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Abstract

In this demo, we presentNile-PDT, a Phe-
nomenorDetectionand Tradking framework us-
ing the Nile data stream managemensystem.
A phenomenornis characterizedoy a group of
streamsshawing similar behaior over a period
of time. The functionalitiesof Nile-PDT is split
betweenthe Nile sener and the Nile-PDT ap-
plication client. At the sener side, Nile detects
phenomenorandidatemembes andtrackstheir
propagationincrementallythrough speci ¢ sen-
sor network operators. Phenomenorcandidate
membes are processedht the client side to de-
tect phenomenaf interestto a particularappli-
cation. Nile-PDT is scalablein the numberof
sensorsthe sensordatarates,andthe numberof
phenomenaGuidedby the detectedphenomena,
Nile-PDTtunesqueryprocessingowardssensors
thatheavily affectthe monitoringof phenomenon
propagation.

1 Intr oduction

Many sensometwork applicationsareinterestedn detect-
ing andtracking phenomendhat appearin their elds of
interest. Examplesof interestingphenomenanclude the
spatiotemporapropagatiorof pollutants,e.g.,anoil spill
region or a gasleakagecloud. Formally, we de ne a phe-
nomenorto beagroupof sensorshatjoin with eachother,
over similar values, timesin atime-windav of sizew.
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Thisde nition is controlledby two parameterghestrength
( ) of aphenomenomandits time span(w). The strength
parameter( ) quali es a set of sensorsto form a phe-
nomenorif the sensorproducethe samevalueatleast( )
times. A valuethatappeardessthan timesis considered
noiseandis notreportedasa phenomenonThetime span
parametefw) canbe viewed asa time-tolerantparameter
w limits how farasensoircanbelaggingin reportinga phe-
nomenon.

Nile [3], a streamqueryprocessingnginedevelopedat
Purdue University, providesa pipelinedexecutionof con-
tinuousqueriesover sensodatastreamsin this demo,we
introduceNile-PDT, a framework for Phenomenobetec-
tion andTradking usingNile.

2 Featuresof Nile-PDT

The task of phenomenaletectionandtrackingis divided
amongtheNile senerandtheNile-PDT clientapplication.
At the sener side,we make useof a new queryoperator
the SN-join(or the SensoMNetworkjoin) operator SN-join
is ageneralizeaimilarity-basedinaryjoin operatothatis
designedor sensometwork applications.The main chal-
lengedn realizingSN-joinarethefollowing: First, SN-join
is asimilarity-basedoin. In otherwords,it is notnecessary
that sensowvaluesmatchexactly. Sensoreadingshatare
closeto eachotherin valuewill still join andproducean
outputtuple. Second,and mostinteresting,is the follow-
ing featureof SN-join. The input to SN-join is a sensor
network SN thatis composedf mary sensorseachsup-
plying aninput datastream.For example,the datastream
of sensori in SNis referredto by SN[i]. Sincethereare
mary sensorsn SN it is the responsibilityof SN-join to
gure out which pair of sensorsSN[i] and SN[j] out of
the mary sensorsn SNthat have similar joinable values
within a time window w of eachother SN-join usesa
relevancefeedbackmechanismthat guidesSN-join asto
which streamsto join in orderto increasethe likelihood
of producingbinary join outputtuples. Nile-PDT applies
SN-join alongwith otherqueryplanoperatorspverthein-
comingsensordatastreamgo reportthe sensorghat join



SELECTI, |, value,ts
FROM SN

WHERESN [i]:value
AND i <> |

AND < otherconditions
WINDOW W

SN [j J:value

Figurel: Nile-PDT SQL queries

with eachotheroveratime-windov w asphenomenonan-
didatemembes. The client tracksthe detectedcandidate
membes andaggreyatesthemto form a phenomenomvith
the desiredfeaturese.g., having the minimum numberof
occurrence$ ), theminimumnumberof sensorsn aphe-
nomenonthe spatiallocationof sensorsandthe connect-
ednesof themembersetc.

Themainfeaturesof NILE-PDTaresummarizedsfol-
lows:

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

2. Load sheddingand scalability. Nile-PDT provides
feedbackto the Nile streammanagerto control the
samplingrateof sensorsSensorshatcontributehear-
ily to the propagatiorof phenomenare given more
attentionwhile sensorsghatparticipaten nophenom-
enaaresampledatalowerrate.As aresult,Nile-PDT
scaleswith the numberof sensorssensordatarates,
andthe numberof detectecphenomena.

3. Incremental processing Nile-PDT incrementally
monitorsphenomenan the sensometwork andcon-
tinuously updatesthe userwith the appearancend
the disappearancef phenomenaNile-PDT takesad-
vantageof Nile's notionsof positive and negative tu-
ples[2] to incrementallytrackthe phenomenomprop-
agation.

Phenomendetectionandtrackingis initiated by a con-
tinuousSQL queryissuedby theclient. To supportthe exe-
cutionof continuougjueriesover sensodata thesystemis
extendedwith theabstractlatatype (ADT) SensorNetwork-
ADT. SensorNetwork-AD&xtendsthe functionality of re-
lational tablesby appendingextra informationto eachtu-
ple. A sensorreadingis in theform SN[l D]:(value;ts),
where ID is a sensoridenti er and value is the reading
valueof thatsensoattimestamps. Figurel introduceghe
generalform of SQL-querieghatareissuedby the client.
Sensometwork SNis joined with itself, which meansary
two sensordrom SN are eligible to join with eachother
basedon a similarity join over SN.value is the sensor
network similarity join operator The condition(i <> j)
preventsthe sensorfrom being joined with itself. Other

>

SN[i].value SN[j].value
AND i <>j

Sensor Network

Figure2: Nile-PDT queryplan

conditionscanbespeci edaswell in thewheke clauseg.g.,
timestampand value predicates.The resultis sentto the
Nile-PDT clientto be groupedandanalyzedhento report
sensorghatjoin with eachothermorethan timeswithin
thelasttime-window w.

3 Query Processingwith Relevance Feed-
back

Figure 2 givesthe query plan for the queryin Figure 1.
The streamtuplesarepushedrom the sensometwork into
the systems input buffers throughthe SN-scanoperator
Then, the SN-join operatoris applied over the incoming
streamgto detectwhich sensorggive the sameor similar
readingsoverthespeci edtime-windov. SN-scarandSN-
join arespecialoperatorghataretunedfor sensometwork
processingTheseoperatorsnayaccepfeedbackor hints)
from otherqueryplan operatorghat expressthe relevance
of thejoin outputtuplesto the queryresult.

The SN-scanOperator. SN-scaris responsibldor attach-
ing the sensometwork platformto the sensometwork ab-
stractdatatype (SensorNetwork-ADT SN-scarnscansthe
sensordor freshreadingsand passeshesereadingsup in
thequeryplan. SN-scaris optimizablethroughits capabil-
ity to acceptscannotesfrom higheroperatorsn the query
plan. The scannotesupdatethe relative frequenciesat
which the SN-scanoperatorreadsfrom the sensors.The
scannotesare extractedby estimatingthe likelihood of a
sensotto contrituteto the output. The scannoteis awell-
de ned interfacethroughwhich the SN-scaroperatorcan
betunedto increasehe scanningateof aspeci ¢ sensor
The SN-join Operator. A traditionaljoin operationdoes
not scaleto a sensomnetwork that containsthousandsof
sensors. Streamjoin has been discussedin literature,
e.g.,[1, 5]. In the context of Nile-PDT, eachsensordoes



not have to join with every othersinglesensoiin the sen-
sor network (e.g.,a phenomenorspansonly a portion of
thesensomnetwork). Thechallengds to nd thejoin pairs
from amongthe mary sensorghat join togetherover the
time-window w.

To addresghis challengewe developeda new join op-
erator the SN-joinoperatorthatis especiallydesignedor
large-scalesensometworks. SN-joinis guidedby the out-
put of the queryto direct the join operationtowardssen-
sor pairsthataremorelikely to contribute to the join out-
put. In the context of Nile-PDT, SN-joinis guidedby the
detectedphenomenortandidatemembes to performthe
join amongsensorswith similar behaior. SN-joinmain-
tainsa 2-d matrix (P) that recordsthe probe probability
betweeneachtwo sensors.A readingfrom sensorSN [i]
probessensoiSN [j ] for ajoin basedntheprobability Pj;
(i.e., with probability 1  Pj , the probing overheadwill
beskipped).Higheroperatorsn thequeryplanprovide the
SN-joinwith join notesthathelpupdatethe probabilityma-
trix (P). Basedon the portion of a sensorstreamthathas
beenseensofar, join notesareextractedby estimatingthe
likelihood of two sensorgo contribute to the join output.
Thejoin noteis awell-de ned interfacethroughwhich SN-
join canbetunedto favor thejoin operationamongcertain
sensormairs. Several sensomprobing mechanismsre ex-
ploredin the context of Nile-PDT. The purposeis to track
existing phenomendguidedby the join notes),but at the
sametime detectnew phenomenahatemegein new re-
gionsin thesensonetwork. Thisfeatureis capturedn our
demoby measuringhe time delay betweenwhen a phe-
nomenorectuallyhappensandwhenit is detectedy Nile-
PDT.

Thesecondhallengen realizingSN-joinis thatof sim-
ilarity matching. Due to sensorcalibrationand/or mea-
surementerrors, sensorreadingscan be similar in value
but are not necessarilythe same. As a result, SN-join
is a similarity-basedjoin. The Nile-PDT demore ects
two similarity-basedechniques.The rst techniqueuses
apre-clusteringperatoithatis belov SN-joinin thequery
pipeline. This pre-clusteringoperatordynamicallyclusters
the sensoreadingsandfeedsSN-join with clusterids. In
this case SN-join performsequi-join basedon the cluster
ids. Alternatively, thesecondechniqués to pushasimilar
ity distancdunctioninsideSN-join, sothatsensoreadings
join with eachotherif thedistancebetweerthereadingss
lessthana threshold.Both techniquesarere ectedin the
Nile-PDT demoandtheir performances contrasted.

4 Load Sheddingand Scalability

Datastreamsnayarrive with high ratesatthe systemsin-
put buffersandthey canbe burstyin nature. Suchbeha-
ior overloadghe systemanddeteriorateshe queryperfor
mance.Load sheddingavoids heary-load periodsby drop-
ping someof the input tuples. In contrastto droppingthe
tuplesrandomly the tuple dropping policy favors a cer
tain performanceneasure Load sheddinghatis sensitie
to phenomenaletectiontries not to losephenomenavhile

droppingsomeof theinputdata.Loadsheddings achieved
throughthe SN-scaroperatomwheresensorshatcontribute
to phenomenare processeanorefrequentlythansensors
thatdo not contrituteto any phenomenon.

Scalabilityin Nile-PDT is achievedthroughthe SN-scan
and SN-join operators. Both operatorsavoid wastingthe
processingime in sensorshat do not help in detecting
andtrackingphenomenak-or example,usingtherelevance
feedbackmechanismanincomingsensoreadingmayend
up probinga few tensof sensordooking for a matchin-
steadof probing thousandf sensorsn the sensornet-
work. As illustratedin our demo,during simulationsthat
include a sensornetwork of thousandsensorswith each
sensorstreamhaving an averageinter-arrival time of one
secondNile-PDT is ableto capturemorethan90% of the
outstandingphenomena.

5 IncrementalProcessing

Once a phenomenonis detected,the tracking process
is conductedincrementally at both the sener and the

client sides. At the sener side,incrementalprocessings

achieved throughthe notionsof positive and negative tu-

ples[2]. A positive tupleis reportedwhenajoin occursto

denotetheappearancef phenomenorcandidatanembers.
A negative tuple is reportedwhen one of the previously-

reportedoin componentgxpires,i.e.,becomesld enough
to getoutsideof themostrecenttime-windov w. Negative

tuplesare importantto invalidate phenomenorcandidate
membersf sensorsstop shaving the samebehaior over

themostrecenttime-windowv w.

At theclient side, the client recevesphenomenormran-
didatememberson the form of a tuple that consistsof the
IDs of thetwo joining sensorsandthejoin value. Eachtu-
ple canbe positive or negative to denotethe appearancer
disappearancef the candidatemembers.The client acts
basedon eachtuple. Uponreceving a positive tuple, the
client may performone of the following actions: (1) cre-
ate a new phenomenon(2) add one more sensorto an
existing phenomenonopr (3) merge two phenomenanto
one bigger phenomenorif the two phenomenaget con-
nected. Upon receving a negative tuple, the client may
performoneof thefollowing actions:(1) deleteanexisting
phenomenon(2) remove a sensorfrom an existing phe-
nomenon,or (3) split one phenomenorinto two smaller
phenomeni they getdisconnected.

6 DemoDescription

A graphicaluserinterface(GUI) is developedfor boththe
Nile-PDT client andthe Nile sener to visualizethe phe-
nomenordetectionandtrackingprocessesFigure 3 gives
shapshotsf the GUI of boththe clientandthesener. Our
demohastwo setupsonewherethesensonetwork is sim-
ulated (as describedn Section4) andthe otheris using
realsensorsasdescribedelon. Our demohardwarecon-
sistsof agrid of heatsensorghatareconnectedria awire-
lesssensomplatform[4]. Eachplatformis representedsan
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Figure3: Snapshotsf theNile-PDT visualizationtools: (a) client visualization(b) sener visualization

OSGiservicebundle[6] in the sensonetwork. The sensor
platformusedin Nile-PDT hasa e xible modulararchitec-
turethatconsistof aprocessingnodule,acommunication
module,andatestingmodule(Figure4). Eachsensomplat-
form hasa limited processingapability Detailsaboutthe
sensoplatformandthe modulescanbefoundin [4].

When we run the demousing a simulatedsensomet-
work, the client GUI (Figure 3a) representeachsensor
by a circle thatre ects its locationin space. Sensorsare
spreadall over the spacearbitrarily. The client cankeep
trackof boththeoriginal phenomenghatarecomputedf-
ine givenin nite resourcegdepictedasgraycircles)and
thephenomenghataredetectedy thesystem(depictedas
black circles). The client GUI shows the ef ciency of the
systemin two aspects(1) thenumberof detectegphenom-
enarelative to the original numberof existing phenomena,
and (2) the responsdime (delay) of the system. The re-
sponsdime is identi ed by how far the detectegohenom-
enapropagationlags after the original phenomengropa-
gation.

The sener GUI (Figure 3b) demonstratethe systems
internalsand shawvs how the queryplanis executed. The
gueryplan is displayedgraphicallyand the incoming tu-
pleskeepmoving up the query plan from one operatorto
the next. Whenwe run the demousinga simulatedsensor
network, thesenercanbeexecutedn slowv-motion(viain-
serteddelays)andthe numberof sensorss reducedor the
sale of democlarity.
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