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Abstract

Contt awarenessn BodySensoNetworkgBSNshas
the signibcanceof assodating physiol@ical user activity
andervironmento the sersedsignalsof theuser Thecon-
textinformationderivedin a BSNcanbeusedin pervasive
healthcae monitoringfor relatingimportanceto eventsand
specibcallyfor accumate episodedetection. In this paper
we addressthe issuesof contt-awae sensingin BSNs,
alongwith a comprison of differenttechniquesfor deduc-
ing contet awarenessnamely Artibcial Neural Networks,
BayesiarNetworks and Hidden Markov Models.

1 Introduction

Contet is debPné asary informationthatcanbeusedto
characterizéhe situationof an entity, wherean entity can
beapersonplaceor physicalobject[3]. Context awareness
canthenbe demedasdeectinga user§internalor external
state. Context-aware computingdescribeghe situation of
a wearableor mobile compuer being aware of the user®
stateandsurroundingsandmodifyingits behaior basedn
this information[9]. Contet awarenesplaysa signibcant
rolein Body SensoNetworks (BSNs)beauseit allows for
interpretingphysical andbiochemicalsignalscomingfrom
the BSN basedon information regarding the currentstate
of theuserandthe stateof theervironmert. Contect-aware
sensings anintegral partof the BSN designto achieve the
ultimategoalof long-termpenasive healthcaremonitoring.

Therearethree main approachethat have beenapplied
in deduchg contet in a sensometwork: Artibcial Neural
Networks,BayesiarNetworksandHiddenMarkov Models.
Researclin context awarenes®r activity recognitionusing
thesemethodshasprimarily beendonein wirelesssensor
networksor wearablesensonetworks, sotheapplicationof
context aware sensingn BSNsis still newv andfacesmary
technicalchallengesThis paperwill addressomeof these
issuesraised,describethe characteristicof eachof these
methodsanddiscusshow thesealgorithns handlethechal-

lengesthatneedto befacedin context sensingor BSNs.

2 Context Awareness in BSNs

Wireless medical body sensr devices, either im-
plantableor wearableareusedto monitora patients@hys-
iological stateincluding EKG, heartrate, blood pressure,
oxygen saturationand sweatvolume/rate. The wireless
BSNframeworkis designedo providesuchpenasive mon-
itoring of thehumanbody; thisultimatelyhasahugeimpact
on medicalhealthcareandmonitoringvital signsof elderly
patientsor patientswith chronic cardiacdisease. BSNs
presenaamethodto continuouslymonitor physiologicalpa-
rametergo detectlife threateningabnormalitieghat could
lead to mortality. In additionto a patient®vital signs,a
personis physiologically very sensitve to contet or envi-
ronmentchanges.Suchcontetual factos includethe per
son®activity, currenttemperatre of the outsideerviron-
ment,andtime of day, etc. For instance,f a body sensor
detectsa rapidincreasdn a paient®heartrate, the patient
might notbe having a cardiacepisodebut ratherexperienc-
ing achangdn his physicalactivity suchasjogging. Incor
poratingcontextual avarenessnto the BSN by evaluating
ervironmentalfactorsandthe stateof the patient,changes
in the physiological stateof the body can be rationalized
accordingto the eventsthattriggeredsuchchanges.

Thereare variousalgorithmsin contet-aware sensing,
eachhave differentcharateristicsandaccomplishdifferent
tasks,which can be appliedtowardsdeducingcontet in a
BSN. Many of theseapproacheareactuwally usedin com-
binationwith one anothe to achieve context from the en-
vironment. The Prststepin achiezing contet awarenessn
a sensometwork is to gatherthe low-level sensorreadings
from all sensomodes;thesedatareadingswill alwayscon-
stituteas theinput for contet sensinglt is oftenbenebpcial
for theinput datato be orderedin someway, thusthe data
is typically clusteredinto subgroupssuchthat distanceis
smallamongdata entriesin the sameclusteranddistarceis
largeamongdataentriesof differentclusterg6]. Thisis ac-
complishedby a clusterhg algorithm. To actuallyachiese
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contet from the sensomodes the clusterednput mustbe
associatedvith acontet. In thedomainof sensonetworks,
this processs known asclassibcationwhich associatethe
input vectorsto a context problethroughthe meansof user
labels. Someclassibcatioralgorithmsareonly ableto rec-
ognizecontet at a given instancein time but not contin-
uously Soa supervisingayer is introducedon top of the
classibcatiorlayer to extract constantrecognitionof con-
text. Algorithms performingat the supervisng layer are
ableto classify context transitionsandmorecloselymodel
context eventsoccurringin natural humanbehaior.

3 Challenges of Context-aware Sensing

In practice,BSNs for penasie healthcaremonitoring
will resultin network applicationsoperatingin a variety of
differentervironmentsncludingahospitaloperding room,
anelderlyhealthclinic or a personahomesetting.Eachof
theseenvironmentsvary substantiallyfrom oneanotherand
yet the BSN frameavork mustbe adaptableanddistributed
in orderto accommodatdor suchdifferentsettings. Due
to the diversity of context awareervironmentstherangeof
physiologicalconditionsa patientmay experienceand the
dynamicnatureof BSNsthemseles,mary challengesrise
for contet-awaresensing.Specibdssuesncludeovercom-
ing sensomnoise,nodefailureandmotionartifactin the net-
work, integrating multi-sensorydata, allowing for smooth
contet recognition,providing long term/continuousisage
of the application,appropriatelystructuringthe network in
termsof numberof sensorsandselectig relevantfeatures
in the BSN. Theseareall challengegontet-awvaresensing
facesand the variousmethods discussedn later sections
eachhandlesomeof theissiesin variousways.

3.1 Noise Resilience and Detection

Noisein a sensometwork mayresultfrom sensomoise,
nodefailure or motion artifact[20]. The presencef noise
in thenetwork from ary of thesesourcesnayintroducesig-
nibcanterrorsinto the input data of the sensornetwork.
This datamay contain misshg sensorinformation, mali-
cious sensorreadingsor uncertain information; the resul-
tantinput vectorswill not containan accuraterepresenta-
tion of the sensorreadirgs. For contet sensingin BSNSs,
this could have unfortunateconsequencelecauséen per
vasie healthcaremonitoring, detrimenal actionsare usu-
ally taken basel uponthe sensedvalues. Specibcallythe
costof arny Ounclean@atacanbevery signibcansinceit is
usedfor critical decisiong5]. The quality of input sensor
readingsis crucial andthe presenceof noisedegradesthis
quality of dataobtainedfrom the sensometwork. Thusa
contet sensingalgorithmmustbeableto detectsuchmali-
ciousnoiseandreducethe effect of noisein sensomatato

appropriatelynodelthe network.
3.2 Introduction of Smoothness Constraint

Humanactiity involvesbody movemens that are con-
tinuousin nature;if sucha smoothnessonstaintwereen-
forcedthancontet couldberecognizedwith ahigheraccu-
racy basedon naturalhumanbehaior [15]. Typically con-
texts areclassibedn agiveninstancean time, but introduc-
ing a smootmessconstraintmeansthe systemmustsense
thetransitionsbetweenindividual contexts or sequencesf
contets. Context sensimg in BSNs must be able to cap-
ture suchtransitionsto accuratelyrecognizecontet from
the continuoud3ow of humanmovementin time.

3.3 Adaptive On-line Learning

Recognizingcontext in the real-world domainof BSNs
is a function that needsto remainf3exible asnew contets
may be continuouslyaddedto the systemandold contexts
may no longerbe perceved. Thusthe systemneedsto re-
mainadaptive to learnnew contexts online from the sensor
network. Sincereal BSN applicationswill function over
longer periodsof time, it is importantthat the systemnot
only be ableto learnnew contexts asthey arepresentedo
the system,but also to not forget previously encountered
contexts thatwerelearnt,soit doesnthave to re-learnsuch
contets again.

3.4 Input Data Dimensionality

A large number of sensorsn the BSN may be neces-
saryin orderto achiere accuratecontet recognitionof a
patient€stateactivity or if thesystemis to recognizealarge
numberof differentcontexts. By addingmoresensorso the
network, context recognitioncanbe achieved with a higher
accurayg [17]. However, two signibPcanproblemamayarise
from a high dimensionaliy of input sensors.First a sub-
stantialburdenmay be placedon the power consumption
andbandwidthof the systemasmoresensorsareaddedto
the network. The secondproblemis known asthe curse
of dimensionality asthe numberof sensoiinputsincreases
thelearningrateof the algorithmsignibcantlyslowvs down.
For a BSN to maintaingood performancea systemcom-
posedof alargenumberof sensorshouldnotslow dowvn or
decreaséaulttolerance.

3.5 Feature Selection

By only applyingtherelevantsensoreadinggo thecur-
rent contet, irrelevant or redundantsensorswvould be pl-
teredout. Thisis benebciabecausedypically the number
of featuresin the BSN is numerousgspeciallyif thereare
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a large numberof sensrs. However, only a smdl subset
of thosefeaturesarenecessaryr relevart to recognizethe
contet [11]. Thusif theinput datathatis not usefulin the
decisionprocessof contect recognitiomnwerenot sentacross
the wirelessnetwork, the dimensionalityof datawould be
reduced Essentidy thisallowsfor adecreasi datatrans-
mission(implying lesspower consumpidn andbandwidth)
andefpcientdaa mining of the BSN asonly relevantinfor-
mationis usedin the sensonetwork [14].

4 Techniques for Context-aware Sensing
4.1 Artificial Neural Networks

Artibcial NeuralNetwork (ANN) is usedas a solid clus-
tering algorithmfor context awarenessn sensometworks.
It is basedon the biological nernwous systemof the brain
that conssts of a large numberof small and simple inter-
connectedcomponentsneurons Eachneuroncanperform
its own computationsyet the network is capableof per
forming powerful computaions by combiningthe limited
processingower of eachelerrent[17].

For sensometworksusingin practice, thelow-level sen-
sorswill producesomelevel of noiseno matterwhat. One
of the key advantagef using ANNS is thatthey still are
ableto performwell despitethe presencef this inevitable
noisecomingfrom datasensorsAnotherbenebciatharac-
teristicof neuralnetworksincludesunsupervisetrainingof
theinput data. Thatis the userof saya wearablecomputer
doesnat needto spendmuchtime training it andthe con-
text learningfor thesystemis notlimited to justthetraining
phase Soastheusergoesfrom context to context, thealgo-
rithm shouldlearnautoromouslythe contet from the new
input it receivesby recalculatingts internalrepresentation
of the contexts (known as on-line adaptation)16]. Thus
becausehe datais able to approximateitself, the neural
network canfeasibly addnew contexts to the systemwhen
necessarwithoutintervention from theuser

4.1.1 Kohonen Self-Organizing Maps

The KohonenSelf-Oganizing Map (KSOM) is a type of
anunsupervisedieuralnetwork whichis usedto clusterthe
input vectors(low-level sensorreadingsfrom nodes)to a
discreteoutput spacethatis in theform of a grid-like map.
Justasdescrited by ANNSs, the outcomeresultsin similar
signhalsmappedcloseto eachotheron the mapanddissim-
ilar signalsaremappedat greaterdistancegrom eachother
onthemap[19].

Thestructureof theKSOM consistof aninputlayerand
anoutputlayer; theinput layeris essentiallytheinput vec-
tor of dataand eachinput nodeis assigneca map-unitto
introduceorderamongthe input vectors. The outputlayer

is agrid of interconnectedieuronspsuallyasa oneor two-

dimensionakrray Eachneuronin the output layeris con-
nectedto every single neuronfrom the input layer andthis

connectionis assigneda particularweight. In addition ev-

eryneuronis alsoconnectedvith its nearesheighlor nodes
onthegrid-map.

The KSOM is a competitive network in that eachunit
in the outputlayercompeeswith the otheroutputunitsfor
a particularkind of input. Sowhena new input valueis
presentedo the KSOM, theinput vectoris comparedwith
eachoutputneuronfweightvector The output neuronthat
hasaweightvectorclosesto theinputvectoris selectedhs
thewinnernodeandis ableto adapttself moretowardsthe
input. Meaningthe winning outputnodeupdatests weight
vectorto moreclosdy ref3ectthe valuesof theinputvector
To introducetopologicalorderingamongrelatedunits, the
neighboringhodesof thewinning nodearealsopermittecto
updateheirweightvectorstowardstheinputvector butto a
lesserdegree. After the prstiterationof this algorithmwith
the given input data, errorswill typically exist when new
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 signds activate different neurons[18].
Thusthe KSOM clustersn-dimensionainput datafrom the
sensorsnto anarrayof neuronsn anadaptve,i.e.,theneu-
ronsin thegrid Olearn@® respondetterfor particularinput,
andunsupervisedashion.

After inputfrom sensoreadingshasbeenclusteredby a
clusteringalgorithm,it becanessignibcantlyeasierto pro-
cessor classify the data. In termsof contet awareness,
KSOM is in generala universalapproachto processsen-
sordatabecauseharactestically it doesnot requirea pri-
ori knowledgeof the cortexts andis ableto perform learn-
ing without explicit usersupervisbn [18]. Thususingthe
KSOM to topologically map sensordatais appropria¢ in
applicationsvhich may not containlabeledtrainingdai or
whereactvities arenotwell-debnedIn terms of BSNsthis
is benebal becausét enableghesystento notonly detect
contets that have not yet beendebnedby the user but it
alsoallows the systemto capturecontexts that are unpre-
dictableandrandomlyappeaiin the system.

A BSN shouldnot be limited by the numberof sensors
in the network or the numberof inputs. In practiceif the
numberof inputsincreasesn the system,it shouldbe able
to handlethe large numberof input dataand not slowing
down in performance.UnfortunatelyKSOM suffers from
this curseof dimensionalityandcauses high dimensonal-
ity of inputdatato be a problemfor this algorithm[18]. As
thenumberof sensoréncreasei thesystemtheclustering
algorithmmustmapthe high input spaceto a large output
spaceandusesalot of resource$o doso,reaultingin aslow
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andlessfaulttolerantalgorithm. This problembecome®s-
pecially badif thereis a lot of noiseor irrelevant sensor
nodesn thesystemjn which thealgorithmmapsirrelevant
contets to its output spaceand wastesmary resourcesn

the process.Thusthe KSOM provesto have limitationsin

thereal-world domainwherethe input spacecould bevery

largeandirrelevantcontects areundoubtedlypreseat, caus-
ing a seriousdigressin maintainingperformancespeedand
faulttolerance.

4.1.2 KSOM with k-means Clustering

ThetraditionalK SOM hasthedisadwantageof Ounlearning®
contexts or overwriting prototypeson the mapif the algo-
rithm is to remainadaptve, known asthestability-plasticity
dilemma This is a major shortcomingfor contet aware-
nessin BSNssincethe systemshouldbe ableto learnnew
contets over along periodof time andnot forgetold con-
texts. This problen can be avoided by introducing a k-
meanslusteringalgorithmto the KSOM. The KSOM still
clusterghesensoinputandpreseresmaptopology;thek-
meansclusteringalgorithmthenclusterslabded input vec-
torsa secondime andaddsa secondayerto the structure
[16]. The k-meansclusteringalgorithmhastwo main dif-
ferencedrom thetraditionalKSOM: it is nottopology pre-
servingandit requireslabeledinput vectors(meaningthe
userneedsto participatein the training phaseto labelin-
comingsensordatawith a contet descriptio) [16]. With
justtheKSOM, clustersareunlabelednakingthealgorithm
unavareof relevantcontexts associatedvith clustersputin
k-meanghe userspecibs the labelsmakingthe algorithm
awareof existing contexts soit knows notto overwriteclus-
terswhich containrelevantcontext. Also becausé&-means
is nottopology preservingthe hierarchial structureallows
the k-mears sub-clusterso presere alreadyclustereddata
whenKSOMstopologicalmappingbeginsto overwritepre-
viously learnedprototypes Overalltheadditionof asecond
layer with k-meansclusteringallows a contet aware sys-
temin BSNsto be ablefunctionover along periodof time
while remainingadaptve andstable.

4.2 Bayesian Networks

BayesiarNetworks (BNs) areanappropriatenethodfor
deducingcontext awarenessy classifying context from the
associatedgsensorreadingsin the system. BayesianNet-
worksareaform of agraphicabrobabilisticmodelin which
thestructureof aBN is adirededagyclic graph.Thenodes
in the graphsignify randomvariablesandthe directedarcs
betweennodesrepresentheir causaldepadencies. Thus
the set of randomvariablesis the domainof interestand
all of the direct causalor infuentialrelationshipsare en-
codedby thearcs.BNsfollow anindependencassumption

that every nodein the graphis strictly independenbf ary
othervariable exceptits descendants.Theoretically sim-
ple BNs are consideredo be ideal, such that they obtain
the highestaccurag only whenthis indepenénceassump-
tion holds. This independencassumptioralongwith the
graphicstructurerepresentinginambiguousnterdependent
relationshipsallows for animportantfeature of BNs: repre-
sentatiorof joint probability distributions.

4.2.1 Naive Bayes Classifiers

A nab\e Bayesclassibeis aprobabilistic classibPendhering
to Bayes@ule andin context awarenesss usedfor classi-
pcation. More specibcallyactvity recognitionmay be re-
ducedto a classibcatioproblemwhereclassesorrespond
to actiities andBayesclassiberpredictthe actiity labels
after training exanmples are generated. Thus naé\e Bayes
classibersequirelabeledtraining datato recognizeclearly
debnedctities, which hasthedownsideof requiringmore
effort in the datarecordingphase[19]. However with the
given training sample nad\e Bayesclassibes are able to
optimally predict a classof examplesthat have not been
previous seenby the system[4]. Generallyspeakingthe
theoryof probalility providesa solid groundfor thetask of
classibcationf8]; sincethe nab\e Bayesclassberis a prob-
abilistic induction algorithm, this is an approachto classi-
pcationthat performswith high accuacy andan attainable
recognitionratefor activity recognitionin speciPadomains.

Activity recognition accurag suffers basedon nabe
Bayeswhen eitherthereis confusio in the labeledtrain-
ing examplesbetweenvery similar actiities or thereis an
extremely low numberof training examplesfor an activ-
ity. In mary applicationswhich have implemente nabe
Bayesfor contet-awarenessn wirelesssensometworks,
testingwas performedin a restrictedscenario;hadtesting
beendonein areal-world scenaridheaccurag rateswould
mostlikely have beenlower. Thisindicateshatnabe Bayes
classibemay performpoorly in realdomains.Onereason
couldbethatin thereal-world, naéd\e Bayesclassiber$old
the assumptionthat all attributesthat inRuencea classib-
cationdecisionare obsenableandrepresentefil 2], which
may be the casefor a limited testscenariobut not in the
scopeof thereal-world. In thereal-world domainthereare
mary differentkinds of objects,classesof objectsandnu-
merousrelationsamag them. BNs arestill limited in not
beingableto exhaustvely representll the objectsandrela-
tionsthatexist in thereal-world [7]. Problemsof genericity
in recognitionwill alsoarisefor naé\e Bayesclassipersiue
to theambiguityof somefeatuesreferring to multiple con-
texts [8]. An additionaldisadwantageof the nab\e classiber
is it enforceanutualexclusiity, thuswhentwo differentac-
tivities areoccurringsimultaneouslydetectionof onecould
precludethe detectionof the other[12].
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4.2.2 Hidden Nodes

In a BN, thereis a considerableamountof dependengbe-
tweenparentand child nodeswhich violatesthe indepen-
denceassumptiorthatBNs arebasedon. This dependeng
may be increasedvhen redundaninodesare addedto the
network to overcomeamotionartifactandsensofailure[15].
Hiddennodesmay be addedto the BN asunobsered vari-
ablesto representhe dependencieamongchildren. They
effectively compensatéhe extraweightdependanchildren
addto thenetwork, neutralizingredundang in thenetwork.
By insertng thehiddennodego BNs subnetsareformed
(representinghe redundat nodes)to increaserobustness
andbenebthenetwork in mary ways.Firstthesubnetpro-
vide additional noiseresilienceby blteringoutnoisepresent
within eachsubnetjn turnincreasingnodelaccuacy [13].
Additionally hiddennodesare ableto detectnodefailures
by identifying an asynchronoughild-parentdependeng
thusproviding noisedetedion [15]. The capabilityof BNs
with hiddennodesto dekct noiseand accuratef classify
contet despitesensomnoiseis crucialin BSNswheredetri-
mentalactionsare taken basedon the context recognized.
The smoothnessonstraintnecessaryn modelingcontinu-
ous human movementis possibleusing BNs with hidden
nodes.This canbeachiezedby addinga bxedsizedtempo-
ral window overinstantaneousodelbeliefsof the network
[15]. Insertinghiddennodesto indicateredurdantsensors
is aform of featureseledion in whichirrelevantsensodata
is not sentacrossthe network, which hasthe advantageof
decreasingnet power consumption. Finally, stresson the
centralprocessoof thenetwork canbediminishedin terms
of bandwidthand computationaload by distributing com-
putationsacrosshe network to thelocal subnetg13].

4.3 Hidden Markov Models

For contet sensingin a body sensr systemto be ap-
plicablein the real-world, contet needsto be continually
recognizedhroughouta durationof time andnotjustatex-
actinstancesn time (as the caseof BNs). HiddenMarkov
Models(HMMs) areintroducedat the supervisingayerto
achieve a modelof context transitions. The useof HMMs
is an approab to context recognitiontha canmore accu-
ratelymodelhumanbehaior sincethe systemis capableof
recognizingsequencesf acivities.

HMMs are probabilisticmodelsusedto represennon-
deterministicprocesses&nd consistof states,actionsand
obsenations. The outcomeor obsenation of a stateis de-
terminedby the conditional probability distribution of the
stateandis basedon the Markov property wherethe cur-
rentstateof theervironmentdependsolelyontheinterme-
diatepreviousstateandtheassociatedction.In HMMs the
statesequencés hiddenandonly the obsenationsare vis-
ible. Thetransitionsfrom one stateto anotherareactions,

labeledwith theprobabilitythatthetranstion from onecon-
text to anothemwill occur In cortext avarenessensinghe
Pnite set of statesrepresentsiserdebnedcontet probles
andthe HMM modelsthe transitionprocesseshroughthe
statespr ratherthe userbehaior of transitianing from one
contet to another

JustasBNs,HMMs alsorequireatraining phasean order
to classifyactiities. Optimally this learningphaseshould
occurwithout intervention from the user espedlly to be
applicablein bodysensr networks. ClarksonandPentland
in [2] proposeamethodusingincrementabdditive learning
to avoid relying on the userfor learning. As such,if the
learnedsystemis given an eventthatcannotbe recognized
accuratelyby the currentHMMs, the systemcanrecognize
this by theindicationof low scoresandthengenerate new
modelfor the event. Whenmodelingsequencesf events,
it is advantageoushatHMMs allow for time variance(the
event may be perfornmed at varying speeds)repetition(an
eventmay be repeatedary numberof times)[10] andthey
areableto dealwith variablelengthsequencedn addition
due to their probabilistt framewvork they are ableto take
into accountnoisysensorandimperfecttrainingdatacom-
ing from differentsourcesof uncertainty Overall, HMMs
build a statigical memoryof sequencesf eventsthatprove
to berelatively robustwith regardsto temporalchangesnd
allow for high-level domainknowledgeto be incorporated
into themodel[20].

4.3.1 Hierarchical Hidden semi-Markov Models

In context awarenessensinghereis a naturalhierarcly of
humanactuities, especiallyasthe activities becomemore
andmorecompl. Soit is benebciato modelvariousse-
guence®f eventsusingHMMs at higherlevels of abstrac-
tion througha hierarcly. For exampleif apersoris Ohaing
amealOthis actiity consistsof a variety of sub-actiities
suchaspreparinghefood, settingthetable,eatingthemeal,
etc. Reasonin@bouttherelative orderanddurationof sub-
actuities, alongwith the abstractiorof the generalactiity
Ohging a mealGfrom the recognitionof eachsub-acwity,
canbeaccompishedwith ahierarcly of HMMs. Individual
movementswould be representethy a numberof standard
HMMs at the lowestlevel of the hierarcly. Higherlayers
representhecombhnationof movementsandatevenhigher
layersseqiencesof combination movementscanberecog-
nized[1]. As such,the systemasawholeis ableto model
thevariouslevelsof compleity of anactity.

An adwantageof themulti-layerHMM s thatit allows a
rich sequencef sub-actvities to berecognizedvithoutthe
systemhaving to alearnseparatédMM for eachsequence;
whereaghestandarddMM would requiretrainingof anew
modelwith eachnew combinationsequencél]. Thisis es-
pecially benebciabecauseghe order of sub-actities that
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are performedto composethe ultimate activity will differ

from personto person,andwill differ even whena single
personperformsthe sameactiity a numberof times. Yet
the systemis still ableto recognizethe highestlevel activ-

ity. In addtion the actvity may be performedwith some
sub-actvities occurringthatarenotrelatedatall to thegen-
eralactiity. Thusif hierarchicaHMMs don®requireeach
new sequencéo belearnedthe systemavoidstraininguse-
lesssubactiities, henceimprovesthe computationaper

formanceof the systemasawhole.

5 Conclusion

Contet awarenessn Body Sensometworks allows for
thecurrentstateof theuserandervironmentto reasorabout
physical and biochemicalsensr signals. Contet-aware
sensingis an integral part of the BSN designin orderto
allow for long-termpenesive healthcaremonitoringof pa-
tients. The outcomeof suchmonitoringwould be prevent-
ing mortality onthegroundshatBSNscouldhave detected
theprecursor®f thedeath.

The approachesliscussedor context awaresensingn-
cludeArtibcial NeuralNetwork (ANN), BayesiarNetwork
(BN) andHiddenMarkov Model (HMM). No techniqueis
the Obest®r deducingcontext awarenessaindeachof these
methodsaddresseslifferentissuesthat arisefrom context
awaresensingn Body SensolNetwork.
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