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Abstract— Most existingwork in aggregationand query-
ing for sensornetwork data hasfocusedon the useof stan-
dard statistical operations(average,median, etc) to reduce
the quantity of transmitted data within a network. These
operations have been carried out without considering the
nature of the actual data in the network. In this paper,
we show how aggregation without correlation awareness
will result in variable (often high) levels of error in the
end results,and reformulate the nature of the aggregation
problem in terms of information loss v.s. packet rate
reduction.

We instead propose Foxtrot - using phase space data
representationcombined with novel aggregation methods
to limit errors to application-speci�c ranges. Foxtrot re-
ducesdata rates without signi�cant information loss. We
demonstrate that Foxtrot is able to achieve these goals,
both using simulation methods and a TinyOS implemen-
tation.

I . INTRODUCTION

Whatever the natureof the application,WirelessSen-
sor Networks (WSNs) generatedata. With increasing
numbersof nodes,the volume of data becomesever
greater. Therefore,oneof the fundamentalproblemsfor
thesenetworks is managingthe outputteddata. Given
the energy and space limitations of WSNs, moving
increasingquantities of data to a sink node/end-user
computerwherethedatacanbestoredandanalysedwill
reducetheoperationallifespanof sucha network. It can
be concludedthat reducingthe amountof data that is
transmittedis a requiredgoal in order to achieve usable
network lifetimes. This goal, however, con�icts with
the purposeof thesenetworks: to gather information.
Oneapproachto resolvingthesecon�icting issuesis the
use of aggregation techniquesto remove redundantor
unimportantdataandonly transmituseful information.

A simplistic approachwould involve the useof stan-
dardstatisticaltechniquesto combinemany datapoints
into a smallerset.However, given that only incomplete
informationis availableat any givennode,thechoiceof

techniquesis somewhat limited. An explorationof exist-
ing work in thisareais in SectionII. Unfortunately, exist-
ing statisticalaggregation work is not correlationaware:
all data points are automaticallyconsideredas inputs
for theaggregationmechanism,without considerationto
the natureof the data.Additionally, rare events (e.g. a
single sensorwith different data) are not considered
statistically signi�cant, whereasfor WSN applications
a singlesensorreadingmay well be important,e.g.only
onesensoris attachedto a treethat is on �re. Discarding
thebulk of unimportantdata(e.g.limiting datafrom the
largeareasof a forestthatarenot on �re) whilst keeping
the useful information should be a focus for WSNs.
Locationdatais alsovital for WSNs(“Which treeis on
�re?”), and when correlationawarenessis considered,
we must also check where multiple data points were
measuredin order to determinewhether they can be
aggregated.

Given all of these problems, new approachesare
required.In this paper, we show the faults of existing
aggregation techniques,proposethe useof phasespace
representationto incorporateall datasourcesin a single
view, demonstratenovel aggregation techniquesthat se-
lectively merge phasespacedatasuchthat information
loss is limited, and show this can be all achieved in a
fully-distributedmanneronspeed-,memory-andenergy-
limited nodehardware.

I I . EXISTING WORK

Muchwork hasalreadybeendonein bothaggregation,
and in querying mechanismsfor WSNs that indirectly
useaggregation techniques(e.g. SQL-like techniques-
like TinyDB [6], TAG [5] andSTREAM [2]) for whole
network queries).Given that oneof the major purposes
of statisticaltechniquesis reducinglarge bodiesof data
down to a limited setof moreusablevalues,it seemsan
obvious choicefor aggregation techniques.

Averagingis a popularchoice[5], [6] (partly because
of the CentralLimit Theorem[10]), as this can reduce



any number of data points down to just an averaged
value plus a count of the elementsmerged (the count
is requiredto aid merging of multiple averagesat later
nodes).This has several major advantages- it is fully
distributed; the end result is always very small (and
the same size) regardless of how many data points
were initially available; processingand spacecostsare
minimal; andanaveragevaluefor a region is a common
examplequeryto beaskedof a sensornetwork. Overall,
it is a very easy (and common) question to answer,
andonethatmany aggregationprotocolshave optimised
towards.

The one questionthat thesesystemsfail to ask is: is
theansweruseful?Take thecommonexampleof “what's
the averagetemperatureon this �oor?”, and using it as
part of a feedbackloop to keep the temperatureat 20
degreescelsius.Imagine that there are 5 sensorson a
�oor of a building and the answeris 22 degrees.The
commonassumptionwould be that most of the sensors
have a temperatureof about 22 degrees,and so the
systemwould drop the temperatureby 2 degrees.But
then a report comesin of a room at 18 degrees.What
actually happenedis that 4 of the sensorswere at 20
degrees,and the 5th sensorhad beenplacednear the
output ventsof a computerwhich rosethe temperature
aroundthatnodeto 30 degrees.Theaveragingalgorithm,
without any correlationawareness,mergedall thevalues
into a single value that says nothing about the actual
natureof the true temperaturevalues,andthustoo much
informationwasdiscarded.

There are in fact only two interestingscenariosfor
averaging:a) all data valuesare approximatelysimilar
(or at leastvary arounda commoncentre),in which case
a samplingof a subsetof the nodeswould get as good
an answerasaveraging,but with lessnetwork traf�c; or
b) datavaluesvary widely (asin the example),resulting
in a result that bearsno resemblanceto the actualdata.

Alternately, we couldusethemedianof a setof values
instead.However, for an accuratemedianwe needall
the original datapoints at a single point. Q-Digest [8]
attemptedto reducethis problem by only transmitting
a subsetof the candidatedata values, and providing
a method to merge candidatesets together. This gave
a reasonableapproximationto the median(as well as
otherstatisticalvalues)while reducingpacket rates,but
ran into the sameproblemas averaging:is the answer
useful?In the temperatureexampleabove, it would have
given us the 20 degreevalue (and probablyalso the 30
degreevaluedependingon the level of merging). This is
an improvementover averaging,but in situationswith a
largernumberof nodes,rareeventswill still bediscarded
in favour of lots of information aboutcommonevents.

Also, Q-Digest gives us no location awareness;in the
temperatureexample,we would be unableto locatethe
problematicsensorwithout usingother techniques.

Otherstatisticaltechniquesaremostly limited by their
requirementsfor needingmostof the datato be merged
in one location, combinedwith the issue of merging
multiple subsetsthat have beenpreviously merged.Fur-
ther work in this areacould possibly reducethesetwo
problems,but wewouldstill needto �nd a techniquethat
givesusefulanswers,andthat is a muchharderproblem.

We concludethat a newer approach,focusedon the
usefulnessof the end result to the usersof the applica-
tion, is requiredfor an improved aggregation technique.
We also concludethat the major goal of aggregation
is a trade-off betweeninformation loss and packet data
rate reduction,and that any aggregation techniquethat
attemptsto discard packets without consideringwhat
level of informationlossthis will causeis fundamentally
�a wed.

I I I . PHASE SPACE DATA REPRESENTATION

In order to consider how to create a technique
that would combinecorrelationawarenesswith location
knowledge,we turnedto phasespacerepresentationsof
thedata.Phasespace[11] usesanabstractn-dimensional
spaceto representall of the possiblestatesof a system.
Each degree of freedomin the spacerepresentsa dif-
ferent data value. Our initial approachto this focused
on single sensorvalues,plus their associatedlocation
data.We laterrealisedthatthesametechniquescouldnot
only be usedto combinemultiple sensorvalues,but to
alsoincorporateotherdatasources.In total,we identi�ed
threepossiblesourcesof data:

� Raw sensorvalues(e.g.humidity or temperature)
� Internalnodedatasources(e.g. locationdata)
� Functionsof otherdatasources(e.g.rateof change)

The stateof a node at a particular instant in time can
be representedby a point in phasespacede�ned by the
valuesof all of the sourcesof data being used.Most
applicationswouldnormallyonly beinterestedin asmall
numberof sensors,plus 2 dimensionsfor locationdata,
but the capabilityfor extra datasourcesis automatically
available.Irregardlessof whatdatais beingused,thedata
canstill be representedonly asan abstractconceptof a
seriesof valueswithout any knowledgeof which of the
threecategoriesthe original datasourcewas.Individual
axesmay however specifycertainsourcespeci�c limits
on what canbe donewith datain that particularaxis.

The basicdataunit is that of a point in phasespace,
but we also want to be able to merge datapoints into
larger regions also within the same phase space.A
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region in phasespacerepresentsa rangeof values.A
region is de�ned by a setof numbersf min1; :::minng and
f max1; :::maxng for an n-dimensionalspace,and covers
all pointsof the form f v1; :::vng suchthat 8x;x 2 N;1 �
x � n;minx � vx � maxx. A point is de�ned as a zero-
sizedregion i.e. 8x;x 2 N;1 � x � n;minx = vx = maxx

IV. REGION MERGING

Aggregation can now be speci�ed as merging of
multiple phasespaceregions into a different (generally
smaller)quantity of phasespaceregions.We also need
to note that someregions may not be mergeable,and
that any processingtime spent attempting to merge
unmergeable regions is effectively wasted.Therefore,
one design aim is that if the merging fails, it should
fail asearly aspossibleto reducewastedeffort.

Fig. 1. Greedymerging of two points

An initial greedy approach to merging would be
simply to merge any andall packets into a large region
that containsall of them. This approachhasa number
of problems,as demonstratedin Figure 1. Speci�cally,
the approachis too greedy, and ends up describing
regions that not only contain the original points, but
also large areasthat are not in the original data set,
and so can provide resultsthat differ signi�cantly from
theoriginal data.Additionally, greedymerging of sensor
data will result in large rangesin the results e.g. for
the temperatureexample in Section II, we would get
the range“20-30 degrees”,losingsigni�cant amountsof
information.We do however still wantto beasgreedyas
we canin themerging algorithm,asa greedieralgorithm
will result in being able to merge greaternumbersof
regions into a single region. Therefore,in order to �nd
an algorithm that is greedyenough,but not too greedy,
we needto constrainhow datapoints are merged, and
alsodecideif somepointscan in fact not be mergedat
all. A particularsetof datapointsareonly mergeableif
all sourcesaremergeablefor the particularpoints.

The constraintsrequiredfor sensordata and for lo-
cation data differ in their requirements.For location
data, we want to be as greedy as we can, provided
that the end region doesnot cover areasthat were not
implied by the original data.For sensordata,we have

Fig. 2. Locationmerging examples

more�x ed constraints.For example,an applicationmay
specify that an acceptablelevel of data loss from a
temperaturesensor is 1 degree. In this case, if two
pointsarefurther apartthan1 degreein the temperature
dimension,then they cannotbe merged. Conversely, if
they areno morethan1 degreeapart,they canalwaysbe
merged.This contrastswith locationdata,where“close”
valuesmay createover-sizedregions whereas“distant”
pointsmay not. SeeFigure2 for examplesof thesetwo
cases.In the “distant” casewe have nodesin all of the
cornersof thecreatedregion,makingtheassumptionthat
the central region containssimilar valuesa reasonable
inference.In the “close” example, we have no points
in the top-left andbottom-rightareas,so merging these
pointswould infer muchmorewithout evidenceto back
up the assumption.If, on the other hand,we had data
from nodesin the top-left and bottom-rightareas,then
creatingthe “close” region would be muchlesslikely to
causeproblems.Another factor that makes this form of
estimatemorereliableis the useof properheuristicsfor
dealingwith overlappingregions,which we will look at
in SectionV-B.

A. Constraints

Given the two differing formsof constraint,we de�ne
two classesof data source:statically and dynamically
limited. In general,thesewill correspondto sensordata
and location data respectively, but this may vary on a
per-applicationbasis,and for the purposesof merging
we only needto know the classof a datasource.

Statically limited datasourceshave the criteria that a
datapoint with a particularvaluefrom this sourcecanbe
mergedwith any otherdatapoint that is not furtheraway
(differencebetweentwo values) than a speci�c value
e.g. a temperaturesourcemay say that the limit is 1
degree.This meansthat two temperaturesthat aremore
than1 degreeapartwill never be merged,thusgiving a
guaranteedlimit on the amountof information that will
be discarded.

Dynamically limited sourcesare more complicated,
and are merged as a set (i.e. all dynamic sourcesare
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testedat the sametime). They have the advantagethat
they have no �x ed limits as to which can be merged,
but insteadhave a seriesof criteria to guaranteethat
the createdregion does not expand into regions that
are not suitably de�ned by the original regions used.
Completedetailsof thealgorithmarein AppendixI, but
the methodresolves working with the cornerpoints of
all the regions involved, and not expandinga region in
a particulardirection unlessthereare suitablepoints in
that directionto indicatethat it is safeto expandin that
direction, in order to avoid overly greedymerging.

V. FOXTROT

Foxtrot takes the data representationand merging
conceptsintroducedin SectionsIII and IV, and builds
an aggregation protocol. In common with any other
aggregation protocol that wantsto do in-network aggre-
gation,Foxtrot requiresa source-to-sinkroutingprotocol
that allows packetspassingthrougha particularnodeto
be alteredand/ordroppeddependingon the choicesof
the aggregation protocol. In fact, the easiestway for
aggregation protocols to do this is is for the routing
protocolto not automaticallyforward incomingpackets,
but to hand them to the aggregation protocol, which
then may later give (some)packets back to the routing
protocol for further forwarding.

A. In-networknodes

For all in-network nodes(i.e. all nodesasidefrom the
sink) Foxtrot takesdatafrom the datasourcesprovided
by the application,converts them into the phasespace
data representationand then hands them off to the
underlyingrouting protocol for forwarding towards the
sink. If packetsarriveatanode,thenFoxtrotwill attempt
to merge them togetheralong with any other packets
currently stored at this node, and then hand over the
resultsto the routing protocol.

B. Sinknode

Sink nodes, similarly to in-network nodes, receive
packetsconsistingof regions in the phasespacefor the
application.This datashouldthenbe handedover to the
application(which may well then give the data to the
sink-connectedPC, store the data for future reference,
or any other action that the sink node wishes to do).
However, theformatin which this datais providedto the
applicationbrings up a numberof issues.Applications
will probably have to be adaptedto Foxtrot, but this
applies to most other aggregation protocols as well
(e.g.anapplicationdesignedfor raw datawould have to

bechangedto useaveragedvaluescorrectly).Thecurrent
implementationprovidesthedatain thestandardFoxtrot
format i.e. a seriesof phasespaceregions.Thesecanbe
combinedto provide a completepicture of the network
without mucheffort.

One issue that can come up is that it is possible
for the regions gatheredby the sink node to overlap.
How an application wishes to deal with this problem
may well vary. The simplestoptions is to provide all
of the possibilities for overlapping nodese.g. a node
may be marked as either being between20 and 21
degreescelsius,or being 30-31 degreescelsius.Each
measurementcomesfrom a separateregion, but because
of the merging, it is unknown which answeris correct.
Foxtrot doesguaranteethat thecorrectvaluedoesnot lie
outsidethereportedregions,but it is dif�cult to eliminate
the wrong option. A number of heuristics (“pick the
smallestbox”, “lower valuesaremorelikely”, etc) have
been tested against various application scenarios,but
the bestoption will be application-speci�c.Alternately,
the rangescan be simply averaged.This will provide
less accuratevalues at the uncertain points, but the
valueswill representa reasonablecompromisebetween
thevariouschoices.Notably, vs. conventionalaveraging,
Foxtrot does provide information about which nodes
have uncertainvalues,andwhich arecertain,which may
alsobe of usein someapplications.

C. Timing issues

The simpli�ed protocol model detailed above does
not deal with the timing issues common to all in-
network aggregation protocols.The �rst major problem
is that periodic data measurementdoesnot in general
result in synchroniseddata.For example,if a particular
applicationmeasuresdataevery 10 minutes,and Node
A's datacanbeaggregatedwith NodeB's data,we have
no guaranteethat the two nodeswill measuredata at
the sametime, and therefore there could be up to a
10 minute delay betweenthe measurementsfrom the
different nodes.This meansthat to allow aggregation,
a node will have to delay the forwarding onwards of
a packet for a much longer time than if the nodesare
synchronised.

In order to solve this problem, we implementeda
global time synchronisationalgorithm related to the
Global ScheduleAlgorithm [4], giving us synchronised
cross-network timersandallowing all nodesto measure
valuesno more than2-3msapart.This alsogivesbetter
resultsfor many scienti�c applications,asbeingable to
know that the sensordata representsa snapshotof the
monitoredareaover a short period of time is generally
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more useful than a measurementspreadover a larger
period,especiallyfor caseswherethe sourceof the data
valuesis moving.

The secondproblemis how much a protocol should
delaybeforesendinga packet onwards,andthis hasbeen
dealt with in somedetail in earlier work ([1], [3], [9]).
At themoment,we areusingvaluesbasedon knowledge
of the routing for the wholenetwork, with a delayvalue
basedon the numberof hopsfrom the currentnodeto
the highesthop-countchild nodein this part of the tree.

Notably, Foxtrot only requiresa solution to the prob-
lem of how long to delaya packet. Our currentsolution
to the delay problem also requires a solution to the
synchronisationproblem,but othersolutionscanalsobe
usedwith Foxtrot. Inaccurateanswerswill result in less
optimal results(becauseof laterand/orlessaggregation)
thancorrectones,but Foxtrot will still work.

VI . RESULTS
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Fig. 3. Scenario1 (Spread)
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Fig. 4. Scenario2 (Sparse)
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Fig. 5. Scenario3 (Division)
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Fig. 6. Scenario4 (Random)

We testedFoxtrot in two ways; �rstly in simulation
againstaveragingandQ-Digest,usinga generic“smart”
routingprotocol;andsecondlyasa TinyOSimplementa-
tion both in TOSSIMandon our nodehardwaretestbed.

Our two metricsof interestwereinformationlossand
the numberof transmittedpackets.Informationlosswas
calculatedas the averageper-node differencebetween
the estimateprovided to the sink nodeandthe true data
value of a sensorat eachnode.In all caseswe ran the
tests20 times,and the datahereis an averageof all of
thoseresults.

The simulationsmodelled a network of nodeswith
temperaturesensors,with a variety of different �oating
point valuesfor the temperaturereadings.All testswere
done in an area of 30m by 30m, with a 14m radio
range.Radiolinks wereassumedto bebi-directionaland
perfect.Q-Digest was run with the temperaturevalues
placedinto 0.1 degree“bins” (in order to generatethe
integer values requiredby Q-Digest from our �oating
point temperaturedata),and Foxtrot set the maximum
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allowed temperaturemerging range to 1 degree. Our
“smart” routing protocolused�ooding from the sink to
generateshortest-hoproutes.Routing overheadpackets
were ignoredfor the purposesof packet counts.

We tested four scenariosfor the dispersal of the
temperaturevalues:

1) Spread: Near-identicalvalues,all nodesat values
between30 and31 degrees

2) Sparse:4%(1 in 25nodes)of thenodesatbetween
20 and21 degrees,all othersat 30 to 31 degrees.

3) Division: Nodeson the left handsidearebetween
20 and 21 degrees,and nodeson the right hand
sidearebetween30 and31, with 50% of the total
numberallocatedto eachgroup.

4) Random:Randomspread,all nodesbetween20
and31 degrees

The Spreadand Sparsescenarios(Figures 3 and 4),
are not particularly interesting, but do show that in
the situationswhereconventionaltechniquesareableto
achieve low errorvalues,Foxtrot is ableto achieve iden-
tical performance.Q-Digest does quite badly because
it provides completeinformation for a seriesof values
between30-31 that we endup having to averageto get
an estimatefor any given nodebecauseof the lack of
locationdata.

The Division scenarios(Figure 5) provides us with
more useful results- Foxtrot's error valuesremainlow,
but the error ratesfor averagingandQ-Digesthave both
risensharply. Similarly to SpreadandSparse,Q-Digest
provides two different seriesof values for the overall
network in this scenario,one at approximately20 de-
grees,anda secondat 30 degrees,re�ecting an accurate
picture of the network. However, due to the complete
lack of locationinformation,we areagain forcedto use
a weightedaverageof the two seriesto derive estimates
of thesensordatavalues,andsoQ-Digest's performance
is similar to averaging.The differencehereis that both
averagingandQ-Digestgive inaccurateresults,but with
Q-Digest an end user would at least be aware of the
situation.With Foxtrot, we get two setsof valuesplus
location information,allowing accurateestimatesof the
datavalues,and maintainingthe low error ratesshown
in the �rst two scenarios.

Foxtrot doesnot performquiteaswell in theRandom
scenario(Figure 6), but this is the least likely of the
scenariosto actually occur, given the correlation that
tendsto exist within multiple nearbyreadingsfor most
physical valuesusedby sensornodes.Despitethe low
likelihood of this scenario,Foxtrot is still able to get
much lower error values than other methods.In fact,
one of the major sourcesof Foxtrot error is due to
the ambiguity issuesdescribedin SectionV-B. We use

averaginghereto resolve ambiguities,and this givesus
highererrorsthanwe might beableto achieve with more
highly tunedmethods.
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Fig. 7. Packet counts

The tradeoff is that Foxtrot requiresmorepackets to
be sent, as it is not necessarilyable to always merge
all data,which is shown in Figure7. This graphshows
average packets sent per node, in order so we can
moreeasilyseetrendsin the data.Firstly, Q-Digestand
averagebothhave exactly thesamepacket rate- 1 packet
pernode,asthey mergeeverything.Foxtrot's packet rate
variessubstantiallydependingon the scenario,because
the amountof unmergeabledata in the network varies.
For theRandomscenario,thepacket rateis fairly similar
to the valuesfor no merging, with only a reductionof
~7%. For scenarios1-3 (Spread,Sparse,Division), the
packet ratereductionis moresubstantial,with anaverage
of a 23% reductionin overall packet transmissions.
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Fig. 8. Reductionin packets for sink neighbours

Differentpacket transmissionsarenot all the samein
a real-world sensornetwork, and spreadingpacket load
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over the entire network as opposedto having most of
the load near to the sink will also help to save power
usedby thosetransmissionsdueto to lesscontentionand
reducedidle listeningtime.Figure8 shows thereduction
in thenumberof transmittedpacketsvs. non-aggregated
scenariosfor nodeswithin onehop of the sink node.In
Spread,Sparseand Division, we achieved an average
reduction of 34% (with values up to 54% for some
scenarios).Notably, Spreadand Sparseget exactly the
sameresults as each other for this test. The Random
scenariohada 8.8% reduction.

To test that Foxtrot would work with actual node
hardware, as opposedto just in simulation environ-
ments,we also implementedFoxtrot for TinyOS. We
usedGuesswork [7] to provide routing, but any other
reliable sink-to-sourcerouting algorithm would be a
viable candidate.The resulting programfor our mica2
derived nodesaddedup to a total of 44222 bytes of
ROM. Getting exact valuesfor the Foxtrot moduleson
their own is dif�cult, but thesimpletestprogramfor the
routing protocol takesup 38330bytesin total, so a size
for Foxtrot in theregion of 6Kbytesis not unreasonable,
and as that would be only 4.6% of the total program
spaceof 128Kbytes,we can concludethat Foxtrot will
not causetoo many problemsfor applicationdesigners
in termsof �nding enoughspaceon their nodes.Results
from TOSSIM indicatethat the TinyOS implementation
behavessimilarly to ourearliersimulationdata,andearly
testing with on node hardware indicate that this still
holds true for whenrun on real hardware.

VI I . CONCLUSIONS

We have shown here that existing aggregation tech-
niquesare much more lossy than earlier estimatesmay
have thought,and that the error ratesfrom theseproto-
cols may vary widely over the lifetime of a network. To
combattheseproblems,we proposedFoxtrot, a limited
information loss aggregation protocol. Foxtrot aggre-
gates sensordata without signi�cant information loss,
and without losing location information. This increase
in information comes at a cost in additional packet
transmissionsvs. more lossy aggregation protocols,but
the resulting information is much more reliable due to
continuouslylower error rates.

Foxtrot points the way towards a new generationof
sensorsoftware,whereapplicationuserswill hopefully
be willing to use aggregation techniques.Currently,
many scienti�c application users have been cautious
about the use of aggregation protocols,given the pos-
sibility of information loss. Techniqueslike Foxtrot,
with its focus on information loss reduction within

application-speci�cboundaries,may well help to per-
suadefuture projectsto useaggregation without fearing
the lossof experimentaldata.

A. Future Work

Foxtrot is a �rst generationattemptat limited informa-
tion loss aggregation, and more researchis requiredon
the topic of creatingaggregation protocolswith similar
aims to the ideasdiscussedin this paper.

Foxtrot could alsobe expandedin a numberof ways.
The dynamic sourcesmerging algorithm is relatively
conservative, and further exploration of the trade-off
betweenaccuracy and greedinessfor merging may �nd
bettercandidates.Our useof phasespaceregionscould
alsobeexpandedto cover otherpolytopes,which would
allow the specifying of larger regions with less of the
greedinessissues.

The notion of correlation (whethermultiple regions
are mergeable)within Foxtrot could also be usedwith
somerouting protocolsto provide additional optimisa-
tions, speci�cally whena locally held region is entirely
enclosedby a region transmittedby anothernode.In this
case,it is possibleto discardthe local region as trans-
mitting it would not changethe endresults,thusfurther
reducingrequiredpacket transmissionrates.Correlation
could alsobe usedto “hint” to the routing protocol that
sendinga packet via a particular node would result in
packet merging (and thereforereducedoverall packets
neededto be sent)and so this would be a good choice
for the next hop node.
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APPENDIX I
DYNAMICALLY LIMITED SOURCES MERGING

Fig. 9. Dynamically limited sourcesmerging examplein 2-D

To merge a set of regions de�ned by dynamically
limited sources(seealsoFigure9):

1) De�ne a initial zero-sizedbox in the centreof all
the original regions,calledY.

2) L = setof all cornersof the regions.
3) For eachdynamically limited sourcea, perform

stepsa to e twice, �rstly for the positive direc-
tion, and secondlyfor the negative direction.The
currentdirection is speci�ed as ¡ .

a) The setof testdirectionsis de�ned asasthe
cartesianproductA1 � : : : � An, suchthatAb =
f Apos;Anegg (positive andnegative) for all of
the dynamicsourcesAb andb 6= a.

b) Initialise a resultvariableD to the maximum
possiblevalueof a if ¡ is positive, otherwise
to the minimum possiblevalue.

c) For eachtestdirectionAb, checkif thereex-
istsapoint in L thatsatis�eseachdirectionin
Ab for Y . For example,given a testdirection
f xposg, the point musthave an x co-ordinate
greater than or equal to the largest x co-
ordinateof Y . Similarly, for f xnegg, thepoint
would needto have an x co-ordinatesmaller
thanor equalto thesmallestx co-ordinateof
Y . If we have oneor morepointsthatsatisfy

this criterion; then if ¡ is positive, set D to
theminimumof all of their a values,elseset
D to the maximumof all of their a values.

d) If we were unable to �nd one of the test
values in step c), quit as theseregions are
not mergeable.

e) If ¡ is positive, setthemaximuma valuefor
Y to D, elseset the minimum a valuefor Y
to D.

4) If we have completedstep3 without quitting, then
Y is a merged form of the original regions.

5) For each original region, check it against Y . If
Y completelycovers the original region, we can
discard the original region. Alternately, Y may
partially cover theoriginal region. If Y completely
covers the original region on every dynamically
limited sourceasidefrom one,remove the part of
theoriginal region that is within Y . Otherwise,we
cannotdo anything with the original region.

6) If we wereunableto completelycover any regions
in step5, thenwe have generatedan extra region,
and so the original regions were not mergeable.
Otherwise,return the revised set of regions, in-
cluding Y.
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