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ABSTRACT
Sensornetworksareanemergingclassof highly distributed
systemsthat generate,process,andstoredatathat mustbe
queriedin an energy-ef�cient manner. Recentsensornet-
worksresearchhasproducedaclassof datastorageandquery
processingtechniquescalledData-CentricStorage(DCS)[29]
thatleverageslocality-preservingdistributedindexeslikeDIM [24],
DIFS [15], andGHT [28] to ef�ciently storesensortuples,
andanswermulti-dimensionalrangeandrange-aggregatequeries.
Thesedistributedindexesoffer arich designspaceof a) log-
ical decompositionsof sensorrelationschemainto indexes,
aswell asb) physicalmappingsof theseindexesonto sen-
sors.In thispaper, weexplorethisspacefor energy-ef�cient
dataorganizations(logical andphysicalmappingsof tuples
andattributesto sensornodes)anddevisepurely local query
optimizationtechniquesfor processingqueriesthatspansuch
decomposedrelations.We proposefour designtechniques:
(a) fully decomposingthe basesensorrelationinto distinct
sub-relations,(b) spatially partitioning thesesub-relations
acrossthesensornet,(c) localizedqueryplanningandopti-
mizationto �nd fully decentralizedoptimal join orders,and
(d) locally cachingjoin results. Together, theseoptimiza-
tions reducethe overall network energy consumptionby 4
times or more when comparedagainstthe standardsingle
multi-dimensionaldistributedindex approachon a wide va-
riety of syntheticqueryworkloadssimulatedoverbothsyn-
theticandreal-world datasets.We furthervalidatethefeasi-
bility of our approachby implementinga functionalproto-
typeof ourdataorganizerandqueryprocessoronmica2[11]
motesandobservingcomparablesavingsin messagecost.

1. INTRODUCTION
Wirelesssensornetworksareanemerging classof highly

distributedsystemswith widespreadapplicability. In such
networks,nodesgenerate,processandstoresensorreadings
within thenetwork. This architectureis necessitatedby the
relatively highenergy costof wirelesscommunication—this
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costmakesit infeasibleto considercentrallycollectingand
processingvoluminoussensordata. An importantcompo-
nentof thesenetworks, then, is an energy-ef�cient system
thatenablesusersto querythestoreddata.

Existingapproachestoorganizingdataandprocessingqueries
fall underone of the two broadcategoriesnamely, Data-
Centric Routing(DCR) and Data-CentricStorage (DCS).
In DCR, the datageneratedby the sensorsis storedat the
nodesthat generatethem,andqueriesare�ooded through-
out the network. Data from the sensorsin the sensornet
is thenaggregatedalongthe query tree that is built during
the query �ooding phaseon a per-query basis. This ap-
proach,pioneeredby early systemssuchas TinyDB [26]
and Cougar[5], is ef�cient for continuous(long-running)
queries,wherethehighenergycostincurredduringthequery
�ooding andper-querydataaggregationphasesis amortized
over time.

Comparedto DCR, DCSis a relatively new classof data
storageandquerymethodologiesproposedin [29]. In DCS,
datageneratedby a sensoris �rst storedintelligently at re-
motenodesassoonasit is generatedwith aneye towardex-
ploiting datalocality duringqueryingbecauserelatedsensor
datagetsstoredtogetherregardlessof wherein thesensornet
thedataoriginates.Consequently, queriescanbedirectedto
thepreciselocationsof thenetwork duringthequerypropa-
gationphase,and,datacanbeaggregatedlocally andmore
ef�ciently without propagatingit up a querytreeduringthe
dataaggregationphase.Thus,theoverall (insertion+query)
costfor DCS is lower for many ad-hoc(short-lived)work-
loads.

DCS canuseany locality-preservinggeographicallydis-
tributedindex structuresuchasDIM [24], GHT[28], DIFS[15],
andDIMENSIONS [13]. Our focusin this paperis to im-
prove theoverall energy performanceof vanilla DCS by a)
exploiting the �e xibility offered by theseunderlyingdata
structuresduringthedatainsertionphaseandb) optimizing
queryplansduringqueryexecutionphase.Thus,while each
DCS systemcurrentlydefaults to usinga �x ed data orga-
nization(by this we meanmappingsof tuplesandattributes
to network nodes),we seekto understandthe designspace
of possibledataorganizations,andidentify moreenergy ef-
�cient (in termsof total insertion+querycosts)candidates.



Relatedto this effort, we alsoproposetechniquesfor opti-
mizingqueryplanningandexecutionin DCS.

In this paper, we usea distributedindex calledDIM [24],
which servesas our basicstorage,indexing, andquerying
layer, and is interestingbecauseof its locality-preserving
property. However, we emphasizethat the choiceof this
distributedindex is orthogonalto thedataorganizationand
queryprocessingideasdescribedin this paper, andit is pos-
sibleto useotherindexeslikeGHT[28], DIFS [15], andDI-
MENSIONS[13]. DIM is overviewed in Section3.1, and
canbe thoughtof asa searchtreethat is spatiallyoverlaid
on a sensornetwork. In this sense,it resemblesclassical
databaseindexes.However, DIM' sarealsointendedto store
theprimarycopyof thedata.

Considerasensornetworkwith anm-relationschemahuuid;a1;a2; : : : ;ami .
Tuplesin this schemacanbe storedin oneDIM. Alterna-
tively, we canfully decomposetheminto m DIM' s eachof
which storesa single relation of the form huuid;ai i , and
we can then join on uuid on demandto evaluatequeries.
A spectrumof partial decompositionsof the baserelation
into sub-relationsof theform huuid;ai; : : : ;a j i is, of course,
alsoconceivable.Clearly, wecanexpectthesedifferentdata
organizationsto yield differentperformanceunderdifferent
workloads.Our measureof performanceis the total energy
cost incurredfor a given workload, including data inserts
andqueryretrievals. This is becausesensornetworks tend
to be energy-constrained,andcommunicationis the single
biggestenergy componentof a sensornet.We approximate
theenergy costof a singlemessageasa productof thesize
of themessage(in bits)andthenumberof hopsthemessage
traverses.

Wefoundthat,in many cases,fully decomposingthebase
relationperformsbetterthanzeroor any partial decompo-
sition, even if thedecompositionis carriedout with an eye
toward a givenqueryworkload(we identify importantpre-
conditionsand exceptionsto this broadstatementin Sec-
tion 5.4). We thenstudythreerelatedmechanismsthat can
improve theef�ciency of queryprocessingwhena basere-
lation is fully decomposedinto multipleDIM' s:

Spatially Partitioning Sub-Relations Eachfully decomposed
sub-relationis storedin a DIM, andall DIM' s areas-
signedspatially disjoint sectionsof the sensor�eld.
Notethatthispartitioningpreservestheload-balancing
natureof DIM' s—asweshallseein Section4.1, it only
determineswhich attributesaremappedto eachnode
anddoesnot alter thenumberof tuplesstoredat each
node.In otherwords,thisdevicepreservesstaticload-
balancing.Assumingqueriesarealsobalancedacross
all attributes(i.e., they placeequalstatisticalload on
all attributes)1, sucha spatialpartitioningalsoguaran-
teesdynamicload-balancing.We strive to respectthe
load-balancingconstraintbecauseit is a simple way
to restricthotspotsandmaximizeworst-casenetwork

1In Section5.7, we explore simulationscenarioswherethis as-
sumptionis relaxed.

lifetime.

Ef�cient Query Planning via DecentralizedJoin-Ordering
Weimportthefamiliarnotionof equijoins(Section3.2)
into sensornetsfor rangeand range-aggregatequery
processingwithin our system. Our systemprocesses
theSQLqueryat thequeryissuerandconstructsanef-
�cient queryplan that includesan optimal join order
usingonly locally availableinformationin theform of
a histogram.We show that it is importantto choosea
goodjoin orderduringqueryoptimizationanddemon-
stratehow to do so (Section4.2) usingonly summa-
rized global information in the form of a low over-
headcoarse-grainedmulti-dimensionalhistogramthat
approximatesthedistribution of datastoredwithin the
network. Thehistogramis lazily constructedandprop-
agateda priori to eachnodein thenetwork.

Ef�cient Query Executionvia Optimistic Join-Caching We
advancea simpleandrobust mechanismto cachethe
resultsof partial joins acrosssub-relationslocally at
eachsensornode(Section4.3). This cachingstrategy
enhancesqueryperformanceby eliminatingredundant
tuplemovementduringqueryexecution.

We show usingextensive simulationsthat for a varietyof
datadistributions(both syntheticandreal-world) andsyn-
theticqueryworkloads,theseschemestogetherprovidemore
thanafour-fold reductionin energy expenditureoverstoring
thebaserelationin oneDIM evenfor a smallnumber(4) of
sensorattributes;we argueanalytically in Section4.1 that
we canexpect this factorof improvementto improve with
increasingnumberof sensorattributes.

Therestof thepaperis structuredasfollows. After a re-
view of relatedwork (Section2), we outlinethefunctional-
ity providedby DIM andanalyze,usinga simplemodel,the
performanceof variousdataorganizations(Section3). In
Section4, we discussin detail the four primary techniques
that we employ for minimizing the total energy consump-
tion, andevaluatetheimpactof theircontributionusingsim-
ulationsover both real-world andsyntheticdatasetsin Sec-
tion 5. We describethedetailedimplementationof our sys-
tem in Section6. We concludein Section7 with a brief
discussionof futuredirections.

2. RELATED WORK
The problemsof distributedqueryprocessingin general

andjoin optimizationin particularhave beenstudiedin the
context of bothsensornetworksanddistributed/federated/Internet/peer-
to-peerdatabases.Oneline of research[7, 2, 8] hasstudied
non-blockingjoins on datastreams. Another[3, 30, 18] has
focusedondynamicadaptationof queryplansin federations
of databases.Our work follows a differentline of research,
one that is closerin spirit to the conventionalqueryingof
stored,distributedrelations. However, the key twist in our
approachis the cost metric—thecost of join-orderingde-



pendsnot just on how muchdatais movedbut alsothenet-
work distancethat the datais moved. This presentsan en-
tirely new dimensionto join-orderingandqueryoptimiza-
tion that,to ourknowledge,hasnotbeenstudiedbefore.

In databases,usingselectivity estimationfor queryopti-
mizationhasbeendescribedin [27]. Theuseof histograms
for queryprocessinghasbeendescribedin [20, 6, 19, 9].

The main distinctionof our work from semi-joins[10] in
distributeddatabasesis thatwe have a differentcostmodel,
morenodes,anda differentarchitecture.Queryoptimiza-
tion in distributeddatabasesin generalis discussedin sev-
eral placessuchas [4, 1, 23]. However, the primary goal
thereis to optimizefor queryresponsetime thanfor energy
consumption.

3. BACKGROUND AND MOTIVATION
In thisSection,wedescribethemechanicsof insertionand

queryingin DIM, andmotivatetheperformanceadvantages
of decomposingbaserelationsusingqualitativearguments.

3.1 DIM Overview
Sensornetworks are typically tasked to individually or

collaboratively sensean environmentand producehigher-
level eventsor featuresafter local signalprocessingand�l-
tering.Examplesof sucheventsmightbelocalmicro-climate
temperaturegradientsorbird sightings.It is theseeventsthat
weareprimarily interestedin queryingin anenergy-ef�cient
manner. Thesequeriescanbeissuedfrom anywherewithin
thenetwork (sometimesby otherdistantsensornodesthem-
selves),andaredeclarative in nature.

An eventcanbethoughtof asatupleconsistingof asmall
(typically 4-6) numberof attributes. Eachattribute corre-
spondsto a sensortypeandcanbetreatedasa columnin a
singlerelationtableconsistingof all possiblesensortypes.
Forexample,atypicalhabitat-monitoringsensornetmaygen-
eratetuplesconsistingof 4 attributes: < l ;t;x;y > corre-
spondingto light and temperaturereadings,and the (x;y)
co-ordinatesof the sensorthat sensedthis reading. These
eventsaregeneratedeitherperiodically, or dueto someex-
ternalstimulusor condition,or evenperhapsin responseto
otherevents.Theeventsarethencastinto a tupleandtimes-
tamped. Eachtuple is assigneda universally-uniqueiden-
ti�er (uuid). The uuid canbe constructedasa simplecon-
catenationof nodenumberand a locally uniquesequence
number(whichcouldbethetimestampitself).

The relationalschemafor a generalsensornetwork can
thusbeviewedasasingletableof theform(uuid;a1;a2; :::;ak)
wherek is thenumberof sensorattributes. Throughoutthe
restof this paper, we call this single logical tablesensors.
Whenever a sensorgeneratesa tuple, it insertsit (or some
decomposedversionof it) into oneor moreDIM indexes,as
describedlater.

A DIM index is bestdescribedby visualizinga collection
of sensornodesdistributedonatwo-dimensionalsurface.In
DIM, this geographicregion occupiedby the sensornodes

is spatiallypartitionedsuchthateachnode“owns” thepart
of the region aroundit (we call thesespatialsub-divisions
“zones”). This spatialpartitioningcanbe logically thought
of asrecursiveequal-sizedsubdivisionsof the2-D spaceal-
ternatelyalongthex andy axes. Eachspatialregion result-
ing from aseriesof subdivisionscanbeassignedauniquebit
code;for examplein Figure1, thezoneassignedacode1001
indicatesthat thezoneis on theright sideof the �rst subdi-
vision (alongthex-axis)asindicatedby the1 in the�rst bit,
alongthebottomhalf of thesecondsubdivision(alongthey-
axis)asindicatedby the0 in thesecondbit, andsoon. This
spatialpartitioningcanbeaccomplishedby a distributedal-
gorithmthatis describedin [24].

Then,hyper-rectanglesin the attributespacearemapped
to zones. Given a tuple, nodescan computewhich zone
the tuplebelongsto entirely locally—theonly global infor-
mation they needis an approximateboundaryof the sen-
sor �eld. They do this by essentiallysubdividing the at-
tribute spacein the sameway that the sensor�eld is geo-
graphicallypartitioned(this algorithmgeneralizesto more
than 2 dimensionson the attribute space). Thus eachtu-
ple can be assigneda codeandwill be storedat the node
whosecodematchesthat of the tuple; for example, tuple
(0:3;0:5;0:8;0:1) would be assignedto node4 becauseits
zone-code,011,matchesthepre�x of thetuple-code01100010(etc,
up to desiredresolution).Tuplesarethenroutedto the ap-
propriatezoneusingageographicroutingalgorithm[21].

Multi-dimensionalrangequeriesonaDIM canbedescribed
byhyper-rectanglesin theattributespace.Giventhesehyper-
rectangles,nodescan map them to DIM zonesusing the
samemappingalgorithm as was usedfor tuple insertions.
Thesemanticsof a DIM queryarethat,without global time
synchronization[12], we only provide relaxed consistency
guaranteessimilar to thosein PIER[18]—thesensornetpro-
videsabest-effort serviceto executeaqueryandreturnthose
tuplesthatcorrespondto a local snapshotde�ned whenthe
queryhits the nodes,andnot at the time the querywasis-
sued. When nodescan be time-synchronized,we can de-
�ne stricter semantics,becauseboth queriesand dataare
timestamped.Finally, the semanticsare besteffort in an-
other sensethat nodefailuresmay make someof the data
unavailable.In suchcases,we returnasmuchdataaspossi-
ble,but we can�ag this conditionreliably usingend-to-end
reliability on topof DIM' s,asexplainedin Section6.

3.2 Moti vating Alter nativeDataOrganizations
Wearenow readyto considerthesubjectof thepaper;the

tradeoffs involvedin storinga relationin a singleDIM ver-
susdecomposingit acrossmultiple DIM' s. A crucialaspect
of this tradeoff is our costmetric: theenergy costof trans-
portinga messagefrom onenodeto anotheris proportional
to the productof the messagesizeandthe numberof hops
traversed(in sensornodes,eachtransmissioncostssigni�-
cantenergy).

In DIM, thecostof a queryresponseis in�uenced by the
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Figure1: ExampleDIM Organization

nodedistribution (which de�nes thezonestructure)andby
how many zonesneedto be consultedaspart of the query
(i.e. which nodescontaindatafor partsof thequeryhyper-
rectangle).For example,in Figure1, if theDIM is organized
asa 2-D index structureover 2 attributes(l ;t), to answera
queryQ1 of theform:

select avg(t)
from sensors
where 0.25<=t<0.5

the nodeswith zonepre�xes f 0001;0011;1001;1011g (in
this example,thesewould be nodes1, 2, 6, and8) would
haveto beconsultedbecausethe�rst attribute,l , cantakeon
either0 or 1.

Considernow analternativeorganizationin whichwecon-
structtwo separateDIM' s,oneeachfor l andt (wecall these
1-DIM' s). The1-DIM' s arefully-decomposedtablesof the
form (uuid;ai) whereai is thevalueof the i' th sensortype
in the tuple. The 1-DIM itself is constructedon the sensor
attributeai , andtheuuid'sareusedfor joining ai with other
sensorattributesduring queryexecution. In this organiza-
tion, we needto only consultthe two nodes3 and4 corre-
spondingto zonepre�xesf 010;011g to answerqueryQ1.
Also, moreimportantly, thesetwo zonesareclosertogether
in termsof geometricdistanceby a factorof 2 comparedto
thefour zonesthatwouldneedto besearchedwith 2-DIM.

On theotherhand,for a queryQ2 of theform:
select avg(l)
from sensors
where 0.25<=l<0.75 and 0.5<=t<0.75
we would have to consultnodesowningzoneswith pre�xes
between0110and1100in caseof a 2-DIM (assumingit is
constructedon(l ;t)). Thesenodeswouldbe4, 5,6,7, 8,and
9. With 1-DIM' s, thepre�xeswould be0100to 1011for l ,
and1000to 1011for t (thus,thenodeswould be3, 4, 5, 6,
7, 8), comparablein numberanddistribution to the2-DIM
case.Thus,weseethatthesizeof thequeryhyper-rectangle
canhave a critical in�uence on how ef�ciently a querygets
executed.

Notethatto answerqueriesof typeQ1 usinga2-DIM, we
neededto scanall zonesfor whichthesecondattributeof the

DIM, t, canbe treatedasa wildcard(this is trueassoonas
at leastoneattribute in a multi-dimensionalqueryis absent
from the rangepart). On the otherhand,if we wereto use
two separate1-DIM' s, oneeachfor l andt, we would not
have this inef�ciency, asnotedabove. In general,we typi-
cally enduphaving to visit fewerandmorecloselyseparated
nodeswith fully-decomposedDIM' s. However, in orderto
answerqueriesof the form Q2, using1-DIM' s, we needto
(a)selectbothattributes(uuid; l ) thatmakeupthetabledata
for the1-DIM ont, (b) transportthemto thenodescontain-
ing thezone0:25< l < 0:75, (c) locally matchthe l tuples
with t tuplesonuuid'sand�lter out thosel 's thatdon't have
a matchingt within the queryrange,and(d) �nally aggre-
gatethe remainingvaluesof l and return the result to the
queryissuer. Thus,we seethatthis form of queryexecution
on partially- or fully-decomposedrelationsis generalizable
to a largernumberof sensorattributesandnaturallyleadsto
thefamiliardatabasenotionof joins in sensornetworks.

3.3 The Focusof the Paper
Thispaperfocusesonef�ciently supportingmulti-dimensional

rangeandrange-aggregatequeriesusingDIM' s. Beforewe
describethe questionsthat the previous sectionmotivates,
we describesomeimportantassumptions.We assumethat
queriescan be issuedfrom any node in the network and
datacan be insertedfrom any nodein the network at any
time. We wish to accommodatea wide variety of aggrega-
tion operatorsbecausewe allow for aggregationto be per-
formed both locally at a nodeafter collecting relevant tu-
ples, and as a form of in-network processing. Thus, we
aim to supporta �e xible, wide-rangingsetof range,aggre-
gationandorder-statisticsoperators(like medians[25], etc.,
thatarenotfully amenableto any form of hierarchicalaggre-
gation)without sacri�cing ef�ciency whencomputingsim-
pleraggregateslikesumsandaverages.In all cases,oursys-
temsupportsSQL-like relationalqueriesinvolving standard
clauseslike “select”, “where”, “group by”, etc.

Theprevioussubsectionpointedout thatdecompositions
of the baserelation into multiple DIMs canhave different
queryperformancecharacteristics.The importanttradeoff
here is that when sub-relationsare storedin DIMs, scans
aremoreef�ciently supportedthanwhenthe baserelation
is storedin oneDIM. On the �ip side,however, to answer
queriesin general,the sub-relationsneedto be joined on
uuid's. Joinsentailadditionalcostsin theform of datamove-
ment betweenthe variousDIM' s. Clearly, then, the per-
formanceof decompositionwill dependon thequerywork-
loads.

This discussionmotivatesseveral questions,which form
thebasisof therestof thepaper:

� Whataretheperformanceadvantagesof differentdata
organizations?Do partialdecompositionsperformbet-
ter thanfull decompositions?

� Givena decomposedbaserelation,how might a node
decideonanef�cient join-ordering?
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� Given thatqueryhyper-rectanglesmight overlap,is it
bene�cial to cachethe resultsof joins to reducedata
movementcosts?If so,whatmechanismmightweuse
to do this?

We addressthesequestionsin thenext section.

4. DATA ORGANIZA TION FOR EFFICIENT
QUERYING

In the previous section,we discussedthe possibility that
decomposingabaserelationandstoringit in multipleDIM' s
canpotentiallyimprove queryperformance.In this section,
we �rst discussissuesrelatedto this decomposition,then
describeanentirelydecentralizedanddistributedmethodfor
join-ordering,and �nally discussissuesrelatedto caching
join results.

4.1 Full Decompositionand Spatial Partition­
ing

We offeredqualitativeargumentsin Section3.2 thata full
decompositionof a relationof k attributesinto multiple 1-
DIM' scanachievesigni�cant energy ef�ciency overstoring
the baserelation in a single DIM. A relatedobvious opti-
mizationwe canleverageis spatialpartitioning: theDIM' s
that store a sub-relationcan be assignedto spatially dis-
joint partitionsof theoriginal sensor�eld. For example,in
Figure2, the l (for light) attribute valuesof a tuple areall
storedin a1-DIM in thelower left (quadrant0) cornerof the
sensor-�eld, all the t (for temperature)valuesarestoredin
thelower right (quadrant1), andthex andy valuesin quad-
rants2 and3 respectively. This organizationconstrainsthe
distancedatamustmove within eachDIM by clusteringre-
latedattributevaluesmoredensely, therebyfurtherreducing
theoverallcostcomparedto a 4-DIM.

To motivatethe utility of this optimization,considerthe
executionof thefollowing simplequeryon this dataorgani-
zation:
select avg(l)
from sensors

Theaveragemessagecostfor answeringsuchaqueryin this
dataorganizationcanbe expectedto be n� 1=4 wheren is

the total numberof tuplesin the systembecausethesetu-
pleswould have to move an averageof 1=4 (assumingthe
whole squareto be a unit square)to get aggregatedsome-
wherenearthecentroidof the lower left quadrant.Analyt-
ically, the averagedistancean attribute would move would

be
R1=2
0

R1=2
0 jx� 1=4j+ jy� 1=4jdxdy

1
4

(becausetheareaof this quad-

rant=1/4;assuminganL 1 norm). With k > 4 attributes,we
cananalyticallyshow thatwecangetcorrespondinglyhigher
multipleof messagereduction,althoughthis multiplegrows
asO(

p
k).

Foranon-partitioneddataorganizationwith separateover-
lappingDIM' s for individual attributes,intuitively, the av-
erageexecutioncost would be n � 1=2 becausethe tuples
now have to move anaverageof 1=2 to getaggregatednear
thecenterof theunit square.Thus,thenon-partitionedcase
moves tuples twice farther than the partitionedone, and,
hence,incurs double the energy cost in this scenario. It
alsoquadruplesits hotspotconcentrationcomparedto parti-
tioned.

In what follows, then,we assumethat whenwe decom-
posea baserelationinto n sub-relations,thesearestoredin
spatially-partitionedDIM' s.

Oneimportantquestionthatariseswith respectto ourdata
organizationschemeis whetherwe canfundamentallyim-
proveourschemeknowing thenatureof thequeryworkload
beforehand.For example,if we happento know that most
(butnotall) rangeor range-aggregatequeriesareof theform:

select avg(l,t)
from sensors
where l1<l<l2 and t1<t<t2

a naturalquestionto askis if we canconstructa joint DIM
on (l ;t) to optimizethis case.

Asweshallseein Section5.4, thereareinstanceswhenwe
may pro�tably leveragealternatedataorganizationswhen
suf�cient preconditionsexist. We treat them as important
but specialcasesbecauseof two mainreasons:

� Evenif mostof thequeriesareon thosetwo attributes,
thetuplesandnotthequeriesneedto exhibit ahighde-
greeof correlationbetweenthe joint attributes. Thus,
it is not suf�cient for the ranges(l1; l2) and(t1;t2) to
be queriedtogether;rather, the generatedtuplesmust
becorrelatedwithin thesamerange.For example,we
mayknow a-priori thatt tendsto increasewith l but if
thequeryis for highl andlow t, westill enduppaying
highqueryandaggregationcosts.

� Even if a high fractionof thequerieshappento beon
(l ;t), theremainingqueries(whichareessentially“se-
lect” ononeattributeand“scan”on theother)on indi-
vidual l andt's causehigheraggregationpenaltythan
for 1-DIM' s (becauseour costmetric dependson the
distancethedatais moved),therebyoffsettingsomeof
theadvantagesaccruedthrougha joint DIM construc-
tion.



Thus,generallyspeaking,a full decompositionwill perform
betterthanapartialdecomposition,evenwith agooddegree
of knowledgeof thequerydistribution. Section5.4identi�es
scenarioswherepartialtabledecompositionoutperformsfull
decomposition.

A secondinterestingquestionis whetherandhow to opti-
mizethedataorganizationandqueryprocessingfor queries
followinga“hot/cold” modelonattributes.By this,wemean
mostof the queriesinvolve joins or aggregationson a sub-
setof the full setof attributes(the “hot” setof attributes).
We show resultsin Section5.3 that we do not needto do
anything specialto optimize for this case: we retain our
dataorganizationandqueryoptimizerunchanged,andcan
automaticallyleveragethe bene�ts on the hot attribute set
throughcaching(discussedin Section4.3). However, if the
querieshappento aggregatealot onahotattribute,thenodes
in the 1-DIM built on the hot attribute are stressedeven
thoughweminimizeoverallenergyconsumption.Thus,while
storageis load-balanced,queryingwouldnotbe,in termsof
individualenergy consumedpernode.

Relatedto the“hot/cold” modelis theconceptfrom OLAP
literature[17] of “dimensions”and“measures”onattributes.
In many queryworkloads,someof therangeattributeshap-
pen to be “dimensions”like (x;y) that arenever measured
(or aggregated,asin our case),but areonly usedfor query
ranging.Onceagain,this placesheavier loadon “measure”
attributes,therebycreatinghotspotswithin the DIM' s con-
taining the “measure”attributes. In fact, in this case,we
candecreasethetotal energy consumptionwhile worsening
thehotspotintensityby decreasingthesizeof the“measure”
DIM' s while correspondinglyincreasingthe “dimensions”
DIM' s becausewe have a priori informationaboutDIM' s
that would not participatein aggregation. We revisit such
questionsin Section5.7.

Finally, we notethat therearea coupleof commonopti-
mizationsthatarepossiblein real-world,but whichwedon't
exploit in this paper.

� BatchingandDeltas: sincethereis greaterclustering
(roughly 4 times for the same“loading factor”) with
decomposedrelationson1-DIM' sthanwith a4-attribute
baserelationon a 4-DIM, we canbatchthe insertsof
several successive tuples into one message,and use
simplesemanticcompression/encodingschemesto re-
ducethemessagesize.

� Eliminatingredundantupdates:with a4-DIM, wehave
to generatea new tuple eachtime there is a change
in only oneof the sensorreadings. Insertingthis tu-
ple would meaneventheattributesthataremostlyun-
changed(like (x;y), for example)or haven't changed
for sometime (for example, l readingmight be un-
changedevenif t changes)would have to beincluded.
With a 1-DIM, we cangeneratea full logical tupleby
creatinga new uuid, andinserting(uuid;t) into thet-
DIM. At querytime, we caninterpolatefor the miss-
ing (uuid;x)'sand(uuid;y)'sbecausequeriesnaturally

supportranging,andinterpolationis asimplelocalop-
erationof replicatingmissingvalues. Suchoptimiza-
tionscanresultin signi�cant insertionenergy savings.

4.2 Optimizing Join Orders
Having establishedthatfully decomposinga baserelation

is at leasta reasonabledataorganization,it remainsto show
how to ef�ciently determinejoin orders. Clearly, different
join orderscanhave vastlydifferentcosts,but we make the
following key observation: knowing which DIM' s exist in
thesystem,andgivenanapproximatejoint datadistribution,
eachnodecanindependentlycomputeanef�cient join order
for thequery. This is possiblefor threereasons:

� First, DIM' s arespatiallydistributedindexes,andthe
mappingbetweena data item and the location it is
storedcanbecomputedlocally. Analogously, thegeo-
graphicallocationof aqueryhyper-rectangleis known.

� Second,we use a histogramto give us an approxi-
mateindicationof the numberof tuplesgeneratedby
selectingthe appropriaterangefrom eachof the sub-
relations.

� Third, knowing theselectivity andthelocationsof the
queryhyper-rectangles,eachnodecancomputetheap-
proximatecostof a queryplanby estimatingthemes-
sagingcostby eithertheEuclideanor theL 1 distance.

In our design,eachnodein thenetwork containsa query
optimizer. When the query optimizer is presentedwith a
rangeor range-aggregatequery, it outputsa queryplancon-
sistingof asequenceof selectandjoin operationsthatneeds
to beexecutedbeforethe�nal aggregation.In ourcurrentin-
stantiationof thedesign,theoptimizerconsidersall possible
join orders(O(k!) (this is feasibleif thenumberof attributes
k is small;also,wedon't considerjoin treesthatarenotsim-
ple chainsbecausechainsaresimpleandrobust to execute
distributively andtend to be goodenough)anddetermines
theleastcostone.

As describedabove, to estimatethecostof a queryplan,
it needsto be able to estimatethe numberof tuples that
would beproducedby aninitial selecton a DIM (this num-
berwouldbein�uencedby the“rangeselectivity factor”)as
well asthefractionof thesetuplesthatwouldbesuccessfully
joinedwith anotherattributeaspartof thesubsequentsteps
in thejoin phaseof thequeryexecution(this numberwould
bein�uencedby the“join selectivity factors”).

To analyticallyunderstandtheimportanceof goodjoin or-
dering,considerFigure2 onceagain. If our queryis of the
form:
select avg(l),avg(t)
from sensors
where 0<=l<0.5
The cost incurredfor executingthis queryby moving t to
l is approximatelyn=2� 1=2 for join becauseroughly n=2
tupleswould be selectedby the rangequery0 < = l < 0:5,
andmoving thesen=2 tuplesincursa costof n=2� 1=2 as
canbe intuitively seenandanalyticallyshown. The query



alsohasto payanaggregationcostof 2� n=2� 1=4because
the 2 attributes(l ,t) numberingn=2 needto be moved 1=4
distanceafterreachingthequadrant1. Thetotal costis n=2.
On theotherhand,if we wereto executethis queryby �rst
joining l with t, we would have incurreda join costof n�
1=2 andanaggregationcostof 2� n=2� 1=4for a totalcost
of 3n=4.

It is instructive to considerthis querycostwith that of a
4-DIM: thereis only aggregationcost,and it is n=2� 2 �
1=2= n=2 becausetheeachnodein the4-DIM hasto locally
retrieve the l andt attributesof eachtupleandship themto
the centroidof the unit square.While this is asexpensive
aswith spatially-partitioned1-DIM' s that useoptimal join
ordering,we canreadilyseethat the join componentof the
querycost in the 1-DIM casecanbe eliminatedif we can
cachethe join results. This would doublethe ef�ciency of
thedataorganizationschemeemploying normalizedDIM' s,
andonesuchcachingschemeis describedin Section4.3.

Oncethis consistentand high join cost componentof a
query is eliminated,we canintuitively seewhy it is possi-
ble to get a small multiple (indeed,morethan2 even with
4 attributes)bene�t in total energy savings by using nor-
malizedDIM' s comparedto 4-DIM' s: the datavaluesre-
turnedby a querycomefrom nodesall over thesensor�eld
(dueto full-interleaving of attributesin 4-DIM) andendup
getting aggregatednearthe centerof the unit squareafter
traveling longdistances,while anormalized1-DIM thatcan
minimize join overheadthroughcachingonly hasto pay a
small variablelocalizedaggregationcost (becauseof zero
interleaving, the valuesdesiredby the attribute rangeof a
query tendto comefrom closeby nodeswhosedispersion
is de�ned only by theselectivity of a query). Additionally,
spatialpartitioningaddsasmall,onanaverageconstant,but
usefulpercentageto theproceedings.A secondary, and,in
somescenarios,potentiallycritical bene�t of our approach
is that it distributestheaggregationhotspotsover theentire
network in contrastto 4-DIM which tendsto reinforcethe
singlehotspotregionaroundthenetwork centroidwith each
query.

Returningto join order processing,our query optimizer
computesthetotalqueryenergy costas:

E = jā1j � D(ā1; ā2) + jJ(ā1; ā2)j � D(ā2; ā3)+
jJ(ā1; ā2; ā3)j � D(ā3; ā4)j + : : :+

jJ(ā1; : : : ; ¯ak� 1)j � D( ¯ak� 1; āk) + jJ(ā1; : : : ; āk)j � å āk
(1)

whereāi denotesthequeryrangeonattributeai, jā1j denotes
thenumberof tuplesthatwouldbeproducedby the�rst step
of therangeselection,D(āi ; ā j ) denotestheaveragedistance
betweenthenodesin theDIM' scontainingāi andā j (for the
fully decomposedcase,thiscomponentcanbeapproximated
as the distancebetweenthe centroidsof DIM' s holding āi
andā j ), andjJ(ā1; ā2; : : : ; āi)j denotesthenumberof tuples
that would be producedafter the ith join operationin the
query. In particular, jJ(ā1; ā2; : : : ; ¯ak� 1)j denotesthe num-
ber of tuplesthat would be producedby k � 1 joins before

the�nal join step;this latteryieldsjJ(ā1; : : : ; āk)j tuplesthat
needto beaggregatedwithin DIM DIMak for anaverageag-
gregationcostper tupleof å āk

(this canbeestimatedasthe
costto move the �nal aggregatesto thecentroidof āk, and
hastheadvantagethatit canbothbecomputeddirectly from
thehistogramandthequery, andusedto reducehotspotsby
fully distributing thecentroidthroughall nodes).Note that
boththejoin costsandtheaggregationcostsareclearlyrep-
resentedin theaboveequation.

Theway thequeryoptimizerestimatesthetermsjā1j and
J(ā1; : : : ; āi) is by usingahistogramof joint densitydistribu-
tionson all attributes.Eachattributerangeis dividedinto a
smallnumberb equal-sizedbins(for simplicity, throughout
this paper, we assumeeachattribute valueai 2 [0;1) with-
out lossof generality),anda countof thenumberof tuples
that fall into eachk-dimensionalslot: (ba1;ba2; : : : ;bak) 3
bai 2 f 0;1; : : : ;b � 1g is kept. To computejā1j, we simply
marginalize (sum over) all other dimensionsfor the range
speci�edin jā1j anduselinearinterpolationwherenecessary
(for partialranges,missinghistogramdata,etc.) to arrive at
a tuple count. Likewise, to computeJ(ā1; : : : ; āi) we count
the numberof tuples in the cubeboundedby f ā1; : : : ; āig
after marginalizing the remainingattributes(i.e., compute
å ai+ 1 å ai+ 2

: : :å ak
ba1;ba2; : : : ;bak). The D(:) termscan be

approximatedasthecentroiddistances,andtheaggregation
cost(the last term) tendsto beroughly thesameregardless
of join order.

Onecanimagineseveralwaysto computethehistograms
(eitherusinggossip-basedmechanismsor �ooding-basedap-
proaches).Thereis somerecentresearchin this area[22],
andwe just assumehistogramsasa given. Regardless,we
observethattheoveralldatadistribution in asensornetwork
is likely to changevery slowly (on the timescaleof hours,
following diurnal patternsfor example),so the histogram
doesnotneedto berecomputedveryoften.

It is critical to notethat the energy estimateusedby the
queryplannerneedsto bejust that—anestimate.It neednot
befully accuratebecauseweareonly interestedin producing
join orders,not the actualenergy values. However, aswe
shallin Section5.3, it is importantto selectoptimalor close-
to-optimaljoin ordersin orderto beef�cient.

4.3 ReducingJoin Coststhrough Caching
As wehaveseenin Section4.2, theenergy costof aquery

hastwo components:thejoin cost,andtheaggregationcost.
The aggregationbit energy costdiffers for thevariousdata
organizations,andis primarily a function of the sizeof the
sensor�eld. It needstobepaidfor everyquerybyall schemes.
Fromtheenergy equation,we canseethat the join costcan
bea substantialportionof the total querycost. However, it
neednot bepaid for by every query, andcanbevery effec-
tively reducedthroughuseof simplecachingtechniques.

Thecachingtechniquewe studyhereis a very simplelo-
calizedscheme.Considera join orderin which nodeA has
to sendtuplesfrom its sub-relationto nodeB for joining. A



rememberswhich tuplesit hasearlier transferredto B that
fall within the currentqueriedrange. It thenrefrainsfrom
sendingthesetuplesduring this join step. B receivesboth
thequeryanda partial list of tuplesandknowsthat it hasto
addmissingrangesof thejoining tuplesfrom its localcache.

Thus, the cachingprotocol is straightforward androbust
becausethesendernodesdon't needto know whichreceiver
haswhich data ranges,only whetherit hassent the rele-
vant tuplespreviously or not. Furthermore,thereis no dis-
tributedcachemaintenanceoverheadto guaranteecorrect-
nessin the presenceof cachingnodefailures. Whennode
failurescausesomecacheddatain the receiver to become
unavailable,we usea simpleon-demandresend-basedfail-
urerecoveryschemeto replenishtheunavailabledata.DIM
providesa way for nodesin adjacentzonesto takeover the
failednodes.Thesenewly responsiblenodescaninvalidate
thecachesfor datarangesin theadoptedzones.Then,dur-
ing the join step, they inform the sendingnodesthat they
needto resendtheentiresetof tuplesin thequeryrange.

An importantpropertyof our cachingschemeis that the
query optimizer itself doesnot keeptrack of caches;i.e.,
thereis no cachediscovery protocol. In fact, thequeryop-
timizer is completelyoblivious to theexistenceof caching.
Whenit evaluatesvariousjoin plansto pick a join order, it
doesnot take cachinginto accountalthoughthis mayresult
in sub-optimalplans. Even so, we found that we get good
performancebene�ts over otherdataorganizationschemes,
andweleavethisquestionof exploitingcachingduringquery
optimizationfor futurework.

Distributed cacheconsistency is maintainedthroughin-
crementalcaching. When a decomposedtuple is inserted
into the joiner, the joiner recordsinternally that this tuple
needsto be sentto joined in ( joiner; joined) whena query
optimizerasksto executea join stepfrom joiner to joined
aspartof anext query. The joinednodethenaddsthis tuple
to the cacheof previously received tuples. joined usesan
LRU cachereplacementpolicy andasksjoiner to resendan
evicted rangeasnecessary. We study the effect of limited
cachesin Section5.4.

Finally, we note that while cachingcanbe gainfully de-
ployed in any (partially- or fully-) decomposeddataorga-
nization, a full DIM organizationcannotleveragecaching
becausea tuple alreadycontainsthe full set of attributes.
Thus, cachingcan be thoughtof as a simple yet effective
techniqueto mitigate the join cost of a dataorganization
thattriesto minimizetheaggregationcost.Full DIM' shave
zerojoin costbut high aggregationcosts,andspatiallypar-
titionedandfully decomposed1-DIM' s areat theotherend
of thisspectrumwith thelowestaggregationcostfor agiven
numberof tuplesbut with relatively high join costs,andcan
therebygain from cachingthe most. This will becomeap-
parentwhenwe presentour evaluationresults.

5. PERFORMANCE EVALUATION
In this Section,we evaluatethe performanceof our ap-

proachusingsimulationsoverbothreal-world andsynthetic
datasetson a wide variety of query workloads. Our goal
is to quantify the total performancebene�ts of our dataor-
ganizationandqueryprocessingover morestraightforward
approaches,andwe usea full-dimensionalDIM asthebase
caseagainstwhich we compareenergy ef�ciency. We note
that even thoughthe full-DIM is chosenas the base,it is
moreenergy ef�cient thanotherpartial decompositionsfor
many workloads,and is thereforeintendedasa competent
representativefor alternatedataorganizations.

5.1 Simulator Design
Weexploretheperformanceof thevariouscomponentsof

our scheme:the impact of DIM decomposition,the in�u-
enceof caching,andthe importanceof usinggoodjoin al-
gorithms.Weshow that,evenwith four sensorattributes,in-
telligentlyqueryingdatathatis organizedaccordingto these
threeoptimizationsalongwith spatialpartitioningdelivers
morethan4x bene�tsovera4-DIM.

The simulator consistsof several modules: a synthetic
queryworkloadgeneratorthatproducesbothonlineandbatched
workloads,adatasetgenerator,ahistogramgenerator, atopol-
ogygenerator, anindex generatorto try variouspossiblede-
compositions,a globalcachemodule,a queryevaluator, an
omniscientqueryexecutor(socalledbecauseit executesall
possiblequeryplansin additionto thejoin orderselectedby
the queryevaluatorin order to determinethe optimal, and
worst-caseplans;however, it cannotexploit globalcachein-
formationfor online queries),anda statisticsandreporting
module. The topology generatoralso builds DIM routing
tablesbetweenevery pair of nodesin the network. It does
this by constructingzonesaccordingto the DIM algorithm
androutesbetweenany two nodesin thesimulatoraccording
to routesimportedfrom a DIM implementation.Thequery
optimizercomputestheef�ciency of variousjoin ordersus-
ing histograms,and a centralizedexecutor then simulates
the joins andaggregationsof queries. The workloadgen-
eratorgeneratesboth online queriesto simulatean ad-hoc
workloadaswell asabatchedworkloadthatcanpossiblybe
processedmoreef�ciently by thequeryevaluatorbecauseit
now hasthe entireworkloadbeforeit (seeSection5.7 for
details). The relationshipbetweenthe variousmodulesis
shown in Figure3.

5.2 Methodology
Our primary metric is the total bit energy cost incurred

by thenetwork aspartof queryexecution.We evaluatethis
costby keepingtrack of the sizeandnumberof messages
transmittedby eachquery, and the numberof hopsunder-
taken by eachmessage.Messagesizesincludeheaderand
payloadsizes,and theseare set to be the sameas in the
implementationdescribedin Section6 (7 and36 bytesre-
spectively). This payloadand headersize choiceaddsan
overheadof � 20%throughout,andthegraphsshown below
canbereadafteradjustingfor this (this is only approximate,
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however, becausenot every messageis of full size,andwe
don't pad). However, therelativevalueson theplotswould
approximatelybethesame,sowedonotdwell onthisaspect
any further.

We vary thenumberof sensornodesin thenetwork from
50-200tobetterunderstandourscaleupproperties.Thenode
locationsaregeneratedby usingradioandnode-connectivity
modelsassumingaradiorangeof 250mandnodeconnectiv-
ity of 9. This generatesthe nodelocationswithin a square
grid whosesize is determinedby the nodenumber, radio
range,andnodeconnectivity. Without lossof generality, we
thennormalizethelocationsto fall within a unit square.

We alsovary thequeryworkloadfrom 100-400queriesor
more in which eachquerycomputesaggregatesover up to
four attributeswith eachattributebeingincludedor excluded
for aggregationwith equalprobability; we do likewise for
therangeattributes.Thus,a queryconformingto thequery
formatin Section3.3 is generated,andthetermsin boththe
aggregatepart andthe rangepart cantake on any attribute
valuewith eachhaving up to four attributes.

Weuseavarietyof dataworkloadsincludinguniformdis-
tributions,correlatedGaussiandistributions(to bettermodel
naturalsensorreadingsandto skew andstressthenetwork),
anddatafrom areal-world set(measurementsfrom thegreat
duckislanddataset)to betterunderstandthebehavior of our
approachonvaryingworkloads.

We normalizeall thedatain thereal-world datasetto fall
within [0;1). Thesyntheticdatasetgeneratoralsoproduces
valuesin this range.For theGaussiandistribution, we gen-
eratea four-attribute tuple in which the �rst two attributes
arepositively correlatedwith themeanvector(0:5;0:5) and
co-variancematrix

�
0:04 0:039
0:039 0:04

�
andthenext two attributes

arenegatively correlatedwith thesamemeanvectorandco-
variancematrix

�
0:09 � 0:089

� 0:089 0:09

�
.

Thegreatduck islandsetcalledgdinetconsistsof 23548
tupleswhile the syntheticdatasetshad 4000 tupleson av-
erageeach. Thus,the query-dataratio variedfrom � 10%
to � 0:5%. We normalizeour energy costby dividing the
total costby the numberof nodesin the systemaswell as

thenumberof tuplesin thedataset.This givesus theaver-
agecostpertupleperquery. Notethatthis costincludesthe
tuple'soriginal insertioncostaswell.

Wealsotestedourapproachonawidevarietyof synthetic
queryworkloads.We variedthenumberof dimensionsand
natureof both the aggregateandthe rangeattributesin the
query to simulatehot/cold behavior of attributes. We use
a Poissondistribution with m= 1 to simulatequeriesthat
arepopularon someattributesbut canoccasionallyaskfor
the non-popularonesaswell. We alsotestedour approach
on bothrangeandaggregateattributesdrawn randomlyand
uniformly with anappearanceprobabilityof 1/2.

Wefurtherindependentlyvariedtherangesizeof therange
attributesto seetheresultswith bothlarge(bothexponential-
and Pareto-distributions) and small (uniform) query range
sizes. The start locationof eachof the rangesin the range
attributesis pickeduniformly within [0;1).

Thiscombinationof datasets(syntheticwith uniform/Gaussian
or real-world gdinet)andqueryattributes(hot/coldor uni-
form) and query box sizes(uniform, exponential,Pareto)
givesriseto asimulationworkloadabbreviatedas(u h e)for
uniform dataset,hot/coldattributes,andexponentialquery
size,(g u u) for Gaussiandata,uniform attributes,anduni-
form querysize,etc.

For eachsuchvariableworkload, we re-ranour simula-
tionswith multiple instancesof theworkloaduntil thestan-
darddeviation of thesetof averagedresultsfell below 20%
of thatof any onerun. Theyerrorsfor all pointswithin ase-
ries(like optimizedin thegraphs)arethencalculatedasthe
worstcaseyerrorsandplotted.

We comparethe performanceof our proposedorganiza-
tion techniquewith four othercases,giving usa totalof � ve
scenariosfor eachworkloadanddataset:

� 4-DIM (abbreviatedas4-DIM in the graphs).This is
the straightforward casewith all four attributesbeing
storedin a singleDIM.

� 1� DIMo (abbreviatedasoptimizedor optimal). This
is the performancewith optimizedjoin-orderingand
with cachingenabledon 4 fully-decomposed1-DIM' s
thatarespatiallypartitionedandeachassignedto one
quadrantof a unit square.However, notethat theop-
timal join orderingdoesnotuseknowledgeof thecur-
rent stateof the global cache,andonly usesinforma-
tion that an oblivious query issuerdescribedin Sec-
tion 4.2wouldhaveaccessto. This is computedby the
omniscientqueryexecutorin Figure3, andneednotbe
the sameasthe onecomputedby thequeryevaluator
in thesameFigure.

� 1 � DIMu (abbreviatedasuncached). This is sameas
1� DIMo above,but with cachingturnedoff.

� 1� DIM r (abbreviatedasrandom). This is theperfor-
mancewith randomjoin orderingbut otherwisesame
as1� DIMo.

� 1 � DIM m (abbreviatedasworst). This is the perfor-



manceof aworst-casejoin ordering,but otherwisesame
as1� DIMo.

5.3 Main Results
Main resultsfrom graphsin Figure4 aswell asfrom lots

of differentcombinationsof simulationrunsnot shown are:
� Cachingeliminatesa large fraction of joins, andgets

us to the point of ef�ciency of 4-DIM' s after which
we canuseoptimizationslike optimal join orders,full
decompositions,andspatialpartitioningto deliver us
signi�cant bene�ts.

� The relative spreadsof the variousseries(optimized,
random,4-DIM, worst,uncached)is roughlythesame
acrossall simulationruns,workloads,andnumberof
queries.Theabsolutevaluesdependon thesimulation
parameters.

� Randomjoining is nearlyasbadasworst,andwe also
found(but notplotted)thataverage(of all possiblejoin
combinations)is alsonearlyasbad;thismeansoptimal
join orderingis crucial (aswill becomeclearlateron,
most“goodenough”join ordersareOK too).

� Gaussiansgivemuchbetterperformanceoverbothuni-
form and gdinet databecauseof high attribute den-
sities within the bell; but this also createshotspots,
andperformancedegeneratesif we employ additional
load-balancing. However, they occur abundantly in
nature,andgdinetapproximatesGaussiansmorethan
uniform.

� While we don't reportthehotspotvalueshere,we ob-
servedthat4D hasthehighesthotspotvalue,andoptimized
haslowest(lessintensethan4D by a factorof 4, asto
beexpected).

5.4 Queries with Corr elated Attrib utes and
Nodeswith Limited Caches

Therearetwo speci�c scenarioswhenalternativesto full
decompositionmight shine: thesearewhenquerieshave a
high degreeof correlationon someattributes(by this, we
meantherangesin aquerytendbecorrelatedor somerange-
aggregatestendto occur together, like askingfor averages
of high valuesfor l and t, etc.; this notion of degree of
correlationcanbe preciselyde�ned). Also, in many cases,
the sensorsmay be memorystarved, and this may prevent
themfrom fully exploiting the ideaswe have describedin a
fundamentalway: especiallywhenquerieshave correlated
attributes,and the query distribution is known a priori , it
is betterto usealternatedecompositionslike a 2-DIM that
avoid costlyredundantjoinsdueto cachemisses.

In Figure5, we examinethesetwo scenarioswherethere
areregimeswhena 2-DIM deliversbetterperformancethan
1-DIM' s. To the left, we plot the behavior of 2D (for 2-
DIM) and O (for 1-DIM optimal) as the degreeof corre-
lation is varied. Clearly, 2D decreasessharperthanO and
this is becauseO still hasto pay a near-constantaggrega-
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Figure5: Alter natechoiceswith correlatedqueries(left)
or nodeswith limited caches(right)

tion costperquery. To theright, we plot 2 setsof curvesas
we vary the amountof cacheavailableat a nodeasa per-
centageof the maximum-reachedsize: the �rst set is with
correlatedqueries,and the secondis with normal queries.
We consideroptimal,2-DIM, and4-DIM. The workloadis
(gdinetquerieson 2 attributese). Thedegreeof correlation
hereis �x edat 0.7.We canseethat,with correlatedqueries,
2D performsmuchbetterthanothers,but quickly losesout
whenthereis no correlation.We alsonotethatonly a small
amountof maximumcachesize(20%)is necessaryto make
optimumbetterthan4D, andthiscanserveasadesignguide-
line. Also, we notethat4D-correlatedis slightly betterthan
4D-non-correlatedbecause4D-correlatedhastwo wild-card
attributes.

5.5 Sensitivity Analysis and Impact of His­
togram Granularity

In this Section,we look at theimpactof histogramgranu-
larity on queryperformance.In Figure6 we alter thenum-
ber of bins availableper dimensionbetween10, 5, and1.
U standsfor uniform datadistribution, G standsfor inde-
pendentGaussianon the attributes,andCG standsfor cor-
relatedGaussianmentionedin thebeginningof theSection.
Thequeryworkloadconsistsof uniformly chosenattributes
with exponentialquerysizes. The threebar graphson the
left demonstratethe percentageof queriesthat werejoined
in a non-optimalway. Note that this is especiallyhigh for
CG. This is small for U evenwith a singlebin becausewe
useinterpolation.CG is worsethanG becausethereis more
correlationandpredictabilityacrossattributevalues,which
is not capturedvery well by having only onebin. Thethree
bargraphson theright show theextra energy expendeddue
to non-optimaljoining, which turnsout to bemuchsmaller
thanthequerypercentageitself. This is becauseit is easyto
getthequeryorder“wrong” by mis-orderingevenonejoin,
andtheimpactof suchnon-optimalchoicesis cushionedby
having cachingbecausegoodorderingsareadequateenough
with this arrangement.

5.6 Query Saturation
In this Section,we observe the averageenergy cost per

query per tuple as the numberof queriesin the systemis
increased.We observe from Figure7 that the queryis not
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saturatedeven at high query-dataratio (� 15%, for gdinet
dataset)evenonaworkloadwith exponentialquerysize(this
meanscachingstill hasa non-zerorole to play). Another
nice featureis that thequerytapersoff monotonicallywith
a long tail, andthis meansthatwe canquickly hit theuseful
“knee” point with only a few queries. Reachingthis point
is importantbecause,then,bene�ts of cachingkick in vig-
orously. Making surequeriesdid not saturatethedatasetis
importantbecauseotherwisecachingcouldperhapsbedeliv-
eringonlybecauseit silentlyreplicatedtheindividual1-DIM
attributes.
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Figure 8: Performanceof batchedqueries (left), and ef-
fect of increasingdimensionattrib ute size(right)

5.7 Knowing the Query Mixtur e and Trade­
offs with DimensionsversusMeasures

In thislastSection,weexaminetwo miscellaneouseffects:
the impactof knowing thesetof speci�c queriesin a query
mix a priori (thatis,wearegivenabatchedquerysetinstead
of beingissuedonlinequeries,andareaskedto seeif wecan
provide someinter-queryoptimizations),and the tradeoffs
wecanmakebyknowingthatsomeattributesaredimensions
andnotmeasures(seeSection5.7).

In theleft half of Figure8, weshow theimpactof running
optimizedon a setof batchqueriesthat were jointly opti-
mizedby trying variousjoin orderseven acrossqueriesby
minimizing thetotal energy of all queriesusingEquation1.
We usea dynamicprogrammingalgorithmto achieve this
minimum; thedifferencein performancewould resultfrom
reducedjoins due to increasedcaching. However, we see
thatmostof thebene�ts canbecapturedby usingthemore
straightforward online approach,and this againreinforces
the fact thatwe only need“good-enough”join orders;this,
in turn,meansthatwecanhopeto makethequeryoptimiza-
tion processrobustto variousfailures.

In the right half of Figure 8, we show the graphof our
efforts to try andextracthigheref�ciency out of thesystem
knowing that two attributesx andy arealwayspresentbut
aredimensional.The tradeoff is the increasedtotal energy
savingsof thesystemversusincreasedhotspotintensity—by
decreasingthe sizeof the spatialpartitionsallocatedto the
two measureattributes,we cangainin theaggregationcom-
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ponent(the dominantcomponentwith cachingenabled)of
the queryexecutioncost. But this alsoresultsin increased
hotspotlevelsin thenodescontainingthemeasureattributes.
Weseefrom theFigurethatweseemto gainroughlypropor-
tional to O(

p
n) wheren is the additionalsensornetspace

apportionedfrom a dimensionattribute to its abutting mea-
sureattribute; the extremecaseis devoting only onenode
(zeroarea)eachto themeasureattributes(this extremecost
is non-zerobecauseoccasionaljoins still occur). Unfortu-
nately, theconcomitantrise in hotspotlevelsseemsto grow
linearly (not plotted), therebymakingthis approachgener-
ally uninterestingexceptperhapsin specialscenarios.

6. IMPLEMENT ATION
In this Section,we describeour designandimplementa-

tion of a prototypeof themaindataorganizationandquery
processingideasdescribedin the paperand report its per-
formance.We have implementedthis prototypeon thepop-
ular mica2 mote platform[11]. The software is written in
NesC[14] andrunson top of anexisting DIM implementa-
tion doneusingtheTinyOS[16] softwareplatformsoasto
providearealisticproof-of-conceptdemonstrationof aprac-
tical andworkablesystem.It is designedto reuseasmuch
of theexistingsoftwareinfrastructureonthemica2'saspos-
sible,andachieve the desiredfunctionality throughcleanly
introducedabstractionsandAPI's. In particular, we usea
full-�edged implementationof DIM thatdoublesasthege-
ographichash-basedprimarystorageandrange-index layer,
andacompleteimplementationof GPSR[21] astheunderly-
ing routingandpacket-deliverymechanismovera multihop
mica2radionetwork. This softwarestackorganizationand
designis shown in Figure9.

In Figure9, the queryevaluatorrunson the query issue
nodeandconsistsof a queryoptimizer and an end-to-end
reliability module(the reliability moduleis responsiblefor
retrying missingpartsof the received answers). Thereis
alsoan instanceof thehistogramgeneratorthat runsin the
backgroundon eachnodethat lazily collectsandmaintains
a coarse-grainedmulti-dimensionalhistogramof the tuple
valuespresentin theDIM. Thequeryevaluatorandthehis-
togramgeneratortakentogetherform thequeryprocessor.

Thequeryoptimizer, in turn, hastwo sub-components:a
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Figure10: Topologyusedfor Implementation

histogramanalyzerthattakesasinput thecurrentqueryand
thek-dimensionalhistogramcubeto computethenumberof
tuplesthat would be generatedalongeachattributedimen-
sion,andthejoin-orderselectorthatthenselectstheoptimal
join orderof theattributessoasto minimizethetotalenergy
costaccordingto Equation1.

Theoutputof thequeryoptimizeris a sequencedjoin and
aggregateoperationchainthat speci�es the order in which
the attributesmust be moved for joining and aggregation.
Theresultinginstructionchainis packagedasa DIM query
that is thenhandeddown to the DIM layer (usingthestan-
dardDIM queryAPI) asa rangequeryon the�rst attribute
in the join order, with the rest of the instructionsequence
forming thequerypayload.Thus,thequeryprocessorcon-
sumesthestandardDIM API in this phase,andexposesthe
SQL-likequeryAPI describedin Section3.3 to theuser.

Thequeryenginerunninginsideeachnodeis responsible
for controllingthecacheddata(timeouts,new datainserts),
andis alsoresponsiblefor propagatingtheremainderof the
queryandanswers.

Figure10 shows anexample10 nodetopologyof two 1-
DIM' s, one eachon attributesl and t. The nodeid's are
indicatedin thecircles. Thenumberof tuplesinsertedinto
eachof the2 DIM' s at eachnodeis indicatedin theparen-
thesesadjacentto thenodeid. TheDIM zonecodeof anode
is indicatedin the upperleft corner. The right half of Fig-
ure 10 shows the physicalarrangementof the nodes.They
arecon�guredto bewithin a few feetof eachother, andthe
diameterof the network is four hops,as indicatedby the
logical link structure. We take advantageof the broadcast
propertyduringqueryexecution(in thejoin cachingphase).

WeranseveralsimpleSQLqueriesonthesetwo attributes,
and observed a 2.7X performanceimprovementwith 1 �
DIMo overstandard2-DIM.

7. FUTURE WORK AND CONCLUSION
In this paper, we tried to understandthe designspaceof

dataorganizationand query processingstrategies built on
top of DCS. We examinedseveral generaltechniquesthat
can be usedto provide ef�cient and robust infrastructure
supportin sensornets.In particular, we identi�ed a few key
conceptslike joins, decomposition,caching,andpartition-
ing. Wewish to furtherourunderstandingof this �eld along



several directions,most notably cachingbecauseit seems
to presentfurtherpossibilitiesfor optimization.We arealso
interestedin examiningDCStechniquesin new contexts,es-
peciallytheideaof indexing queriesinsteadof dataasdone
currently, andusing triggersandrendezvousto potentially
achieve moreenergy ef�ciency in answeringqueriesthanis
possibletodaywith data-centricindexing.
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