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Abstract— Wireless routing based on an embedding of the  Both approaches have advantages and disadvantages. The
connectivity graph is a very promising technique to overcome protocol overhead of topology-based routing stems from the
shortcomings of geographic routing and topology-based routing. f504ing necessary for path establishment and maintenétnce.

This is of particular interest when either absolute coordinates . theref itive t bilit d tain cle
for geographic routing are unavailable or when they poorly IS Tnerefore very sensiiiveé o mobliity and Uncerain cienn

reflect the underlying connectivity in the network. We focus on €nvironments, since even small changes in a node’s neigh-
dynamic networks induced by time-varying fading and mobility. borhood may lead to the failure of routes, which need to
This requires that the embedding is stable over time, whereas pe reestablished. In contrast, geographic routing does not
the focus of most existing embedding algorithms is on low yaintain state in the nodes, and forwarding decisions requi

distortion of single realizations of a graph. We develop a beacon- v | |k led . th hi it f aeiod
based distributed embedding algorithm that requires little control only local knowledge, 1.€., Iné geographic position or aéis

overhead, produces low distortion embeddings, and is stable. We N€ighbors. Topology changes that do not affect this local
also show that a low-dimensional embedding suffices, since at aknowledge do not affect routing decisions, and therefore do

sufficiently large scale, wireless connectivity graphs are dictated not have to be advertised network-wide. However, geogeaphi
bygheeorgggill-ity of the embedding allows us to combine geo- routing is inefficient when _the network topology is not well
routing on the embedding with last encounter routing (LER) Ccaptured by the geographic coordinates of nodes (e.g., due
for node lookup, further reducing the control overhead. Our t0 a fading channel, obstacles, etc.). In such inhomogeneou
routing algorithm avoids dead ends through randomized greedy networks, greedy routing towards the destination oftentres
forwarding. We demonstrate through extensive simulations that g |ocal minimum, where no nodes with forward progress are
our combined embedding and routing scheme outperforms ex- ynown. Here, a recovery strategy is necessary, which reguir
isting algorithms. . . . .
either flooding or establishing state in nodes around thal loc
|. INTRODUCTION minimum. This, together with the overhead introduced by
Mobile wireless networks comprise wireless devices withthe location service, may be more costly than the use of a
limited transmission range, such as laptop computersppats topology-based routing protocol.
digital assistants (PDAs), cell phones, or embedded sgnsinIn this paper, we investigate how to bridge the two
and actuation devices. Such networks often rely on mulftaradigms. More specifically, we are interested in building
hop communication, i.e., the forwarding of messages fromvitual coordinate system that embeds the connectivitplyra
sender to a receiver outside the sender’s radio range throiig a way that is coherent with the network topology. Nodes
intermediate nodes. One of the fundamental problems in watiich are close in the topology should also be close in the
hoc networking is thus the routing problem. embedding. Desirable properties of such a coordinate rsyste
There are two approaches to the routing problem. The fieste that it allows efficient greedy routing, is robust to ntigpi
approach relies uniquely on the topology of the networknd channel uncertainty, and is cheap to maintain.
Topology-based routing establishes an end-to-end path fro Embeddings of general graphs is a well studied topic, but
a source to a destination through flooding or partial floodirfgw algorithms specifically for wireless graphs exist. Rart
of the network. Nodes either maintain a routing table that comore, ad hoc networks require an efficielstributed imple-
tains next hop and distance information for each destinatimentation of the embedding algorithm. Our main objective
[1], or the complete route can be stored in the header of &lto create embeddings which provide efficient routes when
data packets [2]. combined with greedy routing. This also reflects on the ahoic
The second approach exploits the geometry of the netwod{.the metric with which the wireless graph is embedded. The
Nodes forward packets to neighbors geographically closerintuition which drives the techniques used for our embegldin
the destination, assuming that the geographic proximity agorithm is the following. We believe that geometry plays a
representative of the network distance [3]-[5]. Geographimportant role for long paths, whereas short paths are more
routing protocols require a location service [6], [7], wiican subject to local perturbations.
be queried to obtain the location of other nodes. The paper is structured as follows. Related work is disalisse



in Section I, and some background on graph embeddingspi®gress. The scheme is very sensitive to a bad inital clodice
given in Section Ill. In Section IV, we develop a randonbeacons. It also does not cope well with mobility of beacons
beacon-based embedding with the following featu(@sap- or an uncertain channel environment, both of which lead to
proximates well the single snapshot graph distan@ggjives large shifts in the virtual coordinates. This not only résul
a stable coordinate system when embedding dynamic graphunstable routes, but also incurs a high cost for updating a
topologies, andiii) has low overhead in terms of network-widdocation service with the changing positions of the nodes.
control traffic. This embedding algorithm is then combined There are a number of further embedding algorithms for
with a novel randomized greedy routing algorithm in Sectiorouting in sensor networks. In [14], a ringed tree graph it bu
V. The idea behind the randomized routing strategy is al$or data-centric information processing with coordinatiest
independently applicable to other scenarios with unceiies are similar to polar coordinates. Both MAP [15] and Glider
in the topology or location. We give extensive simulatiofil6] build a virtual coordinate system based on a tiling of
results to validate the properties of our algorithms in Bect the network area. The former builds a backbone structure
VI. adapted to the shape of the network topology and connects
sensor nodes to the nearest backbone node through shortest
paths. The latter uses Delaunay triangulation to form Voron

Graph embeddings are an active area of research with maejls and routes toward a so-called landmark node of the
different applications [8]. Some of the concepts of thisgrap adjacent Voronoi cell that lies in the right direction. Higa
for example, are based on embedding algorithms used for #wme schemes use multidimensional scaling techniques to
analysis of molecular similarities [9]. For networking, leed- build a coordinate system from connectivity informatiorg(e
dings have been studied mainly in the context of mappirig7]). All of these systems have in common that they are
network distances in the Internet to Euclidian space [10Gjpt designed to cope well with mobility or varying channel
[11], and relatively few embeddings exist that are spedifica conditions. While the former may be less important for sensor
designed for routing in wireless ad hoc networks. The twsystems (but is very important for example for vehicular ad
schemes most closely related to the algorithms proposedhioc communication), the latter is an inherent property of al
this paper are the pioneering work presented in [12] and théreless networks.
beacon vector routing (BVR) introduced in [13].

In [12], a routing scheme (NoGeo) with a distributed l1l. L ow-DIMENSIONAL EMBEDDINGS

relaxation algorithm is presented. It iteratively buildsidual In this section, we review recent results in embedding theor
coordinate system. The algorithm assumes that a number of g@t motivate the beacon-based embedding algorithm peben
called perimeter nodes (located on the border of the nejwolk the next section, and provide some intuition for its desig
know their real coordinates in advance. Starting from ramdoover the past decade, significant progress has been made
virtual coordinates, at every iteration, non-perimetede® in poth algorithms and bounds for embeddings of (finite)
update their coordinates by averaging the coordinatesedf thmetric spaces (see for example [8] and references therein).
neighbors, while the coordinates of perimeter nodes remativen the distance®(-, -) between: points in a metric space
fixed. The scheme also includes a flooding-based mechanisg p), the goal of the embedding is to find a mapping
to determine identity and/or coordinates of the perimeteles ;" — f(;), z € X, 2’ € X' from X to another spac&’ such
if they are not known in advance. The protocol performs wehat for the metricD'(-,-) in X', for all pointsz, y € X, the
in terms of success rate of greedy routing, but the overheadgistancesD’ (f (), f(y)) do not distortD(z,y) very much.
maintain perimeter nodes is very high when the topology #More precisely, the embeddingy-) is said to have distortion
dynamic. The overhead also grows superlinearly with the sigt mostc if there is ar € (0, 00) such that for allz,y € X,
of the network due to the increased length of the perimetemn(» ) < D'(f(x), f(y)) < erD(z,y). For ¢ = 1, the
The algorithm critically depends on correct perimeter nodémbedding is called non-contracting. Also, typically theget
information and at lower overhead may lead to a completedppaceX” is a Euclidean space with being thel, norm. In
distorted coordinate system. such cases we can talk about the dimension of the embedding
BVR [13] is intended for routing in sensor networks. Hergg pe the dimension ok .
the hop distances to beacon nodes directly form the virtualin the aforementioned framework, many graphio not
coordinates of a node, and the dimensionality of the coatein admit low-distortion and low-dimensional embeddings gimu
space corresponds to the number of beacons. The setiffeously. There has been a significant amount of effort in
beacons is randomly chosen and does not change unlesgagsifying the distortion and dimension of specific classe
beacon fails. As in [12], greedy forwarding over the virtugf graphs (see Table 8.5.1 in [8]). This leads to the notion
coordinates is used as routing scheme. A distance metrig{igt in general graphs are not “embeddable&, do not
defined that takes into account that greedy routing in th@mit low-distortion embeddings in low-dimensional space
direction of a beacon is more likely to lead to the destimatiaviore recently, an alternate question was posed in [18], vhic

than routing away from a beacon (explained in more detail jftroduced the notion oflack in embeddings. Slack allows a
the simulation section). In case of a dead-end, a small scope

flooding is initiated to find a node that again provides greedywe interchangeably use the term graph for a finite metric space

II. RELATED WORK



small fraction of the distances to be arbitrarily distortetiile (X, D,), for which we would like to maintain an embedding
the others are guaranteed to have a much smaller distortig{(.). We define the embedded distance betwegandz, at
In particular, [19] showed that every finite metric space ban time ¢t asd, = D'(fi(x1), fi(z2)).
embedded into §, space with constant dimensi@(logQ(%)) What is a good dynamic embedding? For obvious reasons,
with constant distortionO(log(1)), if a fraction ¢ of the we would like the dynamic embedding(.) to be a faithful
distances in the original space can be arbitrarily distbrterepresentation ofX, D;) for every timet. However, this is not
However, the distortion may not be uniform across nodesufficient for our purposes, because it does not say anything
Therefore we need a stronger notion of slack caliedform about the evolution of the embedding over time. For example,
slack which means that for every poini € X, at most even if the metric spacéX, D;) were fixed over time, the
fraction e of its pairwise distances can be arbitrarily distortecembedded coordinates might fluctuate, provided the disganc
Embeddings with uniform slack is also explored in [19].  d}(.,.) remain stable. This is undesirable, for the following
One of the main techniques in embeddings with slack is tiheason.
use of a constant number of beacons for the embedding. Suchn our setting, although the graph changes over time, it
an embedding is based on triangulatiom,, reconstructing tends to change slowly. For example, two nodes that are far
the distance between two non-beacon points from their knowpart at time: are unlikely to be very close a short time after
distances to a set of beacons. Clearly, for points that asecl ¢, and vice versa. This is a result of physical constraints on
to each other, this can cause arbitrarily large distortitence, node mobility processes (nodes cannot jump from one place
these pairs of points are counted towards the uniferistack. to another), and the fact that channels between nodes btrong
The notion of slack is inherently useful for embeddings afepend on geography, as explained above.
wireless network graphs. This is because a small number ofTherefore, the distancel; change slowly over time, with
edges suffice to transform a graph admitting a low-dimerdiorithe largest relative changes concentrated on short diesfanc
embedding into a graph that does not. The randomness in nddie stable embedding problem amounts to maintaining a
locations as well as mobility and channel uncertainty (fgjli dynamic embedding such that (a) the instantaneous distance
can easily perturb the original geometry enough to make thg.,.) are close to the real distancéx(.,.) for everyt, and
graph difficult to embed completely. However, our intuitisn (b) the coordinated,(.) of the embedded space changes as
that for wireless graphs, even though local geometry idyeasslowly as possible.
perturbed through these sources of randomness, at larigs sca A stable embedding in our context is important for the
this would matter much less. Therefore, slack eliminateseso following reasons. A geo-routing algorithm has to be paired
of the local behavior, and allows to embed the larger-scaldth a location service in order to be able to deliver message
distances into a low-dimensional space with low-distartioto particular nodes (or information items), rather than &o-p
We also use this principle of slack in Section V, where wicular locations. A location service is essentially a mlistted
develop routing algorithms. database that maintains the location of every node in the
We also note that graphs that do not possess lowetwork. The database has to be updated when the location
dimensional embeddings can arise even without channetund¥ a node changes. Suppose we have a notleat does not
tainty. Specifically, it is possible to construct unit-digkaphs move, but whose coordinates in the embeddjitg) change
(UDG), where an edge between two nodesnd v exists if over time; then updates would have to be generated contynual
and only if|| X, — X, || < 1, for which no low-distortion, low- for this node, resulting in overhead. A stable embedding
dimensional embeddings exist [20]. However, these requiminimizes this overhead.
specific node constellations that occur only with very low A slightly different approach eliminates the need for loca-
probability in a random realization of node locations. Henction updates by merging the location service into the ragutin

these constructions are mostly of theoretical interest. protocol. In this approach, a message starts out with an
imprecise estimate of the destination’s location. It thefines
A. Sable Embedding of Connectivity Graph this estimate as it travels through the network. It has been

We have discussed above the classical embedding probf@igWn that it is sufficient (depending on the mobility prages
of a metric spacéX, D) into another (usually normed) SpaCéhat each node remembers when and_at what location it was
(X’,D') through an embedding functiof : X — X' last a neighbor of every other node. This approach, callet La
and the associated metrics for the quality of the embeddifgcounter Routing (LER), amounts to the message traveling
(stretch, slack}. We now introduce a novel aspect of thdowards past Ioca_lt|ons of the destination. If LER operates o
embedding problem discussed in this paper: maintainingeﬂ‘bedded coordinates, then a stable embedding ensures that
stable embeddings of a dynamic graph. these past locations are close to the current location of the

Indeed, the connectivity graph of a mobile wireless netwoﬂgstmation. Even though there is no need fgr Iogation gsat
changes over time because of node mobility and chanrﬁ'@:lLER' an unstable embedding would manifest itself through

uncertainty. We can view this as a dynamic metric Spagécreased route_ cos_t, ilS the message would frequently move
in the wrong direction”.
2We discuss other metrics from the field olltidimensional scaling in This illustrates that stable embeddings are important to

[21]. minimize overhead in the context of geo-routing. Therefare



this paper, our goal is to develop a distributed algorithit th pine determined by th?(eacons ;

computes faithful and stable embeddings for slowly chaggin € e Simensionah ossible embbeddings

h Bl i ¢ ofnode a
grapns. . ) i Possible embbeddings
In summary, the results on graph embeddings provide Y of node b (neighbor of a)

important insights for the design of the algorithms in IV and ’ﬁ o § Possible embbeddings
In the presence of mobility, designing a beacon management i of node ¢ (far apart from a)
method that produces stable embeddings is challengingk Sla

; ; ; ; .1. Nodes a and b are neighbors, while node c is far away both. The
is an important concept for embeddings of wireless grapEv% optimal positions of node a and b are close. In the worst,aand b are

since there are low probability events that can signifigantpjaced on opposite sides of the plane and the relative esrapproximately
deteriorate embedding performance. In Section IV we egplot over the distance between these optimal positions. ¢ bdimeg further

methods that do local operations to account for such inaecu?part, the relative error in the distance is small. B1,B2 aBdaB beacons.
cies. There is always some degree of distortion in embedding
and routing protocols need to take this into account. To t
end, we propose a randomized algorithm scheme in Sec
V.

r}'ﬁe M-dimensional space. The relative error in the distances
t@é}ween non-beacon nodes is bounded by the variance in
higher dimensions for nearby nodes, and becomes negligible
V. EMBEDDING ALGORITHM for nodes far apart. An illustrative example whe¥es inher-

In this section, we describe our distributed probabilisti%ntly 2-dimensional with low variance in the third dimension

beaconing (PB) algorithm. We first provide some intuition ohs shown in Figure 1.

the design of the algorithm, motivated by the discussiomén tB. Dealing with Dynamic Graphs

previqus_ section.'We then formally define the algorithm and ypger mobility and channel uncertainty, large scale dis-
explain its operation through an example. tances remain relatively unaffected over short time scaliés

A. Embedding Heuristic exploit this slow evolution by updating the embedding in a

o ) . lazy manner, but giving up on short distances. Specifically,
The basic idea of our algorithm is to use random beacops, propose to use a sliding window mechanism to update

as anchors of an embedding. The algorithm is specificalife empedding in the face of graph dynamics. Every time the
designed to maintain a stable embedding when the gragliance to a new beacon is learned, the oldest distance is
changes over time, ar.1d to combine global beaconing Wiffyqyn away. By only changing one of the beacons at a time,
local correction operations to restore local geometry as e coordinate system cannot change drastically as the othe
as possible. ) L ] beacons remain fixed. Always choosing new random beacons

We now describe the heuristic for a nodeto compute onq res that we are not dependent on the initial choice of

its current embedded position; for an embedding iNM  peacons. A new random choice at every iteration guarantees
dimensions. We assume that a nadkas information from , good performance on average.

a setB of beacons for which it knows both its graph distance \ye include an additional mechanism to stabilize the em-

hp,, Bi € Bandzp,, the embedded coordinates of the beacqil,jqing. To make the embedding locally consistent, nodes

By € B. From this, the node attempts to find its embeddegkiimate their distances to the beacons as the averageirof the
coordinatesr; using the following criterion. observed distance and the observed distances of theirame-h

. hg — ||z — @ 2def .op N 1 ne|ghbors_. The underlymg !dea is that_when a node moves into

o Z (e, = [lz: = w5 ] nzgn (i) @) a new neighborhood, its distance estimate should be close to

the distance estimates of its new neighbors. Local coherenc

h(-) is a non-convex function. Suppose nadeows its graph forwarding decisions are local.

distance to a set of beacon nodBs= {Bi,...,B}. An o _

iterative heuristic to solve (1) will update the positian of C. Formal Description of PB Algorithm

node: by moving it towards or away from the beacons. This At every time stepk, a new beacon node is randomly se-

is reminiscent of stochastic proximity embedding (SPE).[22lected. This beacon floods the network with a control message
If the wireless connectivity grapldis were perfectly em- through which each node learns its shortest-path distamce i

beddable in two dimensions, and given the positions adgto the new beacon.

the shortest path distances to at least three beacons, th@ur heuristic updates nodis embedded positiom;, by it-

positions of all other nodes would be uniquely determinedratively minimizing the criterion given in (1) using a great-

In reality, we expectG to be low dimensional only within descent technique. Nodes know their Euclidean distance and

some slack. Therefore,G requires an embedding dimensiorgraph distance to beacons and consequently new beacons

of at leastM = 2, with a small incremental benefit for higher-can be chosen with a higher probability if they are well

dimensional embeddings\{ > 2). In the PB algorithm, after embedded with respect to already existing beacons. Adding

the flooding of the third beacon, this manifests itself by theew beacons will push nodes out of local minima. To increase

nodes clustering close to a two-dimensional hyperplane time probability that neighbors have similar coordinateg. (o

‘ BeB



move to the same side of the plane in Figure 1), the input
hop-distance to the algorithm is the average of a node’s and
its neighbors’ hop-distances.

At every timek, a randomly selected beacd#,. floods the
network with its virtual position:cg“]j, where the superscript
indicates the time-index of the coordinate. All other nodes

in the network obtain their hop distance, moximity, P;(k)

to By in this way. We initializexgg with a random M- Output of first LL Output of second

dimensional vector. iteration (average of O ) iteration (average of L1 )
Nodes have a buffer in which they store their proximities

(hop-distances) to thé last beacons as well as the virtual L.’-?;f.f,_

positions of these beacons. Let us da(lk) the set of theh Position caleulated P

last beacons at timg, and P;(k — [) the proximity of nodei in step 1 L Values of x

and beacorB;,_; at timek — [. Let E;; = ||z; — z;|| denote

the Euclidean distance between nodeand j with positions

z; andz; (in the virtual/embedded space) aid the one-hop Fig. 2. Two iterations of the PB algorithm in 2 dimensions. Tede

neighbors of.. The probabilistic beaconing algorithm is showrmrojects itself on a hypersphere of radibg around every beacof.,. The

in Algorithm 1. Nodes temporarily store a vector containing‘p“t to the next iteration is the average of these projastidhis implements
T . gradient-descent minimization 6f{-) defined in (1).

the average of their distances to the beacons and the disténc

their one-hop neighbors to the beacons. Then, nodes vtelsati

project their position on a hypersphere around every beaco

. . ) . s nl'he first mechanism is based on the principle of slack
of radius equivalent to the previously estimated dlstahceinéroduced in Section Ill, which showed that the largest

to that beacon. The input to the next iteration is the avera8|stortion of the distances occured in the local neighboeho

of the projections. Figure 2 illustrates two iterations bét . ) .
gradient-descent algorithm in a two dimensional space wi?-ﬁ) overcome these errors, the |_d<_ea Is that every node Ca.d' buil
three beacons. a Ioca_ll routing table that is sgfﬂmently large to overcor’_nest
local inaccuracy of the coordinate system. Therefore, i@ s
Algorithm 1 Probabilistic beaconing of the slack is related to the size of such a local routingetabl

1 At time k obtain distance?; (k) of vertexv; to beacons, Alternatively one can use Biased Random Walk (BRWalk)

2. Adjust distances to beacons, averaged over neighborho&gPlained below. BRWalk is designed for coordinate system
Foru—0tob—1 which are slightly inaccurate, such as the one obtained with

N PB or noisy samples of real coordinates in a dense network
1 (e ().
Seth (k) = NG [+1 (ZjeNi Pj(k —u) + Pi(k “)) (without large voids). It trades off path length for robieta

end by not trusting the coordinate system completely. In BR-
3. Local optimization Walk, the next hop is chosen randomly among all neighbors.
Starting point is center of mass of node neighbors By introducing randomness into the routing decisions, we

T =t (Zje/\/i g;;k) + xEk)) tolerate some “wrong” forwarding decisions which on one
Repeatll’ times hand increase th_e path_length bu.t on the other hand aIIovv_ to
x-w  transparently avoid getting stuck in a dead-end. Nodestwhic

_ ~ L r—x
T = %Zzzgx + (hu(k:) — ||z — xg‘kj) ) Wcﬂ% are geographically closer to the destination than the nurre

kau‘

node have a higher probability of being selected as next hop,
end o ,
- but going “backward” and loops are not excluded. In order to
4. Update position I o .
(k1) reduce the probability of visiting the same node severatsim
Setz; " one can store a constant size list of the last visited nodds an

reduce the probability of returning to these nodes.

Assume a sourcehas a packet for a destinationFor every

V. ROUTING ALGORITHM node;j € N, s computes the difference between its Euclidean

As we have explained, geometry plays a role for largdistance to the destination and the Euclidean distance aé no
distances, such that a small number of beacons are sufficiéf@ the destinatiom\; = E; — Ej;. Then, the probability of
to embed at a low distortion and roughly place nodes at tlkboosing nodg as a next hop is given as = %.
correct location. To accurately embed short distancestipra Additionally, if the packet can hold the identifier of the tlas
cally every node would have to be a beacon and the dimensiomops in a variableath, one can modify the probability of
of the embedding would be much higher, which is not wisiting a node which occurs several times in the pagh
desirable property for an embedding algorithm. We propose
two local mechanisms to cope with these inconsistencies in o f(Aj, path) @)
the coordinate system. Pi= > wen, f(Ax,path)




One possibility is to setf(A;, path) = P;—f where o is a and in turn to very poor performance with the random channel
parameter determining the “greediness” of the routing and model, especially in mobile scenarios. By default, we cdersi
is the number of times nodg¢ appears inpath. Note that 20 perimeter nodes. Unless stated otherwise, we consider a
whena — 0, the routing algorithm simply performs a randommetwork of sizeS = 30 with N = 1500 nodes withA = 10
walk and that wherm becomes large enough, BRWalk routingand an expected communication range ef 1.5. As a general
is equivalent to greedy routing (in this case the&h is not rule, we allow an overhead of 10 messages per node to build
taken into account). The next hop is a sample drawn accordithg embeddings per round (10 averaging steps for NoGeo, 10
to the distribution given in (2). Note that in this routingbeacons can flood for BVR and PB). In BVR the dimension
algorithm, packets need to have a time to live (TTL) fieldpf the embedding is equivalent to the number of beacons. To
as in the worst case, with low probability they might nevemake the comparison with PB meaningful, we use the same
reach the destination. We consider that a small percenthgedimension of embedding for PB and BVR and 2 for NoGeo.
lost packets is acceptable if it allows us to consideraldiyice  We also useé = 20 for PB. The dimension of embedding
the overhead. can be considered low if it is constant add < N, where

N is the number of nodes. The dimensidtf set to 20 by

VI. SIMULATION RESULTS default for PB and BVR.

In this section we evaluate our algorithms through a series
of simulations using a custom discrete time simulator. B8V g performance Metrics
round, nodes first move, then update their positions, and the
communicate. A node can communicate with any other node\Ve evaluate embedding algorithms according to the follow-
in the network during such a round, potentially over muipling criteria:
hops. We assume for simplicity that there is no packet loss atl) Distortion: Given two nodes and;j with virtual coor-
the MAC layer. dinatesz; andx;, we define the multiplicative distortion as
M wherer;; denotes the shortest path distance in the
conﬁectivity graph betweenand ;.

Our embedding algorithm is designed to cope with long 2) Greedy Routing Success Rate (GSR): The fraction of
term fading rather than with short term fading. Conseqyenthaciets that reach their destination by making only local
we consider that nodes can move but that the channels, whighyarding decisions based on the coordinates of the nodes
are determined by the environment, do not change over timg-the neighborhood and the position of the destination. For
The network model we use therefore consists ofSam S pp and NoGeo, we use classic greedy routing which forwards
grid of locations. Every location can be occupied by none, o packet to the neighbor closest in Euclidean distance to the
or several nodes. The channel existing between the lostiRysiination. For BVR, we use both greedy routing and the
is drawna priori. Hence, if a node occupies a locatiot,  yquting algorithm proposed in [13], here called “BVR greedy
and another nodg occupies a locatior,, these nodes will ang “BVR”, respectively. For the latter, the distance bave
be directly connected through an edge;j) if a link exists o nodesp andd is given by A5+ + 6, wheres+ (p, d) =
between the two locationg and . In our simulation we S maz(p; — d;, 0) andé~(p,d) = 3 maz(d; — p;, 0). Index
consider that every location picksother locations according ; corresponds to theé coordinate. As in [13], we set weight
to an exponential distribution with meanfor the distance 4 — 10 and take all beacons into account. The neighbor that
and at angles chosen uniformly at random around itself fqinimizes this distance function is chosen as a next hop.
connect t6> Note that this is not a unit disk graph model 3) Path Sretch: The path stretch is the ratio between the
(UDGY*, and consequently routing algorithms tailored for thiﬁctual number of hops a data packet traveled from a source to
particular class of graph are not applicabég( planarization ¢ yestination and the shortest path distance in hops batwe

in [3]-[5]). To simulate node mobility, we use the randomhval y, ose 110 nodes. We only consider successful communication
(RW) model and the random waypoint (RWP) model. When L ) .

. . .4) Communication Overhead: We consider as overhead all
a node moves, its coordinates are rounded to the closest %I’Ié

A. Experiment Design

. packets that are not data packets. This includes the packets

location. We compare our approach with B.VR [13] and wit ooded by beacon nodes as well as the packets used to build

the averaging (NoGeo) approach proposed in [12]. For NoG(?o ; S
. ) . ¢al routing tables and the packets used in ring search.

unless stated otherwise, we consider that the perlmete&snoé) 5) Virtual i Thi ; how f d

as well as their positions are known. We made that choice ) Mirtual speed: This metric captures how fast nodes move

as applying the “perimeter node” criteria described in [12 the virtual coordinate space,e.the average Euclidean

led to a very large amount of falsely detected perimeter 510 istance between the virtual coordinates of nodes from one
round to the next.

3Channels are considered to be bidirectional, so that aitocathich is
“chosen” by another node can have a degree higher Xhavhile a node that C. Satic Networks
randomly picks several times the same location might have a eldgweer ’

than\. We bound connectivity ta\ locations for simplicity, and verified that In this section. we investigate the performance of PB in
the results are equivalent to an exponential distributieer @ll points. ’

4ln a UDG model, nodes andj with positionsz; andxz; respectively are StgtlF: networks both in terms of embedding quality and rati
connected if and only iflz; — ;|| < r, for a fixed communication radius ~ efficiency.



1) Quality of Embedding: In Figure 3(a), we show the when we increase the network size. A similar phenomenon
empirical cumulative distribution function (ecdf) of theulti- can be observed when the network area is reduced and the
plicative distortion in a fixed network size. It can be seest thnumber of nodes is kept constant. Figure 4(b) shows that
it is low with PB is low. This indicates that PB can efficientlyNoGeo and also BVR are severely affected by changes in the
capture the inherently low dimensional structure of wissle network diameter, while PB is relatively unaffected. lrasiag
connectivity graphs. Further, a small number of beacorficeuf the network size also creates voids in the topology as not all
to this end. One can also point out the fact that the slopeid locations are occupied anymore, which reduces the GSR
of the cumulative distortion curve with PB is almost verticaof real coordinates. This effect can also be seen in topetogi
which indicates a lower variance. It is interesting to ndtatt with obstacles (see Figure 4(c)). Note that the GSRs of NoGeo
the distortion of BVR is high, since nodes are spread out and BVR are fairly low since we limit all approaches to the
all dimensions. Due to the randomness of the channel, theame overhead to build the embedding and the convergence
can also be highly distorted distances with the real coatdin speed of PB is higher. Our simulations have shown that in
system €.g.,if nodes located in neighboring locations are natrder to reach the same GSR as PB, NoGeo and BVR need
connected directly). With NoGeo, the averaging procedare can overhead of up to 100 messages per node in this setting.
place nodes arbitrarily close or far apart so that a fraction b) Local Optimizations. As explained in Ill, small dis-
of distances are highly distorted. As shown in Fig. 3(bjances are hard to embed. As explained in Section V, allowing
the mean multiplicative distortion does not appear to gromodes to build local routing table of growing scope can
considerably with the size of the network. In addition, && increase the GSR and reduce the path stretch remarkably as
very close to 1 with PB, which tends to indicate that even thehown in Fig. 5(b) and 5(a), but the overhead to build the
additive distortion is small. A direct consequence will batt routing tables increases likewise.
geographic routing performs well on top of a virtual cooeta BRWalk allows to trade path length for overhead. In Figure
system built with PB, independently of the size of the nelwor5, we show that for a sufficiently high value of the parameter
(see Section V), the stretch can be as low as 2 while the GSR
reaches 100%, which is similar to the one obtained with local
routing tables at no cost in terms of overhead. This shows
that when a good next hop is available that is much closer
to the destination than the current node, this node should be
chosen. In other words, if we make a big progress in Euclidean
space, we should trust the embedding. On the other hand, when
no such node exists, a next hop should be chosen randomly.

(a) Multiplicative distortion  (b) Mean rrllult_iplicative distortion ver- This result also suggests that there are small errors in the
sus network size embedding. The ordering with respect to a target node ofsiode
Fig. 3. Cumulative Qistrik_)ution function _of multiplicativastiortion for 2000 embedded nearby can be perturbed. In turn, this phenomenon
_nodes and mean distortion as a funct_lon _of number of nod_es. Wheen Weads to wrong forwarding decision. Introducing randorsnes
increase the number of nodes, we maintain a constant densi?y nafdes
per grid location. in the forwarding decisions appears to be an efficient way to
mitigate the effects of such disorderings.

2) Quality of Routing: We will first investigate the per- ,
formance of greedy routing on top of virtual coordinat®- Mobile Networks
systems in a static setting. In particular, we will focus bat Here, we study the behavior of embedding algorithms when
performance of the algorithms in networks of increasing sizthe wireless connectivity graph is dynamic because of node
networks of increasing node density and in inhomogeneommbility.
network topologies. We will also investigate local optiatipn 1) Quality of Embedding: In mobile networks, we measure
mechanisms to improve the quality of routing. the quality of embedding by looking at the average virtual

a) Scalability, Density, and Inhomogeneity: Increasing speed of nodes in the virtual coordinate system. Only aicerta
the size of the network while maintaining a constant dergdity amount of “fresh” distance information is injected per rdun
2 nodes per grid location has the effect of introducing largén this case, the embedding is partly built based on outdated
distances in the topology. The overhead per node alloweddistance information. The virtual speed with PB is of the sam
build the embedding is kept constant. A consequence istthabirder as the real speed of the nodes. The sliding window
PB and BVR, the beacons are spread out. We show in Figunechanism mitigates the effect of injecting new distances
4(a) that this affects the GSR of PB only marginally. On thehile the averaging mechanism mitigates the local incalee
other hand, a clear effect can be seen with NoGeo as the natd¢he coordinate system. Again, we assume that for NoGeo
positions depend on the position of perimeter nodes and therimeter nodes are given, since the perimeter node dmtecti
averaging takes more time to reach the center of the netwopkocedure in [12] (a node is a perimeter node if it is further
A direct consequence of the way the BVR embedding is budtvay from a beacon node than all of its two hop neighbors)
is that is is easier to route toward beacons. Indeed, one deads to a large number of false positives and ultimatelyr¢o t
observe that the GSR decreases remarkably with this agproaollapse of the coordinate system. In Figure 6(a), we shaw th
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a memory of 20 hops, as explained in Section V.

GSR as a function of network size, node density and eurbobstacles (randomly placed straight walls of lengthTé)e overhead allowed to

higher GSR than with real coordinates can be obtained. There
is an interesting trade-off between stability and GSR. Tleem
fresh information is added to the embedding, the more it move
but the better the GSR. In a static environment, BVR is more
stable since the beacon nodes never change, but the GSR of PB
can still be up to two to three times higher than that of BVR,
depending on the number of beacons. In a mobile environment,
however, PB is both more stable and more efficient in terms
of GSR. Note that the GSR of NoGeo decreases because new
perimeter nodes are selected continuously, and the catedin
averaging does not manage to propagate through the network
sufficiently fast to keep up with the new information.

b) Reliable routing: We now investigate reliable routing
under mobility. When a packet is stuck with greedy for-
warding, a ring search is started until a node closer to the
destination is found for NoGeo and PB. For BVR, we use
Ane recovery strategy proposed in [13] which routes a packet
toward the beacon closest to the destination. If along the wa
the packet reaches a node which is closer to the destination
than the dead-end, greedy mode is resumed. Otherwise, a

average virtual speed of nodes when the nodes move according search is started from the beacon. In Fig. 7, we are
to the RW and RWP model with a speed of 1.
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number of iterations to update the coordinate system betweery move

interested in how the communication overhead to achieve
reliable communication scales with the size of the netwidr.
allow only a fixed overhead per node to update the embedding
in every round, and consequently the embeddings will be
based on outdated distance information. In Fig. 7(a), it can
be seen that reliable communications are less costly insterm
of overhead with PB than with the other approaches. Note that
the overhead with real coordinates remains low as there is no
additional cost to update the real coordinate system. Tpe ga
between the different schemes grows as the size of the networ
increases. Fig. 7(b) and Fig. 7(c) give us some insight. én th
former, it can be seen that the number of dead-ends per packet
sent remains very low with PB. In the latter, it is shown that

2) Quality of Routing: Second, we analyze the quality ofwhen such a dead-end occurs recovery is cheap. Indeed, on
routing in a dynamic setting.
a) Instantaneous GSR: We investigate the performanceto find a suitable next hop. With the other approaches, the

average a node only needs to search its two hop neighborhood

of PB when we limit the number of iterations to update theumber of dead-ends per packet increases with network size
algorithm in every round. Figure 6(b) shows that as few as& well as the search radius necessary to find a next hop. It is
iterations are sufficient to obtain a high GSR. For the sake also worthwhile to note that the path stretch with PB remains
clarity we only show the results for the RWP as the RW resulisore or less constant. These are indicators that the qulity
are very close. It is remarkable that even under mobility the embedding and its stability do only scale well with PB.
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