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Abstract— Wir eless sensor networks will allow �ne-
grained monitoring in a wide rangeof envir onment (indoor
and outdoor). Many of theseenvir onments, presentvery
harsh conditions for wir elesscommunication using low-
power radios, including multipath/fading effects,re�ections
fr om obstacles,and attenuation fr om foliage. In this pa-
per, we intr oduceSCALE, a network wir elessmeasurement
tool that usespacket delivery as the basicapplication-level
metric. SCALE facilitates the gathering of packet delivery
statisticsusingthe samehardwareplatform and in the same
envir onmenttargetedfor deployment.Usingup to 55nodes,
we were able to measure and study the connectivity condi-
tions of two hardware platforms, Mica 1 and 2 motes, in
thr ee differ ent envir onments: an outdoor habitat reserve,
an urban outdoor envir onment in a university campus,and
an of�ce building, under systematicallyvaried conditions.
Among other things, we found that there is no clear cor-
relation betweenpacket delivery and distancein an areaof
morethan 50% of the communicationrange,temporal vari-
ationsof packet delivery arecorrelatedwith meanreception
rate of each link, and the percentageof asymmetric links
varies fr om 5% to 30%. Data collectedusing SCALE have
interesting implications in the design, evaluation, and pa-
rameter tuning of sensornetwork protocolsand algorithms.

I . INTRODUCTION

Theadventof wirelesssensornetworkswill allow de-
tailed spatialand temporalenvironmentalmonitoring in
a wide rangeof environments,from urbanto wilderness;
indoorandoutdoor. Wirelessradiocommunicationis an
essentialcomponentof thesesystemsand enablessen-
sor nodesto performsigni�cant local coordination,dis-
tributedsignalprocessing,andnetwork self-con�guration
to achieve scalable,robust and long-lived networks [1],
[10], [11]. The quality of the wirelesschanneldepends
on multiple factors, such as the environment, the ra-
dio frequency, the modulationscheme,andeven the RF
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transceiverhardwarein use.

Thesenetworks will be deployed in harsh environ-
mentsfrom the communicationperspective, with signif-
icantmulti-patheffects.In addition,thelow power radios
typically usedin sensornetworks do not have suf�cient
frequency diversity to be resilient to multi-pathcommu-
nication. Under theseconditions,wirelesscommunica-
tion is known to beunpredictableandhasbeenshown to
vary drasticallywith small spatialchangesandon differ-
ent time scales.Even thoughmostsensornetwork algo-
rithmsaredesignedto beadaptive to thevariationsin the
communicationchannel[16], [4], thereareseveralparam-
etersthatneedto beadjustedto theoperatingconditions
in order to improve performance.Furthermore,the real
communicationchannelsare very dif�cult to model for
the wide rangeof target environmentsand the different
type of radios, frequencies,and modulationschemesin
use[6], [27], [12]. Thus,it is dif�cult to extensively test
thealgorithmsunderdevelopmentin simulationsunderre-
alistic conditions.Given thevariability of thecommuni-
cationchannel,andthedif�culty to modelit accurately, it
is essentialto get quantitativedatathat may allow us to
betterunderstandthechannelcharacteristicsin the target
deploymentarea.

In thispaper, wepresentSCALE, ameasurementtool to
studywirelesscommunicationchannelswith low power
radiosin new environments.It facilitatesthecharacteriza-
tion of themostbasiccommunicationmetricfrom theap-
plicationpoint of view: packet delivery. Thetool enables
thecollectionof packet delivery statisticsusingthesame
speci�c hardwareplatform andin the sameenvironment
intendedfor deployment. The datagatheredby SCALE
mayallow protocoldevelopersandengineersto betteres-
timate the appropriatedensity, systemparametertuning
constants,andexpectedperformanceof protocolsandal-
gorithms(datacapacity, convergencetime,latency). Table
I shows someexamplesof how theconnectivity statistics
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TABLE I
EXAMPLES OF THE USEFULNESS OF CONNECTIVITY STATISTICS IN PROTOCOL DEVELOPMENT AND PARAMETER TUNING

DesignParameter DataCollected Utility

Physicaldensity
Delivery ratevs. distance Expectedmeantopologicaldensity

Delivery ratevs.
environmenttype

anddistance

Expectedstandarddeviation in topologicaldensity

Algorithmic
selection

Expectedperformanceof in-network processing,e.g.
opportunistic(geographical)dataaggregation

Protocolselection

Expectedperformanceof spatialcorrelation,e.g.geograpical
andtopologicalrouting

Link asymmetryvs.
distance

Expectedperformanceof routingmechanismsthatassume
bidirectionallinks

Protocolparameters
(timeconstants)

Delivery ratevs.
time

Find reasonableroutingandapplicationsoft staterefreshtime;
�nd neighbordiscoveryprobeperiodasa functionof thestddev.

Link asymmetryvs. delivery rate Findneighbordiscoveryperiodasa functionof meanandstddev.
Packet sizeselection Delivery ratevs. packet size Findoptimalpacket sizeto maximizeef�ciencya

a Metric de�ned in sectionV-D.

collectedfrom aspeci�c targetenvironmentcanbeuseful
in this regard.

SCALEis fully con�gurable. Several parametersare
con�gurable, such as, the packet probe size, the inter-
packet periodtime, the transmissionpower gain, among
others. This �e xibility permitsperformingexperiments
undermultiple differentvariedconditions. More impor-
tantly, it allows to repeatthe measurementswhile con-
strainingall parametersother thanthe onebeingvaried,
allowing usto systematicallyprobetheeffectsof thatpar-
ticular parameter. The tool canbe run transparentlyin a
centralizedway with all thesoftwarerunningin a central
PC andconnectedto the nodesvia serialcables,or in a
fully distributedway with thesoftwarerunningin differ-
ent distributednodes. SCALEalsoprovidesa visualiza-
tion screento help viewing the connectivity datain real-
timeandaftereachexperimentcompletes.Usingupto 55
nodes,we wereableto measureandstudytheconnectiv-
ity conditionsof two hardwareplatforms,Mica 1 and2
motes[14], [7], in threedifferentenvironments:an out-
door habitatreserve, an urbanoutdoorenvironmenton a
universitycampus,andanof�ce building.

In our experiments,we distributedthenodesin anad-
hoc mannerin eachof the differentenvironments.Once
all thenodesweredeployed, thesystemmadeeachnode
atransmitter, goingthroughall thenodesin around-robin
fashion,onenodeatatime. Whenanodewastransmitting
packet probes,the restof nodesin the experimentwere
in receiver-only modecollectingpacket deliverystatistics
from the sender. The resultswere centrally logged. In
all our experiments,we studiedtheeffect of theenviron-
mentunderdifferentconditionsin theabsenceof interfer-

ing transmissions.

Theresultsof ourmeasurementsusingSCALErevealed
someinteresting�ndings. By analyzingdatafrom a rich
setof links with differentdistances,directions,antennae
elevationsfrom the ground,with or without line of sight
—conditionsthatwe expectto �nd in sensornetwork de-
ployments[3]—, we found that thereis no clear corre-
lation betweenpacket delivery anddistancein anareaof
morethan50%of thetotalcommunicationrange.In addi-
tion, we foundthattemporalvariationsof packet delivery
are not correlatedwith distancefrom the transmitteror
transmissionpower level, but to the meanreceptionrate
of eachparticularlink. We alsofoundthatthepercentage
of link asymmetriesvariesfrom 5% up to 30% in some
cases,andtherewasno obviouscorrelationbetweenlink
asymmetriesanddistanceand/ortransmissionpower lev-
els.By usingthis tool, weprovidesigni�cant quantitative
evidencethatsupportsthecommonlyheldbelief thatlink
asymmetriesaredueto hardwarecalibrationdifferences.

Beforewe proceed,we would like to highlight thepri-
marycontributionsof ourpaper. Theseare:

� Thedevelopmentof ameasurementandvisualization
tool basedonanapplicationlevel metric(e.g.packet
delivery), which facilitatesqualitativeandquantita-
tivecharacterizationsof thewirelesschannelin apar-
ticular target environmentandusingthe samehard-
wareplatformintendedfor theactualdeployment.

� The reportof an initial setof qualitativeandquan-
titative resultsusingSCALEthat investigatesprevi-
ousmeasurements,suppliesdatato supportprevious
hypothesesin the literature,andprovidesnew data
from experimentsperformedin threedifferent type
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of environments,andwith two different type of ra-
dios,undersystematicallyvariedconditions.

Therestof thepaperis structuredasfollows. In thenext
sectionwereview therelatedwork in thearea.SectionIII
providesa completedescriptionof themeasurementtool,
including the hardware and software components.The
methodologyusedfor the datacollectionexperimentsis
discussedin SectionIV. In SectionV, we presentsome
initial experimentalresultsusing the measurementtool.
Finally, weconcludein SectionVI.

I I . RELATED WORK

Thereis currentlya dearthof wirelesscommunication
measurmentdatafor low power devices.Most of thepre-
viousrelatedwork hasfocusedonexperimentalmeasure-
mentswith ad-hocprogramsspecializedto �t a particular
platform.

In Ganesanet al. [12] a testbedof 150 nodes(Mica
1 motes)wasusedto measurethe effectsof link, MAC,
and applicationlayersin datacommunication. The ex-
perimentswere carriedout in a single outdoorenviron-
ment, with no obstaclesin the vicinity and with all the
nodesneartheground.This work providedsomeempiri-
cal datato prove thatradioconnectivity wasnot isotropic
(exhibit directionality)andalsoprovided somemeasure-
mentsof numberof asymmetriclinks asa functionof dis-
tance. This work alsospeculatedthat links asymmetries
may be causedby small differencesin the hardware(ra-
dios)andslight differencesin thenodesenergy levels. In
our work we provide substantialevidencethat the cause
of link asymmetriesis in fact dueto differencesin hard-
warecalibrationandprovide a morein depthanalysisof
thedifferentfactorsaffectingwirelesscommunicationsin
morethanoneenvironmentandwith morethanoneradio.

Woo et al. [29] examinedpacket lossbetweenpair of
motesandconstructedpacketlossmodelsusedto evaluate
link quality estimators.Building on thatwork, in a more
recentstudyby Wooetal. [30] andusingupto 100nodes
in anopentenniscourt,they constructedpacket lossmod-
els basedon the meanand standarddeviation reception
ratevalues.Usingthesemodelsin simulationandwith a
network of 50 nodesin a building lobby, they provide an
illuminating evaluationof link quality estimators,neigh-
borhoodmanagementpolicy, androutingstrategiesunder
varied conditions. Our study is complementaryto this
work; while we do not conductany algorithmicevalua-
tions,wedostudythecharacteristicsof packetdelivery in
theabscenceof concurrenttransmissions,andusingmore
thanoneradioin multipleenvironments.

A recentstudyby Zhaoetal. [31] usingup to 60nodes
(Mica 1 motes)showed someof the effects of link and

MAC layers in wirelesscommunication. Using a sim-
ple lineartopology, with asinglesender, thework studied
the packet delivery performancein threedifferent envi-
ronments,power levels,andcodingschemes.This study
provided experimentaldatashowing heavy variability of
packetreceptionin almostonethird of thecommunication
rangefor somescenarios.Our work is complementaryto
this. In our study, we gatheredconnectivity datausing
morethanonesenderandnon-lineartopologies,andour
resultsshow evenfurthervariability of packet delivery in
more than half of the communicationrange. Our work
doesnot considertheimpactof multiple codingschemes,
but study how the packet delivery is affectedby packet
sizeandusingdifferenthardwareplatforms.

Neargroundeffectsin the800-1000MHz bandis stud-
ied by Sohrabiet al. [28]. This work usesa particular
modelfor power loss,and�nds theconstantsin themodel
for different type of environments. The study provided
experimentalvalidationof thepowerdropoff with higher
exponentsat smaller distancesthan the samechannels
with higher antennae.Our work considersnearground
effectsasoneof themultiple effectsaffectingradioprop-
agation. Our measurementsalso include datagathered
from the400MHz bandanduseanapplicationlevel met-
ric, meanpacket loss,insteadof pathloss.

Therehasbeenseveral studiesfor thecharacterization
of cellular networks [19]. In our study, we usedifferent
(low-power) radios, and different coding schemes(less
complex dueto resourceconstraints);thus,wecannotrely
completelyonpreviousresultsfrom cellularnetworks.

Our previous work with ASCENT [4] motivatedus to
build this measurementtool to helpusgain a quantitative
understandingof someof the radio channelfeatures.In
ASCENT, we showed that dueto the spatialandtempo-
ral variability of the wirelesschannel,the useof adap-
tive algorithmsthatconstantlyadaptto the local connec-
tivity conditionswasa sinequanonprerequisiteto build
any realsensornetwork system.Nevertheless,whenfaced
with thechallengeof de�ning someof thealgorithmcon-
stants(e.g. heartbeatperiod),we wereforcedto usead-
hocvaluesandintuition for theparametertuning. We be-
lieve SCALE�lls this gap. Our work hasalso beenin-
spiredby the large numberof measurementtools [20],
[23] developedto understandprotocolperformanceissues
in the Internet. Thesetools have had a signi�cant role
in the developmentof Internetprotocolslike TCP [24],
multicastroutingprotocols[8], [2], andmany more. The
datacollectedby thesetoolsallowedInternetresearchers
to detect�a ws in thedesign,adjusttheparametertuning,
andimprove the generalperformanceof theseprotocols.
Similarly, wehopeSCALEcouldbecomeausefultool for



4

(a)Mica 1 mote (b) PortableArray (c) Mica 2 mote

Fig. 1. SCALEhardware. Theportablearrayis composedof a laptopPCattachedto a serialmultiplexor. SeveralUTP cablesrun from the
multiplexor to thedeploymentlocationswhereamoteis attachedat theend.

TABLE II
NODES CHARACTERISTICS

Mica 1 Mica 2

CPUProcessor Amtel 128 Amtel 128
Prog.Memory(KB) 128 128
DataMemory(KB) 4 4

SerialRS232 needsadapter needsadapter
ClockSpeed(MHZ) 4 7.38

RF Manufacturer RFM [21] Chipcon[5]
RFTransciever TR1000 CC1000

Radiofrequency (MHz) 916 433
Modulation ASK FSK

Throughput(kbps) 13.3 19.2
TX power [0dBm] (mW) < 1 < 1

HardwareEncoding none Manchester
Antenna Omniwhip Omniwhip

researchersworking with sensornetworks in often harsh
andlossyenvironmentsfor wirelesscommunication.

I I I . SYSTEM DESCRIPTION

A. Overview

The systemis built using the EmStar programming
model[9]. It consistsof anumberof sensornodes(motes)
attachedusinglongserialcablestooneormoreserialmul-
tiplexorsthatareconnectedto a standardlaptopPC.This
PCcentrallyrunsthedifferentprocessesthatperformthe
datacollection as if they were run by individual nodes.
A visualizationtool is integratedto helpvisualizein real
time the progressof the experimentand to analyzeand
displaythe�nal results.

B. HardwareandFirmware

In ourexperimentsweusetwo versionsof nodesbased
on Mica motes(Mica 1 and2)[14], [7]. TestFigure1(a)
shows the Mica 1. Figures1(a)(c) show the mote plat-
forms. TableII shows themain featuresof thehardware
platformsused.

Theceiling andportablearrays[9] usedin theexperi-
mentsarecomposedof oneor moreserialportmultiplex-
ors attachedto a laptopPC.Figures1(b) show an image
of theportablearraywith oneserialmultiplexor. Theonly
differencebetweenthe arraysis that the ceiling array is
permanentlydeployed in the ceiling of our lab, and the
portablearrayis a completelymobilesystemthatcanbe
deployedanywhere.WeuseUTPCat5 cablesof different
lengths(up to 30 meters)andattachon endof the cable
to themultiplexor andtheotherendto a node.Thenodes
arewall poweredin theceilingarrayandbatterypowered
in theportablearray. Theportable/ceilingarrayis usedas
a logging/controlchannelthroughwhich we interfaceto
thesoftware.

The Mica motes�rmw arecomeswith an event-driven
operatingsystemcalledTinyOS [15]. WhenusingMica
1, it providesa DC-balancedsingle-errorcorrectionand
doublebit error detection(SECDED)schemeto encode
eachbytetransmittedby theRFtransceiver(RFM).When
usingMica 2, it reliesonthehardwareencoding.Thesys-
temsupportsvariablepacketsizes,andusesa16-bitCRC
thatis computedovertheentirepacketfor errordetections
(for both Mica 1 and2). A simpledriver (Transceiver)
was usedto run on the motesin TinyOS. It function is
to send/receive packets to/from the radio andpassthem
from/to thePCusingthehost-moteprotocolover these-
rial connection.
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Fig. 2. SCALEsoftwarearchitecture.Multiple independentmod-
ules that export devices for IPC run in their own addressspaces,all
controlledby emrun. A usercaninteractwith eachmoduleby sim-
ply usingcat or echo Unix commands,or let thesystemproxy all the
information to a centralplace. Connview, the visualizationtool, al-
lowscheckingthestateof theexperimentsin real-timeandperforming
post-processinganalysis.

C. Software

SCALEhasbeendesignedto make full useof theEm-
Starprogrammingmodelandsoftwareframework. Dueto
lackof space,wereferto [9] for furtherdetailsonEmStar.
Figure 2 shows a diagramof the software architecture.
SCALEis completelymodularizedand all the modules
havebeenwritten in C. Eachnodeparticipatingin theex-
perimentrunsa software stack, which consistsof a series
of modulesinterconnectedin a certainway. Eachmodule
is representedby a processwith its own addressspace.
There are three modulesfor eachnode software stack:
Conntest, in chargeof sendingandreceiving probepack-
ets, doing the control coordinationamongnodes(when
to start/stopsendingpacket probes);LinkStats, responsi-
ble for maintainingthepacket delivery statisticsfrom all
neighbors;andthe low level channeldriver, in charge of
performingthecommunicationwith theradio. Thereare
two channeldriversimplemented:MoteNic, which imple-
mentsthehost-moteprotocolto communicateto theradio
over the serialport, andUdpd, which usesthe UDP net-
work interfaceasa communicationdriver. Thecollection
of processesis managedby emrun, which startseachof
theabove modulesin thecorrectdependency orderbased
on the con�guration �le we provide (e.g. Conntestde-
pendson LinkStats, andshouldonly startonceLinkStats
is active). If a moduleterminatesunexpectedly, emrun
automaticallyrestartsit andtheothermodulescanrecon-
nect to it without loosingstate. Whenusing the system
with theceiling andportablearrays,all theprocessesare
run in emulationmodein acentralPC.Multiple copiesof
emrunarestarted—onefor eachnodein the system—,

eachof which forks a copy of thesoftware stack. SCALE
alsoprovidesa visualizationtool, Connview, andits pur-
poseis two-fold. First, it allows checkingthe statusof
the experimentin real time. Second,it permitsthe anal-
ysisanddisplayof the�nal experimentalresults.Among
someof its features,it includestheon/off displayof any
nodeor link, thecoloringof links basedon differentper-
centagesof packet delivery, displayof asymmetriclinks,
screencaptureand�le saving in graphicalformats(jpeg
andpng),andmany more.

We notethattheSCALEcouldbeusedin a completely
distributed fashion. For example, nodescould be con-
nectedto handheld-typebatterypowerdevices,likeCom-
paqiPAQs[22] or Intel XScales[17], eachof thembeing
able to run a copy of the software stack. The coordina-
tion anddatatransferfor visualizationcould be doneby
anout-of-bandchannel,like an802.11network (in order
to avoid interferencewith the radiochannelwe aremea-
suring). Oneof the advantagesof usingthe EmStaren-
vironmentis thatno softwarechangesarerequiredto run
in acentralizedor fully distributedway; thetransitionbe-
tweenthe two modesis completelytransparent.The ad-
vantageof the fully distributed modeis the elimination
of theserialcablesandthemultiplexor to connectto the
centralPC.The main disadvantageis the increasedtotal
costof the systemandthe limited batterylifetime of the
handheld-devices. In our study, we optedfor thecentral-
izedsolution.

Thebasicdatacollectionexperimentswork asfollows.
Eachnodetransmitsa certainnumberof packet probesin
a round robin fashion(one transmitterat a time). Each
probepacketcontainsthesender'snodeid andasequence
number. Therestof thenodesrecordthepacketsreceived
from eachneighborandkeepupdatedconnectivity statis-
tics, usingthesequencenumbersto detectpacket losses.
Thereare multiple variablesthat can be con�gured for
eachexperiment.Thenumberof roundrobin passes,the
total numberof packet probesto besent(andthenumber
of probesin eachround),thepacket probesize,theinter-
packetperiodtime,andthetransmissionoutputpowerare
all fully con�gurable. If a userwantsto evaluatetheper-
formanceof an algorithm(e.g. routing algorithm)under
differenttraf�c workloadandallowing multiple transmit-
tersat a time, it simply deactivatesthe Conntestmodule
in thecon�guration�le. Themeasuredpacketdeliveryre-
sultswill be the aggregateeffect of the environmentand
thetraf�c workloadin use(which mayincludecollisions
dependingof theMAC layerused).

SCALEis alsoscript-ready, andit is easyto con�gure
anentiresetof experimentsvaryingoneor moreparame-
tersat a time, leaving thesystemrunningwith no human
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(a) OutdoorHabitat, Will RogersState
Park

(b) OutdoorUrban,UCLA BoelterHall
CourtYard

(c) IndoorOf�ce, UCLA CENSlabceil-
ing array

Fig. 3. Differentenvironmentsusedin ourexperimentsusingSCALE.

intervention.At theendof eachexperiment,all thedatais
automaticallystoredin log �les with dateandtime of the
experiment,thelocation,andthevaluesof all theparam-
etersused.

IV. METHODOLOGY

In thissectionwediscussthemethodologyusedfor our
experiments.

Themostimportantaspectof wirelesscommunication
for us is packet delivery performance,which is a metric
thatdirectly affectstheperformanceperceivedby theap-
plication.More precisely, our primarymeasureof perfor-
manceis packet loss(thepercentageof packetstransmit-
tedbut not received),andits complement,receptionrate.

Thetopologyusedfor our experimentsconsistedof 16
nodes(portablearray)distributedin anad-hocmannerin
differentenvironments.We alsousedup to 55 nodesfor
ourindoorexperimentsdistributedin theceilingof ourlab
(ceilingarray).Whenusingtheportablearray, nodeswere
placedin a varietyof differentpositions,suchasnearthe
groundor elevatedfrom theground,with or without line
of sight(LOS) betweenthem,andwith differentlevelsof
obstructions(furniture,walls, trees,etc.). Theplacement
of thenodesalsotook into accountthedistancebetween
them,in ordertocreatearichsetof linksatdistancesvary-
ing from2 to50metersandin multipledifferentdirections
from any particularsender. In mostof our experiments,
eachnodesendsupto 200packetsperround,transmitting
2 packetsper second(unlessotherwisenoted). We ver-
i�ed that the transmissionratewas low enoughto guar-
anteeno packet lossesas a result of systemissues(e.g.
internalqueueover�ow).

Using this setup,we varied four factorsin our exper-
iments: the choiceof environments,the radio type (and

frequency), the output transmitpower settings,and the
packet sizesettings.

The�rst factorwevariedwastheenvironmenttype.We
selectedthreeenvironmentsfor ourexperimentation:

� Indoor Of�ce. We choseour lab to perform some
indoorconnectivity experiments.It consistsof a typ-
ical of�ce typeenvironmentwith anareaof approx-
imately20mby 20m. It haspartitionpanels,desks,
chairs,cabinets,computers,monitors,etc.Thisenvi-
ronmentis harshfor wirelesscommunicationdueto
multi-pathre�ections from walls andthepossibility
of interferencefrom electronicdevices. The choice
of this environmentis motivatedby sensingapplica-
tionsin indoorenvironments[25].

� Outdoor Urban. We picked the UCLA Engineer-
ing courtyardasanotherenvironmentfor our exper-
iments. It is an areaof 70m by 35m surrounded
by buildings and with somevegetation,trees,and
an openareaaroundthe center. The vegetationand
thewalls from thebuildingsareexpectedto produce
somesignalattenuationandmulti-pathre�ectionsas
well. This environmentis an intermediatemeasur-
ing point betweenindoorplacesandoutdoornatural
habitats.

� OutdoorHabitat. Weusea200mby 150msectionof
theWill RogersStatePark,Paci�c Palisades,Califor-
nia. Theareaconsistsof a small valley, surrounded
by a 35 degreeslopehill with very densevegeta-
tion, including different type of plants,bushesand
trees. Multi-path effectsandsignalattenuationdue
to thedensevegetationcontributeto aharshenviron-
ment for wirelesscommunication. Therehasbeen
severalefforts to monitorhabitatsin sensornetworks
[3], whichmotivatethisenvironment.

The secondfactor we varied was the radio type. We
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usedtwo differenttypeof radioswith differenttransmis-
sion frequency and different modulationschemes.The
Mica 1 transmitsin the916MHzband,andusesanampli-
tudeshift keying (ASK) modulationscheme.TheMica 2
transmitsin the433MHzband,andusesa frequency shift
keying (FSK) modulationscheme.The FSK modulation
is more resilient to voltagesupplyvariationssinceeach
symboldetectionincludesmultiple zero-crossings.This
is oneof the reasonswhy theMica 1 boardneedsanad-
ditionalvoltageregulatorin placein orderfor theradioto
beeffective.

Thethird factorwe variedwastheoutputtransmission
power. The moteshardware allows discretecontrol of
theoutputtransmissionpower of theRF transceiver. This
capabilitypermitssensornetwork applicationsto control
thepower gain of thetransceiver, allowing themto trade-
off energy usageversustransmissionrange.The Mica 1
moteshaveapotentiometercircuit thatallowscontrolling
the amountof currentdeliveredto the RFM radio [21].
The dynamic rangeof the output power selectionwith
Mica 1 rangesfrom -10dBmto 0dBm. TheMica 2 Chip-
con radio chip (CC1000)[5] hasprogrammableoutput
power from -20dBm to 10dBm controlleddirectly with
the microcontroller. In our experimentswe exploredthe
-15dBmto +5dBmrangeof transmitpowerfor theMica 2
platform.Dueto thedifferencesin thedynamicrangesbe-
tweenthetwo platforms,wedecidedto qualify thepower
levelswith respectto thedynamicrangeof each platform.
For example,whenusingMica 2 the -1dBmpower level
is consideredmediumpower level (with respectto its own
dynamicrange),but whenusingMica 1 the-1dBmpower
level is consideredhigh power. In all our graphswe in-
cludedthepower level usedin dBmunitsin orderto facil-
itate thecomparison.For theMica 1 andoutdoorexper-
iments,we only exploredthehigh-power settings(near0
dBm) thatweretheonly power valuesdeliveringenough
signalstrengthto getmeaningfulconnectivity results.

Finally, we varied the packet probe sizesin our ex-
perimentsusingtwo qualitatively differentpowersettings
(high and low power). The setof differentpacket sizes
usedwas25,50,100,150and200bytes.Thepayloadof
the packetswas�lled with randomdataup to the maxi-
mumsizein use.

Nodeswerelocalizedmanually. For eachexperiment,
we built a local coordinatesystemand�nd the local co-
ordinatesof all thenodesin threedimensions.For thein-
doorsexperimentswelocalizedthenodesusingameasur-
ing tape. Themeasuringerrorof the instrumentis � 0.1
cm. For the outdoorsexperimentswe usea sonicranger
device (Zircon DM S50)[32].Themeasuringerrorof the
instrumentis � 1 cm. A conservative estimateof the lo-

calizationerror would be oneorderof magnitudelarger
than the instrumentmeasuringerror, so we estimatethe
localizationerror of eachnodeto be � 1 cm for indoors
and� 10cmfor outdoors.Wenotethatthemanuallocal-
izationof thenodesis theonlypartof theentireprocedure
thatrequireshumanintervention.

Summary: We collectedpacket delivery data from
more than 300,000packet probesin experimentsper-
formedin 3 differentenvironments,with 2 differenttype
of radios,with 6 differentpower settings,and5 different
packet sizes.We usedup to 16 nodesin our outdoorex-
perimentsandup to 55 nodesin our indoor experiments
distributed in an ad-hocmanner, eachnodetransmitting
200packets.In eachexperiment,wemeasuredthepacket
delivery performanceof 240links for theoutdoorexperi-
mentsand2970links for theindoorsexperiments.

V. EXPERIMENTAL RESULTS

In thissectionwepresenttheresultsof usingSCALEin
differentenvironments,anddescribethedifferentaspects
of packet delivery performance. In all the resultsfrom
our experimentsshown in this section,we usecon�dence
intervals with 95% degreeof con�dencebasedon large
samplesize(n > 30).

After someinitial experimentationwe have character-
ized theprimary featuresdiscussedin the literature[12],
[31] of our radiochannels:

� Asymmetrical links: the connectivity of nodeA to
nodeB (A ! B) mightbesigni�cantly differentthan
from nodeB to nodeA (B ! A).

� Non-isotropic connectivity : the connectivity is not
necessarilythe samein all the directions(samedis-
tance)from thesource.

� Non-monotonicdistancedecay: nodesthatarege-
ographicallyfar away from the sourcemayget bet-
ter connectivity than nodesthat are geographically
closer.

In the following sectionswe will take a closerlook at
the differentaspectsof packet delivery undersystemati-
cally variedconditionsusingSCALE.

A. SpatialCharacteristics

In thissectionweexaminethequalitativeandquantita-
tivespatialcharacteristicsof packetdelivery in ourexper-
iments.Weareinterestedin understandinghow therecep-
tion ratevarieswith distancefrom the transmitterunder
differentconditionsandenvironments.

Figure4 plotstheraw packet delivery datain threeex-
amplescenariosas a function of distance. The goal of
thesegraphsis to show qualitatively thedrasticvariation
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Fig. 5. Meanreceptionrateover distancefor multiple environments,radiosandtransmissionpower levels. Eachgraphshows that theuseful
radiorangetendsto increasewhenthetransmissionoutputpower increases.In addition,thegraphsshow thatthereis agreatvariability in some
intermediateregions,asshown by thelargevaluesof thecon�denceintervals.

in receptionratefor all the scenariosandplatformsused
in ourexperiments.

In Figure 4(a), we plot the raw connectivity datafor
the outdoorhabitatexperimentusing Mica 2, and with
low power settings. In this case,we observe that links
with thesamedistancefrom thesourcecanhavereception
ratesthatvary drasticallyfrom 100%to 0%, i.e., thearea
betweenthe vertical lines. Figure 4(b) shows the same
setup(environmentandplatform used),but usingbigger
transmissionoutputpower. Whenincreasingthetransmis-
sionpower, we seetheexpectedsigni�cant improvement
in receptionratewith respectto (a) for mostof the links
in our experiment. This canbe seenby a larger density
of datapointsnearthe100%mark for almostall thedis-
tancerangetested.We alsoseethat links with reception
ratelower than50%appearat a largerminimumdistance
from the source(13 metersin the high power caseb vs.
7 metersin the low power casea). Links with reception
ratesof 100% also appearat the limit of the maximum

rangetested.1

Figure4(c) shows theraw connectivity datafor our in-
doorsexperimentsusingour ceiling array. Note that the
scaleon the x axis (distance)is different from the pre-
vious graphssincethe measurementsare limited by the
physical dimensionsof our lab (the areais smallerthan
in thepreviousoutdoorsexperiments).Thebiggerdensity
of measuringpointsis dueto the largernumberof nodes
availablefor our experiments(55 nodes).In this case,we
alsonoticedgreatvariationin receptionratefor almostall
thedistancerangestestedin ourexperiments.

As expected,increasingthetransmissionoutputpower
producesan increasein the numberof links with good
receptionrateat any given distance.However, the exis-

1The50metersmaximumrangelimit wasdueto thehardwareavail-
ability, i.e. thetotal numberof motesavailablefor our experimentsto
cover theentiredistancerangewith minimumdensityandthenumber
of serialmultiplexors. Thereis no explicit maximumdistancelimit
whenusingSCALE.
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tenceof badlinks (links with small receptionrate)is not
completelyeliminatedwhen increasingthe transmission
outputpower andbadlinks tendto appearat almostany
powersettingused(althoughfewerwhenlargepowerset-
ting is used). We have veri�ed this behavior even with
maximumpower settingsusingboth Mica 1 and2, and
in the 2 outdoorsenvironmentswe tested(Mica 1 and2
at maximumpower gethigh receptionratesin our space-
limited indoorlab). Thegraphsareomittedfor brevity.

Next we analyzethe meanbehavior of the reception
rate. In Figure 5, we plot the meanreceptionrate as a
functionof distancefor differenttransmissionpower lev-
els,environments,andradios.In thesegraphs,links were
sortedbasedon distancefrom thesource,andaggregated
in 5 meterbins.Eachmeasuringpointrepresentsthemean
of all the links includedin each5 meterbin. Thereare
morethan30 links in eachbin.2

Thelargecon�denceintervalsat somepointsshow the
high variability thatcouldbevisually observed in Figure
4. In all the casesshown in Figure5 thereis a general
decreasein thereceptionrateaswe increasethedistance
from thesource.This is expecteddueto attenuationof the
signaloverdistancefor any transmissionpower level.

Discussion. Thesigni�cant spatialvariationin packet
deliveryusinglow powerdeviceswas�rst notedin previ-
ouswork [4], whichshowedthatnodesthataregeograph-
ically furtheraway from thesourcecould,in practice,ob-
tainbetterreceptionratethannodesthatarecloser.

In [31], using nodesplacedin a line, the areawhere
the variability in packet receptionwas signi�cant had a
width of 20% to 30% of the communicationrange,and
it wasalwayslocatednearthemaximumradio range. In
our experience,whenusing network topologiesthat ex-
tend in multiple directionsfrom the source(not neces-
sarily in a line) with differentprobability of obstruction
dependingon the nodeplacement(asonewould expect
in realsensornetwork deployments[3]), we observedthe
width of the highly variablereceptionrateareato be in
mostcaseslargerthan50%,andup to 80%of radiorange
in somecases. In our experiments,this areastartswell
beforethe limit of the radio range. This result indicates
thatassumptionsof packet delivery basedexclusively on
distancefrom thesourcecanbeerroneousin practice.

Multipath andfadingeffectscanexplain thelevel vari-
ability in packet delivery seenin our experiments.When
the direct signal is strongand the re�ected components
areattenuated,thereceptionratesarehigh. Whenthedi-

2The rightmostbin (largestdistance)for the outdoor experiments
has less than 30 links, so its con�dence interval has lessstatistical
signi�cance (cannotassumea populationnormal distribution). The
samplemeanis still thebestestimatorof thepopulationmeanthough.
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Fig. 7. Percentageof asymmetriclinks as a function of transmis-
sionoutputpower for differentenvironments,andradios.Thereis no
clear correlationbetweenthe transmissionoutput power and the to-
tal numberof asymmetriclinks usinga large rangeof environments,
transmissionoutputpowerandradios.

rect signal is attenuated,the re�ected componentsmight
produceconstructive or destructive interferenceof the �-
nal signal. Thus,small variationsin the attenuationdue
to obstructionsandnodepositioncanaffect thereception
rate. In our experiments,dueto the harshnessof the en-
vironmentsfor low-power radiocommunication,nodesat
thesamedistancefrom thesourcecanhave differentlev-
elsof obstructionandattenuation(sincethesignaltravels
on differentdirectionsfrom thesourcetoward thediffer-
ent receivers),experiencingsigni�cantly differentpacket
deliverydependingonthestrengthof thedirectsignaland
thetypeof constructiveor destructive interference.

We arguethat thegreatvariability in thereceptionrate
over an extendedareaof the communicationrangeis a
commoncharacteristicsharedby a family of low-power
radiodevicescommonlyusedin sensornetwork systems.
This is sustainedby the fact that we got the samequali-
tative resultsusingtwo differentradioplatforms(widely
acceptedin thesensorresearchcommunity).The lack of
frequency diversity in thesedevicesmight be oneof the
reasonswhy theseradiosaremore likely to suffer mul-
tipath effects (asopposedto morepower-hungryspread
spectrumradios).

B. Link Asymmetries

In theprevioussection,wediscussedhow packetdeliv-
ery variesgreatlyover a largeportionof the radio range.
In thissection,wefocusonquantitativeanalysisof asym-
metric links. Link asymmetriesoccur infrequently in
802.11wirelessnetworks, and are often �ltered out by
protocollevels[18], [26]. Thestudyin [12] reportedthat
asymmetriclinks werefarmorecommonwhenusinglow
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Fig. 6. Link asymmetrydistribution for Mica 1 and2 in threedifferentenvironments. In all casesthereis at least5% of link pairswith a
differencein receptionratelargerthan40%,andin somecasesthepercentageof asymmetriclinks is asbig as30%

power radios,evenwhenall thenodesweresetto usethe
sametransmissionpower level.

In this study, an asymmetriclink is de�ned as one
wherethedifferencein thereceptionratebetweenthelink
in one direction and the other direction is larger than a
certainthreshold.We have chosen40%asour threshold.
We usedtwo qualitatively differentpacket sizes(25bytes
and200bytes)in theexperimentsperformedin thesesec-
tion, andwe did not observe importantvariationsbased
onpacket size.

Figure 6 presentsthe cumulative probability distribu-
tion of link pair asymmetryfor severalenvironmentsand
transmissionpower levelsusingbothMica 1 and2. The
vertical line on the 40% shows the thresholdfor asym-
metriclinks usedin this study. This graphshows how the
percentageof asymmetriclinks would changeif we had
picked a differentthresholdvalue. More than5% of the

link pairshavereceptionratedifferenceslargerthan40%,
andsometimesupto 30%of thelink pairshaveasymmet-
ric properties.Theseasymmetriclinks areknown for their
impactonhigherlevel protocols,suchasrouting[26].

Figure 7 shows the total percentageof asymmetric
links –with respectto the total numberof links in each
experiment–as a function of the transmissionoutput
power for threedifferentenvironmentsusingboth Mica
1 and2. Eachbarrepresentsanentiresetof experiments
performedat a particulartransmissionpower level. Note
that we did not systematicallycover the entire dynamic
range of transmissionoutput power, but rather picked
samplemeasuringpoints. In otherwords,theabsenceof
a bar in certainpower region is due to the absenceof a
measuringpoint, not the resultof zeroasymmetriclinks
in thatpower level. For eachradioplatform,we covered
almostthe entirepower rangein differentenvironments.
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Fig. 8. Percentageof asymmetriclinks (with respectto thetotal numberof links) asa functionof distancefor differentenvironments,radios,
andpower levels. It is clearfrom thegraphsthatthereis noobviouscorrelationbetweentheasymmetriclinks anddistance

Mica 1 wasexploredfrom -8 dBm to 0 dBm andMica 2
wasexploredfrom -15dBmto +5dBm(in bothcasesnear
theentiredynamicrangeallowedby eachRF transceiver
hardware).Someof thebarshavebeenoffsetin thex axis
value(power) to improve readability, mainly aroundthe
cluttered0 dBmregion.

From the graphwe can seethat for eachplatform in
eachenvironment,thereis no clear correlationbetween
transmissionpower level andthepercentageof asymmet-
ric links. Furthermore,thepercentageof asymmetriclinks
seemsto oscillatebetween5% to 15% of the total num-
berof links dependingon thehardwareplatformandthe
environment,andin somecasesbeingup to 30% of the
total.

Figure 8 plots the percentageof asymmetriclinks as
a function of distancefor three different environments
andtwo platformsfor differenttransmissionpower levels.

Note that in this casewe systematicallyexploredtheen-
tire distancespacefor eachenvironment,andtheabsence
of a bar at a particulardistanceindicatesthe absenceof
asymmetriclinks at thatdistancefrom thesource.

Figure 8(a) and (b) show the resultsof using Mica 2
in two differentenvironmentswith differenttransmissions
power levels. Thereis no clearcorrelationbetweenthe
numberof asymmetriclinks and the distancefrom the
source.Asymmetriclinks tendto appearin a wide range
of distancesfrom the source,increasingand decreasing
alternatively aswe move further. In Figure8(c) and(d)
we show the resultsof usingMica 1 in two differenten-
vironmentswith severaldifferenttransmissionpower lev-
els. Note that the scalefor the x axis (distance)in Fig-
ure8(d) is differentfrom theoutdoorsexperiments,since
theindoorsexperimentswereperformedin asmallerarea.
WhenusingMica 1 we noticethesamephenomenathan
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TABLE III
ASYMMETRIC LINK-PAIRS NODE SWAPPING RESULTS

Node
Type

Location
Type

Asymmetric Inverted
link-pairs link-pairs

before after
swapping swapping

Mica 2 OutdoorUrban 11 10
Mica 2 IndoorOf�ce 10 9
Mica 1 IndoorOf�ce 24 22

whenusingMica 2; i.e. asymmetriclinks seemnot to be
correlatedwith distancefrom thesource,andthey appear
in all thedistancerangestried in ourexperiments.3

Discussion. In [12] thespatialdistributionof theasym-
metriclinks wasconcentratedaroundthelimit of thecom-
municationrangefor two different power settingstried.
Our resultsshow that therewasno spatialcorrelationof
asymmetriclinks; asymmetrieswereequallylikely tohap-
penwell beforethelimit of theradiorange.In thatstudy
they arguedthatat the limit of thecommunicationrange,
small differencesbetweennodes'transmitpower andre-
ceptionsensitivity may becomesigni�cant and resulted
in asymmetries.In otherwords,the link in onedirection
may have a direct signal that is strongenough(above a
certainthreshold)to get goodreceptionratewhile in the
otherdirectionthesignalmaybebelow thethresholdand
re�ectedsignalcomponentsmayaffect thereceptionrate,
causinglink asymmetries.Oneinterestingobservation is
thattheexperimentsperformedin [12] weredonein a�at,
openparkingstructurewith noobstaclesin theimmediate
vicinity. Thedifferencebetweentheenvironmentswhere
theexperimentswereconductedmight explain thediffer-
encesbetweenresultsof the two studies. In [12], in the
absenceof obstacles,suf�cient attenuationto producelink
asymmetrieswas only existent in the limit of the radio
range,while in our experimentswith clutteredenviron-
mentswe experienceddifferentlevel of attenuationat the
samedistancefrom thesource,potentiallyproducingthe
sameeffectatdistancesotherthanneartheradiorange.

One question that still remained unansweredwas
whetherthecauseof link asymmetrieswasprimarily due
to differencesin hardware calibration. In both, Indoors
Of�ce andOutdoorUrban,we run experimentsusingdif-
ferenttransmissionpower levels. UsingtheSCALEvisu-
alizationtool (Connview), wequickly identi�ed thepairof
nodesthatexperiencedasymmetriclinks. We emphasize
thattheonlinenatureandeaseof useof SCALEmadethis

3Mica 1sgotsystematicallysmallerpercentagesof asymmetriclinks
thanMica 2s. We do not have an explanationfor this behavior other
thanhardwaredifferencesbetweenthetwo radios.
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Fig. 9. Receptionrateasa functionof time for Mica 1 in theIndoor
Of�ce environmentwith mediumpower level (-5dBm). Links with
highermeanreceptionratetendto have lessvariability over time.

taskvery simple. If a nodeexperiencedlink asymmetries
with morethanonenode,we picked the pair with larger
receptionratedifference.Thenwe proceededto carefully
mark all the nodesphysical placement(for the outdoor
experimentsweeventookpicturesof eachnodeexactpo-
sition/placement).We �rst veri�ed thesensitivity of very
smallmanualdisplacementsby removing thenodesfrom
the end of the serial cableand re-attachingthem again
in the samepreviously marked position. We re-ranthe
experimentsandveri�ed that the eachpair of nodeshad
the samelevel of link asymmetryasbefore. In all cases
the level of asymmetryin eachpair remainedthe same.
This result gave us con�dence that minor manualdis-
placementsthat happenwhenremoving andre-attaching
nodesin thesamepositionswould not affect our �nal re-
sults.

Oncethiswasveri�ed, weproceededto swappositions
for eachpair of nodes,beingvery carefulto placetheop-
positenodeof eachpair into exactly thesamepositionof
the original node. Table III shows the summaryof our
results.We tested45 asymmetriclink-pairs in bothenvi-
ronmentsusingboth Mica 1 and2. In mostcases,when
swappingthe nodes'positions,the link asymmetriesgot
inverted. This phenomenonhappened91.1%of the time
with acon�denceinterval of � 8.32%andadegreeof con-
�dence of 95%. This resultsuggeststhatthereis a strong
indicationthat link asymmetriesareprimarily causedby
smalldifferencesin hardwarecalibrationandenergy lev-
els betweennodes.We believe this is the �rst studythat
presentsquantitativedatasupportingthishypothesis.

C. Temporal Characteristics

In this section,we examinehow packet delivery varies
with time, andwhatarethespatialcharacteristicsof this
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Fig.10. Figure10(a)showsthatthereis noclearcorrelationbetweenthevariability of therecpetionrate(� , standarddeviation)andthedistance
from thetransmitter. Figure10(b)showsaninteresingcorrelation.Links with veryhighreceptionrateover time(> 90%)tendto bemorestable
(small� ), followedby links with very low receptionrates(near0%). Thelinks with intermediatereceptionratetendto behighly unstable,with
very largevariability over time (up to valuesof 50%for � ).

variation.

For this experimentwe con�gured SCALEto run with
just onesender(no round-robin)at a datarateof 2 pack-
ets/sec,with datapacketsizeof 200bytes.Wecon�gured
SCALEto try multiplepowerlevels,andlet it runfor more
than2 hoursfor eachpower level selectedin the Indoor
Of�ce environment. The meanreceptionratewascom-
putedevery 30 seconds,andthe window sizefor the re-
ceptionratecalculationwassetto 60seconds(eachpacket
sentaffects two meanreceptionrate calculations). We
presenttheresultsonly usingMica 1, sinceMica 2 traces
presentthesamequalitativecharacteristics(notshown for
brevity).

Figure9 shows themeanreceptionratevariability over
time for threedifferent links with differentmeanrecep-
tion rateover theentiretime of theexperiment.The �g-
ure illustratesthat the variability for the link with a high
meanreceptionrate(95%, the top curve) is quite small,
andvariesbetween92%to 98%. On theotherhand,the
link with low meanreceptionrate (� 40%, the bottom
curve) hashigh variability receptionrate,andvariesbe-
tween20%to 60%over theentiretimeof theexperiment.

Figure 10(a) shows the relation betweenthe standard
deviation of the receptionrateandthe distancefrom the
transmitter. Eachpoint in the graphrepresentsthe sam-
plevariance,which is thebestestimatorof thepopulation
variance. The errorbarsshow the con�denceinterval of
the standarddeviation estimationwith a degreeof con-
�dence of 95%. The con�denceintervals for eachpoint

were obtainedusing the Chi-Squaredistribution4. The
graphshowsthat,usingtwodifferentpowerlevels,thereis
no clearcorrelationbetweenthe variability of the recep-
tion rate in time (standarddeviation � ) andthe distance
from the transmitter. High valuesof standarddeviation
appearin awide rangeof distancesfrom thesource.

In Figure 10(b) we plot the relationshipbetweenthe
standarddeviation and the meanreceptionrate. On the
right side of the graph,we can seethat links with high
meanreceptionrate (> 90%) show very little variation
over time and tend to remainstablewith good connec-
tivity. Similarly, links with very low meanreceptionrate
(near0%) are also stableover time and tend to remain
bad links over the time period tested. On the contrary,
links with meanreceptionratesthat rangefrom 20% to
80%show greatvariability over time, andin somecases
presentstandarddeviation valuesin theorderof 50%! It
is notuncommonfor someof theselinks to gofrom 100%
receptionrateto 0%in thecourseof a two hourwindow.

Theresultspresentedin SectionV-A showedthatlinks
with poor/mediumreceptionratewerepresentin a wide
range of distancesfrom the transmitter. In addition,
the correlationbetweenhigh variability over time and
poor/mediumreceptionratesshown in Figure10(b) can
helpexplain theresultsweobtainedin Figure10(a);links
with poor/mediumreceptionrate appearacrossa wide

4The pointswith very large standarddeviation have con�dencein-
tervalswith lessstatisticalrobustness.In someof thesepoints,we do
not alwayshave a normally distributed populationnecessaryby the
Chi-Squaremethodto make robuststatisticalinferences.
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(c) OutdoorUrban, Mica 1, with High
Power (-1dBm)

Fig. 11. Mean receptionrate over distancefor Mica 1 and 2 using multiple transmissionpower levels, and packet sizesin the Outdoor
Urbanenvironment. Thereis no signi�cant differencein packet delivery betweenlarge andsmall packet sizes,with only a small decreasein
performancefor largerpacket sizes.

rangeof distancesfrom thetransmitter, andthesearepre-
ciselythelinks with higherstandarddeviationvalues.

D. TransmissionEf�ciency

In thissectionwetakealook at thepacketdeliveryef�-
ciency. For any givenpayloadsize,thereis anassociated
ef�ciency overheadgiven by the sizeof the radio packet
headerandthe packet preamble.In addition,onewould
expectthataswe increasethepacket size,theprobability
of successfullyreceiving an error-free packet would de-
creasesincethereis a largerprobabilityof any partof the
packetbeingcorrupted(for any givenchannelBER).

In our experiments,we useddifferentcodingschemes
dependingon the RF transceiver used (software-based
SECDED for Mica 1, and hardware-basedManchester
for Mica 2). In this study, we did not considerthe ef�-
ciency differencesbetweenthedifferentcodingschemes.
Thepacketoverheadis relatedto thepacketheaderadded
to each transmittedpacket (it containsaddressingand
CRCerror-checkinginformation),andthepreamble/start-
symbol overheadthat is usedby eachradio to detecta
new packet over theair andlock into theincomingsignal
to achieve bit-level synchronization.The packet header
overheadis the samein both Mica 1 and 2 and con-
sistsof 7 bytes/packet (addressing+ CRC). The pream-
ble/startsymboloverheadis differentfor eachradio. The
RFM transceiver (Mica 1) uses12bytes/packet,while the
CC1000transceiver (Mica 2) uses20bytes/packet.

In Figure11 we show the receptionrateasa function
of distancefor bothMica 1 and2 atdifferentpower levels
in theOutdoorUrbanenvironment. We show only small
(25bytes)andbig (150bytes)payloadsizes.Wegathered
datafor severalotherpayloadsizes(25,50,100,150and
200 bytes),but we did not includethemin the graphsto

improvereadability, sinceall thecurveswereverysimilar.
In general,for all threegraphsandusingdifferenttrans-
missionpower levels for Mica 2, we noticeonly a slight
decreasein the receptionrateaswe increasethepayload
size.

Basedon the resultsshown in Figure 11, we investi-
gatedwhetherthe small decreasein receptionrateaswe
increasepayloadsize could be compensatedby the de-
creasein the packet overhead.We de�ned a new metric
to measurethis relationship.For any givenlink, we want
to measuretherelationbetweentheusefulinformationre-
ceivedversustheinformationsentoveralink usingamet-
ric calledef�ciency5, which is de�ned as:

Usef ulB itR X
TotalB itT X

=
PayloadSizei

TotalPacketSizei
� Pi (s) (1)

whereTotalPacketSizei is thetotalsizeof thepacket
type i (preamble+ header+ payload); PayloadSizei

is the payloadsize of packet type i ; and Pi (s) is the
probability of successfullyreceiving a packet of type i .
ThefractionPayloadSizei =PacketSizei determinesthe
idealef�ciency underoptimalreceptionrates.Thediffer-
entpacket typesi aregivenby thedifferentpayloadsizes
weusedin ourexperiments.

Figure12 plotstheef�ciency metricde�ned in (1) asa
functionof distancefrom thesource.Eachhorizontalline
determinesthetheoreticalef�ciency valueunderidealre-
ceptionrate (100%) for the differentpayloadsizes. We
canseefrom thegraphsthat largeref�ciency is achieved
by usinglargerpayloadsizes.For Mica 2, themaximum
ef�ciency is achieved with the larger payloadsize tried
in mostof the radio range.For Mica 1, it seemsthat the

5A relatedmetric wasde�ned in [31] in the context of MAC layer
retransmissions
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Fig. 12. Ef�ciency rateasa functionof distancefor Mica 1 and2 in theOutdoorUrbanenvironmentfor multiple payloadsizes.Thevertical
linesshow theidealef�ciency for eachpacket payloadsize.Largeref�ciency is achievedby usinglargerpayloadsizesthanthedefault values
setup in themotesoftware.

optimalpacket sizeto maximizeef�ciency is around150
bytes. Using valueslarger thanthat do not improve per-
formance.

Thedefault valueestablishedin themotesoftware[15]
for the payloadsize is 29 bytes,and could probablybe
increasedwith a noticeableimprovementin termsof ef�-
ciency. Nevertheless,largerpacketsmayproducefairness
problemsfor channelutilization whentherearemultiple
sendersin a region, andeven increasethe probability of
collisionsdependingof theMAC schemeusedin thesys-
tem. The�nal choiceof packet sizeshouldalsoconsider
the particularMAC layer schemeusedandthe expected
traf�c patternandworkloadintroducedby theapplication.

VI . CONCLUSIONS AND FUTURE WORK

In this paper, we have presentedSCALE, a network
wirelessmeasuringandvisualizationtool thatenablesthe
qualitativelyandquantitativecharacterizationof thewire-
lesschannelin a particulartargetenvironmentandusing
thesamehardwareplatformintendedfor deployment.Us-
ing SCALEwith two differentradio transcieversin three
differentenvironments,wefoundthatthereisnoclearcor-
relationbetweenpacket delivery anddistancein an area
of morethan50%of thecommunicationrange,temporal
variationsof packet delivery arenot correlatedwith dis-
tancefrom the sourcebut with the meanreceptionrate
of eachlink, the percentageof asymmetriclinks varies
from 5%to 30%andstrongindicationssuggestingthatthe
causeof links asymmetriesis primarily dueto hardware
calibrationdifferences.The datacollectedusingSCALE
provide someusefulinsightsfor protocoldevelopersand
engineersworking in sensornetworks.

In the near future, we plan to integrateSCALEwith
someself-localizationsystemsunderdevelopment[13] to

eliminate the extent of humanintervention neededand
make thesystemmoreautonomous.In addition,we plan
to extendthe low-level radio interfaceto collectsomeof
the signal-to-noiseinformation available in someof the
RF transcieversusedin sensornetworks.
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