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Abstract

Themilitary is workingonembeddingsensorsin a
“smart uniform” that will monitor key biological
parametersto determinethe physiologicalstatus
of asoldier. Thesoldier'sstatuscanonly bedeter-
minedaccuratelyby combiningthereadingsfrom
several sensorsusingsophisticatedphysiological
models.Unfortunately, thephysicalenvironment
andthelow-bandwidth,push-basedpersonal-area
network (PAN) introduceuncertaintyin theinputs
to the models. Thus the model must producea
con�dencelevel aswell asa physiologicalstatus
value. This paperexploreshow con�dence lev-
elscanbeusedto in�uence datamanagementde-
cisions. In particular, we look at power-ef�cient
waysto keepthecon�denceaboveagiventhresh-
old. Wealsocontrastpush-basedbroadcastsched-
uleswith otherschedulesthat aremadepossible
by two-waycommunication.

1 Intr oduction

Datamanagementhastraditionallybeenreservedfor large
complex softwareenvironmentsin which hugeamountsof
datamust be processedwith limited resources.Modern
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databasemanagementsystems(DBMS) that run on large
back-of�ce serversare the mostwell-known embodiment
of this kind of technology. Researchershave recentlyre-
alizedthat similar technologiesareneededin smalleren-
vironmentsin which resourcelimitationsarealsoan issue
[9, 4]. In sensor-basedapplications,bandwidthandbattery
poweraretypically thescarceresources.

This paperlooks at a real sensor-basedapplicationin
which resultsarecomputedalongwith a con�dencevalue.
The data managementgamethat we play here is to set
transmissionparameters(staticallyor dynamically)in or-
der to achieve thehighestcon�denceonly whentheappli-
cation requiresit. Our techniquesusestrategies that are
informedby thecon�dencemodelsto conservebandwidth
andpower. We discusstheseideasandsomepossibleap-
proachesin termsof amilitary physiologicsensingapplica-
tion. Our maincontribution is in theway thatcon�dences
canbeusedin this particularapplication.

The war�ghter's workplace has unique occupational
challenges:from missiondemands,the environment,and
combatinjuries. Moderndismountedsoldierscommonly
engagein intense,mentallyandphysicallydemanding3-
10 daymissions,often in ruggedterrainor complex urban
settings.Warriorscarryheavy loadsandareoftenfoodand
sleep-restricted.Environmentalconditionscanvarywidely
in terms of ambienttemperature,humidity, wind speed,
barometricpressure,and the like. In non-war modethe
military cansuffer over120heatcasualtiesa year[1]. Un-
der or over hydrationcan decrementphysicalandcogni-
tive performance,andincreasethe risk of heatinjury, hy-
ponatremia,or death[14, 15, 16]. Addedto theharshen-
vironmentis the possibility of receiving a wound. Once
a war�ghter hasbecomea casualty, it is critical that treat-
mentis receivedquickly during the “goldenhour”, which
is theshortperiodof time whenpropermedicaltreatment
canmeanthedifferencebetweenlife anddeath.It hasbeen
suggestedthat20%of thesedeathscouldbepreventedwith
rapid intervention[13]. Therefore,wearablephysiological
andmedicalstatusmonitoringcanplay an importantrole
in: sustainingphysicalandmentalperformance,reducing



thelikelihoodof non-battleinjuriessuchasheatstroke,and
provide remotenoti�cation andmedicalstatusof a casu-
alty.

In this paper, we �rst describethe War�ghter Phys-
iologic StatusMonitoring (WPSM) applicationin detail
in Section2, wherewe alsopresentan examplescenario
andshow how thesensornetwork behavesunderthis sce-
nario. We discusspotentialdatamanagementtechniques
thatwould improve theexisting network in Section3. We
presentsomepreliminarysimulationresultsin supportof
thesediscussions.Section4 summarizesrelatedwork in
thearea.Weconcludethepaperby discussingfuturedirec-
tionsin Section5.

2 The WPSM Application

2.1 The SensorSystem

The Medical Researchand Material Command(MRMC)
underits War�ghter PhysiologicStatusMonitoring- Initial
Capability(WPSM-IC) programis developingwhat is es-
sentiallya wellnessmonitor for eachsoldier. This system
is comprisedof a medicalhubwhich hostsa personalarea
network of physiologicand medicalsensorsand a num-
ber of algorithms. The algorithmsestimatethe stateof
thewar�ghter in thefollowing areas:Thermal, Hydration,
Cognitive, Life Signs, andWoundDetection. Eachareahas
four potentialstatesthatarecodedby color. Greenrepre-
sentsnormal-noactionis required;Yellow meansrequires
attention;Redcalls for immediateaction; and Blue indi-
catesasystemfault. For eacharea'sstate,thehubalsoesti-
matesacon�dencelevel. Con�dencerefersto theaccuracy
level of thestateestimatedby amodel.

The statesfor eachmedical and physiologicareaare
basedupon input to the statealgorithmsfrom a number
of sensorsdistributedarounda war�ghter's body, uniform
andequipment,as well as outputsfrom other algorithms
residentin the medicalhub. Figure1 shows a schematic
of the currentWPSM-IC sensorsystemand the physical
placementof sensorequipmenton a war�ghter. The in-
gestible thermometerpill is network-enabled,and mea-
suresthetemperatureof thestomachandintestines,which
is usuallya goodindicationof bodycoretemperature.The
�uid intake monitor measuresthe amountof �uid con-
sumedthrougha bladder-style canteen.The life sign de-
tectionsensor(LSDS)is anintegratedsystemwith multiple
parametersandalgorithmsincludingheartrate,respiration
rate,bodyorientation,actigraphy1, andskin temperature.
The LSDS also hasan integratedballistic impact detec-
tion device which providesan alert whenon-bodyacous-
tic signalsaredetectedthat indicatethe probability that a
ballistic projectilehasimpactedthe war�ghter. The sleep
performancewatchtreatssleepasa consumablequantity,
measuresit, andusesanalgorithmto equatethis to appar-
entcognitivereadiness.Thesoldieralsocarriesa GPSand
othertechnologieswhich reporthis geographiclocation.

1Actigraphyis ameasureof activity patterns[7].

Figure1: WPSM-ICSensorSystem

Thesensorsareconnectedto themedicalhubby a pro-
prietarywirelessRFnetwork [12]. Thenetwork wasdevel-
opedwith a numberof key requirementsuniqueto a mil-
itary operationalenvironment. The network neededto be
very low power, to allow miniaturephysiologicsensorsto
run for weekswithout the needof batteryrecharge or re-
placement,andalsohave anability to rejectcrosstalk and
interferencefrom similar networksborneby othersoldiers
whencongregatedin closeproximity to eachother. In ad-
dition, the network hadto provide a low pro�le signature
to avoid detection.

The currentnetwork usesa detuned(low detectability)
40MHzradiofrequency (RF)carrier. Digital dataaretrans-
mitted from sensorsto themedicalhubutilizing a pseudo
randompushtransmissionscheme.Sensorsarefactoryset
with anidenti�cation number(ID) andrandomnumberta-
ble seed. Sensorsare suppliedoperatingin a deepsleep
modeandareactivatedthroughaninfrared(IR) port, by a
medicalhub. Activationassociatesa particularsensorwith
a particularhub. Thesensorin a seriesof initial transmis-
sionssendsits transmissionschedule(basedupon its ID
andrandomnumberseed)andclockinformationto thehub.
Knowing this information,thehub is ableto keepitself in
a sleepmode,poweringup fully only whenit knows to ex-
pectatransmissionfrom anassociatedsensor. Thisreduces
powerconsumptionin thehub(� 0.1%dutycycle)andalso
guards,to somedegree,againstcrosstalk from othersen-
sors.This “push-only”schemehasthebene�tsof allowing
sensorsto only carry transmissioncircuitry which is acti-
vatedon a known schedule,ratherthanbotha transmitter
andreceiver. In a “polled” scheme,a sensorwould need
to constantlypower thereceiver circuitry to listenfor data
polls,andhenceconsumemorepower. Sensorsin thecur-
rentnetwork sampleevery15 secondsandtransmitdataat
2400baudon averageevery 15 seconds.Thetransmission
interval canvary from 3 secondsto 27 secondsaccording
to thepseudorandomschedulewith eachtransmissiontime
interval having an equalprobability of occurrence.Each
sensormessageis 240bits long.
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Table1: Modelsfor estimatingthermalstate

2.2 ExampleScenario: Estimating the Thermal State

In thispaper, we focusmorecloselyon thewar�ghter ther-
malstate,andthesensorsandmodelswhichallow thermal
stateandits con�denceto bedetermined.In whatfollows,
wedescribeanexamplescenariofor estimatingthethermal
stateof asoldier.

The bestandmostcon�dent methodto assessthermal
stateis direct measurementof core body temperatureby
usingthenetwork-enabledingestiblepill. Whencorebody
temperatureis greaterthan39:5� C, thereis a high prob-
ability that the war�ghter is in thermalstrain. However,
this methodis impracticalfor continualuse. Thus, these
devices are reserved for use during high thermal stress
missions,while encapsulationin nuclear, biological, and
chemicalprotectivesuits,and/orif useis indicatedby other
algorithmsor medics.

Whenacoretemperaturepill is notbeingused,WPSM-
IC plansto usevariantsof two basictypesof modelsto
provide an estimateof thermalstate. The simplestmodel
is theThresholdModel [2] that takesinputsfrom two sen-
sorsmeasuringskintemperatureandheartrate.Undervery
low and high skin temperatures,the con�dence in states
producedby this modelis higherthanotherwise.For mid-
valuesof temperature,knowing heartratevaluesimproves
con�dence. The secondmodel is a �rst principlesmodel
similar to the USARIEM ScenarioModel [6], that takes
metabolicrate,environmentalconditions,clothingcon�g-
urationsandbiometricdataasinputsto estimatecorebody
temperature.Metabolic rate and the environmentalcon-
ditions are key drivers of this model. From the current
system,metabolicratecanbe derivedindependentlyfrom
heart rate, respirationrate, actigraphy, and geo-location
readingsin multiple ways with different con�dence lev-
els. Basedon these,Table 1 summarizessix alternative
modelsto estimatethermalstatetogetherwith thesensors
they are using. TSkin Model is a simpli�ed versionof
theThresholdModel,usingonly theskin temperaturesen-
sor. TheThresholdModel additionallyusestheheartrate
sensor. Models 1-3 representvariantsof the �rst princi-
ples model wheremetabolicrate is derived using differ-
ent setsof sensors:Model1 usesjust actigraphy;Model2
usesbothactigraphyandgeo-location;Model3usesactig-
raphy, geo-location,heartrateandrespirationrate.Finally,
TCoreModel usesthecoretemperaturepill. Eachalterna-
tive modelhascomplex algorithmsthatmapsensorvalues
to physiologicstateswith certaincon�dencelevels. The
detailsof thesealgorithmsareoutsidethescopeof this pa-

per.
Our thermalstateestimationproblemconsistsof three

majordimensionsthatdeterminethecon�dencelevels:

1. Model: The �rst factor is the model,andhencethe
set of sensors,that participatein the statecomputa-
tion. Input from a greaternumberof sensorsusually
increasesthecon�dencein thestate.This is not true
whenthecoretemperaturepill is used.However, the
coretemperaturepill is uniquein that it is a consum-
ablesensor, with acostlylogisticsandresupplytrain.

2. Latency: The secondfactor is the latency of sensor
messages.As readingsget older, their relevanceand
usefulnessto the modelsandstatealgorithmsdecay.
Thus, a latency decayfunction or “shelf-life” is de-
�ned for eachsensor. This functionmapslatency val-
uesmeasuredin secondsto decaycoef�cients. For
our examplescenario,all sensorsaresimply assumed
to have thefollowing exponentialdecayfunction2:

2� (dlatency =15e� 1) , where latency > 0

For example,a heartratereadingof age20 seconds
hasadecaycoef�cient of 0.5,i.e.,astatecomputation
that usesthis heart rate value would have its con�-
dencelevel degradedby 0.5. Whenmultiple sensors
are involved in a modelcomputation,we simply use
theiraveragelatency to computethedecaycoef�cient.
If sensorshaddifferentlatency decayfunctions,then
we would take an averageof their individual decay
coef�cients.

3. State: Finally, the third determinantof con�denceis
theoutputstate.For ourthermalstateestimationprob-
lem, the Greenstatecan be determinedwith higher
certaintythantheYellow andRedstates.

Next, we presentcon�denceassignmentson two of the
dimensions,Model and State. The latency dimensionis
basedon thedecayfunctionprovidedabove.

As mentionedearlier, physiologicmodelsare also af-
fected by the physical environment. In Table 2, we il-
lustratea detailedwork environmentscenario. The �rst
two columnsof this tableshow ninedifferentenvironment-
activity combinations. Work environmentconditionsare

2In general,it is morerealisticto choosedifferentdecayfunctionsfor
different sensors.For example,heartrate readingswould certainlyage
fasterthanambienttemperaturereadings.



TSkin Threshold Model1 Model2 Model3 TCore
Env. Work G Y R G Y R G Y R G Y R G Y R G/Y/R
cool low 80 76 72 90 85.5 81 95 90.25 85.5 95 90.25 85.5 95 90.25 85.5 100
warm low 80 76 72 90 85.5 81 95 90.25 85.5 95 90.25 85.5 95 90.25 85.5 100
hot low 60 57 54 80 76 72 95 90.25 85.5 95 90.25 85.5 95 90.25 85.5 100
cool med 70 66.5 63 90 85.5 81 95 90.25 85.5 95 90.25 85.5 95 90.25 85.5 100
warm med 50 47.5 45 70 66.5 63 80 76 72 90 85.5 81 95 90.25 85.5 100
hot med 40 38 36 60 57 54 70 66.5 63 80 76 72 90 85.5 81 100
cool high 40 38 36 60 57 54 90 85.5 81 95 90.25 85.5 95 90.25 85.5 100
warm high 20 19 18 40 38 36 60 57 54 70 66.5 63 80 76 72 100
hot high 5 4.75 4.5 20 19 18 50 47.5 45 60 57 54 75 71.25 67.5 100

Table2: Work Environmentmodelsto estimatethermalstateandtheir con�dencelevels

measuredindependentlyfrom the soldier (e.g. through
a weatherstation) and they are external to the soldier's
personalareasensornetwork. However, they directly af-
fect the con�dence achieved by the models. For each
environment-activity combination, con�dence levels for
six alternativemodelsareshown. Notethatthesevaluesare
representative values.EachmodelcanestimatetheGreen
(G) statewith the highestcon�dence. If a Yellow (Y) is
computed,this con�dencedegradesby 0.95; if a Red(R)
is computed,it degradesby 0.90. TCoreModel is an ex-
ceptionasits con�dencefor all statesis perfectdueto its
beinga direct measureof thermalstate. Note that as the
environmentmovesfrom cool to hot,andasactivity moves
from low to high, more typesof sensorsmay be needed
to maintaina high con�denceaboutthe soldier's thermal
state.

Theapplicationrequiresdifferentcon�dencelevelsde-
pendingon soldier's state. Table 3 shows the required
thresholdsfor our example. If a Greenstateis reported,
its con�dencehasto beat least50. If a Yellow stateis ob-
served,acon�dencevalueof atleast70is required.Finally,
if soldier'sstateis reportedto beRed,acon�dencevalueof
at least80 hasto beprovided. In otherwords,theapplica-
tion requireshighercon�dencefor moreimportantevents.
The goal is to operatethe sensornetwork in sucha way
that it deliversstateestimationswith suf�cient con�dence
levels.

State Con�denceThreshold
Green � 50
Yellow � 70

Red � 80

Table3: Requiredcon�dencethresholdsfor eachstate

2.3 The Push-OnlyTransmissionScheme

We simulatedthe existing push-onlysensornetwork on
CSIM [11]. We ran the alternative modelsof the exam-
ple scenariothroughthe simulator, using one model and
oneenvironment-work pair at a time. We assumedthatthe
soldieris in theGreenstate.Wemakethefollowing impor-
tantobservation:Modelsrequiringmoresensorsdonotal-

waysachievebettercon�dencelevels.Modelsperiodically
computestatesbasedon what hasmost recentlybeenre-
ceivedfrom theparticipatingsensors.Whenmoresensors
arepresentin the network, the frequency of packet colli-
sionsandmessagedropsincreases.Whenthemostrecent
measurementfrom a sensoris missing,statecomputation
at the hub hasto rely on a staleearlier readingfrom that
sensor. As mentionedbefore,staledatadegradesthecon�-
dencelevel associatedwith eachinstanceof modeloutput.
Figure2 showshow eachmodelbehavesunderthreeof the
environment-activity conditions. Model3, usingfour sen-
sorsto estimatemetabolicrate,achievesbettercon�dence
thanothermodels(exceptTCore)in the (warm,high) and
the(hot, high) caseswhich representrelatively high inten-
sity conditions.To generalizethis notion,deliveringhigh-
con�dencefor differentdetectiongoals(i.e.,thermalstress,
wounddetection,etc)demanddifferentmodels.

Figure2: Simulationof thepush-onlyscheme

3 Con�dence-basedData Management

In the WPSM context, datamanagementlargely concerns
the schedulingof datatransmissions.Frequenttransmis-
sion can in principle improve latency, but over zealous
transmissioncanwastepower and increasethe oddsof a
collision (i.e., lost data).In whatfollows,we discusstech-
niquesfor optimizing this tradeoff. We use con�dence
modelingastheprimaryway to inform thesedecisions.



Model AverageCon�dence % Drop
Model 1 64.92 0
Model 2 72.73 1.98
Model 3 77.75 5.79

All Models 79.22 5.71

Table4: Model redundancy simulationresults

3.1 Exploiting Redundancy

Physiologicstatescanbe estimatedwith higher certainty
by allowing redundancy at severallevels.

Model Redundancy. All alternative modelsto estimatea
particularstatecanrun concurrently. As we have demon-
strated, various factors like sensorvalues and latency
decaymay causeonemodel to achieve highercon�dence
thananother. By runningthe modelssimultaneously, one
canobtainmultiple stateestimationsat differentlevels of
certaintyand the onewith the highestcon�dencecan be
picked. Table4 shows preliminary resultsfrom a model
redundancy simulationfor a changingwork environment
scenario.We againassumethatthesoldieris in theGreen
state.Models1-3 arerun bothseparatelyandall together.
The work environmentis initially set to (cool, high) and
then graduallychangedto (warm, high) and (hot, high).
Whenall modelsareredundantlyrun together, theaverage
con�dence is the highest. Models 1 and 2 have fewer
dropsdueto fewer sensorssharingthechannels.Model3
andAll Modelsusefour sensorsandthey bothexperience
higherpercentmessagedrop dueto collisions. Note that
All Modelslosesaroundthe samepercentof messagesas
Model3 alone,but achieveshigheraveragecon�dence.

Data Redundancy. Sensorreadingscan be transmitted
multiple times. A sensormessagenot only containsthe
mostrecentreading,but alsothepreviousreadingaswell.
This type of redundancy is useful when the model to be
computednot only requiresthe mostrecentsensorvalue,
but a valid sensorreadingevery certaintime period. This
increasestheprobabilitythata readingwill getthrough.

Obviously, allowing redundancy hasdrawbacksin terms
of resourceconsumption.Runningall modelsat thesame
time increasesnetwork traf�c andmessageloss.Similarly,
repeatingreadingsin multiplemessagesincreasesmessage
lengths,thus consumingbandwidthand expendingaddi-
tional batterypower. Therefore,thedegreeof redundancy
hasto beadjustedbasedonatradeoff betweendesiredlevel
of con�dence,variability of theconditionsaffectingcon�-
dence,andresourceconsumption.

3.2 Adjusting Sampling Rates

In the current deployable network, sensorscome with
factory-settransmissionschemes.Thus,theirsamplingand
transmissionperiodsarenot adjustable.However, we be-
lieve that con�dencelevelsandnetwork lifetime couldbe
considerablyimprovedby dynamicallyadjustingthesesen-

sorparametersto matchtherequirementsof thephysiolog-
ical models. Thus,we foreseea needto incorporatetwo-
way communicationinto futuresensordesigns.Of course,
wemustbeableto show thattheextrapowerneededto run
thereceiver is worth it.

In general,sensorsreportingwith high frequency feed
low-latency valuesinto themodels,but messagesaremore
likely to getdroppeddueto collisions.In theextremecase,
high dataratescan translateinto high latency as well as
extensive energy consumption. On the other hand, low-
frequency transmissionsseldomgetdroppedandusepower
economically, but they maynot refreshthemodelsasoften
asneeded.Eachsensor's samplingrateshouldbeadjusted
betweenthesetwo extremesbasedonmodelrequirements.

One thing to consideris the sharingbetweenrunning
models.Thereare� ve differentareaswherestateestima-
tion is needed.Eachareamay also run multiple models
concurrently. Eachmodelrequiresreadingsfrom a certain
subsetof the sensors.Sensorscould be ranked basedon
how many modelsthey arefeeding.Also, importanceof a
statecouldbeconsidered.For example,WoundDetection
may be moreimportantthanCognitive State. Sensorsin-
volvedin WoundDetectionshouldhave higherrank. Sen-
sorsof high rankshouldhave shortersamplingandreport-
ing periods.

A secondconsiderationis the latency decayfunctions
of thesensors.A cumulative latency decayfunctioncould
be de�ned basedon functionsof all sensorsinvolved in a
modelcomputation.This functionwould indicatehow of-
tenthatmodelhasto berefreshedto preserveits con�dence
level. As mentionedbefore,somesensorscanhavestricter
latency requirementsthanothers. For example,heartrate
readingsagefasterthantemperaturereadings.This implies
thattheheartratesensormustupdatemoreoften,illustrat-
ing the notion that refreshperiodsareapplicationdepen-
dent.

3.3 Bi-dir ectionalData Communication

Thesensornetwork usedin thedescribedapplicationis de-
signedto be push-only, wheredata �o ws in a single di-
rection,from sensorsto thehub. Sensorsdo not have any
receivers,but only transmitters.The rationalebehindthis
kind of a setupis threefold.First, it useslesspower since
no sensorwastesbatteryby listeningto thenetwork. Sec-
ond,messagelossis smallsincecollisionsareexpectedto
occur lessfrequently. Last but not least,push-onlysen-
sorsaremuchcheaperto build. However, thisdesignlimits
many potentialoptimizationsthatcouldbeperformedatthe
receiverhub.

Thereceiverhubis theonly pointin thenetwork thathas
acompleteview of all thesensorsandall thephysiological
modelswith theircon�dencerequirements.As such,it can
make thebestjudgementabouthow to deliver high con�-
dencestatesin an ef�cient way. However, in a push-only
scheme,it hasno control over sensortransmissions.The
hubmustbeableto ”pull” from thesensorsasneeded.

With atwo-waycommunicationmodel,wecanaccumu-



lateminimalsensorreadingsin orderto populatethelower-
con�dencemodels.Typically, the amountof dataandthe
latency requirementsarelower for low con�denceresults.
In thissituation,if wegetanalertfor a thermalstressevent
with a low con�dence,we canthencontactthesensorsto
collect more data in order to feed the higher con�dence
models.Thus,we only spendbandwidthandpower when
it is needed.In otherwords,in thenormaloperatingcase,
it is bestto run leanat theexpenseof con�dence.Whenan
importantbut low con�denceeventis observed,weexpend
more resourcesto con�rm or deny it. We now illustrate
this point on our work environmentexamplepresentedin
Section2.2. As shown in Table3, our applicationhasdif-
ferentcon�dencerequirementsdependingon thesoldier's
state.Theserequirementscanbemet in multiple waysus-
ing alternative models. For example, if the soldier is in
theGreenstateandunderthe (hot, high) condition,Mod-
els 1-3 and TCore Model can deliver enoughcon�dence
(� 50). Among thesemodels,Model1 is the mostdesir-
ableone. First of all, Model1usesonly onesensor. Thus,
network bandwidthdoesnot have to be sharedwith other
sensors.The network lifetime with onesensorwould be
muchlongerastheenergy consumptionat thehub is pro-
portionalto thethenumberof sensorsit is communicating
with. Finally, the actigraphysensorusedby Model1 is a
muchcheaperalternative thanusingthe coretemperature
pill. If we apply this heuristicof “using asfew sensorsas
possible”to all conditionandstatecombinationsin Table
2, we endupwith modelpreferencesshown in Table5.

To show the performancebene�t of this heuristic,we
considereda scenariowhere the soldier is in a (hot,
medium)environmentand is initially in the Greenstate.
Then his state gradually changesto Yellow and Red.
Model3deliversenoughcon�dencefor all of thesestates.
Therefore,we ran one simulationwhereonly Model3 is
used.In a secondsimulation,we startedout with Model1
andchangedto Model2only whensoldierenteredYellow
state,when Model1 can not deliver enoughcon�dence.
Similarly, when the soldier's statechangedto Red, we
switchedfrom Model2 to Model3 so that con�dence is
above the requiredthreshold. This secondrun simulates
the behavior of a hub pulling from sensorsas necessary.
Initially, it only pulls from theactigraphysensor;thenthe
geo-Locationsensoris added;and�nally , heartratesand
respirationratesarepulled. We further assumedthat the
main determinantof network lifetime is the batteryat the
hubwhich is about1800mAHrs. Additionally, we assume
that eachsensorthat is turnedon hasa currentdraw of
50mA; i.e, if this sensoris left on for anhour, it will con-
sume50mAHrsof the total 1800mAHrsbattery. Thenwe
comparedthesetwo simulationsin termsof network life-
time. The�rst simulationrunsoutof hubbatteryin 9 hours
whereasthe secondonecansurvive more than14 hours.
Thissimplescenarioclearlydemonstrateshow apull-based
modelcouldconserveenergybasedonmodelandsituation-
speci�c con�dencerequirements.

In a way, bi-directionalcommunicationenablesswitch-

Env. Work G Y R
cool low TSkin/Model1 TSkin/Model1 Model1
warm low TSkin/Model1 TSkin/Model1 Model1
hot low TSkin/Model1 Model1 Model1
cool med TSkin/Model1 Model1 Model1
warm med TSkin/Model1 Model1 Model2
hot med Model1 Model2 Model3
cool high Model1 Model1 Model1
warm high Model1 Model3 TCore
hot high Model1 Model3 TCore

Table5: Model preferencesbasedon thenumberof sensors

ing betweenalternativeestimationmodelsdynamically. As
such,it is a muchmoreef�cient alternative to the redun-
dancy approachproposedin Section3.1.

Two-way communicationis alsomore�e xible thanthe
samplingrate adjustmentapproachdiscussedin Section
3.2. Sensortransmissionratescaneffectively be adjusted
by changingthepull frequency at thehub.

4 RelatedWork

There is a growing body of researchon sensornetwork
datamanagement.TinyDB [18] andCougar[4] aretwo ex-
amplequeryprocessingsystemsfor multi-hopsensornet-
works.Thesesystemsemphasizein-network processingof
declarativequeriesto reducedatacommunicationsandbat-
tery usage.TinyDB especiallyfocusesonacquisitionalas-
pectsof query processinglike where,whenand how of-
ten datashouldbe collectedfrom the sensors[9]. Sen-
sorsamplingratesareadjustedbasedoneventandlifetime
speci�cationsof queries. Cougarusessensorupdateand
queryoccurrenceprobabilitiesfor view selectionandloca-
tion on top of a carefullyconstructedaggregationtree[4].
Schedulingtechniquesto overcomecollisionsin thesensor
network arealso explored in this project. Thesesystems
aredesignedto serve monitoringapplicationsthat spana
larger or dif�cult to reachgeographicalareathanthe per-
sonalareacase,wheremulti-hopsensorcommunicationis
a necessity(e.g.,habitatmonitoring).

More relevant to our problem are quality-driven ap-
proaches. As an example, TiNA exploits temporalco-
herency tolerancespeci�cationsof usersin in-network pro-
cessingto tradeoff betweenresultquality andenergy con-
servation [17]. Sensorreadingsare reportedonly if they
differ from an earliervalueby a certainamount. Another
exampleis the QUASAR project [8], which alsoexploits
applications'toleranceto imprecisionto minimizeresource
consumption. As a more closely relatedwork to ours, a
model-drivenapproachfor dataacquisitionin sensornet-
workshasbeenrecentlydevelopedby Deshpandeet al [5].
A probabilisticmodel of the sensornetwork datais cre-
atedbasedon a history of readingsfrom sensorsandcor-
relationsbetweenthem.Queriescanbeapproximatelyan-
sweredbasedon this model. If con�dencerequirements
cannot bemetby themodelalone,thenthesensorsin the
network needto be queried. The modelis alsore�ned as



morereadingsarereceived.In theapplicationthatwecon-
sider, multiple complex modelsexist to estimatephysio-
logical statesof a soldier. Eachmodelusesa differentset
of sensors.Thesemodelsand their con�dencelevels are
well-de�ned. Ratherthanbuilding andre�ning themodels,
weconcentrateonef�cient dataacquisitionfrom sensorsto
estimatestateswith acceptablecon�denceusingalternative
models.

Thereis somerelatedwork ondatamanagementfor per-
sonalareasensornetworks as well. For example, a re-
centwork proposesa queryprocessingsystemfor health-
carebio-sensornetworks [3]. Patientheartratesaremon-
itored using electrocardiogram(ECG) and accelerometer
sensors.Multiple ECGsensorshave to beworn for a com-
pletemeasurementof theelectricalactivity of thepatient's
body. Furthermore,if thepatientmoves,ECGsignalsmay
be corrupted. Therefore,readingsfrom an accelerometer
sensorhave to becorrelatedwith ECGreadingsfor amore
reliableresult.Thisapplicationhassimilar sensornetwork
uncertaintyconcernsasours. However, the focusof this
work is onqueryprocessingat thebasestation.We believe
ourcon�dence-basedapproachcouldbeusedatthedataac-
quisitionphasesof thissystemto improvequeryresults.In
thesamedomain,CodeBlueis a wirelesscommunications
infrastructurefor medicalcareapplications[10]. It is based
on publish/subscribedatadelivery wheresensorsworn by
patientspublishstreamsof vital signsandgeographicloca-
tionsto whichPDAs or PCsaccessedby medicalpersonnel
cansubscribe.Secureandad hoc communication,priori-
tization of critical data,and effective allocationof emer-
gency personnelin caseof masscasualtyeventsaremajor
emphasesof this project.

Finally, wirelesssensornetworks arealsoa subjectof
recentresearchin thenetworkingcommunity. Of particular
relevanceto our work areMAC (MediumAccessControl)
protocolsthatdeterminewhenandhow thenetwork nodes
coordinateto sharea broadcastchannel[19]. Collision
avoidanceis amajorconcernin theseprotocols.S-MAC is
onesuchprotocolwheresensornodesperiodicallysleepto
reduceenergy consumptionby avoiding idle listening[20].
While suchprotocolsmake the underlyingnetwork more
reliable in power-ef�cient ways, they are unawareof the
application-speci�crequirements,like con�dencelevelsin
ourWPSM-ICapplication.

5 Future Dir ections

In this paper, we presenteda challengingsensornetwork
application which can highly bene�t from various data
managementstrategies as evidencedby our initial simu-
lation results. We arecurrentlyworking on makingthese
strategiesoperationalontherealnetwork. In thefuture,we
areplanningto extendthiswork in severaldirections.A po-
tential researchdirectioninvolvestreatingsensorreadings
ascontinuouswaveformswith integrity constraints.If sen-
sorvaluescouldbenoisyor erroneous,earliervaluescould
verify or deny con�dence of the latestvalue. We could
alsodecidewhento pull from sensorsbasedon whatval-

ueshave recentlybeenreceived. If recentheartrateread-
ingssuggestthattheheartratecouldnothavegonebeyond
normalthresholdsincethelastreading,thenwedonotneed
to receivea new heartratereport.

WPSM-ICis currentlyconcernedwith dismountedwar-
riors andthemanagementof their personalareanetworks.
Thegoalat thispoint is to createasummaryof thesoldier's
physiologicalstateat the hub. In the future, this statein-
formationwould bedisseminatedto otherbattle�eld units.
Thismight includemobilemedicswhoaredeployedin the
theaterof operationor to advanced�eld hospitalsthatare
preparedto dealwith both preventionof potentialcasual-
tiesaswell asmanagementof known casualtiesof various
kinds.Theinformationthatisuploadedbeyondtheindivid-
ual soldierwouldbeusedfor someform of remotetriage.

The remotetriage problem,of course,comeswith its
own technicalchallenges.Similar reportsfrom morethan
oneco-locatedsoldiermight beanindicationof a particu-
lar kind of attack.Physiologicalstatusreportsfrom many
soldierscanbeusedto prioritize treatment.In thesecases,
the medicmight �nd that the reportedcon�dencelevel is
not high-enoughto warrant the deployment of an ambu-
lance. Instead,themedicmaycontactthesoldier's hub to
amplify thecon�denceto somegivenlevel. This might re-
quirea greatexpenditureof resource,but in anemergency,
theinvestmentis likely worth it.
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