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Abstract— We describe the activity recognition component
of the Soldier Assist System (SAS), which was built to meet
the goals of DARPA's Advanced Soldier Sensor Inf ormation
Systemand Technology(ASSIST) program. As a whole, SAS
provides an integrated solution that includes on-body data
capture, automatic recognition of soldier activity, and a mul-
timedia interface that combinesdata search and exploration.
The recognitioncomponentanalyzesreadingsfr om six on-body
accelerometers to identify activity. The activities are modeled
by boosted 1D classi�ers, which allows ef�cient selection of
the most useful features within the learning algorithm. We
present empirical results based on data collected at Georgia
Tech and at the Army' s Aberdeen Proving Grounds during
of�cial testing by a DARPA appointed NIST evaluation team.
Our approachachieves78.7% for continuousevent recognition
and 70.3% frame level accuracy. The accuracy increasesto
90.3% and 90.3% respectively when considering only the
modeled activities. In addition to standard error metrics, we
discusserror division diagrams (EDDs) for several Aberdeen
data sequencesto provide a rich visual representationof the
performance of our system.

Keywords— activity recognition, machine learning, dis-
trib uted sensors

I . INTRODUCTION

The Soldier Assist System (SAS) was created for
DARPA's Advanced Soldier Sensor Information System
and Technology (ASSIST) program. The stated goal of
the ASSIST programis to “enhancebattle�eld awareness
via exploitation of information collected by soldier-worn
sensors.” The task was to develop an “integrated system
and advanced technologiesfor processing,digitizing and
reporting key observational and experiential data captured
by war�ghters” [1]. SAS allows soldiersto utilize on-body
sensorswith anintelligentdesktopinterfaceto augmenttheir
post-patrolrecall and reporting capability (see Figure 1).
These post-patrol reports, known as after action reports
(AARs) are essential for communicatinginformation to
superiorsand future patrols. For example, a soldier may
returnfrom a � ve hour patrol andhis superiorsmay askfor
a report on all suspicioussituationsencounteredon patrol.
In generatinghis report,thesoldiercanusetheSASdesktop
interfaceto view all of the imagestaken aroundthe time of

Fig. 1. Screenshotof the SAS desktopinterface

a particularactivity suchastakinga kneeor raisinghis �eld
weapon.Thesesituationsarelikely to containfaces,places,
or othereventsof interestto the soldier. Theseimagescan
be used to jog the soldier's memory, provide details that
mayhave goneunnoticedduringpatrol,andprovide relevant
datato bedirectly includedin thesoldier's AAR for further
analysisby superiors.

The automaticrecognitionof salientactivities may be a
key part of reducing the amount of time spent manually
searchingthroughdata.Working with NIST, DARPA, and
subject matter experts, we identi�ed 14 activities impor-
tant for generatingAARs: running, crawling, lying on the
ground, a weapon up state, kneeling, walking, driving,
sitting, walking up stairs, walking down stairs, situation
assessment,shaking hands,opening a door, and standing
still. During interviews, soldiers identi�ed the �rst � ve
activities as the most important.

Given thesespeci�c requirements,our sensinghardware
wastailoredto theseactivities andfor the collectionof rich
multimedia data. The on-body sensorsinclude six three-
axisaccelerometers,two microphones,a high resolutionstill
camera,a video camera,a GPS,an altimeter, and a digital
compass(seeFigure2). Thesoldieractivities arerecognized
by analyzing the accelerometerreadings,while the other
sensorsprovide contentfor the desktopinterface.

Given the numberof sensorsand the magnitudeof the
data,weusedboostingto ef�ciently selectfeaturesandlearn
accurateclassi�ers. Our empirical resultsshow that many



of the automaticallyselectedfeaturesare intuitive andhelp
justify the useof distributed sensors.For example,driving
canbe detectedby identifying enginevibration detectedby
the hip sensorwhile in a moving vehicle.

In SectionV, we presentcross-validatedaccuracy mea-
surementsfor several systemvariations.Standardaccuracy
metricsdo not alwaysaccountfor the impact that different
error typeshave on continuousactivity recognitionapplica-
tions,however. For example,a trade-off couldexist between
identifying all instancesof a raisedweapon(potentiallywith
impreciseboundaries)andobtainingpreciseboundariesfor
eachidenti�ed event but failing to �nd all of the instances.
To better characterizethe performanceof our approach,
we discuss error division diagrams (EDDs), a recently
introducedperformancevisualizationthat allows quick, vi-
sual comparisonsbetweendifferent continuousrecognition
systems[2]. TheSASsystemfavorshigherrecallratesrather
than higher precisionratesbecausethe activity recognition
is usedto highlight salientinformationfor a soldier. Failing
to identify events can causeimportant information to be
overlooked, while a soldier can easily copewith potential
boundaryerrorsby scanningthe surroundingmedia.

I I . RELATED WORK

Many applicationsin ubiquitousandwearablecomputing
supportthe collection and automaticidenti�cation of daily
activities using on-bodysensing[3], [4], [5]. Westeyn and
Vadaset al. proposedthe useof threeon-bodyaccelerome-
ters to support the identi�cation and recordingof autistic
self-stimulatory behaviors for later evaluation by autism
specialists[6]. In 2004,Bao andIntille showed that the use
of two accelerometerspositionedat thewaistandupperarm
were suf�cient to recognize20 distinct activities using the
C4.5decisiontree learningalgorithmwith overall accuracy
rates of 84% [7]. Lester et al. reduced the number of
sensorlocationsto one position by incorporatingmultiple
sensormodalitiesinto a single device [8]. Using a hybrid
of both discriminative and generative machine learning
methods(modi�ed AdaBoostand HMMs) they recognized
10 activities with an overall accuracy of 95%. Finally,
Raj et al. simultaneouslyestimatedlocation and activity
usinga dynamicBayesiannetwork to modelsensoractivity
and locationdependencieswhile relying on a particle �lter
for ef�cient inference[9]. Their approachperformssimilarly
to that of Lester et al. and elegantly combinesactivity
recognitionand locationestimation.

I I I . SOLDIER ASSIST SYSTEM ON-BODY SENSORS

The SAS on-bodysystemis designedto be unobtrusive
andallow for all-daycollectionof rich data.Thelow power,

Fig. 2. Left: Soldierwearingthe SAS sensorrig at theAberdeenProving
Grounds.Right: OpenCamelbakshowing OQO computerandconnectors.

lightweight system consists of sensorsspanning several
modalities along with a wireless on-body data collection
device. Importantly, the sensorsaredistributedat key loca-
tions on the body, and all but two are af�x ed to standard
issueequipmentalreadyworn by a soldier.

The major sensingcomponentsusedfor soldier activity
recognitionare the six three-axisbluetoothaccelerometers
positionedon the right thigh sidearmholster, in the left
vest chestpocket, on the barrel of the �eld weapon,on a
belt over the right hip, andon eachwrist via velcro straps.
Each accelerometercomponentconsists of two perpen-
dicularly mounteddual-axisAnalog Devices ADXL202JE
accelerometerscapableof sensing§ 2G staticanddynamic
acceleration.Eachaccelerometeris sampledat 60Hz by a
PIC microcontroller(PIC 16F876).TheBluetoothradio is a
Taiyo Yudenserialport replacementmodulethathandlesthe
transportand protocol detailsof the Bluetoothconnection.
Each sensoris powered by a single 3.6V 700mA lithium
ion batteryproviding 15-20hoursof run-time.

Datafrom thewirelessaccelerometers(andotherstream-
ing sensors)are collectedby an OQO Model 01+ palmtop
computer. The OQO and supportingequipmentis carried
inside the soldier's Camelbakwater backpack.The OQO
sitsagainsttheCamelbakwaterreservoir to bothcushionthe
OQOagainstsuddenshockandto to helpavoid overheating.
Two 40 watt-hour camcorderbatteriesprovide additional
power to the OQO andsupplymain power to othercompo-
nentsin thesystem.Thesebatteriesprovide thesystemwith
a run time of over 4 hours.

Our systemalso containsoff-the-shelf sensingcompo-
nents for location, video, and audio data. Af�x ed to the
shoulderof thevestis a GarminGPSMAP60CSx.Theunit
alsohousesa barometricaltimeteranda digital compass.

Two off-the-shelfcamerasare mountedon the soldier's
helmet.The �rst is a � ve megapixel CanonS500attached
to the front of the helmeton an adjustablemount.A power
cableand USB cable run from the helmet to the soldier's



backpack.The OQO automatically triggers the camera's
shutterapproximatelyevery 5 secondsandstorestheimages
on its internalharddrive. A FisherFVD-C1 mountedon the
side of the helmet.This camerarecordsMPEG-4 video at
640x480to an internalSD memorycard.

Our systemhastwo microphonesfor recordingthe sol-
dier's speechand ambientaudio in the environment.One
microphoneis attachedto thehelmetandpositionedin front
of the soldier's mouthby a boom.The secondmicrophone
is attachedto the arm strapof the Camelbaknearthe chest
of the soldier. Both microphoneshave foam wind shields
andarepoweredby a USB hub attachedto the OQO.

The various sensorsare not hardware synchronized.To
accountfor asynchronoussensorreadings,we ran experi-
mentsto estimatethe latency associatedwith eachsensor.
The collectionandrecordingsoftwarerunningon the OQO
is responsiblefor storinga timestampwith eachsensorread-
ing andapplyingthe appropriatetemporaloffset to account
for the hardware latency. This provides roughsynchroniza-
tion acrossthe different sensorsand frees later processes,
suchasthedataqueryinterfaceandthe recognitionsystem,
from needingto adjustthe timestampsindividually.

IV. LEARNING ACTIVITY MODELS

Two fundamentalissuesmust be addressedin order to
automaticallydistinguishbetweenthe 14 soldier activities
thatour systemmustidentify. The�rst is how to incorporate
sensor readings through time, and the second concerns
choosinga suf�ciently rich hypothesisspacethat allows
accuratediscrimination and ef�cient learning. Although
several modelshave beenproposedthat explicitly dealwith
temporal data (e.g., hidden Markov models (HMMs) and
switching linear dynamicsystems(SLDSs)), thesemodels
can be very complex and typically expenda greatdeal of
representationalpower modeling aspectsof a signal that
are not important to our system.Instead,we have adopted
an approachthat classi�es activities basedon aggregate
featurescomputedover a short temporalwindow similar to
the approachof Lesteret al. [8].

A. Data Preprocessing

Severalstepsareneededto preparetheraw accelerometer
readingsfor analysis.First, we resampleeachsensorstream
at 60Hz to estimate the instantaneousreading of every
sensorat the same�x ed intervals. Next, we slide a three
secondwindow along the 18D synchronizedtime series
in one secondsteps.For each window, we compute378
featuresbasedon the 18 sensorreadingsincluding mean,
variance, RMS, energy in various frequency bands, and

differentialdescriptorsfor eachdimension.Wealsocompute
aggregate featuresbasedon eachthree-axisaccelerometer.
Originally our featurelist wasaugmentedwith GPSderiva-
tives, heading,and barometerreadings.However, prelim-
inary experimentsshowed that this did not signi�cantly
improve performanceand thesefeatureswere not included
in theexperimentsdiscussedin this paper. This �nding is in
line with that of Raj et al. who also determinedthat GPS-
derived featuresdid not aid activity recognitionin a similar
taskusinga differentsensorpackage[9].

Effectively, we have transformeda dif�cult temporal
patternrecognitionproblem into a simpler spatial classi�-
cation task by computingaggregate features.Onepotential
dif�culty is determiningwhich featuresare important for
distinguishingeachactivity. Ratherthanexplicitly choosing
relevant featuresasa preprocessingstep(eithermanuallyor
throughan automaticfeatureselectionalgorithm),we build
modelsusingan AdaBoostframework [10] by selectingthe
dimensionand corresponding1D classi�er that minimize
classi�cation error at eachiteration. This framework auto-
matically selectsthe bestfeaturesfor discriminationand is
robust to unimportantor otherwisedistractingfeatures.

B. Boosted1D Classi�ers

AdaBoostis an iterative framework for combiningbinary
classi�ers such that a more accurateensembleclassi�er
results [10]. We use a variant of the original formulation
that includesfeatureselectionandsupportfor unequalclass
sizes[11]. The ensembleclassi�er is basedon the sign of
a value derived from a weightedcombinationof the weak
classi�ers called the margin. The magnitudeof the margin
gives an indication of the con�dence of the classi�er in
the result.Margins may not be comparableacrossdifferent
classi�ers however, but we canusea methoddevelopedby
Platt to convert the margin into a pseudo-probability[12].
This methodworksby learningtheparametersof a sigmoid
function(f (x) = 1=(1+ eA (x + B ) )) thatdirectlymapsamar-
gin to a probability. We �t thesigmoidto margin/probability
pairs derived from the training points and only s ave the
sigmoidparameters(A andB ) for useduring inference.

C. 1D Classi�ers

During each round of boosting, the algorithm selects
the featureand 1D classi�er that minimizes the weighted
training error. Typically, decision stumpsare used as the
1D classi�er due to their simplicity and ef�cient, globally
optimal learning algorithm. Decision stumps divide the
featurerangeinto two regions, one labeledas the positive
classandtheotherasthenegative class.In our experiments,



we supplementdecisionstumpswith a Gaussianclassi�er
that models each class with a Gaussiandistribution and
allows for one, two, or three decision regions depending
on the modelparameters.

Learning the Gaussianclassi�er is straightforward. The
parametersfor thetwo Gaussians((¹ 1; ¾1) and(¹ 2; ¾2)) can
be estimateddirectly from the weighteddata.The decision
boundariesare then found by equatingthe two Gaussian
formulas and solving the resulting quadraticequationfor
x: (¾2

1 ¡ ¾2
2)x2 ¡ 2(¾2

1¹ 2 ¡ ¾2
2¹ 1)x + [(¾2

1¹ 2
2 ¡ ¾2

2¹ 2
1) ¡

2¾2
1¾2

2 log( ¾1
¾2

)] = 0.

D. MulticlassClassi�cation

The boostingframework can be usedto learn accurate
binary classi�ers but direct generalizationto the multiclass
caseis dif�cult. Two commonmethodsfor combiningmul-
tiple binary classi�ers into a singlemulticlassclassi�er are
theone-vs-all(OVA) andtheone-vs-one(OVO) approaches.
In the one-vs-all case,for C classes,C different binary
classi�ersarelearned.For eachclassi�er, oneof theclasses,
call it ! i , is taken as the positive classwhile the (C ¡ 1)
othersarecombinedto form thenegative class.Whena new
featurevectormustbeclassi�ed,eachof theC classi�ersis
appliedandthe onewith the largestmargin (corresponding
to themostcon�dent positive classi�er) is takenasthe �nal
classi�cation.Alternatively, we canbasethedecisionon the
pseudo-probabilityof eachclasscomputedfrom the learned
sigmoid functions.

In the one-vs-oneapproach,C(C ¡ 1)=2 classi�ers are
learned,onefor eachpair of (distinct) classes.To classifya
new featurevector, the margin is calculatedfor eachclass
pair (m ij is the margin for the classi�er trainedfor ! i vs.
! j ). Within this framework many methodsmay be usedto
combinethe individual classi�cation results:

² vote[ms,ps,pp]- eachclassi�er votesfor theclasswith
the largest margin; ties are broken by using msum,
psum, or pprod.

² msum- eachclassis scoredasthesumof theindividual
classmargins; the �nal classi�cation is basedon the
highestscore:argmax

i

P C
j =1 mij (x)

² psum- eachclassis scoredasthesumof theindividual
classprobabilities;the �nal classi�cation is basedon
the highestscore:argmax

i

P C
j =1 p(! i jmij (x))

² pprod - the classi�cation is basedon the most likely
class:argmax

i

Q C
j =1 p(! i jmij (x))

E. CombiningClassi�cationsfrom OverlappingWindows

As discussedin SectionIV-A, we transforma temporal
recognition problem into a spatial classi�cation task by

computingfeaturesover threesecondwindowsspacedatone
secondintervals. This meansthat typically thereare three
differentwindows that overlap for eachsecondof data.To
producea singleclassi�cation for eachonesecondinterval,
we testedthreemethods:

² vote - eachwindow votes for a single classand the
classwith the mostvotesis selected

² prob - each window submits a probability for
each class, and the most likely class is selected:
argmax

i

Q 3
j =1 p(! i jwindow j )

² probsum- eachwindow submitsa probability for each
class,andthe classwith the highestprobability sumis
selected:argmax

i

P 3
j =1 p(! i jwindow j )

V. EXPERIMENTAL RESULTS

To evaluateour approachto recognizingsoldieractivity,
wecollecteddatain threesituations.In eachcase,thesubject
wore the full SAS rig and completedan obstaclecourse
designedto exerciseall of the activities. We collected14
sequencestotaling roughly 3.3 hours of activity data and
then manually labeledeachsequencebasedon the video
and audio capturedautomaticallyby the system.The �rst
round of datacollection took placein a parking deck near
our lab. We createdan obstaclecoursebasedon feedback
from the NIST evaluationteamin orderto collect an initial
data set for development and testing. The second data
set was collectedat the AberdeenProving Ground under
more realistic conditions to supplementour initial round
of training data.Finally, we have datacollectedwhile the
subjectshadowed an experiencedsoldierashe traversedan
obstaclecoursesetup by the NIST evaluationteam.

Figure3 showsagraphof performanceversusthenumber
of roundsof boostingusedto build the ensembleclassi�er.
We learnedthe ensembleclassi�er with 100 rounds and
used a leave-one-outcross validation schemeto evaluate
performance.In thiscase,we learnedaclassi�er basedon13
of the 14 sequencesandevaluatedit on the 14th sequence.
As you can seein the graph,performancedoesvary with

Fig. 3. Eventandframe-basedaccuracy vs. numberof roundsof boosting



Fig. 4. Comparisonof differentbinaryclassi�er mergemethodsto handle
multiclassdiscrimination

additional roundsof boostingbut basically levels off after
20 rounds.Thus we only used 20 rounds of boosting in
subsequentexperiments.

Although all of the featuresusedby the activity recog-
nition systemareselectedautomatically, manualinspection
reveals that they are often easily interpreted.For example,
oneof theprimaryfeaturesusedto classify”shakinghands”
is the frequency of the accelerometermountedon the right
wrist. Interestingly, the learning algorithm selectedhigh
frequency energy in the chestand thigh sensorsas useful
featuresfor detectingthe ”driving” activity. We believe this
is due to enginevibration detectedby the sensorwhen the
soldier was seatedin the humvee. This cue highlights the
strengthof automaticfeatureselectionduring learningsince
high-frequency vibration is quite discriminative but might
not have beenobvious to a systemengineerif featureshad
to be manuallyspeci�ed.

The of�cial performancemetric establishedby the NIST
evaluation team measuredrecognitionperformanceduring
thosetimes when one of the 14 identi�ed soldier activities
occurred.We call the unlabeledtime the “null activity”
to indicate that it constitutesa mix of behaviors related
only by being outside the set of pre-identi�ed activities.
Importantly, the null activity may constitute a relatively
large percentageof time andcontainactivity that is similar
to the identi�ed activities. It is thereforevery dif�cult to
model the null classor to detectits presenceimplicitly as
low con�dence classi�cations for the identi�ed activities.
Performancemeasuresfor our approachin both cases(i.e.,
when the null activity is includedand when it is ignored)
aregiven in �gure 4.

As discussedin Section IV-D, there are two common
approachesfor combiningbinaryclassi�ersinto a multiclass
discrimination framework. Figure 4 displays the perfor-

Fig. 5. Error division diagramscomparingthreemulticlassmethodsboth
with and without the null class.The bold line separates“seriouserrors”
from boundaryand thresholdingerrors.

mance using each of the methods.The performanceis
fairly stableacrossthedifferentmethods,thoughtheinferior
accuracy achievedusingthemsummethodvalidatestheidea
that while the margin doesindicate classmembership,its
value is not generallycommensurateacrossdifferent clas-
si�ers. Interestingly, althoughthe recognitionperformance
is comparable,the average OVO training time was less
than half that of the OVA methods(11.9 vs. 29.9 minutes
without a null model and 23.9 vs. 47.3 minutesincluding
thenull activity). Thus,selectinganOVO methodcaneither
signi�cantly reducetraining time or allow the useof more
sophisticatedweaklearnersor additionalroundsof boosting
without increasingthe run time for model learning.

We can visualize and comparethe trade-offs between
various event level errors and frame level errors using
Error Division Diagrams(EDDs). EDDs allow us to view
the nuancesof the system's performancenot completely
describedby the standardaccuracy metric involving substi-
tution, deletions,and insertions.For example,EDDs allow
comparisonsof errors causedby boundarydiscrepancies.
Thesediscrepanciesinclude both under�lling (falling short
of theboundary)andover�owing (surpassingtheboundary).
EDDs also simultaniously comparethe fragmentationof
an event into multiple smaller events and the merging of
multiple eventsinto a singleevent.Thedifferenterror types
and a more detailedexplanationof EDDs can be found in
Minnenet al. [13]. Figure5 shows EDDsfor threedifferent
multiclassmethods.The EDDs show that the majority of
the errorsaresubstitutionor insertionerrors.

Finally, Figure 6 shows a color-codedactivity timeline



Fig. 6. Activity timeline showing the resultsof four systemvariationson one of the parking deck sequences.The top row (GT) shows the manually
speci�ed groundtruth labels.SystemA wastrainedwithout any knowledgeof thenull class,while SystemC learnedanexplicit modelof thenull activity.
SystemsB andD aretemporallysmoothedversionsof SystemsA andC, respectively. In thesmoothedsystems,thereis less�uctuation in theclasslabels.
Also notethatSystemsA andB never detectthenull activity, andso their performancewould bequite low if thenull classwasincludedin theevaluation.
SystemsC andD, however, performwell over the entiresequence.

thatprovidesahigh-level overview of theresultsof four sys-
temvariations.Eachrow, labeledA-D, representstheresults
of a differentsystem.Theseresultscanbe comparedto the
top row, which shows the manuallyspeci�ed groundtruth
activities. The diagram depicts the effects of two system
choices:explicit modelingof the null activity (SystemsC
andD) and temporalsmoothing(SystemsB andD).

As expected,SystemsA and B perform well over the
identi�ed activities but erroneouslylabel all null activity
as a known class.Many of the mistakes seemreasonable
and potentially indicative of ground truth labeling incon-
sistencies.For example,walking before raising a weapon,
crawling beforeandafter lying, andopeninga doorbetween
driving andwalking areall quite plausible.SystemsC and
D, however, provide much better overall performanceby
explicitly modelingand labelingnull activity. In particular,
SystemD, which also includes temporal smoothing,per-
forms very well and �x esseveral mistakes in SystemC by
removing short insertionanddeletionerrors.

VI . CONCLUSION

The activity recognitioncomponentof the SoldierAssist
System can accurately detect and recognize many low-
level activities consideredimportant by soldiersand other
subject matter experts. By computing aggregate features
over a window of sensorreadings,we can transform a
dif�cult temporalrecognitionprobleminto a simplerspatial
modeling task. Using a boostingframework over 1D clas-
si�ers providesan ef�cient androbust methodfor selecting
discriminatingfeatures.This is very important for an on-
body, distributedsensornetwork in which somesensorsmay
be uninformative or even distracting for detectingcertain
activities. Finally, we show that performanceis relatively
unaffectedby the choiceof multiclassaggregation method,
thoughone-vs-onemethodsleadto a considerablereduction
in training time.
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