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Abstract— In this paper, we present BIONETS, a novel bio-
inspired approach to the designof localized servicesin pervasive
communication/computing envir onments.Conventional network-
ing approachesare not suitable for such scenarios,where they
face thr eemain issues:heterogeneity, scalability and complexity.
Our solution draws inspiration fr om the living world, in terms of
(i) evolutionary paradigms able to dri ve the adaptation process
of autonomic services (ii) social paradigms for the provisioning
of the necessarycooperation mechanisms.The net result is the
intr oduction of autonomic self-evolving services,able to adapt to
localized needsand conditions while ensuring the maintenance
of a purposeful system.Such systemrequire a scalablesupport
fr om the communication standpoint. In networking terms, this
results in the intr oduction of a two-tier architecture, based on
localized opportunistic exchangesof information. The presented
approach is able to achieve better scalability properties when
compared to more conventional communication approaches.

Index Terms— pervasive communication, bio-inspired solu-
tions, sensornetworks, opportunistic communications,relay pro-
tocols

I . INTRODUCTION

One of the major trendsin the communicationand com-
puting �elds is relatedto the arising of pervasivecommuni-
cation/computingenvironments, characterizedby anextremely
large numberof embeddeddevices[1], [2]. Suchdeviceswill
possesssensing/identifyingcapabilities,makingit possiblefor
user-situatedservicesto interfacedirectlywith thesurrounding
environmentand thus entailing the possibility of introducing
radically novel services,with a major impact on the way
people-technologyinteractionsareconceived today.

These pervasive communication/computingenvironments
presentsthreemainchallengesto theconventionalnetworking
approaches:heterogeneity, scalability and complexity.

First, heterogeneitycomesfrom the observation that there
will be a huge differentiation in the devices forming the
future ubiquitousnetwork. Indeed,we are facing,on the one
hand,the diffusion of complex portabledevices with a large
amount of unusedprocessingpower (e.g., laptops, PDAs,
smartphonesetc.). On the other one, thereis a technological
trend toward the embeddingof miniaturized devices with
sensing/identifyingand basic communicationcapabilitiesin
the objectssurroundingus in our everydaylife. The Internet
paradigm,basedon a “one size �ts all” concept,�ts badly
into suchheterogeneousframework. We henceproposeto split
the nodesof the future pervasive communicationenvironment
into two categories, basedon their technical features,with
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different logical roles in the network. The resultingnetwork
will presenta two-tier architecture,basedon the distinction
betweencheap, tiny sensornodes (called “T-Nodes”) and
powerful, complex, mobile devices (termed user nodes or,
simply, “U-Nodes”) [3]. The �rst ones have very limited
communicationcapabilities,andcouldnot possessa complete
protocol stack. They are used to sense/measurea physical
phenomenon,and transmitsuchinformation to the interested
U-Nodes.No communicationamongT-Nodesis encompassed,
so that, with respect to the conventional sensornetworks
approach[4], we are freeing the sensorsfrom the burden
causedby store-and-forward operations,allowing for smaller,
cheaperand longer-lasting devices. U-Nodescan “poll” the
nearbyT-Nodesandcommunicateamongthemwhenthey get
into mutualcommunicationrange.

Second,the end-to-endparadigmtypical of Internet-based
communications,although having successfullysurvived the
last30years,suffersfrom insurmountablescalabilityproblems
whenappliedto large-scalewirelessenvironments.This is the
lessonthat can be learnedfrom the seminalwork of Gupta
and Kumar on the capacity of wireless networks [5]. Sub-
sequentworks have further investigated the topic, achieving
the conclusion that the imposition of a strict connectivity
requirementmay negatively impact the network capacity[6],
[7]. Furthermore,it has been later shown by Grossglauser
and Tse that it is possibleto obtain a scalablenetwork by
dropping the connectivity requirementand exploiting nodes
mobility to convey information [8]. In this paper, we present
two mechanismsaimedat improving network scalability. The
�rst oneworksat theU-Nodeslevel, andexploits themobility
of devices to convey information.No network connectivity is
requireda priori , andthe resultingtopologyis an archipelago
of connectedislands of nodes. Information is exchanged
locally in a peer-to-peer fashion through single-hopbroad-
casting,and is diffusedby (i) local relayingof packets (as in
conventionalMANETs [9]) (ii) opportunisticexchangeswhen
mobile devices comeinto mutual communicationrange[10].
All communicationsare local in nature,and such localized
exchangesof information substitutethe end-to-endconven-
tional communicationapproach.As a consequence,there is
no needfor bothaddressingandrouting.All theoperationson
informationexchangeswill be driven locally by the services.
The secondmechanismexploits the locality (in both space
and time) of information coming from the environment.The
basicconceptis that dataoriginatingfrom sensorsloosetheir
usefulness(i.e., informationcontent)assoonasthey spread(in
both time andspacedomain).In otherwords,by transmitting
sensors-gathered information in an end-to-endfashion we



2

would overload the network with datacarrying a potentially
low information content. We proposea mechanism,called
Information Filtering, which reducesthe overheadof data
packets with low information contentby �ltering the packet
�o ws basedon their ageandtraveleddistance.

The third issueis complexity, relatedto the needof con-
trolling andmaintainingthe network functionalities.The �rst
problemherecomesfrom the disconnectednatureof network
operations.In this case,indeed,conventionalcentralizedsolu-
tions cannotbe applied,andwe needto resortto a distributed
managementparadigm.On theotherhand,we arein thepres-
enceof a systempotentiallycomprisingbillions of interacting
nodes.This impactsboth thecomplexity andthescalabilityof
thecontrolmechanismsthemselves(in large-scalesystemsthe
amountof regulationneededusuallyincreasesasa superlinear
function of the numberof nodes).Handling the complexity
of the resultingnetwork is thereforea challengingtask, that
requiresa non-conventionaldistributedapproach(alsoin view
of the necessityof supporting disconnectedoperations)to
network management,ableto organizethecomplexity of such
environmentsinto a purposefulsystem.To do so, we needto
de�ne a framework for providing stableoperationsandservice
managementfunctionalities(i.e., con�guration, performance,
accounting, fault and security) in a fully distributed and
decentralizedway. Given the unfeasibilityof the conventional
centralizedapproaches,a possible solution is to resort to
self-managing“autonomic” systems[11]. Thesesystemsare
inherently self-con�guring, self-optimizing, self-healingand
self-protecting;further, such featuresare achieved in a dis-
tributedscalableway. While autonomicityhasbeenproposed
as the possibleparadigmfor next-generationcommunication
systems[12], thereis no commonagreementin the scienti�c
community on how to build systemsable to presentsuch
desirableproperties.In our networking framework, services
are user-situated.We can exploit this fact, togetherwith the
observationthatall network operations(e.g.,information�lter -
ing anddataexchanges)arein chargeof the runningservices,
to re-conducethe problemto the identi�cation of a suitable
approachfor enabling autonomicservices.Abstracting, we
needto introducea distributedmechanismableto predictand
control the behavior of a large-scale,complex, heterogeneous
system.Our approachdraws inspirationfrom theliving world,
since naturehas beenconfrontedwith (and successfullyre-
solved) the problemsof scale,complexity and diversity for
a rather long time. In particular, we envisageadaptationby
evolution, the way organismsevolved in nature,asa possible
paradigmfor the introductionof autonomicservices.Without
going into the details, which are out of the scope of the
paper, we canbuild a one-to-onemappingbetweenbiological
entitiesand their technologicalcounterparts,and introducea
distributedframework for serviceevolutionableto mimic what
happensin the living world [13]. In such framework, a key
role is playedby cooperationandtrust/reputationmechanisms,
which will be built aroundparadigmsfrom the social world.
The result is what we call BIONETS, i.e., a network that
looks like a living ecosystem,whereservicesplay the role of
organisms,evolving andcombiningthemselvesto successfully
adaptto theenvironmentalcharacteristics(comprisingnetwork

topology, servicedynamicsetc.).
Looking at this from the communicationpoint of view, the

resultis a simplesystem,basedon a two-tier architecture(i.e.,
the U-Nodesplaneand the T-Nodesone) where information
spreadsaccordingto theusermobility patternandis �ltered to
preserve thesystemfrom over�owing. In this paper, we detail
such network architecture,called SOCS (Service-Oriented
CommunicationSystem), and evaluate its performanceby
meansof a suitablestochasticmodelof thesystemoperations.

The remainderof this paper is organized as follows. In
Sec.II we introduceanddetail the SOCSarchitectureandthe
information �ltering mechanism.A simple stochasticmodel
for assessingnetwork performanceis presentedandvalidated
againstsimulationoutcomesin Sec.III. Sec.IV concludesthe
paperpointing out openissuesfor future research.

I I . SERVICE ORIENTED COMMUNICATION SYSTEMS

The devices forming future pervasive environmentsmay
communicateto each other, forming a large-scalenetwork,
whosespeci�c featuresarefar from thoseof existing models.
First, this network will comprisea huge number of nodes
andexperiencea potentiallytremendousamountof data�o ws,
raisingscalabilityissuesfor theunderlyingnetworking infras-
tructure.Further, thesescenarioswill becharacterizedby very
heterogeneousdevices,rangingfrom smallembeddedsensors,
TAGsandRFIDsto complex andpowerful mobilephonesand
laptops. Information will be gatheredfrom the surrounding
ambientthroughsensing/identifyingdevices,enablingcontext-
awarenessand interactionswith the environment.

Moreover, onekey requirementin conventionalnetworking
approachesis connectivity. In networks of wirelessdevices,
channelrandomnessand nodesmobility hurt the possibility
of getting an always fully connectedtopology [14], [15].
While network connectivity couldbeensuredby enhancingthe
transmissionpower of thenodes,sucha choiceis known to be
harmful for thescalabilityof network capacity[6]. A network
with better scalability propertiesmay be achieved moving
from a connectedtopologyto an archipelagoof disconnected
islands; nonethelessthis requires the introduction of novel
approachesfor supportingdisconnectedoperations.

Thesefactorscall for anovel approach,ableto overcomethe
limitationsof conventionalsolutionsto pervasiveenvironments
by graduallyshifting theend-to-endcommunicationparadigm
toward an autonomousservice-orientedmodel,realizingwhat
we call a Service-OrientedCommunicationSystem,SOCS
hereafter.

The SOCScommunicationmodel assumesservicesto be
at the hearthof the system,and assumesthe exchangesof
information to be driven by service requirements. Applica-
tions, running on usersportabledevices, will be augmented
by localized information originated from sensors,and by
opportunistic exchangesof information with other mobile
usersencounteredon-the-move. Without the notion of end-to-
endcommunication,the serviceis in charge of autonomously
de�ning theactionsto betaken,decidingwhich data,gathered
from sensors,should be relayedto other users,the usersto
exchangeinformationwith etc.
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A. A Two-Tier NetworkArchitecture for PervasiveCommuni-
cation Environments

The SOCS communication model is based on a two-
tier network architecture,as detailed in [3], where nodes
are divided into two broad categories dependingon both
(i) their functional role in the network (ii) the comput-
ing/processing/communicationcapabilitiesthey possess.The
�rst class of devices, the “T-Nodes” representscheap,tiny
devices suchas sensors,tagsand RFIDs. They possesssens-
ing/identifyingcapabilities,with smallor no computingpower
and a minimal communicationstack. In opposition to the
conventionalwirelesssensornetworks approach[4], they are
not requiredto perform store-and-forward operations,which
helps in keeping the complexity of the devices low and in
increasingtheir lifetime. T-Nodesdo not communicateamong
them,but just answerto poll messagessentby U-Nodeswhich
are interestedin getting the actualvalue of the random�eld
they aresensing.

On the other hand,U-Nodesare devices running services.
They presentcomputing/communicationcapabilities,are al-
most exempt from energy consumptionissuesand may be
mobile in nature.U-Nodesmay communicateamongthem,
but canalsocommunicatewith T-Nodes,readingtheir actual
value. They act both as “sinks” for sensor-gathereddata,as
well as sources/relays/sinksfor communicationamong U-
Nodes.With this division we are in somesensetaking to the
extreme the approach�rst introducedin [16], where nodes
heterogeneityis exploited,by meansof a device-awarerouting
algorithm,for enhancingthe network lifetime.

The communicationamong U-Nodes is basedon oppor-
tunistic localizedpeer-to-peerinteractions,as opposedto the
end-to-endsemanticsof standardInternetprotocols.U-Nodes
communicateamongthem(by meansof single-hopbroadcast
messages)just whenthey arein mutualcommunicationrange,
andwhenthe servicerunningon the userdevice requiresthe
interactions.Mobility of the devices is exploited to convey
packets, building an archipelagoof connectedislands.This
localizednatureof theinteractionmatchesthelocalizednature
of the information,which is augmentingthe servicesrunning
on the usersdevices. One of the main advantagesof such
localized communicationparadigmis that there is no need
for (i) a global addressingmechanism(ii) a routing mecha-
nism, thus lowering the complexity of the network manage-
ment mechanisms.The focus is indeed not on transmitting
information to a peculiar node (address-basedarchitecture)
but, rather, to all the devices running the sameservice in
proximity (localizedservice-orientedcommunicationmodel).
The describednetwork architectureis depictedin Fig. 1

Clearly, the applicability of the SOCSmodel is con�ned to
a classof servicesrequiringmassive amountof dataretrieved
locally andwith relaxed delayconstraints1.

Similar in spirit to our SOCSnetwork architectureare the
works �ourishing in theareaof delay-tolerantor opportunistic
networks [17], [10]. With respectto their approach,we are
not interestedin maintainingthe end-to-endnatureof com-

1We cannonethelessthink of a backbonenetwork that,whenpresent,may
provide shortcutsto addressremotelylocateddata/services.

Connected Islands

T-Nodes

U-Nodes

Fig. 1. The two-tier SOCSnetwork architecture.

munications,but, rather, in focusingon localizedinteractions
only. Common points with such approachesare the need
for disconnectedoperations,which are handled,at the data
transportlevel, by meansof a relay protocol.

Without assumingany backbonefor conveying high vol-
umes of data, information �o w is generatedsolely by the
physical movementof users,togetherwith the opportunistic
exchangeof data. Contextual information, which is gener-
ated from sensorsand representa key componentfor the
functioning of pervasive services,is also diffused by means
of the users' physical mobility. Clearly, this meansthat, for
ef�ciently running pervasive services,an adequatelevel of
usersmobility is neededin orderto provideaminimum�o w of
informationin theenvironment.Thecouplingof usersmobility
with theopportunisticexchangeof datais thereforeconsidered
as one of the key elementsto be evaluated in the SOCS
network architecture.

Moreover, as the number of sensorsembeddedin the
environment grows, there is the risk of an explosion of the
gatheredandexchangeddata.A mechanismis neededthat,by
exploiting theintrinsic locality of thecontextualdatagenerated
by T-Nodes,limits thediffusionandde�nesaninformationlife
cycle. We termthis mechanismInformationFiltering, andwill
be deeplyanalyzedin the next Section.

B. InformationFiltering: Principlesand Mechanisms

The SOCS approachtargets the scalability issuesat the
U-Nodeslevel. In pervasive computing/communicationenvi-
ronments,however, the numberof tiny devices with sensing
capabilitiesis expectedto be someorderof magnitudehigher
thanthat of usernodes.Thus,suitabletechniquesfor limiting
the diffusion of the datageneratedby T-Nodesis a primary
needto avoid network congestionandcollapse.

Information Filtering plays a central role in ensuringthe
scalability propertiesof our architectureand appliesto sce-
narios where sensorsare used to gather information from
the surroundingenvironment,asusually the casein pervasive
communicationenvironments.Considera U-Node that issues
a queryat time t from position(x; y; z), concerningthe value
of a given random �eld X . A nearby sensorwill answer
with the datameasuredat its location (x0; y0; z0) at time t0.
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Clearly, the larger the distancebetweenthe sensorand the
user, and the longer the time it takes for the packet to arrive
to the U-Node,the lower the usefulness(i.e., the information
content)conveyed by the data.Roughly speaking,the packet
would containinformationthat is of little relevancedueto its
low correlationwith the actualquery. From a sensor-centric
perspective, we may thensay that, for suchkind of data,the
informationcontentdecaysover both time andspace.On the
otherhand,from the userpoint of view, we de�ne a “sphere
of interest”thatsurrounds(again in time andspace)theuser's
device andde�nes the local environment.

To formalizesuchconcept,we considera stationaryergodic
random �eld X , de�ned on a suitable probability space
f 
 ; F ; Pg and taking values in a �nite set S. We denote
by � (�) the stationarymeasureof X over S. Devices with
sensingcapabilitiesare spreadin the environment and may
get a preciseestimationof the �eld X when asked to. Such
data is encapsulatedin a packet and broadcasted2. Now, let
us assumethat a sensorlocatedat (x0; y0; z0) takesa sample
of the �eld X at time t0. The value X (x0; y0; z0; t0) is then
coded, packetized and transmitted.From basic information
theory concepts[18], the minimum amountof bits necessary
to codethe dataequalsits entropy:

H (X ) = �
X

x 2S

� (x) log � (x): (1)

This appliesto theclassicalcommunicationcase,in which we
are interestedin a perfect reconstructionof the information
contentat the receiver side.However, considerthat thepacket
containingX (x0; y0; z0; t0) is received at (x; y; z; t), so that
the real information neededis X (x; y; z; t). Then, the actual
informationcontentof thedatapacket (andthenumberof bits
neededto encodeit) may be measuredin termsof the mutual
information [18]:

I (x; y; z; t; x0; y0; z0; t0) = H (X ) � � ; (2)

where � = H (X (x; y; z; t)jX (x0; y0; z0; t0)) . As time and
spaceshift increases,the datacontentbecomeslessand less
correlatedwith theinformationneeded,sothat� ! H (X ) and
the mutual information tendsto 0. This, in turn, implies that
the datapacket could be (ideally) shrinked as it travels over
time andspacewithout loosing,from thecommunicationpoint
of view, any informationcontent.The optimal codingscheme
would adjustthe datapacket length matchingits information
content.This optimal approach,while not practicallyfeasible,
would play a key role in solving the datascalabilityproblems
in massively densenetworks[5], [19]. We proposea simplistic
approximationof suchoptimalcodingstrategy, which consists
of droppingthe packet whenits informationcontent(in terms
of mutual information) falls below a threshold,set to (1 � " )
percentof the original information contentH (X ). This may
betranslatedinto aboundon theerrorprobabilityPe by means
of Fano's inequality [18]:

H (Pe) + Pe log (jSj � 1) � "H (X ): (3)

2Pleasenotethatwe do not considerschemesableto exploit theavailability
of side information,but assumeeachsensorcodesits dataindependently.

10

PSfragreplacements

�

�

Fig. 2. Model of the processX (�), sampledby the sensornode,asa two-
statesMarkov chain.

To show the functioning and effect of such information
�ltering mechanism,we considera simple two-statesMarko-
vian model for a sensorplaced at (x; y; z), as depictedin
Fig. 2. This binary model is chosenfor its simplicity, but
is still able to cover a rather wide rangeof applications,in
which sensorscontrol whether a physical quantity exceeds
a given threshold.Examplesmay include surveillance and
environmentalmonitoring,resourcesavailability anddomotic
applications.The processY(t) = X (x; y; z; t) takes values
in S = f 0; 1g and is characterizedby the transition rates�
and � . The limiting probabilitiesare (� 0; � 1) = ( �

� + � ; �
� + � ),

and we assumethat the time instantsat which the sourceis
read follow a Poissonlaw, so that Slivnyak's theorem[20]
may be applied.A simplecomputationleadsto the following
expressionfor the processcorrelation:

RY (t) = E[Y (t)Y (0)] = P[Y (t) = 1; Y (0) = 1] =

= P[Y (t) = 1jY (0) = 1]�� 1 =
�

�
� + �

+
�e � ( � + � ) t

� + �

�
�

�
� + �

:

(4)

Exploiting the binary nature of the process,we can then
computethe normalizedcovarianceof Y as:

� 1(t) =
RY (t) � � 2

1

� 1 � � 2
1

= e� ( � + � ) t : (5)

We assumethe processX to have a separablecorrelation
structure(in the time andspacedomain)[21], andassumeits
normalizedcovarianceto decayexponentially in space[19]
with intensity 
 :

� 2(d) = e� 
 jdj ; (6)

we have the following expressionfor the normalizedcovari-
ancefunction of X :

� X (d; t) = � 1(t) � � 2(d) =
��

� + �
e� ( � + � ) t � 
 jdj : (7)

From the normalizedcovariance,we can retrieve the expres-
sion of the mutual information,usinga result from [22]:

I (x + x0; y0; z0; t + t0; x0; y0; z0; t0) =

= � 0� 1� X (d; t) log

h
1 + � X (d;t ) � 0

� 1

i
�
h
1 + � X (d;t ) � 1

� 0

i

(1 � � X (d; t))2 +

+ � 2
1 log

�
1 +

� X (d; t)� 0

� 1

�
+ � 2

0 log
�

1 +
� X (d; t)� 1

� 0

�
+

+ 2� 0� 1 log (1 � � X (d; t)) : (8)
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As an example,we reportedin Fig. 3 the expressionof the
mutual information function in the case� = 0:0033, � =
0:0017, 
 = 0:0050, " = 0:2, which would representthe
actualratenecessary, at time lag t andspacelag d, to convey
the whole information content.Together, we also plotted the
actualapproachused,which transmitinformationat the “full
rate” H (X ) up to a distanceandtime dependenton the value
of " . The�gure is meantto provide a graphicalclari�cation of
the effect of the proposedschemein limiting the propagation
of low-informationdatapackets in the network.
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I I I . KEY PERFORMANCE CONSIDERATIONS IN SOCS

The Service-OrientedCommunicationSystemsarchitecture
outlinedin theprevioussectionaimsatproviding a �e xible and
scalablesupportto the deployment of pervasive services.In
orderto doso,two mechanismsareused.The�rst onediffuses
information by meansof localizedU-Nodesinteractionsand
device mobility. The secondone �lters the data packets to
ensuretheir informationcontentexceedsa given threshold.

Thecritical issueof thesemechanismsis their ability to pro-
vide a timely disseminationof the relevant informationwhile
at thesametime preservingnetwork scalability. In this section,
we will thus presentstochasticmodelsfor both information
diffusionthroughnodemobility aswell asinformation�ltering
in theabsenceof localizationdata.Particularattentionwill be
devotedto the caseof usersmoving accordingto the Random
WaypointMobility.

A. A StochasticModel for InformationDiffusion

We consider a network of N identical U-nodes, which
communicatethroughthe exchangeof messages. Two mobile
nodescan communicateif their mutual distanceis below a
giventhresholdR, termedthetransmissionrange.Thetime the
two nodesstaywithin mutualcommunicationrangeis assumed
to belong enoughto transmitthewholeamountof datastored
in each node. Further, we introduce a factor 0 < p < 1
which de�nes the probability that a communicationbetween

two nearby nodes is successful,and use it to account for
noise,interference,obstaclesandotherenvironmentalfactors.
The sequenceof meeting times is modeledas a stationary
renewal marked point processf (Tn ; � n )gn 2 Z over f 
 ; F ; Pg.
The pointsTn representthe time instantsat which two nodes
get in contact,while the mark indicateswhich nodesget into
mutual communicationrangeand takes the form � n = (i; j ),
i; j 2 1; : : : ; N . In the following, we will assumethe marks
to be independentand identically distributed.

We assumea simple stochasticmodel for the spreading
of the information [23]. Given a populationof size N , we
assumethat at time 0 one “infected” node shows up (this
correspondsto the reading of a sensor)and, consequently,
(N � 1) “susceptibles”(i.e., which have not got the message)
nodes are present.Once infected, a node remains in the
infected state,and we assumethat, in any time interval h,
any infected individual will infect a susceptibleone with
probability

Rh
0 f (h)dh + o(h), f (�) being the probability

densityfunction of two distinct usersinter-meetingtime (this
correspondsto theprobabilitythatthetwo nodesgetin touch).
We denoteby Z (t) the numberof infectedindividualsat any
time t, correspondentto the numberof copiesof the message
(including the original one) presentat time t in the network.
From the assumptionsmadeon the model,f Z (t); t � 0g is a
semi-Markov processover thestatespacef 1; : : : ; N g. Further,
due to the persistenceof infections, the underlying Markov
chain hasan absorbingstateat N (fully infectedpopulation,
i.e., messagebroadcastedsuccessfully).

In order to assessthe performanceof the relay protocol,
we needto solve the transientof the semi-Markov process.
We denoteby  i;i +1 the time it takes to passfrom state i
to statei + 1, and denoteby 	 �

i;i +1 (s) the Laplace-Stieltjes
Transform (LST) of its probability density function. Since
the  i;i +1 are independent,the LST of the time neededfor
reachingstatek = 2; 3; : : : N , � k , is:

� �
k (s) =

k � 1Y

i =1

	 � (s) i;i +1 : (9)

The probability density function of � n can then be retrieved
by inverting numerically (9) [24]. We can also retrieve the
probability that at time t therearek copiesof the messagein
the system,pk (t) = P[Z (t) = k], k = 1; : : : ; N . This can be
doneby noting that:

pN (t) = P[� N � t ];
pN � 1(t) = P[� N � 1 � t ] � P[� N � t ];
...
p2(t) = P[� 2 � t ] � P[� 3 � t ];
p1(t) = 1 � P[� 2 � t ]:

(10)

Denoting by L [�] the LST operator, since L [P[� k � t ]] =
� �

k (s)
s , andconsidering� �

1(s) = s, wehavefor 1 � k � N � 1:

P �
k (s) =

� �
k (s) � � �

k+1 (s)
s

; (11)

where P �
k (s) = L [pk (t)]. Numerical inversion may then by

appliedto obtainpk (t).
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Fig. 4. Markov chainmodelfor the numberof copiesof the messagein the
network, Z (t ), in the caseof nodesmoving accordingto a randomwaypoint
mobility model.

B. A SpecialCase:RandomWaypointMobility

We now apply the previous generalframework to the case
of usersmoving accordingto a RandomWaypoint Mobility
model [25]. This particular model is generally adoptedbe-
cause,despiteits simplicity, it is realisticenoughto represent
a vastclassof mobility patterns.

We assumethat the user nodesmove at a constantspeed
v in a squareof size L � L , with L � R, R being the
communicationrange.Under suchassumptions,the (�ltered)
processf Tn ; � n = (i; j )g, indicating the meeting times of
nodesi andj , canbewell modeledasa Poissonpoint process
of intensity� [26]. Further, accordingto [27], the intensityof
suchprocessis approximatelygiven by:

� � 2R
4V
�

1:3683
L 2 : (12)

Consideringpacket errors,sincea randomlysampledPoisson
processis again a Poissonprocess[28], the sequenceof
successfulcommunicationtimesbetweennodesi andj forms
aPoissonprocessof intensity� p. TheprocessZ (t) resultsin a
continuous-timeMarkov chainwhosestructureand transition
ratesaredepictedin Fig. 4. Accordto (9), theLaplace-Stieltjes
Transform(LST) of thetimeneededto reachk nodesbecomes:

� �
k (s) =

k � 1Y

i =1

(N � i )i� p
(N � i )i� p + s

: (13)

From (13) we have:

� �
k+1 (s) = � �

k (s) �
(N � k)k� p

(N � k)k� p + s
;

so that, substitutingin (11), we obtain:

P �
k (s) =

� �
k (s)

(N � k)k� p + s
: (14)

From (13) we thenhave:

P �
k (s) =

1
(N � k)k� p + s

�
k � 1Y

i =1

(N � i )i� p
(N � i )i� p + s

: (15)

The casek = N needsto be treatedseparately, leadingto:

P �
N (s) =

� �
N (s)
s

=
1
s

�
N � 1Y

i =1

(N � i )i� p
[(N � i )i� p + s]

: (16)

We only presentthe completeinversionanalysisfor the case
when N is even, becausethe caseN is odd is similar. First,
assume1 � k � N

2 . In this case,all poles of the LST are
simpleones,so that we get:

P �
k (s) =

kX

i =1

r k ;i

(N � i )i� p + s
; (17)

where:

r k ;i =

k � 1Q

j =1
j (N � j )

kQ

j =1 ;j 6= i
j (N � j ) � i (N � i )

: (18)

Hence,we obtain:

pk (t) =
kX

i =1

r k ;i e� [( N � i ) i� p]t U(t); (19)

whereU(t) is theusualstepfunction.For N
2 + 1 � k � N � 1,

we get:

P �
k (s) =

r k ; N
2

s + ( N
2 )2� p

+
N � 1� kX

i =1

r k ;i

s + (N � i )i� p
+

+
kX

i = N
2 +1

�
r 0

k ;i

(s + (N � i )i� p)
+

r 00
k ;i

(s + (N � i )i� p)2

�
; (20)

where

r 00
k ;i = � p

k � 1Q

j =1
j (N � j )

kQ

j =1 ;j 6= i;j 6= N � i
(N � j )j � (N � i )i

; (21)

and

r 0
k ;i = �

r 00
k ;i

� p
�

kX

j =1
j 6= i;j 6= N � i

1
(N � j )j � (N � i )i

: (22)

Finally from (20)

pk (t) =

(

r k ; N
2

e� [( N
2 )2 � p]t +

N � 1� kX

i =1

r k ;i e� [( N � i ) i� p]t +

+
kX

i = N
2 +1

h
r 0

k ;i e
� [( N � i ) i� p]t + r 00

k ;i te
� [(N � i ) i� p]t

i
9
=

;
U(t):

(23)

In the casewhen k = N , the sameresidualexpansiontakes
the form

P �
N (s) =

1
s

+
r k ; N

2

s + ( N
2 )2� p

+

+
N � 1X

i = N
2 +1

�
r 0

k ;i

(s + (N � i )i� p)
+

r 00
k ;i

(s + (N � i )i� p)2

�
; (24)

where:

r
N ; N

2
= �

N � 1Y

j =1

j 6= N
2

(N � j )j
(N � j )j � ( N

2 )2
; (25)

and

r 00
N ;i = � � p

N � 1Q

j =1 ;j 6= i
j (N � j )

N � 1Q

j =1 ;j 6= i;j 6= N � i
(N � j )j � (N � i )i

; (26)
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and

r 0
N ;i =

r 00
N ;i

� p
�

N � 1X

j =0
j 6= i;j 6= N � i

1
(N � j )j � (N � i )i

: (27)

Finally, we obtain:

pN (t) =

8
<

:
1 + r

N ; N
2

e� [( N
2 )2 � p]t +

N
2 � 1X

k=1

r 0
N ;k e� [( N � k )k � p]t +

+

N
2 � 1X

k=1

r 00
N ;k te� [( N � k )k � p]t

9
=

;
U(t); (28)

which canbe alsoveri�ed using the normalizationcondition.

C. InformationFiltering in theAbsenceof LocalizationInfor-
mation

In the developmentof the information �ltering concept,
we implicitly assumedthat exact position information was
available at each node. This cannot be consideredrealistic
for a network of mobile heterogeneousdevices, where it
cannotbe assumeda priori that all nodesare equippedwith
a GPS or similar mechanism.Thus, it may be necessaryto
implementthe information�ltering mechanismbasedonly on
time-domaininformation3. All whatwe have is thentheageof
thepacket. Nonetheless,we cantranslatethespatiallimitation
into a correspondingone in the time domain. This can be
doneby consideringanapproximationfor thedistancecovered
by the packet at time t. Such distancecan be split in two
components.The �rst onedependson the speedanddirection
of theU-Node.If thespeedis constant,this �rst termis upper-
boundedby (V �t), theboundbeingtight for small t for a large
classof mobility models.The secondcomponentcomesfrom
the “multihopping” of packets.This can be approximatedby
theproductof theexpectedvalueof Z (t) andtheaverageper-
hop advance.The latter term canbe calculatedassumingthat
theanglebetweenthespeedvectorsof the two nodesmeeting
is uniformly distributed in [0; 2� ). The situationis shown in
Fig. 5. The averageprogressin the radial direction is then:

� = 2

�
2Z

0

f � (a) sin(a)da =
R
�

: (29)

As far as the averagenumber of hops performedup to
time t is concerned,we could well use the results of the
previous section to �nd its exact value. However, to avoid
introducingcumbersomealgebra,we decidedto usea �uid-
�o w approximationof Z (t), denotedby ~Z (t). From Fig. 4,
this obeys the following differentialequation:

@~Z (t)
@t

= ~Z (t)� pN � ~Z 2(t)� p; (30)

3This does not require, in principle, all nodesto be synchronizedto a
commonclock. Indeed,we assumethat when a datapacket is relayedfrom
a node to a new one, the age of the data is stampedin a dedicated�eld
in the packet header. Upon reception,the nodesubstitutesthe �eld with the
differencebetweenits local clock time and the packet age.The packet age
can be calculatedat any time instantby subtractingthe timestampedvalue
from the local clock.

T-Node

U-Node
R

PSfragreplacements

��

Fig. 5. Geometricalrepresentationof the meetingprocess.� de�nes the
anglebetweenthe velocity vectorsof the two devicesand� the progressin
the radial direction.

Simulationarea 2000 � 2000 m2

Sensorscommunicationrange 10 m
U-Nodescommunicationrange 50 m
U-Nodesspeed 4 m/s
U-Nodesnumber 10; 50; 100; 200
U-NodesPHY/MAC Protocol 802:11b
Probabilityof successfulpacket transmissionp 0:9759

TABLE I

SIMULATION PARAMETERS

with initial condition ~Z (0) = 1. Someeasycalculationleads
to the following solutionof (30):

~Z (t) =
N eN � pt + N C

N + eN � pt + N C ; (31)

whereC is a normalizingconstant.If N is quite large,we can
safelytakeC = 0 to approximatetheinitial condition.Wethen
�nd the following approximationfor the covereddistance:

D(t) = V � t +
R
�

�
N eN � pt

N + eN � pt : (32)

By meansof (32) we canapproximatethedistancecoveredby
a message,andtranslatea limitation in thespatialdistribution
of a messageinto a correspondinglimit in the “age” of a
message.

D. NumericalResults

In order to evaluate the performanceof the proposed
approach,and to validate the outcomesof the analytical
framework provided,we have run extensive simulationsusing
a freelyavailablesoftwarepackage[29]. Wesetthesquaresize
L to 2 km, thecommunicationrangeR to 50 m, thespeedof
the U-NodesV to 4 m/s andvaried the numberof U-Nodes.
Theprobabilityof successfulpacket transmissionhasbeenset
to p = 0:9759, accordingto the results in [30] (since one-
hop broadcasttransmissionsare used,the successfulpacket
transmissionrateequalsthecomplementaryof thepacket error
rate).In TableI, wereportedabrief summaryof thesimulation
parametersused.

Eachsimulationwas run a numberof times suf�cient for
guaranteeinga 95% con�dence interval tight enough.Each
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simulation was run by varying the seednumberof the ran-
dom numbergenerator(RNG) in order to guaranteemaximal
independenceamongdifferent runs.

We reproduceda Perfect Simulation [31], sampling the
initial speedand location of nodes,moving accordingto a
RandomWaypoint Mobility (RWM) Model, from the corre-
sponding stationary distribution, following the approachin
[32]. Subsequentdestinationsand speedsare then sampled
from the uniform distribution. This approacheliminatesthe
time neededfor the simulationto reachthe stationaryregime.

Usersexchangedataaccordingto therelaymodeldescribed
in sectionIII, andimplementanIEEE802.11b-compliantPHY
andMAC layer protocols[33], [34].

We �rst startedby analyzingthe accuracy of the relaying
model,andcomparedit to simulationresults.
In Fig. 6, thestateprobabilitypk (t), asde�ned in (23), is plot-
ted for k = 10; 50 in the caseN = 100, and comparedwith
simulation outcomes.At time t � a mobile user is randomly
chosento be the �rst infected, e.g. it is readinga sensorand
thusgeneratingthe�rst message.Themessageis thendiffused
accordingto the networking paradigmdescribedin Sec. II.
Starting from the time instant t � , the stateprobability pk (t)
is tracedas a function of time. Sincea PerfectSimulationis
reproduced[31], simulationstartsfrom its stationaryregime,
and,thus,we cansafelyassumetheoriginatingmessageto be
generatedat time t � = 0 from a randomly chosenU-Node.
The plot is basedon 10000independentsimulationruns.The
graphshows that the analyticalmodelsigni�cantly matchthe
simulationresultsfor low valuesof k andt 4, while it seems
to anticipatethe simulation outcomesfor higher values,i.e.
k = 50. Nevertheless,accordingto the Information Filtering
principles describedin Sec. II-B, limited valuesof t is the
region whereInformationFiltering will be applied,and,thus,
lower accuracy of theanalyticalmodelfor high valuesof time
t canbe easily tolerated.

0 100 200 300 400 500 600 700
0

0.005

0.01

0.015

0.02

0.025

0.03

0.035

0.04

p k*(t
) 

time (s)

Simulation Results
Analytical Model

k=10 

k=50 

Fig. 6. Probabilitydistribution of statek = 10; 50 in thecaseof 100 mobile
usersmoving accordingto a RandomWaypointMobility Model, v = 4 m/s,
R = 50 m .

In Fig. 7, the probability massfunction of the numberof

4Clearly, short time intervals correspondlow valuesof the numberk of
copiesof the messagein the network.

messagecopiesin thenetwork at time instantst = 10; 100; 300
is plotted in the caseof 100 U-Nodes.The analyticalframe-
work is numerically evaluatedand comparedwith the out-
comeof 10000simulations.Also this graphcon�rms a good
correspondencebetweensimulationresultsand the proposed
analyticalframework for low valuesof time t andstatek.

0 10 20 30 40 50 60 70 80 90 100
0

0.1

0.2

p k(t
* ) 

k

Simulation Results
Analytical Model

t=100 s 

t=300 s 

Fig. 7. Probability massfunction of the numberof messagecopiesin the
network at time instantst � = 100; 300, in the caseof 100 mobile users
moving accordingto a RandomWaypointMobility Model, v = 4 m/s, R =
50 m .

In Fig. 8, we comparedthe averagenumber of message
copies in the network, obtainedwith the analytical results
presentedin Sec.III-A, togetherwith the �uid-�o w approxi-
mation (30) and the simulationoutcomesin the caseof 100
U-Nodes.The graphshows how both (30) and the analytical
framework, while being approximations,signi�cantly repre-
sentthenumberof messagecopiesin thenetwork asobtained
from the simulationresults.
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Fig. 8. Averagenumber of messagecopies in the network versustime,
N = 100, RandomWaypointMobility model,v = 4 m/s, R = 50 m .

Given the suf�cient accuracy of the relaying model, we
focused on the spatial diffusion of the information in the
environment.
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In Fig. 9, theapproximationof themaximumdistancecovered
by a messagein a �nite time interval, as de�ned in (32), is
evaluatedandplottedtogetherwith the resultsof simulations.
Thenumberof U-Nodesis setto 100.Thegraphshowsthatthe
approximationmatcheswell thesimulationresultsfor low time
values.Startingfrom t = 100s a discrepancy canbeobserved
betweenthe analyticalmodelandthe simulationresults.This
is the effect of the non-homogeneousstationarydistribution
of the RandomWaypoint Mobility Model. In the stationary
regime of RWM, the densityof mobile usersis higher in the
centralregion of the playground[32]. Therefore,asU-Nodes
move toward the areaboundaries,the probability of meeting
otherdevices lowers,reducingthe relayingprobability.

0 100 200 300 400 500 600 700 800 900 1000
0

200

400

600

800

1000

1200

1400

1600

di
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ce

 (
m

)

time (s)

Analytical Model
Upper Bound   

Fig. 9. Approximation vs. simulation resultsfor the distancetraveled by
a messagein the caseof 100 mobile usersmoving accordingto a Random
WaypointMobility model,v = 4 m/s, R = 50 m .

In Fig. 10, we representedthe “footprint” (obtainedsam-
pling the position of the infected nodesat eachsecond)of
the information diffusion in the playground, and provides
an intuitive visual representationof the spacecovered by
a messagein a limited time interval (60; 120; 180 and240
seconds,respectively). There is one single sensor, locatedin
the centerof the simulationarea.Time startswhenthe sensor
is read by one of the 200 U-Nodes.The sensorreading is
then propagated in the environment by meansof physical
movementandrelayingto otherU-Nodesencounteredon-the-
move, as describedin Sec. II. In Fig. 10 all the positions
coveredby the users,to which the messagehasalreadybeen
delivered,are traced.Eachposition is tracedwith a circle of
radius equal to 50 m, i.e. the communicationrange of U-
Nodes.The footprint shows that the messagediffusion occurs
isotropically, not following preferreddirections.

Finally, in Fig. 11 themaximumdistancecoveredby a mes-
sageover time is plottedfor differentnumbersof mobileusers
N = 10; 50; 100; 200; 300. One sensoris initially positioned
in thecenterof theplaygroundandtime startswhenthesensor
is readby a U-Nodepassingby. Also in this case,simulation
startsfrom theRWM stationarydistribution, which enablesus
to let the �rst userreadingthe sensorat time 0, without the
needfor waiting thetransientphaseto beover. We have run 50
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Fig. 10. Footprint of the information diffusion in the caseof 200 mobile
usersmoving with aspeedof 4 m/saccordingto aRandomWaypointMobility
model,after 60; 120; 180 and240 seconds,respectively.

simulations5 for eachconsideredscenario,with a granularity
of 1 s.Clearly, thecurvesaturateswhenthemaximumpossible
distance(1414 m) over the 2000� 2000 m2 simulationarea
is reached.The �rst part of the graph,i.e. t below 300 sec,is
similar for differentnumberof users,exceptthecaseof 300U-
Nodes.In this case,the effect of connectedislandsmakesthe
spatialpropagation of the messagefaster. In the secondpart
of thegraph,i.e., t above 300sec,thenumberof mobileusers
stronglyin�uence themaximumcovereddistance,whereasthe
greaterN the fasterthe saturationpoint is reached.
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Fig. 11. Maximum covered distance versus time for N =
10; 50; 100; 200; 300 with mobile users moving according to a Random
WaypointMobility Model, v = 4 m/s, R = 50 m .

5In this casetherewasno needto performmoreextensive simulationruns,
due to the small sizeof the con�denceinterval.
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IV. CONCLUSIONS

In this paper, we have presentedBIONETS, a novel bio-
inspired framework for the provisioning of autonomicser-
vices in pervasive communication/computingenvironments.
We identi�ed threemain issues(heterogeneity, scalabilityand
complexity) facedby conventionalcommunicationparadigms
in such application scenarios,and proposedan integrated
solution for addressingsuchissues.From the communication
network standpoint,the result is what we call a Service-
OrientedCommunicationSystem,a simple two-tier network
architectureempoweredwith a relayprotocolandan informa-
tion �ltering mechanism.

TheSOCSarchitecturebuilds upona disconnectedtopology
andaimsatachieving network scalabilitythroughtheintroduc-
tion of a communicationparadigmbasedon localizedoppor-
tunisticinteractionsamongneighboringnodes.Nodesmobility
is exploited to convey informationamongthedifferentislands
of connectednodes.Network devices are classi�ed into two
broadcategories,dependingon their logical roles as well as
technicalfeatures.Small, tiny sensornodesare envisagedas
the mediumthroughwhich morecomplex devices(which run
services)can gather information about the surroundingenvi-
ronment.Oppositeto classicalsensornetworks approach,no
store-and-forward operationsare envisagedfor sensornodes,
which helpsin keepingtheir cost low andextendingnetwork
lifetime.

A form of InformationFiltering hasbeenintroducedto limit
the diffusion (in both time and spacedomains)of the data
generatedby sensornodes.The organizationof the network
into a stablepurposefulsystemis demandedto the services,
for which collaborative bio-inspiredevolutionarymechanisms
have beenenvisaged[13]. The foundationsof the Information
Filtering concepthave beenpresentedin an informationtheo-
retical framework; a simplestochasticmodelfor the diffusion
of information over SOCShasbeenpresentedand analyzed.
The soundnessof the proposedmodel has been validated
throughcomparisonswith theoutcomesof extensivenumerical
simulations.

Two researchdirectionsappearof major interestfor future
studies. The �rst one concernsthe study of evolutionary
mechanismfor the executionof network managementtasks,
able to preserve the network stability and organizeit into an
ef�cient system.The secondone is relatedto the algorithmic
implementationof the InformationFiltering paradigm.While
in this paper we have limited ourselves to a simple “step-
like” approximationof the optimal data rate curve, more
complex approachesareneededin orderto enhancethesystem
performancein termsof scalability, robustnessandef�ciency.

REFERENCES

[1] M. Weiser, “The computerfor the 21st century,” ACM Mob. Comput.
Commun.Rev., vol. 3, no. 3, pp. 3–11,1999.

[2] J. M. Kahn, R. H. Katz, and K. S. J. Pister, “Next centurychallenges:
Mobile networking for ”smart dust”,” in Proc. of ACM MobiCom,
Seattle,1999,pp. 271–278.

[3] I. Carreras,I. Chlamtac,H. Woesner, and H. Zhang,“Nomadic sensor
networks,” in Proc. of EWSN, Istanbul, Turkey, 2005.

[4] I. F. Akyildiz, W. Su,Y. Sankarasubramaniam,andE. Cayirci, “Wireless
sensornetworks:A survey,” ComputerNetworks, vol. 38,no.4, pp.393–
422, Mar. 2002.

[5] P. Guptaand P. R. Kumar, “The capacityof wirelessnetworks,” IEEE
Trans.on Inf. Th., vol. 46, no. 2, pp. 388–404,Mar. 2000.

[6] O. Dousseand P. Thiran, “Connectivity vs capacity in densead hoc
networks,” in Proc. of IEEE INFOCOM, Hong Kong, 2004.

[7] O. Dousse,M. Franceschetti,and P. Thiran, “The costly path from
percolation to full connectivity,” in Proc. of Allerton Conf., Urbana
Champaign,US, 2004.

[8] M. Grossglauserand D. Tse, “Mobility increasesthe capacity of ad
hoc wirelessnetworks,” IEEE/ACM Trans.on Netw., vol. 10, no. 4, pp.
477–486,Aug. 2002.

[9] I. Chlamtac,M. Conti, andJ. Liu, “Mobile ad hoc networking: impera-
tivesandchallenges,” Ad-HocNetworksJournal, vol. 1, pp. 13–64,Jul.
2003.

[10] A. Chaintreau,P. Hui, J. Crowcroft, C. Diot, R. Gass,and J. Scott,
“Pocket switchednetworks: Real-world mobility and its consequences
for opportunisticforwarding,” Univ. of Cambridge,Tech.Rep.UCAM-
CL-TR-617,2005.

[11] J. O. KephartandD. M. Chess,“The vision of autonomiccomputing,”
IEEE Comp.Mag., vol. 36, no. 1, pp. 41–50,Jan.2003.

[12] M. Smirnov, “Autonomic communication:researchagendafor a new
communication paradigm,” 2004, white Paper. [Online]. Available:
http://www.autonomic-communication.org/publications/doc/WPv02.pdf

[13] I. Carreras,F. De Pellegrini, D. Miorandi and H. Woesner,“Service
evolution in a nomadic wireless environment,” CREATE-NET, Tech.
Rep.,2005.[Online]. Available:http://www.create-net.it/� dmiorandi

[14] P. Santi, “The critical transmittingrangefor connectivity in mobile ad
hocnetworks,” IEEE Trans.on Mob. Comp., vol. 4, no. 2, pp. 310–317,
Mar. 2005.

[15] E. Altman andD. Miorandi, “Coverageandconnectivity of ad–hocnet-
worksin presenceof channelrandomness,” in Proc.of IEEEINFOCOM,
Miami, 2005.

[16] A. Avudainayagam,W. Lou, andY. Fang,“DEAR: a Device andEnergy
AwareRoutingprotocolfor heterogeneousadhocnetworks,” J. Parallel
Distrib. Comput., vol. 63, no. 2, pp. 228–236,Feb. 2003.

[17] K. Fall, “A delay-tolerantnetwork architecturefor challengedinternets,”
in Proc. of ACM SIGCOMM, Karlsruhe,DE, 2003.

[18] T. M. Cover andJ. A. Thomas,Elementsof InformationTheory. New
York: JohnWiley & Sons,1991.

[19] D. Marco,E. Duarte-Melo,M. Liu, andD. L. Neuhoff, “On the many-
to-one transportcapacityof a densewirelesssensornetwork and the
compressibilityof its data,” in Proc. of IPSN, Palo Alto, CA, 2003.

[20] F. Baccelli and P. Bremaud,Elementsof QueueingTheory. Berlin:
Springer–Verlag,1994.

[21] E. VanMarcke,Random�elds: analysisandsynthesis. Cambridge,MA:
MIT Press,1983.

[22] W. Li, “Mutual information function versuscorrelation functions,” J.
Stat.Phys., vol. 60, no. 5/6, pp. 823–837,1990.

[23] A. Khelil, C. Becker, J.Tian,andK. Rothermel,“An epidemicmodelfor
informationdiffusion in MANETs,” in Proc. of ACM MSWiM, Atlanta,
Georgia, 2002.

[24] J. Abate,G. L. Choudhury, and W. Whitt, “An introductionto numer-
ical transforminversion and its applicationto probability models,” in
ComputationalProbability, W. Grassman,Ed. Boston:Kluwer, 1999,
pp. 257–323.

[25] J. Yoon, M. Liu, and B. Noble, “Sound mobility models,” in Proc. of
ACM MobiCom, SanDiego, CA, 2003.

[26] R. Groenevelt and P. Nain, “Messagedelay in MANETs,” in Proc. of
ACM SIGMETRICS, Banff, Canada,Jun.2005.

[27] R. Groenevelt, “Stochastic models for mobile ad hoc networks,”
Ph.D.dissertation,INRIA, Apr. 2005.[Online]. Available:http://www-
sop.inria.fr/maestro/personnel/Robin.Groenevelt/Publications/Thesis.pdf

[28] S. M. Ross,StochasticProcesses. New York: J. Wiley & Sons,1996.
[29] OMNeT++ discrete event simulation system. [Online]. Available:

http://www.omnetpp.org
[30] A. Balachandran,G. M. Voelker, P. Bahl,andV. Rangan,“Characterizing

userbehavior and network performancein a public wirelessLAN,” in
Proc. of ACM Sigmetrics, Marina Del Rey, CA, 2002.

[31] J.-Y. L. Boudecand M. Vojnovic, “Perfect simulationand stationarity
of a classof mobility models,” in Proc. of IEEE Infocom, Miami, FL,
2005.

[32] W. Navidi and T. Camp, “Stationary distributions for the random
waypoint mobility model.” IEEE Trans. Mob. Comput., vol. 3, no. 1,
pp. 99–108,2004.

[33] IEEE Standard for WirelessLAN MediumAccessControl (MAC) and
PhysicalLayer (PHY) Speci�cations, IEEE Std.,Aug 1999.



11

[34] Supplementto 802.11-1999,WirelessLAN MAC andPHYspeci�cations:
Higher SpeedPhysical Layer (PHY) extensionin the 2.4 GHz band,
IEEE Std.,Sep1999.

Iacopo Carr eras IacopoCarrerasreceivedhis mas-
ter degreein TelecommunicationsEngineeringfrom
the University of Pisa, Italy, in 2001. From 2001
to 2003he worked at Netikos assoftwareengineer.
Currently, he is working at CREATE-NET research
centerandpursuinga PhD degreeat the University
of Pisa.His researchinterestsinclude biologically
inspiredcommunicationparadigms,ad-hocandsen-
sor networks.

Imrich Chlamtac Imrich Chlamtacis the President
of CREATE-NET and the Bruno KesslerProfessor
at the University of Trento, Italy and has held
varioushonoraryandchairedprofessorshipsin USA
and Europe including the DistinguishedChair in
TelecommunicationsProfessorshipat the University
of Texasat Dallas,SacklerProfessorshipat Tel Aviv
UniversityandUniversityProfessorshipat theTech-
nical Universityof Budapest.In thepasthewaswith
TechnionandUMass,Amherst,DEC Research.Dr.
Imrich Chlamtachasmadesigni�cant contribution to

variousnetworking technologiesas scientist,educatorand entrepreneur. Dr.
Chlamtacis therecipientof multipleawardsandrecognitionsincludingFellow
of the IEEE, Fellow of the ACM, Fulbright Scholar, the ACM Award for
OutstandingContributions to Researchon Mobility and the IEEE Award for
OutstandingTechnicalContributions to WirelessPersonalCommunications.
Dr. Chlamtacpublishedclose to four hundredrefereedjournal, book, and
conferencearticles and is listed among ISI's Highly Cited Researchersin
ComputerScience.Dr. Chlamtacis the co-authorof four books,inluding the
�rst bookonLocalAreaNetworks(1980)andtheAmazon.combestsellerand
IEEE Editor's ChoiceWirelessandMobile Network Architectures,published
by John Wiley and Sons (2000). Dr. Chlamtachas widely contributed to
the scienti�c communityas founderand Chair of ACM Sigmobile,founder
and steering committee chair of some of the lead conferencesin net-
working, including ACM Mobicom, IEEE/SPIE/ACM OptiComm,CreateNet
Mobiquitous,CreateNetWiOpt, IEEE/CreateNetBroadnet,IEEE/CreateNet
TridentcomandIEEE/CreateNetSecurecommconferences.Dr. Chlamtacalso
serves as the founding Editor in Chief of the ACM/URSI/SpringerWireless
Networks (WINET), the ACM/SpringerJournalon SpecialTopics in Mobile
Networks andApplications(MONET).

Francesco De Pellegrini FrancescoDe Pellegrini
was born on April 13, 1974 in Belluno, Italy. He
received the Laureadegree in 2000 and the Ph.D.
degreein 2004,bothin telecommunicationengineer-
ing, from the University of Padova. His research
interestsare location detectionin sensornetworks,
multirate systems,turn-prohibition routing, WLAN
VoIP, andBio-InspiredNetworking. F. De Pellegrini
is a member IEEE and served as a reviewer for
severalNetworking conferences,amongwhich IEEE
PIMRC 2005,LCN 2005,CCNC2006,WCNC2006

andWONS 2006.

Daniele Miorandi Daniele Miorandi
(daniele.miorandi@create-net.org) was born in
Rovereto, Italy, in 1977. He received the laurea
degree (summacum laude) in Telecommunication
Engineeringfrom the University of Padova, Italy,
in 2001, with a thesison spectralsynthesisusing
�nite state machines. He received the Ph.D.
degree in Communication Engineering from the
University of Padova, Italy, in 2005, with a thesis
entitled ”StochasticModelling of WirelessAd Hoc
Networks”. In 2003/04 he spent one year of his

doctoral thesisvisiting the MAESTRO project at INRIA SophiaAntipolis
(France). In 2004 he had an appointmentas ”Incaricato di Ricerca” at
IEIIT-CNR, Torino (Italy). Since Jan. 2005 he is a postdocresearcherat
CREATE-NET, Trento (Italy). His researchinterests include design and
analysisof bio-inspiredcommunicationparadigmsfor pervasive computing
environments,analysisof TCP performanceover wireless/satellitenetworks,
scalinglaws for large-scaleinformation systems,protocolsand architectures
for wirelessmeshnetworks.


