodes and real nodes are kept in adjacency tables. Virtual
and |oo’| will not be accurate due to this noise. However, ihodes are incorporated in building and merging the local
will not affect the distances between real nodes since afteaps. Evaluation of the performance of the proposed approac
all nodes have finished movement, they can always measisrecarried out on four types of networks: random uniform,
the distances between them again. To evaluate how well la@dom C-shape, regular uniform, and regular C-shape. The
proposed algorithm adapts to the noise inherent in trackingsults have shown significant improvement over the MDS-
the trajectories of mobile nodes, we carried out a set MAP(P) approach on static low-degree networks. In the &jtur
experiments with various levels of Gaussian noise. In thege are going to study the cases where only one or a small
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C-shape and regular C-shape. The first two rows show the mietiie @rror and second two rows show the standard deviatictheoerror.
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number of mobile nodes that are equipped with or withoyt3]
motion sensors. We will also compare the performance of
different localization schemes, such as SDP and isomap, {9{]
mobile self localization.
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