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Abstract databasenanagemensystemgDBMS) that run on large

Themilitary isworkingonembeddingensorén a
“smartuniform” thatwill monitor key biological
parameterdo determinethe physiologicalstatus
of asoldier Thesoldier's statuscanonly bedeter
minedaccuratelyby combiningthereadingsfrom
several sensorausing sophisticateghysiological
models. Unfortunately the physicalervironment
andthe low-bandwidth push-baseg@ersonal-area
network (PAN) introduceuncertaintyin theinputs
to the models. Thusthe model must producea
con dencelevel aswell asa physiologicalstatus
value. This paperexploreshow con dence lev-
elscanbeusedto in uence datamanagemernde-
cisions. In particular we look at power-ef cient
waysto keepthecon denceabove agiventhresh-
old. We alsocontraspush-basetiroadcassched-
uleswith otherscheduleghat are madepossible
by two-way communication.

1 Intr oduction

Datamanagemertiastraditionally beenresenedfor large
comple softwareervironmentsn which hugeamountsof
datamust be processedvith limited resources. Modern
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back-ofce senersarethe mostwell-known embodiment
of this kind of technology Researcherbave recentlyre-

alizedthat similar technologiesare neededn smalleren-

vironmentsin which resourcdimitations arealsoanissue
[9, 4]. In sensoibasedapplicationshbandwidthandbattery
power aretypically the scarceresources.

This paperlooks at a real sensotbasedapplicationin
which resultsarecomputedalongwith a con dencevalue.
The datamanagemengamethat we play hereis to set
transmissiorparametergstatically or dynamically)in or-
derto achieve the highestcon denceonly whenthe appli-
cationrequiresit. Our techniqueause stratgjiesthat are
informedby the con dencemodelsto consere bandwidth
andpower. We discusstheseideasandsomepossibleap-
proachesn termsof amilitary physiologicsensingapplica-
tion. Our main contritutionis in theway thatcon dences
canbeusedin this particularapplication.

The war ghter's workplace has unique occupational
challenges:from missiondemandsthe ervironment,and
combatinjuries. Moderndismountedsoldierscommonly
engagein intense,mentally and physically demanding3-
10 day missionsoftenin ruggedterrainor comple< urban
settings Warriorscarry heary loadsandareoftenfood and
sleep-restrictedErnvironmentalkonditionscanvary widely
in terms of ambienttemperature humidity, wind speed,
barometricpressureand the like. In non-war modethe
military cansuffer over 120 heatcasualtiesa year[1]. Un-
der or over hydrationcan decremenphysicaland cogni-
tive performanceandincreasehe risk of heatinjury, hy-
ponatremiapr death[14, 15, 16]. Addedto the harshen-
vironmentis the possibility of receving a wound. Once
awar ghter hasbecomea casualtyit is critical thattreat-
mentis receved quickly during the “golden hour”, which
is the shortperiodof time whenpropermedicaltreatment
canmeanthedifferencebetweerlife anddeath.It hasbeen
suggestethat20%of thesedeathsouldbepreventedwith
rapidintervention[13]. Thereforewearablephysiological
and medicalstatusmonitoring can play animportantrole
in: sustainingphysicalandmentalperformancereducing



thelik elihoodof non-battleénjuriessuchasheatstroke,and
provide remotenoti cation and medicalstatusof a casu-
alty.

In this paper we rst describethe War ghter Phys-
iologic StatusMonitoring (WPSM) applicationin detail
in Section2, wherewe also presentan examplescenario
andshowv how the sensometwork beharesunderthis sce-
nario. We discusspotentialdatamanagementechniques
thatwould improve the existing network in Section3. We
presentsomepreliminary simulationresultsin supportof
thesediscussions.Section4 summarizegelatedwork in
thearea.We concludethe papemy discussinduturedirec-
tionsin Sectionb.

2 The WPSM Application
2.1 The SensorSystem

The Medical Researchand Material Command(MRMC)
underits War ghter PhysiologicStatusMonitoring - Initial
Capability (WPSM-IC) programis developingwhatis es-
sentiallya wellnessmonitor for eachsoldier This system
is comprisedf a medicalhubwhich hostsa personabrea
network of physiologicand medical sensorsand a num-
ber of algorithms. The algorithmsestimatethe state of
thewar ghter in thefollowing areas:Therma) Hydration,
Cognitive Life Signs andWbundDetection Eachareahas
four potentialstateshatare codedby color. Greenrepre-
sentsnormal-noactionis required;Yellow meansrequires
attention; Redcalls for immediateaction; and Blue indi-
catesasystenfault. For eachareas state thehubalsoesti-
matesacon dencelevel. Con dencerefersto theaccurag
level of the stateestimatedy a model.

The statesfor eachmedical and physiologic areaare
basedupon input to the statealgorithmsfrom a number
of sensordlistributedarounda war ghter's body, uniform
and equipment,aswell as outputsfrom other algorithms
residentin the medicalhub Figure 1 shavs a schematic
of the currentWPSM-IC sensorsystemand the physical
placementof sensorequipmenton a war ghter. The in-
gestible thermometemill is network-enabled,and mea-
suresthetemperaturef the stomachandintestineswhich
is usuallya goodindicationof body coretemperatureThe

uid intake monitor measureghe amountof uid con-
sumedthrougha bladderstyle canteen. The life sign de-
tectionsenso(LSDS)is anintegratedsystemwith multiple
parameterandalgorithmsincluding heartrate,respiration
rate,body orientation,actigraphy!, andskin temperature.
The LSDS also has an integratedballistic impact detec-
tion device which providesan alert whenon-bodyacous-
tic signalsare detectedhatindicatethe probability that a
ballistic projectile hasimpactedthe war ghter. The sleep
performancavatchtreatssleepasa consumableuantity
measurest, andusesanalgorithmto equatethis to appar
entcognitive readinessThe soldieralsocarriesa GPSand
othertechnologiesvhich reporthis geographidocation.

1Actigraphyis ameasuref activity patterng7].
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Figurel: WPSM-IC SensoiSystem

The sensorareconnectedo the medicalhubby a pro-
prietarywirelessRF network [12]. Thenetwork wasdevel-
opedwith a numberof key requirementsiniqueto a mil-
itary operationakervironment. The network neededo be
very low power, to allow miniaturephysiologicsensorgo
run for weekswithout the needof batteryrechage or re-
placementandalsohave anability to rejectcrosstalk and
interferencefrom similar networks borneby othersoldiers
whencongrgatedin closeproximity to eachother In ad-
dition, the network hadto provide a low pro le signature
to avoid detection.

The currentnetwork usesa detuned(low detectability)
40MHzradiofrequeny (RF) carrier Digital dataaretrans-
mitted from sensorgo the medicalhub utilizing a pseudo
randompushtransmissiorscheme Sensorsarefactoryset
with anidenti cation number(ID) andrandomnumberta-
ble seed. Sensorsare suppliedoperatingin a deepsleep
modeandareactivatedthroughaninfrared(IR) port, by a
medicalhuh Activationassociatea particularsensomwith
a particularhub Thesensolin a seriesof initial transmis-
sionssendsits transmissionschedule(baseduponits ID
andrandomnumberseedandclockinformationto thehuh
Knowing this information,the hubis ableto keepitself in
asleepmode,poweringup fully only whenit knowsto ex-
pectatransmissiorirom anassociatedensarThisreduces
powerconsumptionn thehub( 0.1%duty cycle)andalso
guardsto somedegree,againstcrosstalk from othersen-
sors.This“push-only” scheméhasthe bene tsof allowing
sensorgo only carry transmissiortircuitry which is acti-
vatedon a known scheduleyatherthanboth a transmitter
andrecever. In a“polled” schemea sensomwould need
to constantlypower the recever circuitry to listenfor data
polls, andhenceconsumeamorepower. Sensorsn the cur-
rentnetwork sampleevery 15 secondaindtransmitdataat
2400baudon averageevery 15 secondsThetransmission
interval canvary from 3 secondgo 27 secondsaccording
to thepseudaandomschedulavith eachtransmissiornime
interval having an equalprobability of occurrence.Each
sensomessagés 240bits long.



[ Model [ SkinTemp.| HeartRate | Actigraphy | Geo-Location] Resp.Rate | Pill | # Sensors|

TSkin n n 1
Threshold i i n 2
Modell o p 1
Model2 n n n n 2
Model3 il il B B n 4
TCore il 1

Tablel: Modelsfor estimatingthermalstate

2.2 Example Scenario: Estimating the Thermal State

In this paperwe focusmorecloselyonthewar ghter ther
mal state andthe sensor&ndmodelswhich allow thermal
stateandits con denceto be determinedIn whatfollows,
we describeanexamplescenaridor estimatinghethermal
stateof a soldier

The bestand mostcon dent methodto assesshermal
stateis direct measurementf core body temperatureby
usingthenetwork-enabledngestiblepill. Whencorebody
temperaturds greaterthan 39:5 C, thereis a high prob-
ability that the war ghter is in thermalstrain. However,
this methodis impracticalfor continualuse. Thus, these
devices are resened for use during high thermal stress
missions,while encapsulationin nuclear biological, and
chemicalprotective suits,and/orif useis indicatedby other
algorithmsor medics.

Whena coretemperaturill is notbeingused WPSM-
IC plansto usevariantsof two basictypesof modelsto
provide an estimateof thermalstate. The simplestmodel
is the ThresholdModel [2] thattakesinputsfrom two sen-
sorsmeasuringkintemperaturandheartrate.Undervery
low and high skin temperaturesthe con dencein states
producedy this modelis higherthanotherwise.For mid-
valuesof temperatureknowing heartratevaluesimproves
con dence. The secondmodelis a rst principlesmodel
similar to the USARIEM ScenarioModel [6], that takes
metabolicrate, environmentalconditions,clothing con g-
urationsandbiometricdataasinputsto estimatecorebody
temperature. Metabolic rate and the ervironmentalcon-
ditions are key drivers of this model. From the current
systemmetabolicrate canbe derivedindependentlfrom
heart rate, respirationrate, actigraphy and geo-location
readingsin multiple ways with differentcon dence lev-
els. Basedon these,Table 1 summarizessix alternatve
modelsto estimatethermalstatetogetherwith the sensors
they are using. TSkin Model is a simpli ed version of
the ThresholdViodel, usingonly the skin temperatureen-
sor. The ThresholdModel additionally usesthe heartrate
sensor Models 1-3 representvariantsof the rst princi-
ples model where metabolicrate is derived using differ-
ent setsof sensors:Modell usesjust actigraphy;Model2
usesbothactigraphyandgeo-locationModel3 usesactig-
raphy geo-locationheartrateandrespiratiorrate. Finally,
TCoreModel usesthe coretemperaturgill. Eachalterna-
tive modelhascomplex algorithmsthat mapsensowalues
to physiologicstateswith certaincon dencelevels. The
detailsof thesealgorithmsareoutsidethe scopeof this pa-

per
Our thermalstateestimationproblemconsistsof three
majordimensionghatdeterminghecon dencelevels:

1. Model: The rst factoris the model,and hencethe
setof sensorsthat participatein the statecomputa-
tion. Input from a greatemumberof sensorsusually
increaseghe con dencein the state. This is not true
whenthe coretemperaturepill is used.However, the
coretemperaturgill is uniquein thatit is a consum-
ablesensoywith acostlylogisticsandresupplytrain.

2. Latency: The secondfactoris the lateng of sensor
messagesAs readingsget older, their relevanceand
usefulnesgo the modelsand statealgorithmsdecay
Thus, a latengy decayfunction or “shelf-life” is de-
ned for eachsensor This functionmapslateng val-
uesmeasuredn secondgo decaycoefcients. For
our examplescenarioall sensoraresimply assumed
to have thefollowing exponentialdecayfunctior?:

2 (dawency =15 1) " \yhere latency > O

For example,a heartrate readingof age20 seconds
hasadecaycoefcient of 0.5,i.e.,astatecomputation
that usesthis heartrate value would have its con -
dencelevel degradedby 0.5. Whenmultiple sensors
areinvolvedin a model computationwe simply use
theiraveragdateng to computethedecaycoefcient.

If sensordaddifferentlateny decayfunctions,then
we would take an averageof their individual decay
coefcients.

3. State: Finally, thethird determinanbf con denceis
theoutputstate.For ourthermalstateestimatiorprob-
lem, the Greenstatecan be determinedwith higher
certaintythanthe Yellow andRedstates.

Next, we presentton denceassignmentsn two of the
dimensions Model and State. The latengy dimensionis
basedon the decayfunctionprovidedabove.

As mentionedearlier physiologicmodelsare also af-
fected by the physical ervironment. In Table 2, we il-
lustratea detailedwork ernvironmentscenario. The rst
two columnsof thistableshow ninedifferentervironment-
activity combinations. Work environmentconditionsare

2In generaljt is morerealisticto choosedifferentdecayfunctionsfor
different sensors.For example, heartrate readingswould certainly age
fastethanambienttemperatureeadings.



TSkin Threshold Modell Model2 Model3 TCore

Env. | Work | G Y R G Y R G R G Y R G Y R G/YIR
cool low [ 80 76 72|90 855 81]95 90.25 855] 95 90.25 855 95 90.25 85.5| 100
warm | low [ 80 76 7290 855 81|95 90.25 855[ 95 90.25 855| 95 90.25 855| 100
hot low 60 57 54 | 80 76 72195 90.25 855| 95 90.25 855| 95 90.25 855 100
cool med | 70 66.5 63 | 90 855 81|95 90.25 855| 95 90.25 855| 95 90.25 855 100
warm | med | 50 475 45| 70 66.5 63| 80 72 90 855 81 95 90.25 855 100
hot med | 40 38 36 | 60 57 541 70 66.5 63 80 76 72 90 855 81 100
cool high | 40 38 36 | 60 57 54190 85.5 81 95 90.25 855| 95 90.25 855 100
warm | high | 20 19 18 | 40 38 36 | 60 54 70 66.5 63 80 76 72 100
hot high 5 475 45| 20 19 18 | 50 475 45 60 57 54 75 71.25 675 100

Table2: Work Environmentmodelsto estimatethermalstateandtheir con dencelevels

measuredndependentlyfrom the soldier (e.g. through
a weatherstation) and they are external to the soldier's

personalareasensometwork. However, they directly af-

fect the con dence achieved by the models. For each
ervironment-actvity combination, con dence levels for

six alternatve modelsareshavn. Notethatthesevaluesare
representatie values. Eachmodelcanestimatethe Green
(G) statewith the highestcon dence. If a Yellow (Y) is

computedthis con dencedegradesby 0.95;if a Red(R)

is computed,t degradesby 0.90. TCore Model is an ex-

ceptionasits con dencefor all statess perfectdueto its

being a direct measureof thermalstate. Note that asthe
ervironmentmovesfrom cool to hot, andasactiity moves
from low to high, more typesof sensorsmay be needed
to maintaina high con denceaboutthe soldier's thermal
state.

The applicationrequiresdifferentcon dencelevelsde-
pendingon soldier's state. Table 3 shows the required
thresholdsfor our example. If a Greenstateis reported,
its con dencehasto beatleast50. If a Yellow stateis ob-
sened,acon dencevalueof atleast70is required.Finally,
if soldier'sstateis reportedo beRed,acon dencevalueof
atleast80 hasto be provided. In otherwords,the applica-
tion requireshighercon dencefor moreimportantevents.
The goal is to operatethe sensometwork in sucha way
thatit deliversstateestimationswvith sufcient con dence
levels.

[ State | CondenceThreshold|

Green 50
Yellow 70
Red 80

Table3: Requiredcon dencethresholdgor eachstate

2.3 The Push-Only TransmissionScheme

We simulatedthe existing push-only sensornetwork on
CSIM [11]. We ran the alternatve modelsof the exam-
ple scenariothroughthe simulator using one model and
oneervironment-work pair atatime. We assumedhatthe
soldieris in the Greenstate.We make thefollowing impor-
tantobsenation: Modelsrequiringmoresensorglo not al-

waysachieve bettercon dencelevels. Modelsperiodically
computestatesbasedon what hasmostrecentlybeenre-
ceivedfrom the participatingsensors Whenmore sensors
are presentin the network, the frequeng of paclet colli-
sionsandmessagelropsincreasesWhenthe mostrecent
measuremenfrom a sensolis missing,statecomputation
at the hub hasto rely on a staleearlierreadingfrom that
sensorAs mentionecbefore staledatadegradeghecon -
dencelevel associatedvith eachinstanceof modeloutput.
Figure2 shovs how eachmodelbehaesunderthreeof the
ervironment-actvity conditions. Model3, using four sen-
sorsto estimatemetabolicrate,achiezesbettercon dence
thanothermodels(exceptTCore)in the (warm, high) and
the (hot, high) caseswhich representelatively high inten-
sity conditions. To generalizehis notion, delivering high-
con dencefor differentdetectiorgoals(i.e., thermalstress,
wounddetectiongtc) demandlifferentmodels.

Figure?2: Simulationof the push-onlyscheme

3 Con dence-basedData Management

In the WPSM contet, datamanagemeniargely concerns
the schedulingof datatransmissions.Frequenttransmis-
sion can in principle improve lateng, but over zealous
transmissiorcan wastepower and increasethe oddsof a

collision (i.e., lost data).In whatfollows, we discusgech-

niquesfor optimizing this tradeof. We use con dence

modelingasthe primaryway 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 redundang simulationresults

3.1 Exploiting Redundancy

Physiologicstatescan be estimatedwith higher certainty
by allowing redundang at severallevels.

Model Redundancy All alternatve modelsto estimatea
particularstatecanrun concurrently As we have demon-
strated, various factors like sensorvalues and lateng/

decaymay causeone modelto achieve highercon dence
thananother By runningthe modelssimultaneouslyone
canobtain multiple stateestimationsat differentlevels of

certaintyand the one with the highestcon dence canbe
picked. Table 4 shaws preliminary resultsfrom a model
redundang simulationfor a changingwork environment
scenario.We againassumehatthe soldieris in the Green
state.Models 1-3 arerun both separatelyandall together
The work ervironmentis initially setto (cool, high) and
then gradually changedto (warm, high) and (hot, high).

Whenall modelsareredundantlyrun togetheythe average
con dence is the highest. Models 1 and 2 have fewer

dropsdueto fewer sensorsharingthe channels.Model 3

andAll Modelsusefour sensorsandthey both experience
higher percentmessageirop dueto collisions. Note that
All Modelslosesaroundthe samepercentof messagess
Model 3 alone,but achiereshigheraveragecon dence.

Data Redundancy Sensorreadingscan be transmitted
multiple times. A sensormessagenot only containsthe
mostrecentreading,but alsothe previousreadingaswell.
This type of redundang is usefulwhenthe modelto be
computednot only requiresthe mostrecentsensowalue,
but a valid sensoreadingevery certaintime period. This
increasesheprobabilitythatareadingwill getthrough.
Obviously, allowing redundang hasdravbacksn terms
of resourceconsumption.Runningall modelsat the same
timeincreasesetwork traf c andmessagéoss. Similarly,
repeatingeadingsn multiple messagescreasesnessage
lengths, thus consumingbandwidthand expendingaddi-
tional batterypower. Therefore the degreeof redundang
hasto beadjustedhasednatradeof betweerdesiredevel
of con dence,variability of the conditionsaffectingcon -
denceandresourceconsumption.

3.2 Adjusting Sampling Rates

In the current deployable network, sensorscome with
factory-setransmissiorschemesThus,theirsamplingand
transmissiorperiodsare not adjustable.However, we be-
lieve thatcon dencelevels andnetwork lifetime could be
considerablymprovedby dynamicallyadjustingthesesen-

sorparameterso matchtherequirementsf the physiolog-
ical models. Thus,we foreseea needto incorporatetwo-
way communicatiorinto future sensodesigns.Of course,
we mustbeableto shawv thatthe extrapowerneededo run
thereceveris worthit.

In general,sensorgeportingwith high frequengy feed
low-lateng valuesinto the models but messagearemore
likely to getdroppeddueto collisions.In theextremecase,
high dataratescan translateinto high lateny aswell as
extensve enegy consumption. On the other hand, low-
frequeng transmissionseldomgetdroppedandusepower
economicallybut they maynotrefreshthe modelsasoften
asneeded Eachsensors samplingrateshouldbe adjusted
betweerthesetwo extremeshasedn modelrequirements.

Onething to consideris the sharingbetweenrunning
models. Thereare ve differentareaswherestateestima-
tion is needed. Eachareamay also run multiple models
concurrently Eachmodelrequiresreadingsrom a certain
subsetof the sensors.Sensorcould be ranked basedon
how mary modelsthey arefeeding. Also, importanceof a
statecould be consideredFor example,WoundDetection
may be moreimportantthan Cognitive State. Sensorsn-
volvedin WoundDetectionshouldhave higherrank. Sen-
sorsof high rank shouldhave shortersamplingandreport-
ing periods.

A secondconsiderationis the lateny decayfunctions
of the sensorsA cumulative lateng decayfunction could
be de ned basedon functionsof all sensorsnvolvedin a
modelcomputation.This function would indicatehow of-
tenthatmodelhasto berefreshedo presereits con dence
level. As mentionedbefore,somesensorganhave stricter
lateng requirementghanothers. For example,heartrate
readingsagefasterthantemperatureeadings Thisimplies
thatthe heartratesensomustupdatemoreoften,illustrat-
ing the notion that refreshperiodsare applicationdepen-
dent.

3.3 Bi-dir ectional Data Communication

Thesensonetwork usedin thedescribedpplicationis de-
signedto be push-only wheredata o ws in a single di-
rection,from sensorgo the hubh Sensorslo not have ary
recevers,but only transmitters.The rationalebehindthis
kind of a setupis threefold. First, it useslesspower since
no sensomwasteshatteryby listeningto the network. Sec-
ond, messagéossis smallsincecollisionsareexpectedto
occur lessfrequently Last but not least, push-onlysen-
sorsaremuchcheapeto build. However, thisdesignlimits
mary potentialoptimizationghatcouldbeperformedatthe
receverhub

Thereceverhubis theonly pointin thenetwork thathas
acompleteview of all thesensorsandall thephysiological
modelswith their con dencerequirementsAs such,it can
male the bestjudgementabouthow to deliver high con -
dencestatesin anefcient way. However, in a push-only
schemejt hasno control over sensortransmissions.The
hubmustbeableto "pull” from thesensorasneeded.

With atwo-way communicationmodel,we canaccumu-



lateminimal sensoreadingsn orderto populatethelower-
con dencemodels. Typically, the amountof dataandthe
latengy requirementsrelower for low con denceresults.
In this situation,if we getanalertfor athermalstressvent
with a low con dence,we canthencontactthe sensorgo
collect more datain orderto feedthe higher con dence
models. Thus,we only spendbandwidthand power when
it is needed.In otherwords,in the normaloperatingcase,
it is bestto runleanatthe expenseof con dence.Whenan
importantbut low con denceeventis obsened,we expend
more resourcego con rm or dery it. We now illustrate
this point on our work ervironmentexamplepresentedn
Section2.2. As shavn in Table 3, our applicationhasdif-
ferentcon dencerequirementglependingon the soldier's
state.Theserequirementganbe metin multiple waysus-
ing alternatve models. For example,if the soldieris in
the Greenstateandunderthe (hot, high) condition, Mod-
els 1-3 and TCore Model can deliver enoughcon dence
( 50). Amongthesemodels,Modellis the mostdesir
ableone. First of all, Modellusesonly onesensor Thus,
network bandwidthdoesnot have to be sharedwith other
sensors. The network lifetime with one sensormwould be
muchlongerasthe enegy consumptiorat the hubis pro-
portionalto the the numberof sensorst is communicating
with. Finally, the actigraphysensorusedby Modellis a
much cheapemlternatve thanusingthe coretemperature
pill. If we applythis heuristicof “using asfew sensorsas
possible”to all conditionand statecombinationsn Table
2, we endup with modelpreferenceshavn in Table5.

To shav the performancebene t of this heuristic,we
considereda scenariowhere the soldier is in a (hot,
medium) ervironmentand is initially in the Greenstate.
Then his state gradually changesto Yellow and Red.
Model3 deliversenoughcon dencefor all of thesestates.
Therefore,we ran one simulationwhere only Model3 is
used.In a secondsimulation,we startedout with Modell
andchangedo Model2 only whensoldierenteredYellow
state, when Modell can not deliver enoughcon dence.
Similarly, when the soldier's state changedto 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 the actigraphysensorithenthe
geo-Locationsensoris added;and nally , heartratesand
respirationratesare pulled. We further assumedhat the
main determinanf network lifetime is the batteryat the
hubwhichis about1800mAHTrs. Additionally, we assume
that eachsensorthat is turnedon hasa currentdraw of
50mA;i.e, if this sensoris left on for anhour, it will con-
sume50mAHTrsof the total 1800mAHTrsbattery Thenwe
comparedhesetwo simulationsin termsof network life-
time. The rst simulationrunsoutof hubbatteryin 9 hours
whereasthe secondone can survive morethan 14 hours.
Thissimplescenarialearlydemonstratesow apull-based
modelcouldconsereenegy basecnmodelandsituation-
speci ¢ con dencerequirements.

In away, bi-directionalcommunicatiorenableswitch-

[ Env. | Work | G | Y | R ]

cool low | TSkin/Modell | TSkin/Modell | Modell
warm | low | TSkin/Modell | TSkin/Modell | Modell
hot low | TSkin/Modell Modell Modell
cool med | TSkin/Modell Modell Modell
warm | med | TSkin/Modell Modell Model2
hot med Modell Model2 Model3
cool | high Modell Modell Modell
warm | high Modell Model3 TCore
hot high Modell Model3 TCore

Table5: Model preferencedasedon the numberof sensors

ing betweenralternatve estimatiormodelsdynamically As
such,it is a muchmoreefcient alternative to the redun-
dang approactproposedn Section3.1.

Two-way communicatioris alsomore e xible thanthe
sampling rate adjustmentapproachdiscussedn Section
3.2. Sensortransmissiorratescan effectively be adjusted
by changinghe pull frequeng atthehuh

4 RelatedWork

Thereis a growing body of researchon sensornetwork
datamanagementlinyDB [18] andCougaf4] aretwo ex-
amplequeryprocessingystemdor multi-hop sensomet-
works. Thesesystememphasizén-network processingf
declaratve queriego reducedatacommunicationandbat-
tery usage.TinyDB especiallyfocuseson acquisitionalas-
pectsof query processindike where,whenand how of-
ten datashouldbe collectedfrom the sensorqd9]. Sen-
sorsamplingratesareadjustechasedn eventandlifetime
speci cationsof queries. Cougarusessensorupdateand
gueryoccurrencerobabilitiesfor view selectiorandloca-
tion on top of a carefully constructechggreyationtree[4].
Schedulingechniqueso overcomecollisionsin the sensor
network are also exploredin this project. Thesesystems
aredesignedo sene monitoring applicationsthat spana
larger or dif cult to reachgeographicahreathanthe per
sonalareacase wheremulti-hop sensolcommunicatioris
anecessitye.g.,habitatmonitoring).

More relevant to our problem are quality-driven ap-
proaches. As an example, TINA exploits temporal co-
hereng tolerancespeci cationsof usersin in-network pro-
cessingo tradeoff betweerresultquality andenegy con-
senation [17]. Sensorreadingsare reportedonly if they
differ from an earliervalue by a certainamount. Another
exampleis the QUASAR project[8], which also exploits
applicationstolerancao imprecisionto minimizeresource
consumption. As a more closely relatedwork to ours, a
model-driven approachfor dataacquisitionin sensomet-
workshasbeenrecentlydevelopedby Deshpandetal [5].
A probabilisticmodel of the sensometwork datais cre-
atedbasedon a history of readingsfrom sensorsand cor-
relationsbetweerthem. Queriescanbe approximatelyan-
sweredbasedon this model. If con dencerequirements
cannot be metby the modelalone,thenthe sensorsn the
network needto be queried. The modelis alsore ned as



morereadingsarereceved. In theapplicationthatwe con-
sider multiple complex modelsexist to estimatephysio-
logical statesof a soldier Eachmodelusesa differentset
of sensors.Thesemodelsandtheir con dencelevels are
well-de ned. Ratherthanbuilding andre ning themodels,
we concentraten ef cient dataacquisitionfrom sensorso
estimatestatesvith acceptableon denceusingalternatve
models.

Thereis somerelatedwork on datamanagemerfor per
sonal areasensornetworks as well. For example, a re-
centwork proposes query processingystemfor health-
carebio-sensometworks[3]. Patientheartratesare mon-
itored using electrocardiogranfECG) and accelerometer
sensorsMultiple ECG sensordave to beworn for acom-
pletemeasuremerdf the electricalactiity of the patients
body Furthermoreif the patientmoves,ECG signalsmay
be corrupted. Therefore,readingsfrom an accelerometer
sensotave to be correlatedvith ECGreadingdor amore
reliableresult. This applicationhassimilar sensometwork
uncertaintyconcernsas ours. However, the focus of this
work is on queryprocessingtthe basestation.We believe
ourcon dence-basedpproacltouldbeusedatthedataac-
quisitionphase®f this systemto improve queryresults.In
the samedomain,CodeBlueis a wirelesscommunications
infrastructurgor medicalcareapplicationg10]. It is based
on publish/subscribelatadelivery wheresensorsvorn by
patientgpublishstreamf vital signsandgeographidoca-
tionsto which PDAs or PCsaccesselly medicalpersonnel
cansubscribe.Secureand ad hoc communicationpriori-
tization of critical data,and effective allocationof emer
geng personneln caseof masscasualtyeventsaremajor
emphasesf this project.

Finally, wirelesssensometworks are also a subjectof
recentresearclin thenetworkingcommunity Of particular
relevanceto our work areMAC (Medium AccessControl)
protocolsthatdeterminewhenandhow the network nodes
coordinateto sharea broadcastchannel[19]. Collision
avoidanceis amajorconcernin theseprotocols.S-MAC is
onesuchprotocolwheresensonodesperiodicallysleepto
reduceenegy consumptiorby avoidingidle listening[20].
While suchprotocolsmalke the underlyingnetwork more
reliablein power-ef cient ways, they are unavare of the
application-speci crequirementdjk e con dencelevelsin
our WPSM-ICapplication.

5 Future Directions

In this paper we presentech challengingsensometwork
applicationwhich can highly bene t from various data
managemenstratgies as evidencedby our initial simu-
lation results. We are currentlyworking on makingthese
stratgiesoperationabntherealnetwork. In thefuture,we
areplanningto extendthisworkin severaldirections.A po-
tentialresearctdirectioninvolvestreatingsensoreadings
ascontinuousvaveformswith integrity constraintsif sen-
sorvaluescouldbenoisyor erroneousegarliervaluescould
verify or dery con dence of the latestvalue. We could
alsodecidewhento pull from sensordasedon whatval-

ueshave recentlybeenreceved. If recentheartrateread-
ingssuggesthatthe heartratecouldnot have gonebeyond
normalthresholdsincethelastreadingthenwedonotneed
to receve anew heartratereport.

WPSM-ICis currentlyconcernedvith dismountedvar
riors andthe managementf their personabreanetworks.
Thegoalatthispointis to createa summaryof thesoldier's
physiologicalstateat the huh In the future, this statein-
formationwould be disseminatedo otherbattle eld units.
This mightincludemobile medicswho aredeployedin the
theaterof operationor to advancedeld hospitalsthatare
preparedo dealwith both preventionof potentialcasual-
tiesaswell asmanagementf known casualtieof various
kinds. Theinformationthatis uploadedeyondtheindivid-
ual soldierwould be usedfor someform of remotetriage.

The remotetriage problem, of course,comeswith its
own technicalchallenges.Similar reportsfrom morethan
oneco-locatedsoldiermight be anindicationof a particu-
lar kind of attack. Physiologicalstatusreportsfrom mary
soldierscanbe usedto prioritize treatment.In thesecases,
the medicmight nd thatthe reportedcon dencelevel is
not high-enoughto warrantthe deploymentof an amhu-
lance. Instead the medic may contactthe soldier's hubto
amplify the con denceto somegivenlevel. This mightre-
quire a greatexpenditureof resourcebut in anemegeng,
theinvestments likely worthit.
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