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Abstract. High-level querylanguagesarean attractive interfacefor sensornetworks,
potentiallyrelieving applicationprogrammersfrom theburdensof distributed,embed-
dedprogramming.In researchto date,however, theproposedapplicationsof suchinter-
faceshave beenlimited to simpledatacollectionandaggregationschemes.In this pa-
per, wepresentinitial resultsthatextendtheTinyDB sensornetqueryengineto support
moresophisticateddataanalyses,focusingon threeapplications:topographicmapping,
wavelet-basedcompression,andvehicletracking.We usetheseexamplesto motivate
thefeasibilityof implementingsophisticatedsensingapplicationsin aquery-basedsys-
tem,andpresentsomeinitial resultsandresearchquestionsraisedby thisagenda.

1 Intr oduction
Sensornetworkspresentdauntingchallengesto potentialapplicationdevelopers.Sensornet
programmingmixesthecomplexitiesof bothdistributedandembeddedsystemsdesign,and
theseareoftenampli�ed by unreliablenetwork connectionsandextremelylimited physical
resources.Moreover, many sensornetwork applicationsareexpectedto run unattendedfor
monthsat a time.

Thesechallengeshave motivatedresearchinto higher-level programminginterfacesand
executionenvironments,which try to relieve programmersfrom many of theburdensof dis-
tributedandembeddedprogramming(e.g.[13, 24]). In our own work, we have designeda
framework calledTAG [17] for sensornetdataaggregationvia anSQL-like language.More
recentlywe have implementedtheTAG framework in a systemcalledTinyDB [18] thatruns
in networksof TinyOS-basedBerkeley motes[11].

We have receivedinitial feedbackindicatingthatTinyDB's SQL-basedinterfaceis very
attractiveto anumberof usersinterestedin distributedsensing.However, wehavealsoheard
concernsaboutapparentlimits to the functionality of simple SQL queries.This feedback
resultedin part from our early work, which performedfairly traditional SQL queriesfor
relatively simpletasks:periodicallycollectingraw readings,andcomputingsimplesumma-
rizationslikeaveragesandcounts.

In this paper, we presenta statusreporton our efforts to do deploy morecomplex sens-
ing tasksin TinyDB. Our intentionis both to illustrateTinyDB's potentialasa vehiclefor
complex sensingalgorithms,andto highlight someof theuniquefeaturesandconstraintsof
embeddingthesesensingalgorithmsin anextensible,declarativequeryframework.

In the paperwe review andextend the TAG framework [17], andshow how it canbe
usedto implementthreesensingapplicationsthatarerelatively distantfrom vanilladatabase
queries:



1. DistributedMapping:Onecommonlycited[4] applicationfor sensornetworksis to pro-
ducecontourmapsbasedon sensorreadings.We presentsimpletopographicextensions
to thedeclarativequeryinterfaceof TAG thatallow it to ef�ciently build mapsof sensor-
valuedistributionsin space.Ourapproachis basedon�nding isobars: contiguousregions
with approximatelythesamesensorvalue.We show how suchmapscanbebuilt using
verysmallamountsof RAM andradiobandwidth,remainingusefulin thefaceof signi�-
cantamountsof missinginformation(e.g.droppeddataor regionswithoutsensornodes.)
Resultsfrom aninitial simulationareincluded.

2. MultiresolutionCompressionandSummarization:TraditionalSQLsupportsonly simple
aggregatesfor summarizingdatadistributions.Wedevelopamoresophisticatedwavelet-
basedaggregationschemefor compressingandsummarizingasetof readings.Our tech-
niquealsohasthe ability to produceresultsof increasingresolutionover time. We de-
scribea hierarchicalwaveletencodingschemethatintegratesnaturallyinto thestandard
TAG framework, andis tunedto low-functiondeviceslike Berkeley motes.We alsodis-
cussanumberof openresearchquestionsthatarisein thiscontext.

3. VehicleTracking: Several researchpapershave investigateddistributedsensornetalgo-
rithms that track moving objects[2]. We show how a declarative, event-basedquery
infrastructurecanserve asa framework for suchalgorithms,anddiscusshow theTAG
approachcanbeextendedto allow sensornodesto remainidle unlessvehiclesarenear
to them.This is work in progress:we have yet to instantiatethis infrastructurewith a
sophisticatedtrackingalgorithm,but hopethat this framework will seedfuture efforts
to combineintelligent trackingwith theotherad-hocqueryfacilitiesaffordedby a full-
functionsensornetqueryprocesslike TinyDB.

Theremainderof thispaperis organizedasfollows:Section2 summarizestheTAG approach
to in-network aggregation,which we extendin theremainingsectionsof thepaper. Section
3 discussessomenew languagefeatureswe have addedsincethe publicationof TAG[17],
which enableour trackingscenario.Section4 discussesthe distributedmappingproblem;
Section5 discussestechniquesfor compressingandsummarizing;andSection6 discusses
vehicletracking.Finally, Section7 discussesrelatedwork andSection8 concludeswith some
discussionof futurework.

2 Background
In thissection,wedescribethedeclarative,SQL-like languagewehavedevelopedfor query-
ing sensornetworks.We alsodescribetheprocessingof queriesin a sensornetwork, with a
focusonaggregationqueries.

2.1 A Query Languagefor SensorNetworks
TAG [17] presenteda simple query languagefor sensornetworks, which we have imple-
mentedin TinyDB [18]. We presentabasicoverview of theschemehere.In TinyDB, queries
areposedatapoweredbasestation, typically aPC,wherethey areparsedinto asimplebinary
representation,which is then�ooded to sensorsin thenetwork.

As the query is �ooded throughthe network, sensorsorganizeinto a routing tree that
allowsthebasestationto collectqueryresults.The�ooding worksasfollows: thebasestation
injectsa queryrequestat the root sensor, which broadcaststhe queryon its radio; all child
nodesthathearthequeryprocessit andre-broadcastit on to their children,andsoon, until
theentirenetwork hasheardthequery3.

3 Schemesto prunethequery�ooding processarepresentedin [16].



Eachrequestcontainsahop-count(or level), indicatingthedistancefrom thebroadcaster
to theroot.To determinetheir own level, nodespick a parentnodethatis (by de�nition) one
level closerto theroot thanthey are.Thisparentwill beresponsiblefor forwardingthenode's
queryresults(andits children's results,recursively) to the basestation.Also notethat each
nodemayhaveseveralpossiblechoicesof parent;for thepurposesof ourdiscussionhere,we
assumethata singleparentis chosenuniformly andat randomfrom theavailableparents.In
practice,moresophisticatedschemescanbeusedfor parentselection,but this issuewill not
impactourdiscussionhere.

Queriesin TinyDB havethefollowing basicstructure:
SELECT ��������� , ���	����
 , ...

FROMsensors
WHERE�������	� [AND | OR] ���
���

 ...
GROUPBY ���
���������	����� , �
�
���	����������
 , ...
SAMPLE PERIOD �

TheSELECTclauseliststhe�elds (or attributes) to retrievefrom thesensors;��������� speci�es
a transformona single�eld. Eachtransformmaybea simplearithmeticexpression,suchas
light + 10, or anaggregatefunction,whichspeci�esa way in which readingsshouldbe
combinedacrossnodesor over time(aggregationis discussedin moredetail in thefollowing
section.)As in standardSQL,aggregatesandnon-aggregatesmaynot appeartogetherin the
SELECTclauseunlessthenon-aggregate�elds alsoappearin theGROUPBYclause.

The FROMclausespeci�es the tablefrom which datawill be retrieved; in the language
presentedin [17], thereis only onetable,sensors , which containsoneattribute for each
of the typesof sensorsavailable to the devices in the network (e.g. light, acceleration,or
temperature).Eachdevicehasasmallcatalog which it usesto determinewhichattributesare
locally available; the catalogalso includescost informationandothermetadataassociated
with accessingthe attribute,anda pointer to a function that allows TinyDB to retrieve the
valueof theattribute.

The (optional)WHEREclause�lters out readingsthat do not satisfy the booleancom-
binationof predicates.Predicatesin TinyDB arecurrentlyrestrictedto simplebooleanand
arithmeticoperationsoverasingleattribute,suchaslight / 10  25.

The (optional) GROUPBY clauseis usedin conjunctionwith aggregateexpressions.
It speci�es a partitioning of the input recordsbeforeaggregation,with aggregatesin the
SELECTclausebeingcomputedon eachpartition. In the absenceof a GROUPBY aggre-
gatesarecomputedover the entiresetof sensors;a GROUPBY partitionsthe sensorsinto
groupswhosegroupexpressionseachhavethesamevalue.For example,thequeryfragment:

SELECT roomNumber, AVG(light)
GROUPBY roomNumber
...

partitionssensorsinto groupsaccordingto thevalueof theroomNumber attribute,andcom-
putestheaveragelight readingwithin eachgroup.

Finally, theSAMPLE PERIODclausespeci�esthetime betweensuccessive samplesor
epochs. Eachnodesamplesits sensorsonceperepochandappliesits queryprocessingoper-
atorsto thatsensor.

2.2 Aggregationin SensorNetworks

Given this basicdescriptionof thequerylanguage,we now discusshow TinyDB processes
queries,focusingonhow aggregatequeriesarehandled.



Structur e of Aggregates Recall that an aggregation expressionmay be speci�ed in the
SELECTclauseof a query. In standardSQL, that expressioncontainsoneof a few basic
aggregationfunctions:MIN, MAX, AVERAGE, COUNT, or SUM. As in TAG, TinyDB provides
anextensiblemechanismfor registeringnew aggregates,derivedfrom literatureonextensible
databaselanguages.In TinyDB, aggregatesareimplementedvia threefunctions:a merging
function� , aninitializer � , andanevaluator, � . In general,� hasthefollowing structure:

�������
	��
���������������

where � �  and ���  aremulti-valuedpartial staterecords(PSRs),computedoveroneor
moresensorvalues,representingthe intermediatestateof theaggregationprocessingbased
on thosevalues.���  is thepartial-staterecordresultingfrom theapplicationof function �

to � �  and ���  . For example,if � is themerging functionfor AVERAGE, eachpartial
staterecordwill consistof a pair of values:SUMandCOUNT, and � is speci�ed asfollows,
giventwo staterecords���
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The initializer � is neededto specify how to instantiatea staterecordfor a single sensor
value; for an AVERAGEover a sensorvalue of � , the initializer �.- ��/ returnsthe tuple �

�

�10

 . Finally, theevaluator � takesa partial staterecordandcomputestheactualvalueof
theaggregate.For AVERAGE, theevaluator�2-&�3�

�! 

 4/ simply returns�65

 .

ProcessingAggregateQueries Aggregatequeriesproduceoneresultpergroupperepoch.
Oncea queryhasbeendisseminatedasdescribedabove, eachleaf nodein the routing tree
producesa singletuple of sensorreadingseachepoch,appliesthe initialization function to
the approriatecolumn,andforwardsthe initialized result to its parent.On the next epoch,
theparentmergesits own PSRfrom thepreviousepochwith PSRsfrom its childrenin the
previousepoch,andforwardsthatresultonto its parent.Resultspropagateupthetree,epoch-
by-epoch,until a completePSRfrom 7 epochsago arrivesat the root of the routing tree
(where 7 is the depthof the tree).Dependingon the sampleperiod,theremay be enough
time in eachepochto sendaggregatesupmultiple levelsof theroutingtree;seeTAG[17] for
moreinformation.Oncea resulthasarrivedat theroot, thebasestationappliestheevaluation
functionto it to producea completeaggregaterecordandoutputstheresultto theuser.

GROUP BY queriesareprocessedin a similar way. Whena partial staterecordis ini-
tialized, it is taggedwith a uniquegroup ID. Parentscombinereadingsif they comefrom
the samegroup,andpropagatea separatePSRfor eachgroupthey heardaboutduring the
previousepoch(even if they did not contribute to oneor moreof the groups.)Thus,at the
root,onestaterecordarrivesfor eachof the 8 groups,andtheevaluationfunctionis applied

8 times.

Temporal Aggregates All theaggregatesthatwe describedabove aggregatesensorvalues
sampledfrom multiplenodesat thesameepoch.Wehaveextendedthisframework to support
temporal aggregateswhichaggregatesensorsvaluesacrossmultipleconsecutiveepochsfrom
thesameor differentnodes.Temporalaggregatestypically taketwo extraarguments:window
sizeandsliding distance. Window sizespeci�esthenumberof consecutive epochsthe tem-
poralaggregateoperateson, andthesliding distancespeci�esthenumberof epochsto skip
over for thenext window of samples.Onefrequentlyusedtemporalaggregatesin TinyDB is
the runningaverageaggregatewinavg(window size, sliding dist, arg) . It is
typically usedto reducenoisein sensorsignals.For example,winavg(10, 1, light)
computesthe10-samplerunningaverageof light sensorreadings.It accumulateslight read-
ingsfrom 10consecutiveepochs,averagesthem,thenreplacestheoldestvaluein theaverage



window with the latestlight sensorreadingandkeepson computingaveragesover thewin-
dow of samples.In additionto winavg , TinyDB alsosupportssimilar temporalaggregates
suchaswinmin , winmax , winsum , etc.More sophisticatedcustomtemporalaggregates
suchasone that computesthe trajectoryof a moving vehiclecan be developedusing the
sameextensibleaggregateframework describedabove.

In TinyDB, by default all aggregatesoperateoversensorvaluesfrom theentirenetwork.
GROUPBY nodeid mustbe speci�ed to limit temporalaggregatesto operateon values
from individualnodesonly.

3 NewLanguageFeatures

Thequerylanguagedescribedabove providesa foundationfor many kindsof simplemoni-
toring queries.However, assensornetworksbecomemoreautonomous,the languageneeds
to movebeyondpassive querying:ratherthansimplymonitoringtheenvironmentandrelay-
ing results,thesensorswill needto detectandinitiate automaticresponsesto nearbyevents.
Furthermore,sensornetworks will needto collect andstoreinformationlocally, sinceit is
notalwayspossibleor advantageousto getdataoutof thenetwork to apowered,storage-rich
PC.We introducetwo extensionsto ourquerylanguageto handlethesesituations.

3.1 Events

Eventsprovidea mechanismfor initiating datacollectionin responseto someexternalstim-
ulus.Eventsaregeneratedexplicitly, eitherby anotherquery, by softwarein the operating
system,or by specializedhardwareon thenodethat triggerstheoperatingsystem.Consider
thefollowing queryfor monitoringtheoccupancy of bird nests:

ON EVENT bird-detect(loc):
SELECT AVG(light), AVG(temp)
FROMsensors AS s
WHEREdist(s.loc, event.loc) < 10m
SAMPLE INTERVAL 2 s FOR 30 s

Whenabird is detectedin anest(e.g.via apressureswitchin thenest),thisqueryis executed
to collect theaveragelight andtemperaturelevel from sensorsnearthenest,andsendthese
resultsto therootof anetwork. (Alternatively, theresultscouldbestoredlocally at thedetect-
ing node,usingthestoragepointmechanismdescribedin thenext section.)Thesemanticsof
this queryareasfollows:whena bird-detect eventoccurs,thequeryis issuedfrom the
detectingnodeandtheaveragelight andtemperaturearecollectedfrom nearbynodes(those
nodesthatare10or lessmetersfrom thecollectingnode)every2 secondsfor 30seconds.

3.2 StoragePoints

Storagepointsaccumulatea small buffer of datathat may be referencedin otherqueries.
Consider, asanexample:

CREATE
STORAGEPOINT recentlight SIZE 5s
AS (SELECT nodeid, light
FROMsensors
SAMPLE INTERVAL 1s)

This STORAGEPOINT commandprovidesa sharedglobal location to storea streaming
view of recentdata,similar to materializedviews in conventionaldatabases.Note that this
datastructureis accessiblefor reador write from any nodein thenetwork; its exactlocation
within thenetwork is not �x ed– that is, it canbemovedasanoptimization.Typically, these
storagepointsarepartitionedby nodeid , so thateachsensorstoresits own valueslocally.



Thespeci�c exampleherestorestheprevious� vesecondsworthof light readings(takenonce
persecond)from all of thenodesin thenetwork.

In this paper, we usestoragepointsasa mechanismfor storageandof�ine delivery of
queryresults.Queriesthat selectall of the resultsfrom a storagepoint, or that computean
aggregateof astoragepoint,areallowed;consider, for example:

SELECT MAX(light)
FROMrecentLight

Thisqueryselectsthemaximumlight readingfrom therecentLight storagepointde�ned
above.Thestoragepoint is continuallyupdated;thisqueryreturnsthemaximumof thevalues
at thetime thequeryis posed.

4 Isobar Mapping
In this section,we explore theproblemof building a topographic(contour)mapof a space
populatedby sensors.Suchmapsprovide an importantway to visualizesensor�elds, and
have applicationsin a varietyof biologicalandenvironmentalmonitoringscenarios[4]. We
show how TinyDB'saggregationframework canbeleveragedto build suchmaps.Conceptu-
ally, theproblemis similar to thatof computingaGROUPBYoverbothspaceandquantized
sensorreadings– that is, our algorithmspartitionsensorsinto isobars thatarecontiguousin
spaceandapproximatelyequalin sensorvalue.Using in-network aggregation,the storage
and communicationcostsfor producinga topographicmap are substantiallylessthan the
costof collectingindividualsensorreadingsandbuilding themapcentrally. Wediscussthree
algorithmsfor map-building: a centralized,naiveapproach,an exact, in-networkapproach,
andanapproximate,lossyapproach.Figure1 illustratesthegeneralprocessof aggregationto
build a topologicalmap:eachsensorbuildsasmallrepresentationof its localarea,andsends
thatmapto its parent,whereit is combinedwith themapsfrom neighborsandancestorsand
eventuallybecomespartof a completemapof thespaceat therootof thetree.

To supporttopographicoperationson sensors,we require
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Fig.1. Aggregationof con-
toursasdata�o wsuparout-
ing tree.

afew (very)simplegeometricoperatorsandprimitives.To de-
termineadjacency in our maps,we imposea rectangulargrid
onto the sensors,andassignevery sensorinto a cell in that
grid. Our goal is to constructisobars,which are orthogonal
polygonswith holes;weneedbasicoperationsto determineif
two suchpolygonsoverlapandto �nd their union.Suchop-
erationscan be performedon any polygon in 8������,- 86/ time
(wheren is the numberof edgesin the polygon) using the
Leonov-Nitkin algorithm[15]. Therearea numberof freeli-
brarieswhich implementsuchfunctionality[14].

We begin with a discussionof the threealgorithms,as-
sumingthat every cell in the grid is occupied.We reserve a
discussionof mappingsparsegridsfor Section4.4.

4.1 NaiveAlgorithm

In thenaivealgorithm,werun anaggregate-freequeryin thenetwork, e.g.:
SELECT xloc, yloc, attr

FROMsensors
SAMPLE PERIOD 1s

This queryreturnsthe locationandattributevalueof all of thesensorsin thenetwork; these
resultsarecombinedvia codeoutsidethenetwork to producea map.We implementedthis



(a) LosslessIsobars (b) LossyIsobars (c) MissingInformation

Fig.2. Screenshotsof a visualizationof isobarsimposedon a grid of sensors.Eachcell representsa
sensor, the intensityof thebackgroundcolor indicatessensorvalue,andblack linesframeisobars.(a)
showstheisobarsascomputedby thein-network andnaivealgorithms.(b) showsalossyapproximation
of isobars,whereeachapproximatepolygonis theboundingbox of originalpolygonwith 4 maximally
sized“cuts”. (c) shows a visualizationof a topologicalmapwith incompleteinformationaboutall of
thesquares.Blackcirclesindicatenodeswhosevaluewasmissingandwasinferredby thealgorithm.

approachin asimulationandvisualization,asshown in �gure Figure2(a).In this �rst simula-
tion, sensorswerearrangedin agrid, andcouldcommunicatelosslesslywith their immediate
neighbors.Theisobarswereaggregatedby thenodeatthecenterof thenetwork.Thenetwork
consistedof 400 nodesin a depth10 routing tree.In the screenshot,the saturationof each
grid cell indicatesthesensorvalue,andthethick blacklinesshow isobars.

4.2 In-Network Algorithm
In the in-network approach,we de�ne an aggregate,calledcontour-mapwhereeachpartial
staterecordis a setof isobars,andeachisobaris a containerpolygon(with holes,possibly)
andan attribute value,which is the samefor all sensorsin the isobar. The structureof an
isobarqueryis thus:

SELECT contour-map(xloc,yloc,floor(attr/ � ))
FROMsensors

where
�

de�nes thewidth (in attribute-space)of eachof the isobars.We canthende�ne the
threeaggregationfunctions,� , � , and � , asfollows:

– � : Theinitialization functiontakesanxloc, yloc , andattr , andgeneratesasa par-
tial staterecordthesingletonsetcontaininganisobarwith thespeci�edattr valueand
a containerpolygoncorrespondingto thegrid cell in which thesensorlies.

– � : Themergingfunctioncombinestwo setsof isobars,�

� and �

� into anew isobarset,��� ,
whereeachelementof �

� is a disjointpolygonthatis theunionof oneor morepolygons
from �

� and �

� . This new setmay have several non-contiguousisobarswith the same
attribute value.Conversely, merging cancausesuchdisjoint isobarsin �

� to be joined
whenan isobarfrom �

� connectsthem(andvice-versa.)Figure3 shows an exampleof
this happeningastwo isobarsetsaremergedtogether.

– � : Theevaluationfunctiongeneratesa topographicmapof contiguousisobars,eachla-
beledwith their attributevalue.

4.3 LossyAlgorithm

Thelossyalgorithmworkssimilarly to the in-network algorithm,exceptthat thenumberof
vertices� usedto de�ne theboundingpolygonof eachisobaris limited by aparameterof the
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Fig.3. Two isobarsets, �

� (with two elements)and �

� (with oneelement)beingmerged into a new
isobarset, ��� (alsowith oneelement).

aggregate.This reducesthe communicationcostof the approach,but makesit possiblefor
isobarsto overlap,asthey will no longerperfectlytraceout theedgesof thecontours.

In the lossyalgorithm, � is thesameasin the in-network case.For � , we compute� � as
above,but wedonotuseit asthepartialstaterecord.Instead,for thecontainingpolygon� in
eachsetof �

� , we computea boundingbox, � , andthentake from � a numberof maximally
sizedrectangular“cuts” thatdonotoverlap� . We continuetakingcutsuntil either � contains

� vertices,or thenext cut producesa polygonwith morethan � vertices.We omit thedetails
of how we computemaximalcuts;becauseour polygonsareorthogonal,this canbe done
via a scanof the verticesof � . We usethesecut-bounding-boxesasapproximationsof the
containingpolygonsin the isobarsof thePSRsresultingfrom our mergefunction.Figure4
showsa containingpolygonapproximatedby a boundingrectanglewith asinglecut.

In the lossyevaluationfunction � , oneor more
!
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Fig.4. A lossy approximationof a
containingpolygon( �

� ) asa bound-
ing boxwith a singlecut (PSR).

isobarsin the �nal aggregatestaterecordmayover-
lap, andso somepolicy is neededto choosewhich
isobarto assignto a particularcell. We usea sim-
ple“containment”principle:if oneisobarcompletely
containsanother, weassumethetruevalueof thecell
is that speci�ed by the innermostisobar. Whenthe
containmentprincipledoesnotapply, weassigngrid
cellsto thenearestisobar(in termsof numberof grid
cells),breakingtiesrandomly.

We simulatedthis lossyalgorithmfor the same
sensorvalue distribution as was shown in Figure 2(a), using a maximumof 4 “cuts” per
isobar. Theresultsareshown in Figure2(b);noticethattheshapeof theisobarsis preserved.

We comparedthe total amountof datatransmittedby our simulationof the lossy, in-
network, andnaive algorithmsfor the isobarsshown in Figure2(a)and2(b),andfoundthat
the naive algorithmsalgorithm useda factor of four more communicationthan the lossy
algorithmandabout40%morecommunicationthanthein-network algorithm.

4.4 SparseGrids

Finally, we considerthecaseof sparsegrids,wheresensorsdo not exist at every cell in the
grid. In sparsegrids, the lossyalgorithmdescribedabove canbe usedto infer an isobarfor
missingpoints.Sincethemergingfunctionnolongertracksexactcontoursbut usesbounding
boxes,cellswithoutsensorswill oftenendupasapartof anisobar. Cellsthataren't assigned
anisobarasa partof merging canbeassignedusingthenearest-isobarmethoddescribedin
thelossyalgorithm.

A similarsituationarisesin densetopologieswith network loss,whensomesensorvalues
are not be reportedduring a particularepoch.We implementedthis sparsegrid approach



andusedit to visualizeisobarswith a high-lossradiomodel,wheretheprobability that two
sensorscancommunicatewith eachotherfallsoff with thedistancebetweenthesensors.For
adjacentsensors,lossratesareabout5%; for sensorsthatarethreecellsaway(themaximum
communicationrange),loss ratesareabout20%. The result is shown in Figure2(c), with
blackcircleson thenodeswhosevalueswerelost duringtheepochbeingvisualized.Notice
that,despitethelargenumberof losses,theshapeof theisobarsis largelypreserved.

5 WaveletHistogramsvia Hierar chical Aggregation

SQL'sbuilt-in aggregatesprovidesomebasicstatisticalinformationaboutthedistributionof
a setof readings.But in many casesit is usefulto geta richerrepresentationof thedistribu-
tion, e.g.a histogram.In thesensornetenvironment,we would like to havea multiresolution
histogram,whichcanoptionallyprovideadditionalresolutionof “buckets”at theexpenseof
additionalcommunication.To thatend,weexploreusingwavelethistograms, sincewavelets
areoneof thebest-known andmosteffectivemultiresolutioncodingtechniques.

In this section,we sketcha TAG aggregatefunction for encodinga setof readingsin a
sensornetwork usingHaarwavelets,thesimplestandmostwidely-usedwaveletencoding4.
Ourdiscussionherefocusesonwavelethistograms[20], whichcaptureinformationaboutthe
statisticaldistribution of sensorvalues,without placingsigni�canceon any orderingof the
values.We dropcoef�cients with low absolutevalues(“threshholding”)to keepthecommu-
nicationcostsdown, but alwaysretainthe valueof coef�cient 0; in Haarwavelets,the 0th
coef�cient representstheaverageof thevalues,andhenceis oftenof interestto users.

Ourwaveletcompressionsettinghereis somewhatunique.First, recallthataggregatesin
TinyDB arecomputedincrementallyasdatais passedup the network communicationtree.
Hencewe will be computingwaveletspiecewise, combiningpairs of waveletsas we go,
without accessto thecompleteunderlyingsetof values.Second,our processorsdo not have
�oating-point arithmeticandaregenerallyratherslow, sowewill useintegerwavelets[1], do
asmuchaspossiblein placeto minimizecopies,anddevisetechniquesto processwavelets
withouttheneedto decompress/recompress.Finally, sinceweareconstrainedin bothmemory
andbandwidth,we will bedroppinglow coef�cients, andusinga sparsearrayrepresentation
for thecoef�cients we keep.

Thecoreof ourlogic is in themergingfunction � , whichtakesthePSRsfromtwo subtrees
(which arethemselveswavelets)andcombinestheminto a new PSR(anotherwavelet).Our
waveletPSRwill beasparsearrayrepresentedby ������� shortintegers.In orderto maintain
wavelet properties,� mustbe a power of 2 ( ���	� in our currentimplementation.)The
�rst �
� valuescapturethe non-zeroelementsof the sparsearray: � arrayoffsets , and

� data valuesof the coef�cients at thoseoffsets.The next short integer is the count ,
which tracksthenumberof actualsensorreadingsrolledup into thiswavelet.Oneadditional
short,called loglen , representsthe �
���

� of the numberof array entriesin the (possibly
zero-padded)wavelet.

Themerging functionconsiders4 casesfor merging two staterecords,r1 andr2 5

1. r1.count � r2.count ��� : In this case,we do not compress,but simply store
all thevalues.We concatenatethevaluesfrom r2.data to theendof r1.data , and

4 In theinterestof brevity, we do not overview waveletshere;theinterestedreaderis referredto [23]
for a goodpracticaloverview of wavelets,or to [20] for a simpleintroductionto Haarwavelets.

5 Notethatthechoiceof orderingr1 beforer2 is ratherarbitrary:for now, weassumethatthenetwork
topologyandschedulingdetermineswhich input is �rst, andwhich is second.



updatetheoffsets andcount of r1 accordingly. The loglen variableremainsat
theinitializationvalueof � �
�

�

� .
2. r1.count � � and r2.count � � , but their sumis  � : In this casewe need

to compressthe output. Conceptually, we think of the two input arraysas one array
of length �

loglen �

�

, andusethelifting scheme[22] to wavelet-compressthedouble-
lengtharrayin place.Wethenkeeponly thetop � coef�cients byoverwritingr1 'sdata
andoffsets �elds appropriately. We addr2.count to thevaluein r1.count , and
incrementther1.loglen variableto re�ect theeffectivedoublingof thearray.

3. Bothinputshavecount  � : In this case,we needto mergetwo wavelets.
Our mergetechniquewill assumethatboth inputshave thesameloglen . If oneinput
hasasmallerloglen thantheother, weneedto zero-padthesmallerto matchthelarger.
For example,if r1.loglen � r2.loglen , wezero-padr1 until it is of equallength.
Pseudocodefor ef�ciently doublinga Haarwaveletwith 0's is givenin Figure5.
Onceboth waveletshave the sameloglen , we needto merge r2 into r1 to form a
waveletwith twice asmany coef�cients. We thenrun thepseudocodegivenin Figure6
to merger2 into r1 withoutdecodingandre-encoding.Finally wecopy thetop � coef�-
cientsof theresultinto r1.data , updater1 'soffsets appropriately,addr2.count
to r1.count , andincrementr1.loglen to re�ect thedoublingof thearray.

4. Exactlyoneinput hascount larger than � : In this case,we zero-padthesmallerarray
to be � entries,andconvert it to a waveletof � coef�cients. Thenwe invokeCase3.

// for all coefficients i except 0th, bump up offsets carefully
for i from 1 to N-1

offsets[i] += 2ˆ(floor(log_2(offsets[i])));
// keep track of min coefficient, too
if (abs(data[i]) < min) then { min = abs(data[i]); minpos = i; }

// New 1st coefficient is 0 - (old 0th coefficient).
// If it's in the top N, make room for it in data and offsets arrays

if (abs(data[0]) > min)
move offsets[1] through offsets[minpos-1] one position rightward;
move data[1] through data[minpos-1] one position rightward;
offsets[1] = 1; data[1] = 0 - data[0];

// overall average is halved, reflecting the 0-padding.
data[0] >>= 2; // i.e. data[0] = floor(data[0] / 2);
loglen++; // we doubled the size

Fig.5. Doublea Haarwaveletof � coef�cients by zero-paddingin place,without decoding/recoding.
Theresultshouldhave �

+�� coef�cients; we drop the lowestof theseotherthanthe0th coef�cient,
which we alwayskeepin position0 in the arrays.Note that �

���	��


�

�
��� ��� canbe computedef�ciently
via bit-shifting,andthatwe usethe�oor of theaveragefor data[0]in integerwavelets[1].

At thetopof theaggregationtree,thistechniqueproducesawaveletthatlossilyrepresents
the concatenationof all the readingsin the network, alongwith a large numberof padded
0's. Given the count andloglen variables,a PC at the root of the network candiscard
the extraneous0's, andperformthe appropriatenormalizationto recreateboth the overall
average,andsomewhat�ner approximationsof thedensitiesof values.

Note that thecoef�cients producedby the recursive applicationof themergeprocedure
arenot the top � coef�cients of a Haarwaveleton the full arrayof readings.In particular,
the � �

0 'stcoef�cient of onenetwork subtreewill bediscardedeventhoughit maybemuch
largerthanthetop � coef�cients of anothersubtree.Theeffectof suchanerrormaybespread
acrosshigher-ordercoef�cients asfurthermergeshappen.We areinvestigatingheuristicsfor
improving this situation,includingprobabilisticupdatingschemesfrom [20], rank-merging
techniquesbasedon [5], andcoef�cient con�denceintervalsbasedon [7].



// Double r1 and r2, but bump r2 rightward by an extra factor of 2.
for i from 1 to N-1

r1.offsets[i] += 2ˆ(floor(log_2(r1.offsets[i])));
r2.offsets[i] += 2ˆ(floor(log_2(r2.offsets[i])) + 1);

// merge r1's {offsets,data} pairs with r2's, sorted by offset
cursor1 = 1; cursor2 = 1;
for k from 2 to (N*2) - 1

if (cursor1 < N && r1.offsets[cursor1] <= r2.offsets[cursor2])
{ smaller = r1; curs = cursor1; }

else { smaller = r2; curs = cursor2; }
wtmp.offsets[k] = smaller.offsets[curs];
wtmp.data[k] = smaller.data[curs];
curs++;

// 0th coefficient of wtmp is avg of old 0-coefs, 1st is diff
wtmp.offsets[0] = 0; wtmp.offsets[1] = 1;
wtmp.data[0] = floor((r1.data[0] + r2.data[0])/2);
wtmp.data[1] = r1.data[0] - r2.data[0];
// pack top N coefficients of wtmp into first N slots
// of wtmp.data, update wtmp.offsets appropriately,
topN_coeffs(wtmp);
copy N wtmp.{data,offsets} into r1.{data,offsets}
r1.count += r2.count; r1.loglen++;

Fig.6. Given two Haarwaveletsr1 andr2 of � non-zerocoef�cients, mergesthemwithout decod-
ing/recoding.Wecopy to atemporarywaveletwtmp of size � � , but this logic canalsobedonein place
by replacingthemerge stepwith a quicksortthat spansr1 andr2 andcoordinatesthedataandoffset
arraysappropriately.

5.1 MultiResolution Snapshots,Temporal Queries

In thespirit of imagecodingandonlineaggregationin databases[9, 10], we might wantthe
answerto a snapshotqueryto improve with additionalroundsof communication.In order
to achieve this, we canaugmentthe logic above sothatat the lowestpoint in thetreewhere
the merge function would have droppedcoef�cients, it sendsthe secondhighestsetof �

coef�cients on round 2. At the top of the tree, the secondround of coef�cients needsto
be merged into the previous coef�cients from right to left in order to spreadthe updates
correctly. This processcanberepeatedfor additionalrounds.In this scheme,thelow valued
coef�cients caneitherbe stored,or canbe recommunicatedandrecomputedfrom the base
snapshotreadings.Giventherelative costsof storageandcommunicationin modernsensor
networks,we expectto storethecoef�cients – in practice,storagelimitations will dictatea
boundon thenumberof roundswe cansupport.

Multiresolutionsnapshotqueriesarecomplicatedwhenwe considerchangein the time
dimension.Onlineaggregationasdescribedin [9] is targetedat traditionaldatabases,where
snapshotsemanticsareguaranteedvia transactionalmechanisms.Sinceonline aggregation
requiresmultiplerounds,it is quitepossiblethatthesensorreadingswill changebeforemuch
datacanbepropagatedto theoutput.

Continuousquerieswith time-varyingresultsaresupportedin TinyDB by buffering the
stateof aggregatesfrom multipleepochswithin thenetwork,anddeliveringbetterestimations
for prior epochsalongsidenew estimations[17]. However, thisincreasesthestorageoverhead
in thenetwork by a factorof thedepthof thenetwork.

We areexploring ideasfor intelligently managingthetotal storageacrossbothtime and
space.Themix of multiresolutionresultsandtime-varyingdataraisesanumberof questions
with respectto boththeencoding(whichmaybeanalogousto work onvideo),andto human-
computerissuesandperformancemetrics.A drivingquestionfor performancemetricsmaybe
to considerdifferentpossibleinterfacesfor usersto specifytheir desiresby �xing resources
in oneor bothdimensions.Of course,in principlethereis somepareto-optimalsetof strate-
giesacrossthesedimensions,but naiveusersareunlikely to beableto reasonin thatfashion.



Onecanimaginefairly naturaltemporalcontrolslike “animationspeed”slidersandspatial
controlsin termsof visual selection,zoom,or foveation.Onecanalsoimaginethat thede-
pendency acrossdimensionscouldbedemonstratedby having adjustmentsin onedimension
bere�ectedin thecontrolsof theotherdimension.Wehopeto exploretheseinter-disciplinary
issuesin futurework.

6 VehicleTracking
In this section,we provide a roughillustration of TinyDB's supportfor a vehicletracking
application,wherea �x ed�eld of nodesdetectsthemagnetic�eld, sound,or vibrationof a
vehiclemoving throughthem.We choosethe trackingapplicationbecauseit is a represen-
tative Collaborative SignalProcessing(CSP)applicationfor sensornetworksandbecauseit
demonstratestherelativeeasewith whichsuchapplicationscanbeexpressedin TinyDB. As
will becomeclear, our focusto datehasnot beenon sophisticatedalgorithmsfor tracking,
but ratheron extendingour platform to work reasonablynaturally for collaborative signal
processingapplications.

Target tracking via a wirelesssensornetwork is a well-researchedarea[2]. Thereare
differentversionsof thetrackingproblemwith varyingdegreesof complexities.For easeof
illustration,in ourdiscussionweonly dealwith averysimpleversionof thetrackingproblem,
basedon thefollowing assumptionsandconstraints:

– Thereis only a singletargetto track.
– Thetargetis detectedwhentherunningaverageof themagnetometersensorreadingsgo

overa pre-de�nedthreshold.
– Thetarget locationat any point in time is reportedasthenodelocationwith the largest

runningaverageof thesensorreadingat thattime.
– Theapplicationexpectsto receive a time seriesof target locationsfrom thesensornet-

work oncea targetis detected.

We believe that moresophisticatedversionsof trackingcanalsobe supportedin TinyDB,
usingmoresophisticatedsignalprocessinglogic for dynamicthresholdadjustment,signal
strengthbasedlocalization,multiple targets,etc.

Therearesomeclearadvantagesto implementingtrackingapplicationsontopof TinyDB.
First, TinyDB's genericquerylanguageis availableasa resource,allowing applicationsto
mix andmatchexisting spatial-temporalaggregatesand�lters in a query. Applicationscan
also run multiple queriesin the sensornetwork at the sametime, for exampleone track-
ing query andonenetwork healthmonitoring query. Second,TinyDB takes careof many
of sensor-network systemsprogrammingissuessuchasmulti-hop routing, coordinationof
nodesleeping,queryandeventdiseminations,etc.Third, by registeringtrackingsubroutines
asuser-de�ned aggregatesin TinyDB, they becomereusablein otherTinyDB queriesin a
naturalway. Fourth,we areoptimisticthatTinyDB'squeryoptimizationtechniques[17] can
bene�t trackingqueries.For example,eachnodecan“snoop” themessagesfrom its neigh-
boringnodesandsuppressits outputif any neighborhasdetecteda strongersensorsignal.

We will describebelow two implementationsof thetrackingapplicationin TinyDB with
increasinglevelsof querycomplexity for betterenergy ef�ciency. We describetheseimple-
mentationsin TinyDB'sSQL-like querylanguage6. In all theTinyDB SQL statements,��� �

is a TinyDB attributefor themagnetometerreading,
�

��� � is anattributethatreturnsthecur-
rent timestampasan integer. We assumethe sensornodesare time synchronizedwithin 1

6 Someof thelanguagefeaturesusedin thissectionarenotavailablein TinyDB 1.0.



millisecondusingprotocolslike [3]. 8�� 7�� � 7 is a TinyDB attribute for the uniqueidenti�er
of eachnode.We assumethe target is detectedwhenthe magnetometerreadinggoesover
a constantvalue,threshold. � �
8 � � � -

0�� � 0 �

��� � / is for the 10-samplerunningaveragefor
themagnetometerreadings.��� � � - � � �

0"�

� � � �"/ is anotherTinyDB aggregatethatreturnsthe
value of ����� � correspondingto the maximumvalue of � ���

0 . ��� � � - � � � � � �

�

8�� 7 � �
72/ is
usedin our implementationsto �nd the 8�� 7�� � 7 with thelargestaveragemagnetometerread-
ing. As mentionedabove,we usethis to representthelocationof our targetandassumethat
the basestationis capableof mapping8�� 7 �1� 7 to somespatialcoordinate.� � � � is really a
placeholderthatcanbereplacedwith muchmoresophiscatedtargetlocalizationaggregates.
In bothimplementations,weneedto apply � � � � to groupof valueswith thesametimestamp.
Valuesaregroupedby

�

��� � 5

0�� to accomodateminor timevariationsbetweennodes.

6.1 The Naive Implementation

Figure7 showstheTinyDB queriesthatimplementourinitial trackingapplication.In this im-
plementation,eachsensornodesamplesthemagnetometerevery 100milisecondsandcom-
putesthe10-samplerunningaverageof themagnetometerreadings.If therunningaverageof
magnetometerreadingsis over thedetectionthreshold,thecurrenttime,nodeidandaverage
valueof themagnetometerareinsertedinto thestoragepoint ����8 8 �
8 � � � � ��� .

Recall that storagepoints in TinyDB provide temporaryin-network storagefor query
resultsandfacilitateapplicationsto issuenestedqueries.The secondqueryin Figure7 is a
querythatrunsoverthestoragepoint ��� 8 8 �
8 � � � � ��� everysecondandcomputesthetarget
locationsusingthe � � � � aggregate.

6.2 The Query-Handoff Implementation

Theproblemwith thenaiveimplementationis thatall sensornodesmustcontinuouslysample
themagnetometerevery100milliseconds,andmagnetometerstypically consumesubstantial
power persample.For example,themagnetometeron theBerkeley motesconsumes15mW
of power per samplewhile the light sensoronly consumes0.9mW per sample.Assuming
thesensornodesarespreadover a wide area,at every point in time, the target canonly be
detectedby asmallnumberof nodes.Thus,for a largepercentageof nodes,theenergy spent
samplingthemagnetometeris wasted.

Ideally, we would like to only startthetargettrackingqueryon a nodewhenthetargetis
nearit andstopthequerywhenthe targetmovesaway. This meansthatwe needa TinyDB
event to trigger the trackingquery. The query-handoff implementationthatwe areaboutto
describerequiressomespecialstandalonehardwaresuchasamotiondetectorthatdetectsthe
possiblepresenceof thetarget,interruptsthemoteprocessor, andpulls it out of sleepmode.

�

� ��� �

�

7 �

�

���

�

��7 is theTinyDB eventcorrespondingto thisexternalinterrupt.It is unrealistic
to requirethis specialhardwarebe installedwith every node.However it might be feasible
to only install themon a smallnumbernodesnearthepossibleentrypointsfor thetarget to
enterthesensor�eld (e.g.endpointsof a line of sensorsalonga road).Thesenodeswill be
woken up by the

�

� ��� �

�

7 �

�

���

�

��7 eventandstartsamplingthe magnetometerto determine
thecurrenttarget locations.At thesametime, they alsotry to predictthepossiblelocations
thetargetmaymoveto next via acustomaggregate8 ���

�

����� �

�

� ��8 andsignala remoteevent
�

� ��� �

�

��� � � � �	��
 �
8 � onnodesat theselocationsto alertthemto startsamplingtheirmagne-
tometersandtrackingtheincomingtarget.Nodesthatreceivethe

�

� � � �

�

� ����� � �	��
 � 8 � event
will basicallydo the same.The TinyDB queriesfor this implementationis shown in Fig-
ure6.2.We call this thequery-handoff implementationbecausethenodehandsthetracking
queriesoff from onesetof nodesto anothersetof nodesfollowing thetargetmovement.



Queryhandoff is probablythemostuniquequeryprocessingfeaturerequiredby tracking
applications,andonethat at �rst we expectedto provide via low-level network routing in-
frastructure.However, wewerepleasedto realizethatevent-basedqueriesandstoragepoints
allow handoff to beexpressedreasonablysimplyat thequerylanguagelevel.Thisbodeswell
for prototypingotherapplication-speci�ccommunicationpatternsassimplequeries.An on-
going questionin suchwork will be to decidewhenthesepatternsaredeservingof a more
ef�cient, low-level implementationinsideof TinyDB.
// Create storage point holding 1
// second worth of running average
// of magnetometer readings with a
// sample period of 100 miliseconds
// and filter the running average with
// the target detection threshold.
CREATE STORAGEPOINT running_avg_sp
SIZE 1s AS
(SELECT time,

nodeid,
winavg(10, 1, mag) AS avgmag

FROMsensors
GROUPBY nodeid
HAVING avgmag > threshold
SAMPLE PERIOD 100ms);

// Query the storage point every second
// to compute target location for
// each timestamp.
SELECT time, max2(avgmag, nodeid)
FROMrunning_avg_sp
GROUPBY time/10
SAMPLE PERIOD 1s;

Fig.7. Naive Implementation

// Create an empty storage point
CREATE STORAGEPOINT running_avg_sp
SIZE 1s (time, nodeid, avgmag);

// When the target is detected, run query to
// compute running average.
ON EVENT target_detected DO
SELECT time, nodeid, winavg(10, 1, mag) AS avgmag
INTO running_avg_sp
FROMsensors group by nodeid
HAVING avgmag > threshold
SAMPLE PERIOD 100ms
UNTIL avgmag <= threshold;

// Query the storage point every
// sec. to compute target location;
// send result to base and signal
// target_approaching to the possible
// places the target may move next.
SELECT time, max2(avgmag, nodeid)
FROMrunning_avg_sp GROUPBY time/10
SAMPLE PERIOD 1s
OUTPUTACTION
SIGNAL EVENT target_approaching
WHERElocation IN
(SELECT next_location(time, nodeid, avgmag)

FROMrunning_avg_sp ONCE);

// When target_approaching event is
// signaled, start sampling and
// inserting results into the storage point.
ON EVENT target_approaching DO
SELECT time, nodeid, winavg(8, 1, mag) AS avgmag
INTO running_avg_sp
FROMsensors GROUPBY nodeid
HAVING avgmag > threshold
SAMPLE PERIOD 100ms
UNTIL avgmag <= threshold;

Fig.8. Handoff Implementation

7 RelatedWork

Several groupshave proposedhigh-level or declarative interfacesfor sensor-networks [24,
17, 13]. Therehasalsobeensomework on aggregation-likeoperationsin sensornetworks,
suchas[25, 12, 8]. Neitherof thesebodiesof work speci�cally addressesany of the more
sophisticatedtypesof agggreatesor querieswe discussin this paper.

Building contourmapsis a frequentlymentionedtargetapplicationfor sensornetworks;
see,for example,[4], though,to our knowledge,no onehaspreviously describeda viable
algorithmfor constructingsuchmapsusingsensornetworks.Thereis a largebodyof work
on building contourmapsin the imageprocessingand segmentationliterature– see[19]
for anexcellentoverview of thestateof theart in imageprocessing.Thesecomputervision
algorithmsaresubtantiallymoresophisticatedthanthosepresentedhere,but assumeaglobal
view wheretheentireimageis at hand.



Waveletshave myriad applicationsin datacompressionandanalysis;a practicalintro-
ductionis given in [23]. Wavelethistogramshave beenproposedfor summarizingdatabase
tablesin a numberof publications,e.g.[20, 7]. In thesensornetwork environment,a recent
shortpositionpaperproposedusingwaveletsfor in-network storageandsummarization[6].
This work is relatedto ours in spirit, but differentin focusat both the systemarchitecture
andcodinglevel. It sketchesa routing-level approachfor relatively power-rich devices,fo-
cusedonencodingregularly-gridded,spatialwaveletsover timeseries.By contrast,we focus
onhighly-constraineddevices,andintegratewith themulti-purposeTinyDB queryexecution
framework. We alsoprovide ef�cient algorithmsfor hierarchicallyencodingHaarwavelets,
with a focusonwavelethistograms.

Thequeryhandoff implementationfor the trackingapplicationin Section6 is basedon
thesingle-targettrackingproblemdiscussedin [2]. Thetrackingalgorithmsdescribedin [2]
is implementedon top of UW-API [21] which is a location-centricAPI for developingcol-
laborative signal processingapplicationsin sensornetworks. UW-API is implementedon
top of DirectedDiffusion [13] focusingon routingof dataandoperationsbasedon dynam-
ically createdgeographicalregions.While TinyDB canshieldapplicationdevelopersfrom
thecomplexities of usingsucha lower level API, it canpotentiallyleveragethis work to do
location-basedeventandquerydisemination.

Our useof event-basedqueriesto implementqueryhandoff resemblesa content-based
routingschemein someways,notdissimilarto thebasicideasof DirectedDiffusion[13]. Of
coursethe two schemesrepresentdifferentdesignpoints:TinyDB is a relatively high-level
systemintendedto shieldapplicationwriters from network considerations,while Directed
Diffusionis a lower-level multi-hoproutingschemethatexposescontent-basedroutingpoli-
ciesto users.Thesedistinctionsof ”high-level” and”low-level” canbecomeblurry, however,
asillustratedby therouting-likehandoff in TinyDB, andthequery-likeaggregationexamples
from DirectedDiffusion.Thereareclearlyopenquestionsregardingpossiblesynergiesand
tradeoffs betweenthetwo approachesin differentsettings;thesemerit furtherinvestigation.

8 Future Work and Conclusions
Many potentialusersof sensornetworksarenot computerscientists.In orderfor theseusers
to develop new applicationson sensornetworks, high-level languagesand corresponding
executionenvironmentsaredesirable.We areoptimistic thata query-basedapproachcanbe
a goodgeneral-purposeplatformfor applicationdevelopment.

The work describedhereattemptsto justify this optimismwith somenon-trivial appli-
cationsoutsidethe realmof traditionalSQL queries.In additionto pursuingthe work here
further, we alsohopeto continuethis thrustby collaboratingwith domainexpertsin thede-
velopmentof new applications;this includesbothapplicationexpertsoutsidecomputing,and
expertsin otheraspectsof computingincludingcollaborativesignalprocessingandrobotics.
Our intentis for TinyDB to serveasaninfrastructurethatallows theseexpertsto focuson is-
sueswithin theirexpertise,leaving problemsof datacollectionandmovementin thehandsof
TinyDB'sadaptivequeryengine.As with traditionaldatabasesystems,wedonotnecessarily
expecta TinyDB-basedimplementationto alwaysbeasef�cient asahand-codedimplemen-
tation,but we hopethe easeof useandadditionalfunctionality of TinyDB will justify any
modestperformanceoverheads.
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