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Abstract

The biggestcurrentchallengesn wirelesscommunicationsarein a network context
andaredueto the spatiallydistributednetworktopology Recentadvancesn sensomet-
works and multi-hop ad hoc communicationnetworksindicate that the key challenges
relateto network communicationat large scaleswhenthe physicalsize of the network
grows with the numberof nodes. In this paper we identify two physicalprinciplesthat
provideinsightinto networkbehavior atmultiple scalesandin differentcontexts. Thetwo
consilientprinciplesare inspiredby the physicalnatureof point-to-poirt multi-antenna
communicatiorover multipathchannels- a naturalprecursoito networkcommunication
at smallerscales We discusghe implicationsof thetwo principlesin two contets: i) the
impactof signal eld statisticson sensometwork operation,andii) viewing large-scale
multi-hop cooperatie communicatioraswave propagatiorin spaceandtime.

1 Intr oduction

Wirelesscommunicationin a network context is radically differentfrom the point-to-point
paradigmin Shannors seminalwork. The distributedspatialtopology of the networkis the
key to this paradigmshift anddemands fundamentallydifferentcommunicatiorperspectie.
Recentadvancesprovide promisingresultsin differentspecializedaspectof the puzzle,in-
cluding channel-centridnvestigationanto networktransportcapacity[1, 2] andcapacityof
vector broadcastand multiple accesschanneld3], and source-centricstudiesof distributed
sourcecodingtechniqueg4, 5, 6] andrelatedrouting strategies[7] in sensometworks.How-
ever, the source-dannel-destinatioristinctionin Shannors paradigmgetsblurredin a dis-
tributednetworksetting: in a sensethe networkis simultaneouslyhe source, the destination
andthechannel! This motivatesa freshinvestigationof thevery de nition of networkchannel.
Recentesultsin networkcommunicatiorunderscor¢hatthebiggestchallengesrerelated
to cooperatre communicatioratlargescalesasthesizeof the networkgrows with thenumber
of nodes.In this contet, theimpactof pathlosson communicatiorperformancdecomesery
important[2, 8], anaspecignoredin virtually all otherworkson networkinformationtheory
For example,the mostfavorablenetworkcapacityscalinglaws have only beendemonstrated
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for small-sizenetworks[2] or underunusuallylow valuesof pathloss exponent[8]. Simi-
larly, mostexisting resultson sensometworksfocus on densenetworksin which nodesare
concentratedh a smallarea(see,e.g.,[7, 5]). In this paper we presenfpreliminaryideason
adifferentperspectie on distributedsignalprocessingn sensonetworksandmulti-hopcom-
municationin ad hocnetworks.Our perspectie is basedon consilientphysicalprinciplesthat
applyto networkcommunicatiorat multipleandarbitrary scalesThephysicalprincipleshave
emegedfrom our signi cant understandin@f point-to-pointmulti-antenngMIMO) commu-
nicationover multipathchannels- a naturalprecursoto networkcommunicatiorata smaller
scale.We discusghe implicationsof the physicalprinciplesin two contets: i) the impactof
signal eld characteristicen sensometworkoperationandii) viewing multi-hop cooperatie
communicatiorin an ad hoc networkas controlledspace-timavave propagation.Thesetwo
caseslsoprovide a connectiorbetweerthe source-centriapproachn sensometworksto the
channel-centriwiew of communicationin ad hocnetworks.

2 Two Consilient Physical Principles

CP1. Node scatterer correspondenceThis principleis relatedto anintriguing connec-
tion betweenpoint-to-pointwirelesscommunicatiornvia intermediatescatteringobjectsand
source-destinationetwork communicatiornvia intermediatenodes The basicideais illus-

tratedin Fig. 1. In both casesthe point-to-pointchannelor the source-destinatioshannel
is effectively a time-varying multipath channelin temporaland spectraldimensions. When
augmentedvith the spatialdimension,via antennaarraysin point-to-pointlinks and virtual

arraysof nodesin source-destinationetwork links, the effective channelin both casess a
time- andfrequeng-selectve MIMO channel(single-inputmultiple output(SIMO) or MISO

links arealso possible). Via this principle, we canleverageour signi cant understandingf

point-to-pointmultipathcommunicatiornin the morechallengingnetworksetting.
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Figurel: lilustrationof node Scatterercorrespondenc@ CP1.In a point-to-pant multipathcommunica-
tion link, multiple delayed( ), Doppler( ) shiftedandattenuated ) copiesof the transmittedsignalarrive
at the recever via propagatiorthroughintermediatescatterers.In a source-destinatiomulti-hop networklink,
multiple delayedand Doppler shifted copiesof the sourcesignal arrive at the destinationvia relaying through
intermediatenodes. In both casesthe overall communicatiorlink canbe modeledasa randomlytime-varying
multipathchannel.

CP2. Multi-dimensional (MD) bandlimited signal elds. MD bandlimitedsignal elds
arelurking everywheren wirelessnetworksandprovide ausefulconceptuahidin understand
ing networkbehaior at multiple scales. From a channel-centrizview, the effective channel
underlyingthe point-to-pointwirelesslink in Fig. 1 canbe characterizedsa MD bandlimited
signal eld in temporal spectrabndspatialdimensionsFig. 2 illustratesthe 2D channelsso-
ciatedwith Fig. 1 in time andfrequeng. The channels a stationaryrandom eld in time and
frequeng andis relatedto thedelay-Dopplerepresentatiomia a 2D Fouriertransform.Fig. 3
illustratesthe effective stationarychannelin thespatialdimension Fromasource-centriziew,
thesignal eld in sensomwirelessnetworkscanalsobe modeledasa MD bandlimitedsignal



eld in spaceandtime. A key insightis thatthe overall networkbehaior is governedby the
interactionbetweenhe sourceandchannekignal elds in time, frequengy andspace.
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Figure2: MD bandlimitedsignal elds in time andfrequeng. Representationf the channein Fig. 1 in time-
frequeng anddelay-Doppleidomains.Thechanneis a 2D stationaryrandom eld in time andfrequeny whose
bandwidthsaredeterminedy Doppleranddelayspread§  and ). Thechannekemainsstronglycorrelated
overtime-frequenyg coherenceaegions (TFCRs)of size andvariesapproximatelyindependentlyover
TFCRs.Eachdelay-Doppleresolutionbin (of size ) de nesavirtual delay-Dopplechannektoefcient
andonly the propagatiorpathswhosedelaysandDopplershiftslie in the bin contrituteto it.
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Figure 3: MD signal elds in space. It representshe 2D stationaryspatialrandom eld correspondingo a
(virtual) MIMO communicatioriink. The angularspreadf the intermediatgnodes)scatterersleterminethe
spatialbandwidthsandthe sizeof thespatialcoherenceegions (SCR's) over which the channekemainsstrongly
correlated.Eachangularresolutionbin of size de nes a virtual angularchannelcoefcient andall
propagatiorpathswhoseangledie in the bin contributeto it.

Thetwo consilientprincipleshave emegedfrom our signi cant understandin@f wireless
communicatiorover multi-antennaime-varying multipathchannelsn conjunctionwith more
recentinvestigationsnto distributedsignalprocessindgor sensonetworks.In particularasim-
ple mathematicaiool thatbindsthetwo principles— virtual representatiorof MD bandlimited
signal elds — is attheheartof theirdiscovery[9, 10,11,12]. Thevirtual representatiochar
acterizeghe stationarybandlimitedchannelin time, frequeny andspace(Fig. 2 andFig. 3)
generatedy ary givendistribution of nodes/scatterer$ig. 1) in termsof uncorrlatedvir-
tual channelcoefcients. Eachpropagatiorpathvia intermediatenode/scattereris associated
with uniquedelay Dopplershift andspatialanglesandthe notion of virtual path partitioning
guanti es the contribution of eachpropagatiorpathto the degreesof freedomin the channel.
Thepropagatiorpaths(representetly dots)canbe partitionedinto disjointdelay-Doppleres-
olution bins, asillustratedin Fig. 2, whosesizeis determinedoy the signalingdurationand
bandwidth.Similarly, the propagatiompathscanbe partitionedinto disjointangularresolution



bins, asillustratedin Fig. 3, whosesizeis determinedy the effective spatialaperturegat the
transmitterandrecever) associateavith the communicationink. Eachdelay-Dopplerangle
bin corresponddgo a statisticallyindependentirtual channelcoefcient, andthe numberof

binsdeterminghedegreesof freedomyandcapacityof thechanne[11]. Notethatthenumber
of binsis proportionako the’bandwidths”of the signal elds which correspondo theangular

delayandDopplerspreadsassociatedvith the nodes/scattererd.he largerthe spatialspread
of thenodes/scattererthe largerthe bandwidths.

The two consilientprinciples, along with the virtual representatiofiramenork, suggest
an approachfor studyingnetwork communicationat multiple scalesin time, frequeng and
spaceln thefollowing sectionswe discusgheimplicationsof the consilientprinciplesin two
contets: i) signal eld modelingin sensometworks,andii) viewing multi-hop cooperatie
communicatiorasspace-timavave propagation.

3 A Model for the Signal Field in SensorNetworks

Thekey challengesn sensometworksaretied to two vital operationd13]: 1) ef cient infor-

mation routing betweennodes,and 2) collaboratve signal processing CSP)betweennodes
to extractusefulinformationfrom the datacollectedby the sensors.Exchangeof sensorin-

formation betweennodesis necessarylueto a variety of reasonsjncluding limited (local)

informationgatheredy eachnode,variability in operatingconditions,andnodefailure. From
a communicatiorandnetworkingviewpoint, sensometworksare similar to ad-hocmulti-hop
wirelessnetworks,but thereis a key distinction: the information ow in a sensometworkis

fundamentallygovernedoy the activity in the physicalernvironmentsensedy the nodes.Fur-

thermorejn view of limited communicatiorandcomputationatapabilityof nodesanoverar

chingobjectivein thedesignof sensonetworkss to exchangeheleastamountof information
betweemodesto enableCSP The notion of bandlimitedsignal elds in CP2suggestanap-
proachfor modelingthe signal eld basedon the notion of spatialcoheenceregions(SCRY)

thatcaptureghe salientsecond-ordestatisticalcharacteristicef a broadrangeof sourcesin

this sectionwe brie y discusssucha modelingapproachandits implicationson the interplay
betweennformationprocessing@ndrouting; see[14] for a detaileddiscussion.

3.1 Underlying Assumptionson Signal Statistics

Eachsignal sourcecorrespondso a space-timesignal asa function of the spatial
coordinates andtime . Thenetworknodessample in spaceandtime. Consider
aspatialregion of interest, associateavith
anetworkqueryinvolving a singlesource.We assumehat IS a zero-mearcomple

circularGaussiarstationaryeld in thespatialandtemporaldimensions

1)
where denotedheunderlyingspectrakepresentatiomwhich satis es

(2)

where representshe power spectraldensity(PSD) of the eld, and
representhespatialsignalbandwidthsand thetemporalbandwidth.



3.2 Approximate Modeling Via Spatial CoherenceRegions

We proposean approximatesignal model, basedon spatial coheenceregions (SCRS) illus-
tratedin Fig. 4(a),thatcaptureghe scalesof signal variation in the spatialcoordinates.To a
rst approximationthespatialscaleof variationin aredeterminedy thebandwidths

and — thelargerthebandwidthsthefasterthesignalvariationin the correspondingli-
mension.The spatialbandwidthanducecoheencedistances and
overwhichthesignalremainsstronglycorrelatedn the and dimensionstespectrely. Thus,
asillustratedin Fig. 4(a),we partition into disjoint SCR’s, , of size over
which the signalremainsstrongly correlated.On the otherhand,the signalis approximately
uncorrelatedn distinct SCR's [14].
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Figure4: (a)Spatial coherenceregions(SCR's) over which remainsstronglycorrelated.Theregion
is partitionedinto SCRY, , of size . (b) Implicationsof the PWCmodelfor the

desigrof sensonetworks.Thebig squaraepresentthequeryregion , andthesmallersquaresiepicttheSCR'.

Jointprocessingf high-bandwidtHeature-leel datais limited to within SCR's,andgenerateimformationat the

low-bandwidthsymbollevel. The independensymbolsfrom differentSCR's canthenbe communicatedo the

destinationnode/rgion for nal processing. EachSCR representsa single spatial degree of freedom. Node

measurements eachSCRmay be averagedo improve , andthe nodesin eachSCRmay collaborate
asavirtual nodearrayto transporthe symbol-level informationto the destination.

Speci cally, we usea piece-wiseconstant(PWC) approximationof the stationarysignal
commensurateith the SCR'S

(3)
where denotegheindicatorfunctionof theset ,and
. ThePWCsignal is theprojectionof ontothe
-dimensionakpatialsubspacspannedy the orthogonalbasisfunctions
. The temporalprocesses constitutethe spatial
signalaveragein the correspondingCR's
(4)
Notethatthe distance-bandwidtiiDB) products and areanalogous
to thetime-bandwidtlproduct  of the spaceof signalsof duration andbandwidth
Spatial degreesof freedomin the signal eld. We assumehat are perfectly

uncorrelatedacrosddistinct SCR's. This assumptiorcanbe justi ed by the fact that mostof
the spatialcorrelationin is limited to within eachSCR,andthe residualcorrelation



acrossSCRS is primarily limited to adjacentSCR's for smoothsignal spectra[14]. It can
be shavn thatthere are approximately independenspatial degreesof
freedonin over which are preservecdy 1

3.3 Implications of PWC Signal Modeling

Considera networkqgueryinvolving sensommeasurements a region of size

. We assumehatthereare uniformly distributednodesin . The size of
eachSCRIis . Thus,thereare SCRSs
in andthereare nodesn eachSCR.

Space-Tme Sampling of the Signal Field. To extract all information aboutthe signal
eld in , thereshouldbeatleastonenodein eachSCR;thatis, : corresponds
to Nyquistsampling( nodesper unit area). If the sensormeasurementare noise-free,

is sufcient. However, in the presenc®f noise,additionalnodemeasurements each
SCRareadwantageou$or improving the measuremergignal-to-noiseatio, . [14].

Interplay betweenInformation Processingand Information Routing. Temporalmea-
surementsat eachnodeare often processedn blocksof sampledor the applicationat hand.
Information can be exchangedbetweennodesat two basiclevels of abstraction:featue or
symbollevel. A featue represents lower-dimensionadatarepresentatiorfe.g. a lower di-
mensionaltransformof datablock) that containsthe relevant signalinformation. A symbol
represents.compressedersionof the featurevector;for example,a quantizedepresentation
in the caseof compressioror a setof local decisions(soft or hard)in the caseof decision
making. As arguedin [14], the PWC modelsuggests hierarchicalstructurefor information
exchangebetweemodesthat is naturally suitedto the communicatiorconstraintof the net-
work (seeFig. 4(b)): high-bandwidtHeature-levelexchangeis con nedto spatiallylocal nodes
within eadh SCR ,wheraslow-bandwidthsymbol-leel exchangeis sufcient acrossspatially
distantSCRS. In otherwords, PWC signalmodelingsuggesta xed matdedinterfacebe-
tweenCSPandinformationrouting. For example,assuggestedh [7], joint compressiorand
routingcouldbe exploitedin eachSCR.

Distrib uted Detectionand Classi cation. Detectionandclassi cationof objectsmoving
throughthe sensor eld is an importantapplicationof sensometworks,e.g., detectionand
classi cation of vehiclesbasedon acousticmeasurementd6]. Therearetwo main sources
of errorin distributeddetectionandclassi cation: i) the noisein sensomeasurementsndii)
theinherentvariability in the sourcesignal. In [17, 18], we have shavn thatthe structureon
informationexchangesuggestethy the PWCmodel,illustratedin Fig. 4(b), naturallycombats
the two sourcesof error. First, featurevectorsfrom a subsetof nodesin eachSCR canbe
averagedto yield an effective featurevector at a higher . Second the statistically
independentocal nodedecisions(hard or soft, basedon the effective feature)from the
SCR'sarecombinedo combatthestatisticalvariability in thesignal. Numericalresultsin [18]
indicatethat a moderatenumberof relatively unreliableé local nodedecisions(hard or soft)
from different SCR's canbe combinedat the managemode (even via noisy communication
links) to yield remarkablyreliable® nal decisions.

Inf ormation Rate of the Signhal Field and Relation to Network Transport Capacity. It
canbeshavn thatfor alarge numberof SCRs( ), thedifferentialentropyrateof the signal

1We notethatsimilarapproximationsrewidely usedin the analysisof randomlytime-varyingcommunication
channelsn theguiseof block fadingmodelsseee.g.,[15]).

2With errorprobabilitiesashigh as0.2 or 0.3

3with anerrorprobability of 0.010r smaller



eld, or the minimum bit raterequiredto compresghe signal eld at a prescribedistortion,

is [14]. Canwe transportthis datato differentpartsin  ? Recentresultsin
networkinformationtheory shav thatthe transportcapacityof a networkof  nodesgrows
as (bit-meters/s]1]. Supposehat . Then,thereare nodesin each

spatialdimension. Therearetwo waysin which the networkcanscale. In the caseof dense
scalingin whichtheareaof remainsx ed,theinformationrateof thesignal eld remains
constaniat , andthusthe networkshouldbe ableto transportt

for sufciently large (this caseis alsodiscussedn [7]). The moreinterestingcaseis that
of expansivescalingwhenthe boththeareaof and increaseas (constantnode
spacing). In this case the ~ network capacitywill not be ableto transportthe signal
eld information. However, recentresults(seee.g.,[2, 8]) indicatethat cooperatre multi-

hop communicatiormay yield more favorablecapacityscalingthatis sufcient evenin this

challengingarge-scalescenario.

4 Multi-hop Communication asWave Propagation

Froma communicatiomperspectre, a sensometwork,justlike anad hocwirelessnetwork,is
a frothing mix of simultaneouwirtual SISO,SIMO, MISO andMIMO links betweersetsof
sourceanddestinatiomodes.The spatial scaleof a communicatiorink primarily determines
thecharacteristicef theunderlyingchanneln time, frequeng andspace Large-scalgmulti-
hop)links exhibit largerangularanddelayspreadsiueto largernumberof intermediatenodes,
whereassmall-scalgsingle-or few-hop) links exhibit minimal dispersion.An importantim-
plicationis thatwe have theability to createthe effective channeby choosinghe numberand
spatialdistribution of intermediatenodeswhich makeshe channekransmissiordependent.

In this section,we presensomepreliminaryideason a multi-hopcommunicatiorstrateyy,
inspiredby the two consilientprinciples,that seemspromisingat large scales.The key idea
is to view multi-hop communicationas wave propagationthat exploits a distinct aspectof
the spatialdimension:spatialdiversity or power pooling. It well known thatthe capacityof a
single-antennAWGN channelvith bandwidth  scales
whereaghe capacityof a MIMO systemwith  antennasn a rich scatteringervironment
scalesas Thus, the capacitysaturatesvith , whereast
increasedinearly with . Thisis dueto a fundamentadifferencebetweenthe spectraland
spatialdimensions:differentfrequenciesare uncoupled(orthogonal),whereasthe different
antennasrecoupleddueto spatialscattering.

Canwe exploit spatialpower poolingin a networkcontext to attainmorefavorablescaling
laws? Sincewe have a pernodepower constraintof , theideal capacityscalingpotentialin
a networksettingis , Which seemsromising. However, thereare several
dif culties. First, MIMO capacityassumesull cooperatiorbetweerreceversthatis dif cult
in alarge scalenetworksetting. Secondthe availability of channelstateinformation(CSI) at
thereceveris tenuousFinally, the effect of pathlossexponentmustbe takeninto account.

Basicldea Behind Wave Propagation. Consideranetworkwith auniformnodespacing .
Let denotethepathlossexponent.The basicideabehindwave propagations illustrated
in Fig. 5. Thesourcenodebroadcastgs informationto its nearesheighborsn thedirectionof
thedestinationthreenodesn the gure). Thethreenodesdecodeandrelaytheinformationin
thedirectionof destinationn thesecondvave hop. Dueto power poolingfrom thethreenodes,
thesecondvave hopreacheslargernumberof nodeswhichdecodeheinformationandrelay
it againin thedirectionof thedestination Consequentlthe numberof relayingnodesandthe
distancetraveled by the wave increasewith eachhop. In this way, the sourceinformation



canberapidly transportedo thedestinatiorvia cooperatiorof anincreasinghumberof nodes.
This basicideahasalsobeenproposedn [20].
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Figure5: Source-destinatiooommunicatiorvia multi-hopwave propagation.

Impact of Path Losson Speedof Wave Propagation. We now doanidealizedcalculation
to estimatethe impactof  on the speedof wave propagation.We assumehat a nodecan

reliably decodethe informationif the receved power exceedssomethreshold . If the
sourcenodetransmitsat power , the radiusof reliable decodingfor the rst wave hopis
given by . The numberof nodesreachedn the rst hopis given by

. For thesecondandsubsequertiops,we have
(5)

Theabove calculationis idealizedin thesensdhat,for estimatinghenumberof nodeseached

anddistancdraveledby -thwavehop,weareassumindhatthetotal powerdueto the

nodesreachedn the previoushopis concentratea@t the centerof a connectvity disk of radius
. Underthisidealizedassumptionye getfor

(6)

This indicatessomethingcemarkableaboutthe speedof wave propagation: (andhence

and ) increasesxponentiallywith eachhop () for , saturatedo a value

for , and increasessuperexponentially for . Thus, For ,

thewave acceleratesvith eacheachhop at anexponentialrate. On the otherhand,for there-

alistic caseof , thewave initially acceleratebut eventuallystabilizeso aconstanspeed

which is determinedoy : thelargerthe thelargerthe nal wave speed.Thesedifferent
modesof wave propagatiorareillustratedin Fig. 6.4

Impact of Path Losson ReceivedPower. Considera receving (destinationnodeatthe

centerof anetworkandassumehatall nodesaroundit aretransmittingatpower . Thereare

nodesn the -thringof radius , aroundthereceving node.Thus,the
receved power dueto all thenodesin the -thringis :

andthetotal recevedpower dueto all nodeswithin aradius is
— — (7)

4Notethatthenumberof bits carriedby eachwave, coupledwith its speedgive thetransporcapacityof each
wave in bit-meters/sec.
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Figure6: (a) , and asa functionof wave hops( ) for . (b) for

Theabove equationstateghe recevedpower increasedinearly with distanceor , loga-
rithmically for andsaturategor (usuallythe casen practice).

Wave SpeedVersusMultiplexing Tradeoff. Theabove discussiorunderscoreanimpor-
tantaspecof (alsonotedin[1, 2, 8]) in thecontext of wave propagationLarge decreases
theinterferencao neighboringnodes(higherspatialreuse)at the costof wave speed.Smaller

canyield higherwave speedstthe costof increasednterferenceo othernodelesserspa-
tial reuse). The practicalcaseof seemdortuitous. It saysthatfor any nite , each
nodecaneffectively communicatevith only a nite numberof nodesandcanthusreceve and
forwarda constaneamountof informationin eachtime slot. Onthe otherhand,theinformation
from a singlesourcecanbe communicatedo ary singledestinatiorat a constanspeed.

How mary simultaneousource-destinatioro ws canbe multiplexed via wave propaga-
tion? To getanidea,consideraregionin which  nodesarecooperatingo multiplex a single
wave hop of simultaneousource-destinatioro ws. Then,only nodesareavail-
ablefor each o w andthusthedistancdraveledby thewavefor eacho wis :
(Alternatively, only -th of thetotal power, , is availablefor eacho w.) Thus,as in-
creasesthe wave speeddecrease®or each o w. Furthermore, directly impactsthe number
of simultaneouso ws that canbe multiplexed (for ary given and ); e.g.,for each

0 W usesabout nodesperwave hop,where increasesvith

Impact of Antenna Arrays and Scattering. In the context of wave propagationthe key
advantageof antennaarrayson eachnodeis to controlthe spatialpatternof wave propagation.
In essenceyave propagatiorwould happerat two spatialscalesthe smallerscaleof antenna
arrayson eachnode, andthe larger scaleof virtual nodearrays(VNA's) formed by differ-
entcooperatie nodes.In the absencef antennaarrays,the directionof wave propagationn
eachhopwill be primarily governedby opportunisticoeampatterng21, 20] — the directions
in which the signalsfrom  cooperatingnodesinterfere constructvely to reacha distance

asopposedo the averagedistance . Theconsilientprinciples
tell usthatthe shapeanddeayreesof freedomthe numberandlocationof hot spots)of oppor
tunistic beampatterndependon both the numberof cooperatingnodesaswell asthe size of
theregion they occupy The secondconsilientprinciple alsotells usthatthe controlledbeam-
patterngdueto antennarrayswill exhibit variationin angleon largerscalegdueto thesmaller
arrayaperturesyvhereaghe opportunisticbeampatterndueto VNA's will exhibit variations
in angleatsmallerscaleqdueto largerspatialspreadof cooperatingnodes).Furthermorethe
appropriateantennaspacingof the antennaarrayswould dependon the averagenodespacing



andthe size of the cooperatie region to exploit both spatialscalesfor controlling the wave
propagation.The presencef scatteringwill increasethe node-to-nodeMIMO link capacity
andwould alsofacilitate spatialwave dispersion.However, we canonly expectrich scatter
ing atsufciently largenodespacingsFurthermoregontrollingspatialwave propagatiorwill
comeatthe costof muchhigherchannektateinformation.
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