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Abstract

In this demo, we present Nile-PDT, a Phe-
nomenonDetectionandTracking framework us-
ing the Nile data stream managementsystem.
A phenomenonis characterizedby a group of
streamsshowing similar behavior over a period
of time. The functionalitiesof Nile-PDT is split
betweenthe Nile server and the Nile-PDT ap-
plication client. At the server side, Nile detects
phenomenoncandidatemembers andtrackstheir
propagationincrementallythrough speci�c sen-
sor network operators. Phenomenoncandidate
members are processedat the client side to de-
tect phenomenaof interestto a particularappli-
cation. Nile-PDT is scalablein the numberof
sensors,thesensordatarates,andthenumberof
phenomena.Guidedby thedetectedphenomena,
Nile-PDTtunesqueryprocessingtowardssensors
thatheavily affect themonitoringof phenomenon
propagation.

1 Intr oduction

Many sensor-network applicationsareinterestedin detect-
ing andtrackingphenomenathat appearin their �elds of
interest. Examplesof interestingphenomenainclude the
spatiotemporalpropagationof pollutants,e.g.,an oil spill
region or a gasleakagecloud. Formally, we de�ne a phe-
nomenonto beagroupof sensorsthatjoin with eachother,
over similar values,� times in a time-window of sizew.
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Thisde�nition iscontrolledby two parameters,thestrength
(� ) of a phenomenonandits time span(w). The strength
parameter(� ) quali�es a set of sensorsto form a phe-
nomenonif thesensorsproducethesamevalueat least(� )
times.A valuethatappearslessthan� timesis considered
noiseandis not reportedasa phenomenon.Thetime span
parameter(w) canbeviewedasa time-tolerantparameter.
w limits how farasensorcanbelaggingin reportingaphe-
nomenon.

Nile [3], a streamqueryprocessingenginedevelopedat
PurdueUniversity, providesa pipelinedexecutionof con-
tinuousqueriesoversensordatastreams.In this demo,we
introduceNile-PDT, a framework for PhenomenonDetec-
tion andTrackingusingNile.

2 Featuresof Nile-PDT
The taskof phenomenadetectionand tracking is divided
amongtheNile serverandtheNile-PDTclientapplication.
At the server side,we make useof a new queryoperator,
theSN-join(or theSensorNetworkjoin) operator. SN-join
is ageneralizedsimilarity-basedbinaryjoin operatorthatis
designedfor sensornetwork applications.The mainchal-
lengesin realizingSN-joinarethefollowing: First,SN-join
is asimilarity-basedjoin. In otherwords,it is notnecessary
that sensorvaluesmatchexactly. Sensorreadingsthatare
closeto eachother in valuewill still join andproducean
outputtuple. Second,andmostinteresting,is the follow-
ing featureof SN-join. The input to SN-join is a sensor
network SN that is composedof many sensors,eachsup-
plying an input datastream.For example,thedatastream
of sensori in SNis referredto by SN[i ] . Sincethereare
many sensorsin SN, it is the responsibilityof SN-join to
�gure out which pair of sensorsSN[i ] and SN[j ] out of
the many sensorsin SN that have similar joinable values
within a time window w of eachother. SN-join usesa
relevancefeedbackmechanismthat guidesSN-join as to
which streamsto join in order to increasethe likelihood
of producingbinary join output tuples. Nile-PDT applies
SN-join, alongwith otherqueryplanoperators,overthein-
comingsensordatastreamsto reportthe sensorsthat join



SELECTi, j, value,ts
FROM SN
WHERESN [i ]:value � SN [j ]:value
AND i <> j
AND < otherconditions>
WINDOW W

Figure1: Nile-PDTSQL queries

with eachotheroveratime-window w asphenomenoncan-
didatemembers. The client tracksthe detectedcandidate
membersandaggregatesthemto form a phenomenonwith
the desiredfeatures,e.g.,having the minimum numberof
occurrences(� ), theminimumnumberof sensorsin aphe-
nomenon,thespatiallocationof sensors,andtheconnect-
ednessof themembers,etc.

Themainfeaturesof NILE-PDTaresummarizedasfol-
lows:

1. Query processingwith relevance feedback. The
query processoraims at maximizing the numberof
detectedphenomena. Basedon the detectedphe-
nomenoncandidate members, query processingis
tuned towards sensorswhere phenomenaare most
likely to develop. In this demo,we developedtwo
queryoperatorsthatmake useof relevancefeedback:
SN-join andSN-scan.

2. Load sheddingand scalability. Nile-PDT provides
feedbackto the Nile streammanagerto control the
samplingrateof sensors.Sensorsthatcontributeheav-
ily to the propagationof phenomenaaregiven more
attention,while sensorsthatparticipatein nophenom-
enaaresampledata lowerrate.As a result,Nile-PDT
scaleswith the numberof sensors,sensordatarates,
andthenumberof detectedphenomena.

3. Incr emental processing. Nile-PDT incrementally
monitorsphenomenain the sensornetwork andcon-
tinuously updatesthe userwith the appearanceand
thedisappearanceof phenomena.Nile-PDTtakesad-
vantageof Nile's notionsof positive andnegative tu-
ples[2] to incrementallytrackthephenomenonprop-
agation.

Phenomenadetectionandtrackingis initiatedby a con-
tinuousSQLqueryissuedby theclient. To supporttheexe-
cutionof continuousqueriesoversensordata,thesystemis
extendedwith theabstractdatatype(ADT) SensorNetwork-
ADT. SensorNetwork-ADTextendsthefunctionalityof re-
lational tablesby appendingextra informationto eachtu-
ple. A sensorreadingis in the form SN [I D ]:(value; ts),
where ID is a sensoridenti�er and value is the reading
valueof thatsensorattimestampts. Figure1 introducesthe
generalform of SQL-queriesthatareissuedby theclient.
Sensornetwork SNis joinedwith itself, which meansany
two sensorsfrom SN are eligible to join with eachother
basedon a similarity join over SN.value. � is thesensor-
network similarity join operator. The condition(i <> j )
preventsthe sensorfrom being joined with itself. Other
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Figure2: Nile-PDT queryplan

conditionscanbespeci�edaswell in thewhereclause,e.g.,
timestampandvaluepredicates.The result is sentto the
Nile-PDT client to begroupedandanalyzedthento report
sensorsthatjoin with eachothermorethan� timeswithin
thelasttime-window w.

3 Query Processingwith Relevance Feed-
back

Figure 2 gives the query plan for the query in Figure 1.
Thestreamtuplesarepushedfrom thesensornetwork into
the system's input buffers throughthe SN-scanoperator.
Then, the SN-join operatoris appliedover the incoming
streamsto detectwhich sensorsgive the sameor similar
readingsover thespeci�edtime-window. SN-scanandSN-
join arespecialoperatorsthataretunedfor sensor-network
processing.Theseoperatorsmayacceptfeedback(or hints)
from otherqueryplanoperatorsthatexpresstherelevance
of thejoin outputtuplesto thequeryresult.
TheSN-scanOperator. SN-scanis responsiblefor attach-
ing thesensor-network platformto thesensor-network ab-
stractdatatype (SensorNetwork-ADT). SN-scanscansthe
sensorsfor freshreadingsandpassesthesereadingsup in
thequeryplan.SN-scanis optimizablethroughits capabil-
ity to acceptscannotesfrom higheroperatorsin thequery
plan. The scan notesupdatethe relative frequenciesat
which the SN-scanoperatorreadsfrom the sensors.The
scannotesareextractedby estimatingthe likelihoodof a
sensorto contributeto theoutput.Thescannoteis a well-
de�ned interfacethroughwhich the SN-scanoperatorcan
betunedto increasethescanningrateof aspeci�c sensor.
The SN-join Operator. A traditional join operationdoes
not scaleto a sensornetwork that containsthousandsof
sensors. Stream join has been discussedin literature,
e.g.,[1, 5]. In the context of Nile-PDT, eachsensordoes



not have to join with every othersinglesensorin thesen-
sor network (e.g.,a phenomenonspansonly a portion of
thesensornetwork). Thechallengeis to �nd thejoin pairs
from amongthe many sensorsthat join togetherover the
time-window w.

To addressthis challenge,we developeda new join op-
erator, theSN-joinoperatorthat is especiallydesignedfor
large-scalesensornetworks. SN-joinis guidedby theout-
put of the query to direct the join operationtowardssen-
sorpairsthataremorelikely to contribute to the join out-
put. In the context of Nile-PDT, SN-joinis guidedby the
detectedphenomenoncandidatemembers to perform the
join amongsensorswith similar behavior. SN-joinmain-
tains a 2-d matrix (P) that recordsthe probe probability
betweeneachtwo sensors.A readingfrom sensorSN [i ]
probessensorSN [j ] for a join basedontheprobabilityPij
(i.e., with probability 1 � Pij , the probingoverheadwill
beskipped).Higheroperatorsin thequeryplanprovidethe
SN-joinwith join notesthathelpupdatetheprobabilityma-
trix (P). Basedon theportionof a sensorstreamthathas
beenseensofar, join notesareextractedby estimatingthe
likelihoodof two sensorsto contribute to the join output.
Thejoin noteis awell-de�ned interfacethroughwhichSN-
join canbetunedto favor thejoin operationamongcertain
sensorpairs. Several sensorprobingmechanismsareex-
ploredin thecontext of Nile-PDT. Thepurposeis to track
existing phenomena(guidedby the join notes),but at the
sametime detectnew phenomenathat emerge in new re-
gionsin thesensornetwork. This featureis capturedin our
demoby measuringthe time delaybetweenwhena phe-
nomenonactuallyhappensandwhenit is detectedby Nile-
PDT.

Thesecondchallengein realizingSN-join is thatof sim-
ilarity matching. Due to sensorcalibrationand/ormea-
surementerrors, sensorreadingscan be similar in value
but are not necessarilythe same. As a result, SN-join
is a similarity-basedjoin. The Nile-PDT demo re�ects
two similarity-basedtechniques.The �rst techniqueuses
apre-clusteringoperatorthatis below SN-join in thequery
pipeline.Thispre-clusteringoperatordynamicallyclusters
thesensorreadingsandfeedsSN-join with cluster-ids. In
this case,SN-join performsequi-joinbasedon thecluster-
ids. Alternatively, thesecondtechniqueis to pushasimilar-
ity distancefunctioninsideSN-join,sothatsensorreadings
join with eachotherif thedistancebetweenthereadingsis
lessthana threshold.Both techniquesarere�ected in the
Nile-PDTdemoandtheir performanceis contrasted.

4 Load Sheddingand Scalability

Datastreamsmayarrivewith high ratesat thesystem's in-
put buffersandthey canbe bursty in nature.Suchbehav-
ior overloadsthesystemanddeterioratesthequeryperfor-
mance.Loadsheddingavoidsheavy-loadperiodsby drop-
ping someof the input tuples. In contrastto droppingthe
tuples randomly, the tuple droppingpolicy favors a cer-
tain performancemeasure.Loadsheddingthat is sensitive
to phenomenadetectiontriesnot to losephenomenawhile

droppingsomeof theinputdata.Loadsheddingis achieved
throughtheSN-scanoperatorwheresensorsthatcontribute
to phenomenaareprocessedmorefrequentlythansensors
thatdonot contributeto any phenomenon.

Scalabilityin Nile-PDTis achievedthroughtheSN-scan
andSN-join operators.Both operatorsavoid wastingthe
processingtime in sensorsthat do not help in detecting
andtrackingphenomena.For example,usingtherelevance
feedbackmechanism,anincomingsensorreadingmayend
up probinga few tensof sensorslooking for a matchin-
steadof probing thousandsof sensorsin the sensornet-
work. As illustratedin our demo,during simulationsthat
include a sensornetwork of thousandsensorswith each
sensorstreamhaving an averageinter-arrival time of one
second,Nile-PDTis ableto capturemorethan90%of the
outstandingphenomena.

5 IncrementalProcessing

Once a phenomenonis detected, the tracking process
is conductedincrementally at both the server and the
client sides. At the server side,incrementalprocessingis
achieved throughthe notionsof positive andnegative tu-
ples[2]. A positive tuple is reportedwhena join occursto
denotetheappearanceof phenomenoncandidatemembers.
A negative tuple is reportedwhenoneof the previously-
reportedjoin componentsexpires,i.e.,becomesold enough
to getoutsideof themostrecenttime-window w. Negative
tuplesare important to invalidatephenomenoncandidate
membersif sensorsstopshowing the samebehavior over
themostrecenttime-window w.

At theclient side,theclient receivesphenomenoncan-
didatememberson the form of a tuple thatconsistsof the
IDs of thetwo joining sensorsandthejoin value.Eachtu-
ple canbepositive or negative to denotetheappearanceor
disappearanceof the candidatemembers.The client acts
basedon eachtuple. Upon receiving a positive tuple, the
client may performoneof the following actions: (1) cre-
ate a new phenomenon,(2) add one more sensorto an
existing phenomenon,or (3) merge two phenomenainto
one bigger phenomenonif the two phenomenaget con-
nected. Upon receiving a negative tuple, the client may
performoneof thefollowing actions:(1) deleteanexisting
phenomenon,(2) remove a sensorfrom an existing phe-
nomenon,or (3) split one phenomenoninto two smaller
phenomenaif they getdisconnected.

6 DemoDescription

A graphicaluserinterface(GUI) is developedfor both the
Nile-PDT client and the Nile server to visualizethe phe-
nomenondetectionandtrackingprocesses.Figure3 gives
snapshotsof theGUI of boththeclient andtheserver. Our
demohastwo setups:onewherethesensornetwork is sim-
ulated(as describedin Section4) and the other is using
realsensors,asdescribedbelow. Our demohardwarecon-
sistsof agrid of heatsensorsthatareconnectedvia awire-
lesssensorplatform[4]. Eachplatformis representedasan
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Figure3: Snapshotsof theNile-PDTvisualizationtools: (a) client visualization(b) servervisualization

OSGiservicebundle[6] in thesensornetwork. Thesensor
platformusedin Nile-PDThasa �e xible modulararchitec-
turethatconsistsof aprocessingmodule,acommunication
module,anda testingmodule(Figure4). Eachsensorplat-
form hasa limited processingcapability. Detailsaboutthe
sensorplatformandthemodulescanbefoundin [4].

When we run the demousinga simulatedsensornet-
work, the client GUI (Figure 3a) representseachsensor
by a circle that re�ects its location in space.Sensorsare
spreadall over the spacearbitrarily. The client cankeep
trackof boththeoriginalphenomenathatarecomputedof-
�ine givenin�nite resources(depictedasgraycircles)and
thephenomenathataredetectedby thesystem(depictedas
blackcircles). Theclient GUI shows theef�ciency of the
systemin two aspects:(1) thenumberof detectedphenom-
enarelative to theoriginal numberof existing phenomena,
and(2) the responsetime (delay)of the system. The re-
sponsetime is identi�ed by how far thedetectedphenom-
enapropagationlagsafter the original phenomenapropa-
gation.

The server GUI (Figure3b) demonstratesthe system's
internalsandshows how the queryplan is executed.The
queryplan is displayedgraphicallyand the incoming tu-
pleskeepmoving up the queryplan from oneoperatorto
thenext. Whenwe run thedemousinga simulatedsensor
network, theservercanbeexecutedin slow-motion(via in-
serteddelays)andthenumberof sensorsis reducedfor the
sakeof democlarity.
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