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Abstract

Context awarenessin BodySensorNetworks(BSNs)has
the signiÞcanceof associating physiological user activity
andenvironmentto thesensedsignalsof theuser. Thecon-
text informationderivedin a BSNcanbeusedin pervasive
healthcaremonitoringfor relatingimportanceto eventsand
speciÞcallyfor accurate episodedetection. In this paper,
we addressthe issuesof context-aware sensingin BSNs,
alongwith a comparisonof different techniquesfor deduc-
ing context awareness,namely, ArtiÞcial Neural Networks,
BayesianNetworks,andHiddenMarkov Models.

1 Introduction

Context is deÞned asany informationthatcanbeusedto
characterizethe situationof an entity, wherean entity can
beaperson,placeor physicalobject[3]. Context awareness
canthenbedeÞnedasdetectingauserÕs internalor external
state. Context-awarecomputingdescribesthe situationof
a wearableor mobile computer being aware of the userÕs
stateandsurroundings,andmodifyingits behavior basedon
this information[9]. Context awarenessplaysa signiÞcant
role in BodySensorNetworks(BSNs)becauseit allows for
interpretingphysicalandbiochemicalsignalscomingfrom
the BSN basedon information regarding the currentstate
of theuserandthestateof theenvironment. Context-aware
sensingis anintegral partof theBSN designto achieve the
ultimategoalof long-termpervasivehealthcaremonitoring.

Therearethreemainapproachesthathave beenapplied
in deducing context in a sensornetwork: ArtiÞcial Neural
Networks,BayesianNetworksandHiddenMarkov Models.
Researchin context awarenessor activity recognitionusing
thesemethodshasprimarily beendonein wirelesssensor
networksor wearablesensornetworks,sotheapplicationof
context aware sensingin BSNsis still new andfacesmany
technicalchallenges.This paperwill addresssomeof these
issuesraised,describethe characteristicsof eachof these
methods,anddiscusshow thesealgorithmshandlethechal-

lengesthatneedto befacedin context sensingfor BSNs.

2 Context Awareness in BSNs

Wireless medical body sensor devices, either im-
plantableor wearable,areusedto monitorapatientsÕphys-
iological stateincluding EKG, heartrate, blood pressure,
oxygen saturationand sweatvolume/rate. The wireless
BSNframework is designedto providesuchpervasivemon-
itoring of thehumanbody; thisultimatelyhasahugeimpact
on medicalhealthcareandmonitoringvital signsof elderly
patientsor patientswith chronic cardiacdisease. BSNs
presentamethodto continuouslymonitor physiologicalpa-
rametersto detectlife threateningabnormalitiesthatcould
lead to mortality. In addition to a patientÕs vital signs,a
personis physiologically very sensitive to context or envi-
ronmentchanges.Suchcontextual factors includetheper-
sonÕs activity, currenttemperature of the outsideenviron-
ment,andtime of day, etc. For instance,if a body sensor
detectsa rapid increasein a patientÕs heartrate,thepatient
might not behaving a cardiacepisodebut ratherexperienc-
ing achangein hisphysicalactivity suchasjogging. Incor-
poratingcontextual awarenessinto the BSN by evaluating
environmentalfactorsandthe stateof the patient,changes
in the physiological stateof the body can be rationalized
accordingto theeventsthattriggeredsuchchanges.

Therearevariousalgorithms in context-awaresensing,
eachhavedifferentcharacteristicsandaccomplishdifferent
tasks,which can be appliedtowardsdeducingcontext in a
BSN. Many of theseapproachesareactually usedin com-
binationwith oneanother to achieve context from the en-
vironment.TheÞrststepin achieving context awarenessin
a sensornetwork is to gatherthe low-level sensorreadings
from all sensornodes;thesedatareadingswill alwayscon-
stituteas theinput for context sensing.It is oftenbeneÞcial
for the input datato beorderedin someway, thusthedata
is typically clusteredinto subgroupssuchthat distanceis
smallamongdataentriesin thesameclusteranddistanceis
largeamongdataentriesof differentclusters[6]. This is ac-
complishedby a clustering algorithm. To actuallyachieve

21st International Conference on
Advanced Information Networking and Applications Workshops (AINAW'07)
0-7695-2847-3/07 $20.00  © 2007



context from thesensornodes,theclusteredinput mustbe
associatedwith acontext. In thedomainof sensornetworks,
thisprocessis known asclassiÞcation,whichassociatesthe
input vectorsto a context proÞlethroughthemeansof user
labels.SomeclassiÞcationalgorithmsareonly ableto rec-
ognizecontext at a given instancein time but not contin-
uously. So a supervisinglayer is introducedon top of the
classiÞcationlayer to extract constantrecognitionof con-
text. Algorithms performingat the supervising layer are
ableto classify context transitionsandmorecloselymodel
context eventsoccurringin natural humanbehavior.

3 Challenges of Context-aware Sensing

In practice,BSNs for pervasive healthcaremonitoring
will resultin network applicationsoperatingin a varietyof
differentenvironmentsincludingahospitaloperating room,
anelderlyhealthclinic or a personalhomesetting.Eachof
theseenvironmentsvarysubstantiallyfrom oneanotherand
yet the BSN framework mustbe adaptableanddistributed
in order to accommodatefor suchdifferentsettings. Due
to thediversityof context awareenvironments,therangeof
physiologicalconditionsa patientmayexperience,and the
dynamicnatureof BSNsthemselves,many challengesarise
for context-awaresensing.SpeciÞcissuesincludeovercom-
ing sensornoise,nodefailureandmotionartifactin thenet-
work, integratingmulti-sensorydata,allowing for smooth
context recognition,providing long term/continuoususage
of theapplication,appropriatelystructuringthenetwork in
termsof numberof sensors,andselecting relevant features
in theBSN.Theseareall challengescontext-awaresensing
facesand the variousmethodsdiscussedin later sections
eachhandlesomeof theissuesin variousways.

3.1 Noise Resilience and Detection

Noisein a sensornetwork mayresultfrom sensornoise,
nodefailure or motion artifact [20]. Thepresenceof noise
in thenetwork from any of thesesourcesmayintroducesig-
niÞcanterrors into the input dataof the sensornetwork.
This datamay containmissing sensorinformation, mali-
cious sensorreadingsor uncertain information; the resul-
tant input vectorswill not containan accuraterepresenta-
tion of the sensorreadings. For context sensingin BSNs,
this could have unfortunateconsequencesbecausein per-
vasive healthcaremonitoring,detrimental actionsareusu-
ally taken based upon the sensedvalues. SpeciÞcallythe
costof any ÒuncleanÓdatacanbeverysigniÞcantsinceit is
usedfor critical decisions[5]. The quality of input sensor
readingsis crucial andthe presenceof noisedegradesthis
quality of dataobtainedfrom the sensornetwork. Thusa
context sensingalgorithmmustbeableto detectsuchmali-
ciousnoiseandreducetheeffect of noisein sensordatato

appropriatelymodelthenetwork.

3.2 Introduction of Smoothness Constraint

Humanactivity involvesbody movements that arecon-
tinuousin nature;if sucha smoothnessconstraint wereen-
forcedthancontext couldberecognizedwith ahigheraccu-
racy basedon naturalhumanbehavior [15]. Typically con-
textsareclassiÞedin agiveninstancein time,but introduc-
ing a smoothnessconstraintmeansthe systemmustsense
thetransitionsbetweenindividual contexts or sequencesof
contexts. Context sensing in BSNs must be able to cap-
ture suchtransitionsto accuratelyrecognizecontext from
thecontinuousßow of humanmovementin time.

3.3 Adaptive On-line Learning

Recognizingcontext in the real-world domainof BSNs
is a function that needsto remainßexible asnew contexts
maybecontinuouslyaddedto thesystemandold contexts
mayno longerbeperceived. Thusthesystemneedsto re-
mainadaptive to learnnew contexts onlinefrom thesensor
network. Sincereal BSN applicationswill function over
longerperiodsof time, it is importantthat the systemnot
only beableto learnnew contexts asthey arepresentedto
the system,but also to not forget previously encountered
contexts thatwerelearnt,soit doesnÕt have to re-learnsuch
contextsagain.

3.4 Input Data Dimensionality

A large number of sensorsin the BSN may be neces-
sary in order to achieve accuratecontext recognitionof a
patientÕsstate/activity or if thesystemis to recognizealarge
numberof differentcontexts. By addingmoresensorsto the
network, context recognitioncanbeachievedwith a higher
accuracy [17]. However, twosigniÞcantproblemsmayarise
from a high dimensionality of input sensors.First a sub-
stantialburdenmay be placedon the power consumption
andbandwidthof thesystemasmoresensorsareaddedto
the network. The secondproblemis known as the curse
of dimensionality: asthenumberof sensorinputsincreases
thelearningrateof thealgorithmsigniÞcantlyslows down.
For a BSN to maintaingoodperformance,a systemcom-
posedof a largenumberof sensorsshouldnotslow down or
decreasefault tolerance.

3.5 Feature Selection

By only applyingtherelevantsensorreadingsto thecur-
rent context, irrelevant or redundantsensorswould be Þl-
teredout. This is beneÞcialbecausetypically the number
of featuresin the BSN is numerous,especiallyif thereare

21st International Conference on
Advanced Information Networking and Applications Workshops (AINAW'07)
0-7695-2847-3/07 $20.00  © 2007



a large numberof sensors. However, only a small subset
of thosefeaturesarenecessaryor relevant to recognizethe
context [11]. Thusif the input datathat is not usefulin the
decisionprocessof context recognitionwerenotsentacross
the wirelessnetwork, the dimensionalityof datawould be
reduced.Essentially thisallowsfor adecreasein datatrans-
mission(implying lesspower consumption andbandwidth)
andefÞcientdataminingof theBSNasonly relevantinfor-
mationis usedin thesensornetwork [14].

4 Techniques for Context-aware Sensing

4.1 Artificial Neural Networks

ArtiÞcial NeuralNetwork (ANN) is usedasasolidclus-
teringalgorithmfor context awarenessin sensornetworks.
It is basedon the biological nervous systemof the brain
that consistsof a large numberof small andsimple inter-
connectedcomponents:neurons.Eachneuroncanperform
its own computations,yet the network is capableof per-
forming powerful computations by combiningthe limited
processingpowerof eachelement[17].

For sensornetworksusingin practice,thelow-level sen-
sorswil l producesomelevel of noiseno matterwhat. One
of the key advantagesof usingANNs is that they still are
ableto performwell despitethepresenceof this inevitable
noisecomingfrom datasensors.AnotherbeneÞcialcharac-
teristicof neuralnetworksincludesunsupervisedtrainingof
theinput data.That is theuserof saya wearablecomputer
doesnot needto spendmuchtime training it andthe con-
text learningfor thesystemis not limited to just thetraining
phase.Soastheusergoesfrom context to context, thealgo-
rithm shouldlearnautonomouslythecontext from thenew
input it receivesby recalculatingits internalrepresentation
of the contexts (known as on-line adaptation)[16]. Thus
becausethe data is able to approximateitself, the neural
network canfeasiblyaddnew contexts to thesystemwhen
necessarywithout intervention from theuser.

4.1.1 Kohonen Self-Organizing Maps

The KohonenSelf-Organizing Map (KSOM) is a type of
anunsupervisedneuralnetwork which is usedto clusterthe
input vectors(low-level sensorreadingsfrom nodes)to a
discreteoutput spacethat is in theform of a grid-like map.
Justasdescribed by ANNs, the outcomeresultsin similar
signalsmappedcloseto eachotheron themapanddissim-
ilar signalsaremappedatgreaterdistancesfrom eachother
on themap[19].

Thestructureof theKSOM consistsof aninput layerand
anoutputlayer; the input layer is essentiallythe input vec-
tor of dataandeachinput nodeis assigneda map-unitto
introduceorderamongthe input vectors.Theoutputlayer

is agrid of interconnectedneurons,usuallyasaoneor two-
dimensionalarray. Eachneuronin theoutput layer is con-
nectedto every singleneuronfrom the input layerandthis
connectionis assigneda particularweight. In addition ev-
eryneuronis alsoconnectedwith its nearestneighbor nodes
on thegrid-map.

The KSOM is a competitive network in that eachunit
in theoutputlayercompeteswith theotheroutputunitsfor
a particularkind of input. So when a new input value is
presentedto theKSOM, the input vectoris comparedwith
eachoutputneuronÕs weightvector. Theoutput neuronthat
hasaweightvectorclosestto theinput vectoris selectedas
thewinnernodeandis ableto adaptitself moretowardsthe
input. Meaningthewinning outputnodeupdatesits weight
vectorto moreclosely reßectthevaluesof theinput vector.
To introducetopologicalorderingamongrelatedunits, the
neighboringnodesof thewinningnodearealsopermittedto
updatetheirweightvectorstowardstheinputvector, but to a
lesserdegree.After theÞrstiterationof this algorithmwith
the given input data,errorswill typically exist whennew
signalreadingsareintroducedto the mapping[19]. How-
evertheresultof afteronly afew iterationsof thisalgorithm
is the dataorganizesitself in a structuredand topological
way suchthat similar sensorsignalsactivate neighboring
units and different signals activate different neurons[18].
ThustheKSOM clustersn-dimensionalinputdatafrom the
sensorsinto anarrayof neuronsin anadaptive,i.e.,theneu-
ronsin thegrid ÒlearnÓto respondbetterfor particularinput,
andunsupervisedfashion.

After input from sensorreadingshasbeenclusteredby a
clusteringalgorithm,it becomessigniÞcantlyeasierto pro-
cessor classify the data. In termsof context awareness,
KSOM is in generala universalapproachto processsen-
sordatabecausecharacteristically it doesnot requirea pri-
ori knowledgeof thecontexts andis ableto perform learn-
ing without explicit usersupervision [18]. Thususingthe
KSOM to topologicallymapsensordatais appropriate in
applicationswhichmaynotcontainlabeledtrainingdataor
whereactivitiesarenotwell-deÞned.In termsof BSNsthis
is beneÞcial becauseit enablesthesystemto notonly detect
contexts that have not yet beendeÞnedby the user, but it
alsoallows the systemto capturecontexts that areunpre-
dictableandrandomlyappearin thesystem.

A BSN shouldnot be limited by the numberof sensors
in the network or the numberof inputs. In practiceif the
numberof inputsincreasesin thesystem,it shouldbeable
to handlethe large numberof input dataand not slowing
down in performance.UnfortunatelyKSOM suffers from
thiscurseof dimensionalityandcausesahighdimensional-
ity of inputdatato beaproblemfor this algorithm[18]. As
thenumberof sensorsincreasesin thesystem,theclustering
algorithmmustmapthe high input spaceto a large output
spaceandusesalot of resourcesto doso,resulting in aslow
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andlessfault tolerantalgorithm.Thisproblembecomeses-
pecially bad if thereis a lot of noiseor irrelevant sensor
nodesin thesystem,in which thealgorithmmapsirrelevant
contexts to its outputspaceandwastesmany resourcesin
theprocess.ThustheKSOM provesto have limitations in
thereal-world domainwheretheinput spacecouldbevery
largeandirrelevantcontextsareundoubtedlypresent, caus-
ing aseriousdigressin maintainingperformancespeedand
fault tolerance.

4.1.2 KSOM with k-means Clustering

ThetraditionalKSOM hasthedisadvantageof ÒunlearningÓ
contexts or overwriting prototypeson the mapif the algo-
rithm is to remainadaptive,known asthestability-plasticity
dilemma. This is a major shortcomingfor context aware-
nessin BSNssincethesystemshouldbeableto learnnew
contexts over a long periodof time andnot forgetold con-
texts. This problem can be avoided by introducing a k-
meansclusteringalgorithmto theKSOM. TheKSOM still
clustersthesensorinputandpreservesmaptopology;thek-
meansclusteringalgorithmthenclusterslabeled input vec-
torsa secondtime andaddsa secondlayer to thestructure
[16]. The k-meansclusteringalgorithmhastwo main dif-
ferencesfrom thetraditionalKSOM: it is not topology pre-
servingand it requires labeledinput vectors(meaningthe
userneedsto participatein the training phaseto label in-
comingsensordatawith a context description) [16]. With
justtheKSOM,clustersareunlabeledmakingthealgorithm
unawareof relevantcontextsassociatedwith clusters;but in
k-meanstheuserspeciÞes the labelsmakingthealgorithm
awareof existingcontextssoit knowsnot to overwriteclus-
terswhich containrelevantcontext. Also becausek-means
is not topologypreserving,thehierarchical structureallows
thek-means sub-clustersto preserve alreadyclustereddata
whenKSOMstopologicalmappingbeginsto overwritepre-
viously learnedprototypes.Overall theadditionof asecond
layer with k-meansclusteringallows a context awaresys-
temin BSNsto beablefunctionover a long periodof time
while remainingadaptiveandstable.

4.2 Bayesian Networks

BayesianNetworks(BNs)areanappropriatemethodfor
deducingcontext awarenessby classifying context from the
associatedsensorreadingsin the system. BayesianNet-
worksareaformof agraphicalprobabilisticmodelin which
thestructureof aBN is adirectedacyclic graph.Thenodes
in thegraphsignify randomvariablesandthedirectedarcs
betweennodesrepresenttheir causaldependencies.Thus
the set of randomvariablesis the domainof interestand
all of the direct causalor inßuentialrelationshipsare en-
codedby thearcs.BNsfollow anindependenceassumption

that every nodein the graphis strictly independentof any
other variableexcept its descendants.Theoretically, sim-
ple BNs are consideredto be ideal, such that they obtain
thehighestaccuracy only whenthis independenceassump-
tion holds. This independenceassumptionalongwith the
graphicstructurerepresentingunambiguousinterdependent
relationshipsallows for animportantfeatureof BNs: repre-
sentationof joint probability distributions.

4.2.1 Naı̈ve Bayes Classifiers

A na¬õveBayesclassiÞeris aprobabilistic classiÞeradhering
to BayesÕrule andin context awarenessis usedfor classi-
Þcation. More speciÞcallyactivity recognitionmay be re-
ducedto a classiÞcationproblemwhereclassescorrespond
to activities andBayesclassiÞerspredicttheactivity labels
after training examples are generated.Thus na¬õve Bayes
classiÞersrequirelabeledtrainingdatato recognizeclearly
deÞnedactivities,whichhasthedownsideof requiringmore
effort in the datarecordingphase[19]. However with the
given training sample, na¬õve BayesclassiÞers are able to
optimally predict a classof examplesthat have not been
previous seenby the system[4]. Generallyspeakingthe
theoryof probability providesasolidgroundfor thetaskof
classiÞcation[8]; sincethena¬õve BayesclassiÞeris a prob-
abilistic induction algorithm,this is an approachto classi-
Þcationthatperformswith high accuracy andanattainable
recognitionratefor activity recognitionin speciÞcdomains.

Activity recognition accuracy suffers basedon na¬õve
Bayeswheneither thereis confusion in the labeledtrain-
ing examplesbetweenvery similar activities or thereis an
extremely low numberof training examplesfor an activ-
ity. In many applicationswhich have implemented na¬õve
Bayesfor context-awarenessin wirelesssensornetworks,
testingwasperformedin a restrictedscenario;hadtesting
beendonein areal-world scenariotheaccuracy rateswould
mostlikely havebeenlower. Thisindicatesthatna¬õveBayes
classiÞermayperformpoorly in realdomains.Onereason
couldbethatin thereal-world, na¬õve BayesclassiÞershold
the assumptionthat all attributesthat inßuencea classiÞ-
cationdecisionare observableandrepresented[12], which
may be the casefor a limited test scenariobut not in the
scopeof thereal-world. In thereal-world domainthereare
many differentkinds of objects,classesof objectsandnu-
merousrelationsamong them. BNs arestill limited in not
beingableto exhaustively representall theobjectsandrela-
tionsthatexist in thereal-world [7]. Problemsof genericity
in recognitionwill alsoarisefor na¬õveBayesclassiÞersdue
to theambiguityof somefeaturesreferring to multiplecon-
texts [8]. An additionaldisadvantageof thena¬õve classiÞer
is it enforcesmutualexclusivity, thuswhentwo differentac-
tivitiesareoccurringsimultaneously, detectionof onecould
precludethedetectionof theother[12].
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4.2.2 Hidden Nodes

In a BN, thereis a considerableamountof dependency be-
tweenparentandchild nodeswhich violatesthe indepen-
denceassumptionthatBNs arebasedon. This dependency
may be increasedwhenredundantnodesareaddedto the
network to overcomemotionartifactandsensorfailure[15].
Hiddennodesmaybe addedto theBN asunobservedvari-
ablesto representthedependenciesamongchildren. They
effectively compensatetheextraweightdependant children
addto thenetwork, neutralizingredundancy in thenetwork.

By inserting thehiddennodesto BNssubnetsareformed
(representingthe redundant nodes)to increaserobustness
andbeneÞtthenetwork in many ways.Firstthesubnetspro-
videadditionalnoiseresilienceby Þlteringoutnoisepresent
within eachsubnet,in turn increasingmodelaccuracy [13].
Additionally hiddennodesareableto detectnodefailures
by identifying an asynchronouschild-parentdependency;
thusproviding noisedetection [15]. Thecapabilityof BNs
with hiddennodesto detect noiseand accurately classify
context despitesensornoiseis crucialin BSNswheredetri-
mentalactionsaretaken basedon the context recognized.
Thesmoothnessconstraintnecessaryin modelingcontinu-
ous human movementis possibleusing BNs with hidden
nodes.Thiscanbeachievedby addingaÞxedsizedtempo-
ral window over instantaneousmodelbeliefsof thenetwork
[15]. Insertinghiddennodesto indicateredundantsensors
is aform of featureselection in which irrelevantsensordata
is not sentacrossthenetwork, which hastheadvantageof
decreasingnet power consumption.Finally, stresson the
centralprocessorof thenetwork canbediminishedin terms
of bandwidthandcomputationalloadby distributing com-
putationsacrossthenetwork to thelocal subnets[13].

4.3 Hidden Markov Models

For context sensingin a body sensor systemto be ap-
plicable in the real-world, context needsto be continually
recognizedthroughoutadurationof timeandnot justatex-
act instancesin time (as thecaseof BNs). HiddenMarkov
Models(HMMs) areintroducedat thesupervisinglayer to
achieve a modelof context transitions.The useof HMMs
is an approach to context recognitionthat canmoreaccu-
ratelymodelhumanbehavior sincethesystemis capableof
recognizingsequencesof activities.

HMMs areprobabilisticmodelsusedto representnon-
deterministicprocessesand consistof states,actionsand
observations. Theoutcomeor observationof a stateis de-
terminedby the conditional probability distribution of the
stateandis basedon the Markov property, wherethe cur-
rentstateof theenvironmentdependssolelyontheinterme-
diatepreviousstateandtheassociatedaction.In HMMs the
statesequenceis hiddenandonly theobservationsare vis-
ible. The transitionsfrom onestateto anotherareactions,

labeledwith theprobabilitythatthetransition from onecon-
text to anotherwill occur. In context awarenesssensingthe
Þnite set of statesrepresentsuser-deÞnedcontext proÞles
andthe HMM modelsthe transitionprocessesthroughthe
states,or rathertheuserbehavior of transitioning from one
context to another.

JustasBNs,HMMs alsorequireatrainingphasein order
to classifyactivities. Optimally this learningphaseshould
occurwithout intervention from the user, especially to be
applicablein bodysensor networks.ClarksonandPentland
in [2] proposeamethodusingincrementaladditive learning
to avoid relying on the userfor learning. As such,if the
learnedsystemis givenanevent thatcannotberecognized
accuratelyby thecurrentHMMs, thesystemcanrecognize
thisby theindicationof low scoresandthengenerateanew
modelfor the event. Whenmodelingsequencesof events,
it is advantageousthatHMMs allow for time variance(the
event may be performed at varying speeds),repetition(an
eventmayberepeatedany numberof times)[10] andthey
areableto dealwith variablelengthsequences.In addition
due to their probabilistic framework they are able to take
into accountnoisysensorsandimperfecttrainingdatacom-
ing from differentsourcesof uncertainty. Overall, HMMs
build astatistical memoryof sequencesof eventsthatprove
to berelatively robustwith regardsto temporalchangesand
allow for high-level domainknowledgeto be incorporated
into themodel[20].

4.3.1 Hierarchical Hidden semi-Markov Models

In context awarenesssensingthereis a naturalhierarchy of
humanactivities, especiallyasthe activities becomemore
andmorecomplex. So it is beneÞcialto modelvariousse-
quencesof eventsusingHMMs at higherlevelsof abstrac-
tion throughahierarchy. For exampleif apersonis Òhaving
a mealÓ,this activity consistsof a variety of sub-activities
suchaspreparingthefood,settingthetable,eatingthemeal,
etc.Reasoningabouttherelativeorderanddurationof sub-
activities, alongwith theabstractionof thegeneralactivity
Òhaving a mealÓfrom the recognitionof eachsub-activity,
canbeaccomplishedwith ahierarchy of HMMs. Individual
movementswould berepresentedby a numberof standard
HMMs at the lowest level of the hierarchy. Higher layers
representthecombinationof movements,andatevenhigher
layerssequencesof combination movementscanberecog-
nized[1]. As such,thesystemasa whole is ableto model
thevariouslevelsof complexity of anactivity.

An advantageof themulti-layerHMM is thatit allows a
rich sequenceof sub-activities to berecognizedwithout the
systemhaving to a learnseparateHMM for eachsequence;
whereasthestandardHMM wouldrequiretrainingof anew
modelwith eachnew combinationsequence[1]. This is es-
pecially beneÞcialbecausethe orderof sub-activities that
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areperformedto composethe ultimateactivity will differ
from personto person,andwill differ even whena single
personperformsthe sameactivity a numberof times. Yet
thesystemis still ableto recognizethehighestlevel activ-
ity. In addition the activity may be performedwith some
sub-activitiesoccurringthatarenot relatedatall to thegen-
eralactivity. Thusif hierarchicalHMMs donÕt requireeach
new sequenceto belearned,thesystemavoidstraininguse-
lesssub-activities, henceimproves the computationalper-
formanceof thesystemasawhole.

5 Conclusion

Context awarenessin Body SensorNetworksallows for
thecurrentstateof theuserandenvironmentto reasonabout
physical and biochemicalsensor signals. Context-aware
sensingis an integral part of the BSN designin order to
allow for long-termpervasivehealthcaremonitoringof pa-
tients. Theoutcomeof suchmonitoringwould beprevent-
ing mortalityon thegroundsthatBSNscouldhavedetected
theprecursorsof thedeath.

Theapproachesdiscussedfor context awaresensingin-
cludeArtiÞcial NeuralNetwork (ANN), BayesianNetwork
(BN) andHiddenMarkov Model (HMM). No techniqueis
theÒbestÓfor deducingcontext awarenessandeachof these
methodsaddressesdifferent issuesthat arisefrom context
awaresensingin BodySensorNetwork.
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