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ABSTRACT
We are interestedin the problemsof a humanoperatorwho is
responsiblefor rapidly andaccuratelyrespondingto requestsfor
help from an autonomousrobotic constructionteam. A dif�cult
aspectof this problemis gaining an awarenessof the requesting
robot's situationquickly enoughto avoid slowing the whole team
down. Oneapproachto speedingthe initial acquisitionof situa-
tionalawarenessis to maintainabuffer of data,andplay it backfor
thehumanwhentheir helpis needed.We reporthereon anexper-
iment to determinehow the compositionandlengthof this buffer
affect thehuman'sspeedandaccuracy in ourmulti-robotconstruc-
tion domain. The experimentsshow that, for our scenario,5 - 10
secondsof oneraw videofeedledto thefastestoperatorattainment
of situationalawareness,while accuracy wasmaximizedby view-
ing 10 secondsof threevideo feeds.Theseresultsarenecessarily
speci�c to ourscenario,but wefeelthatthey indicategeneraltrends
whichmaybeof usein othersituations.Wediscusstheinteracting
effectsof buffer compositionandlengthon operatorspeedandac-
curacy, anddraw several conclusionsfrom this experimentwhich
maygeneralizeto otherscenarios.

CategoriesandSubjectDescriptors: I.2.9[Arti�cial Intelligence]:
Robotics– Operator interfaces; H.1.2 [Models And Principles]:
User/MachineSystems– Humanfactors

GeneralTerms: Experimentation,HumanFactors

Keywords: SituationalAwareness,UserStudy, SlidingAutonomy,
CaseStudy

1. INTRODUCTION
It is impossibleto createa roboticsystemthatcanoperatein an

open,dynamicenvironmentwith zerofailures. Therearealways
unexpectederrorconditions,which therobot's programmerswere
unableto anticipate.In suchcases,a purelyautonomoussystemis
left with little recourse:it canattempta few generalizedrecovery
strategies,but therewill alwaysbe cornercasesthat prevent task
completion.
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Ratherthanattemptingto accountfor every possibleerror con-
dition, andaccepta terminalfailureif weencounteranunexpected
case,we believe thatautonomousrobotsor teamsof robotsshould
insteadbe designedto recover from commonfailuresandmerely
recognize,at leastin a generalsense,rarefailures. Most failures
canbedetectedat somelevel, suchasexceedinga limit, but suf�-
cientinformationfor automatedrecovery is oftennotavailable.

Simplydetectingerrorsis of little useto theautonomoussystem
without a way to translatetheerror into a recovery method.Since
it' s impracticalto dosoin codefor all conceivablesetsof recovery
methodsand errors,we solve this dilemmaby involving one or
morehumansin the team. Whena robot believesit is in trouble,
but hasnowayof recoveringonits own, it mayrequesthelpfrom a
humanteammember. This takesadvantageof thestrengthsof the
autonomoussystem,suchas its ability to quickly andaccurately
performroutine,repetitive, or long-durationtasks,while usingthe
�e xibility of thehumanpartneron anas-neededbasisto �ll in the
gapsin theautonomoussystem'scapabilities.

Ourdomainis multi-robotconstructionteams,which is rife with
opportunitiesfor coordinationand collaborationbetweenrobots
and humans. The currentscenarioinvolves threeheterogeneous
robotsworking togetherto assemblea squarestructureout of four
beamsandfour connectingnodes.Thenodes,mountedonwheeled
bases,mustbe bracedbeforea beammay be connected.This re-
sultsin threenaturalroleswithin theteam:abracingrobot,a robot
to performthe�ne manipulationnecessaryto connecta beamto a
node,anda third to provideamobilesensorplatform.

Within our constructiondomain,a humanteleoperatoris avail-
able to help the systemasneeded.We have previously [4] com-
paredteleoperation,autonomy, andtwo mixed(SlidingAutonomy)
approaches.The two mixed approachesvariedas to whetherthe
humanwas allowed to constantlymonitor the system's progress
and proactively assumecontrol. We investigate herethe casein
which thehumanis occasionallyaskedto provide assistancewhile
they areperformingotherunrelatedtasks. The challengefor the
humanin sucha scenariois to swiftly attainsituationalawareness
whenthey arecalleduponto intervene.By situationalawareness,
we meananunderstandingof: therobotic team's andworkspace's
currentstate,how far theteamhasprogressedin theassemblypro-
cess,whatcausedtheteamto askfor help,andwhatis anappropri-
atenext action.Thereareclearlydegreesof situationalawareness:
knowing that the robot is in the assemblyareais clearly different
thanknowing its precisepositionrelative to thecurrentbeam.For
thepurposesof this paper, we de�ne situationalawarenessassuf-
�cient understandingof the robot's (or robots') stateto formulate
a short-termplan of action. This will vary somewhat on a case-



by-casebasis,but in generalwill only involve comprehensionof
thespatialrelationshipsbetweenthesmallsetof objectsandrobots
directly involvedin thecurrenttask.

Attainingsituationalawarenessin thisscenarioisnontrivial, since
theoperatordoesn't continuallymonitortheteam's progresswhile
ful�lling their other responsibilities. It is often quite dif�cult to
determinetheproblemwhichtriggeredtherequestfor helpby sim-
ply observingthe team's current(static)state. For instance,in a
high-clutterenvironmentthecauseof the requestfor helpmaybe
ambiguousdueto limited cameraanglesandalackof depthpercep-
tion. While moving therobotscouldhelpto removethisambiguity,
thismaynotbesafeif they arein closeproximity to obstacles.One
approachto helpingthehumansafelyattainsituationalawareness
is to provide a playbackof datafor someamountof time preced-
ing the requestfor help - in otherwords,maintaina buffer of the
system's recentactivity anddisplayit to the humanwhenhelp is
needed.Thishelpsremovesomeof thescene'sambiguity, andalso
provides informationaboutthe team's recentactions,which may
furtherhelpin determiningthecurrentproblem.

Wehaveconductedanexperimentin orderto investigatehow the
lengthof this buffer anddifferentcombinationsof cameraangles
andsynthesizedviewsaffect thehuman'sacquisitionof situational
awarenesswithin our scenario. The experimentshowed that for
ourscenario5 - 10secondsof oneraw videofeedyieldsthefastest
responsefrom users,while 10 secondsof threevideofeedsresults
in the most accurateresponses.While thesespeci�c resultsare
necessarilytightly tied to our scenario,we feel that they indicate
trendswhichmaybeof usein otherSlidingAutonomyscenarios.

2. RELATED WORK
Therehasbeena signi�cant amountof work over the yearson

helpinghumansmaintainsituationalawarenessin anumberof dif-
ferentscenarios.Much initial work focusedonmaintainingthesit-
uationalawarenessof pilots [3] [9], while morerecentresearchhas
investigatedthemaintenanceof situationalawarenessduring tele-
operationof searchandrescuerobots[12]. The primary focusof
the existing situationalawarenessliteratureis on maintainingthe
awarenessof an operatorwho is in continualcontrol (or at least
is continually monitoring) a robot or robots. This is in contrast
to our domain,in which we areinterestedin helpingthe operator
repeatedlyattainsituationalawarenesswithoutmonitoringthesys-
tembetweeninteractionepisodes.

Onemodelof situationalawarenessapplicableto our domainis
thatproposedby Endsley [1] [2]. Thatmodelde�nes threelevels
of thesituationalawareness:Level 1 (perceptionof environmental
elements)consistsof basicperceptionof cues:anoperatorwhohas
achieved Level 1 situationalawarenesshassuccessfullycompre-
hendedthebits andpiecesof informationavailableto them.Level
2 (comprehensionof currentsituation)integratesthedataperceived
in Level 1 and, onceachieved, allows the humanto derive task-
relevantmeaningfrom theraw dataperceivedby Level 1. The�nal
stageof situationalawareness,Level 3 (projectionof futurestates),
involvestheprojectionof thefuturestateof thesystem.Operators
who have achieved Level 3 situationalawarenessareableto pre-
dict futuresystembehavior, including thesystem's likely reaction
to their input, from currenteventsanddynamicsperceivedin Lev-
els1 and2. In our experiment,we attemptto determinehow long
it takessubjectsto attainLevel 2 situationalawarenesswhenpro-
videdwith differingsourcesandamountsof historicalinformation.

Teleoperationsystemsenhanceoperatorsituationalawarenessin
differentways.Many systemsprovidemultipleviewpointsthrough
bothexternalviews andviews from camerason therobot(s)them-
selves. WangandMilgram [11], however, have tried to limit the

mentalworkloadrequiredto reconcilethosetwo views by creating
a new type of viewpoint. Their view, calleda “tether” view, is a
displaythat is neitherexternalnor robot-oriented;instead,it com-
binesthetwo by simulatinghow thescenewould look from a kite
�ying behindtherobotin theworkspace.

In additionto viewpoint, situationalawarenessis alsoimproved
by studyinghow spatialinformationof the workspaceshouldbe
presentedto the operator. LasswellandWickens[7] investigated
waysto improveinformationdisplaysfor pilots in orderto improve
taxi-waysafetyandtraf�c �o w. They showedthata3-dimensional,
perspective-view of theworkspacereducedlateraltrackingerrors,
but that a 2-dimensional,plan-view of the workspacesupported
greatertaxi speeds.This suggestedthatby giving the2D displaya
wider �eld of view, operatorswould beableto geta betterfeel for
theirsituationaswell asbene�t from theadvantagesof aplan-view
of theworkspace.Presumably, techniquessuchasthisthatareused
to provide a greaterdegreeof situationalawarenesscould alsobe
appliedto thesituationswearelookingat, in which theoperatoris
attemptingto gain,notmaintain,awarenessof theworkspace.

A differentareaof sciencepertinentto our work is thatof cog-
nitive psychology. Whenpresentedwith multiple visual displays,
thequestionarisesof how muchinformationoperatorscanprocess
andrememberata time. Thecognitivepsychologycommunityhas
donerelevantwork studyingthelimitationsof humanvisualwork-
ing (short-term)memory[10]. Studieshave shown that working
memoryhasseverelimitations,andcanonly hold a few piecesof
informationat a time. Whatexactly limits how muchinformation
working memorycanhold is still underinvestigation;possibilities
includethenumberof objectsattendedto, thenumberof features
thoseobjectshave,andsoforth. Regardless,this researchcouldbe
very helpful in thedesignof operatorinterfaces,asit is important
to provideoperatorswith enough,but not toomuch,information.

3. SITUATION AL AWARENESSAND
SLIDING AUTONOMY

We now provide anoverview of the form of Sliding Autonomy
we investigate in this paperand discussour approachto helping
thehumanattainsituationalawareness.As partof theSliding Au-
tonomydiscussion,we examinehow the autonomouscomponent
decideswhento requesthelpfrom thehumancomponentandhow
anunderstandingof a human's ability to quickly attainsituational
awarenesscanaffect thisdecision.In orderto arriveataninterface
which will help the humanswiftly achieve situationalawareness,
we look at the limitationsof thecurrentapproachandsomeof the
questionsthatarisewhendesigninganinterfacefor thispurpose.

Our current researchdealsprimarily with Sliding Autonomy,
which addressesthequestionof how bestto meldthecomplemen-
tary talentsof humanteleoperatorsand autonomouscontrol sys-
temsvia variouscombinationsof relativeautonomy. Ononeendof
theautonomyspectrumliespureteleoperation,in whichthehuman
teleoperatoris in completecontrolof every aspectof all robots.In
general,teleoperationis reliable,but is slow and imposessignif-
icantworkloadon thehumanoperator. Theotherextremeis pure
autonomy, in whichtheroboticteamactsonits own with nohuman
involvementwhatsoever. Although pureautonomyis often much
fasterthanteleoperation,it is signi�cantly lessrobust,especiallyin
dynamicdomainswhereall failuremodescannotbedetermineda
priori [4].

Many roboticsystemsthatallow humaninvolvementarelimited
to thesetwo opposingmodes- teleoperationandpureautonomy-
with few, if any, optionsin between.Our goal is a systemwhich
meldsthe respective bene�ts of teleoperationandpureautonomy



while avoiding their associatedshortfalls. In this experiment,we
examinea Sliding Autonomymodein which theautonomoussys-
temrequestshelpasneededfrom ahumanperformingother, unre-
lated,tasks.

Whenoperatingin this mode,theautonomoussystemmaintains
modelsof bothits own pastperformanceandany availablehuman
teleoperators'skills. Thesemodelsallow theautonomoussystemto
decidewhetherto requesthelpfrom thehumandueto its belief that
thehumanwill bemoreef�cient. In addition,a robotmayrequest
help if it believesit will beunableto recover from a detectedfail-
ure.Thegoalof thismodeof operationis to allow theautonomous
systemto increaseits robustnessby taking advantageof the hu-
man's skills and�e xibility at needwhile not undulyloadingthem.
Theneteffect is a modethat is morereliablethanpureautonomy
andfasterthanpureteleoperation.Thehumanmayalsoattendto
other taskswhile the autonomoussystemis operating,sincethey
donotneedto constantlymonitortheteam.

Here,we investigatehow the compositionandamountof data
presentedto the operatoraffect their ability to swiftly and ef�-
ciently acquiresituationalawarenesswhen transitioningfrom an
unrelatedtask.Addressingthisproblemyieldstwo bene�ts: amore
ef�cient userinterface,whichallowsthehumanto attainsituational
awarenessmorequickly; anda moreaccuratemodelof how long
this acquisitionwill take, which allows theautonomoussystemto
makemoreinformeddecisionsaboutwhetherto requestassistance
with a particulartasks. Thesebene�ts combineto yield a more
ef�cient human-robotteam.

The standardoperatorinterfacein this situationis identical to
that of a full-time teleoperator:it re�ects the currentstateof the
robots,andprovide informationaboutthe workspacein a variety
of forms.However, suchanapproachsuffersfrom two majorprob-
lemswhentheoperatorhasnot beenmonitoringthe teamprior to
the requestfor help. The �rst is its stationarynature: a limited,
staticview of the world resultsin ambiguityaboutthe spatialre-
lationshipsbetweenobjectsandrobots,especiallyin a high clutter
environmentwith limited cameraangles.Thecanonicalsolutionis
to shift a robot's viewpoint. However, if therobotis nearobstacles
which thehumanis unableto accuratelylocalize,suchuninformed
motioncouldprovedangerous.A staticview of theworldalsoham-
perstheacquisitionof situationalawareness.As discussedin [2],
time and the perceptionof temporaldynamicsgreatly in�uences
theacquisitionof Level 2 and3 situationalawareness.

A secondlimitation of a “traditional” teleoperationinterfacein
this scenariois its lack of historyandits lack of supportfor deter-
mining theintentionsof theautonomousagents.Oneaspectof at-
tainingsituationalawarenessis determiningwhatactiontherobots
wereattemptingto performwhenthey asked the humanfor help.
This is often not obvious from a staticview of the world: for in-
stance,if a manipulatoris in contactwith an object, is it having
troublepicking it up,or accuratelyplacingit?

Oneapproachto easingtheacquisitionof situationalawareness
is to maintaina buffer of information,which canbe playedback
to thehumanwhenoperatorassistanceis required.This allows the
humanto “get up to speed”by allowing themto view information
aboutthesystemasit approachedthestatethattriggeredtherequest
for help.Thismakesit possibleto bothinfer therobot(s)intentions
andavoid needlessmotion throughpotentiallyhazardousterrain.
Thetwo obviousquestionsfor implementingsucha buffer are(1)
what datais most relevant to attainingsituationalawareness,and
(2) how muchdatait shouldbuffer.

Onemaybetemptedto includeall availabledatain theinterface
onthetheorythatmoredataresultsin greaterinformationintakeby
thehuman.However, thehumanbrain'sability to winnow informa-

tion from chaff is distinctly �nite, andtheoperatorwill quickly be-
comeoverwhelmed[2]. Not only arethehuman's resources�nite,
but theability of therobotsto storeandtransmitlargeamountsof
datais alsorestricted,especiallywhentherobotsarenotcollocated
with thehuman.Bandwidthis alwayslimited, andservesasa �rm
uppercapon the amountof datawhich may be presentedto the
human.

Alternatively, thehumancouldbegiven their choiceof display
elements.However, sincethe humancannotknow which arethe
mostusefuldatastreamsapriori andthesystemcannotknow which
streamsthehumanwill choose,performancewould suffer greatly.
Thehumanwouldoftennothave theproperdataavailable,andthe
systemwould beunableto performeffective cachingdueto band-
width limits, resultingin large delaysbeforethe humanwould be
ableto intervene.

The questionof how much datato buffer is also complex. In
somescenarios,“key events” will exist for someor all error con-
ditions,which, whenobserved in their entirety, will allow theop-
eratorto identify the error. In suchsituations,it is importantthat
thedatabuffer containtheentiretyof theseevents,andthe length
of thebuffer will notbecorrelatedto accuracy.

However, it is often thecasethat thekey eventsarenot observ-
able. In suchsituations,the operatormustobserve a playbackof
theevolving systemto determinewhich, if any, errorhasoccurred,
asthesignsareoftensubtleandongoing.If observablekey events
do not exist in a scenario,the lengthof databuffer is of vital im-
portance,and the bestlength is a function of the scenarioitself,
thespeedof therobots,andthehuman'sability to attainsituational
awareness.Thevastmajority of theexamplesusedin this experi-
mentdid not containobservablekey events.

While it mayappearthata longerbuffer will resultin a greater
degreeof situationalawareness,andthusafasterresponsetime,this
is not necessarilythecase.We hypothesizethat thereis a point at
which longerplaybacksprovide no moreusefulinformationabout
theproblemat hand.In addition,whenconsideringef�ciency, one
musttakeinto accountnotonly how longit takesthehumanto react
afterviewing theplayback,but alsohow long is spentwatchingthe
playback.Theremaybeatradeoff betweenplaybacktimeandtime
exclusively spentthinking about the situation,and it is possible
that the optimal overall reactiontime is not necessarilythe case
resultingin theminimumtimedevotedexclusively to cognition.

Althoughthespeci�c answersto thequestionsof datarelevance
andbuffer lengtharein parttask-anddomain-dependent,thereare
someprinciplesthatapplyto arangeof similardomains.In orderto
investigatetheseprinciples,we evaluatethemusingour own con-
structiondomainandrobot team,anddiscussour speci�c results
andhow they mayapplyto othersimilar scenarios.

4. EXPERIMENT AL DESIGN AND
METHODOLOGY

Weconductedanexperimentto assesshow muchandwhattypes
of informationshown toahumanoperatorcorrelatewith how quickly
the operatoris able to gain situationalawareness.In the experi-
ment,thesubjectswereaskedto observe a setof prerecordeddata
streamsandthendetermineboth why the autonomoussystemre-
questedassistanceandidentify anappropriateaction.Betweentri-
als,we variedwhich datastreamswereavailableto thesubject,as
well asthe streams'length. Whennot respondingto a simulated
requestfor help, the subjectperformeda concentration-intensive
distractortaskto simulateamultitaskingoperator.



Figure 1: The Mobile Manipulator (top left), Roving Eye (top
right), RoboCrane (bottom left), and the completedstructur e
(bottom right).

4.1 Scenarioand Robots
Theassemblyscenariousedin thisexperimentinvolvesfourbeams

andfour planarlycompliantnodesthatareassembledinto asquare
structure(Figure 1). In order to weakly simulateconditionsin
space,thenodesaresupportedby castersthat roll easilyalongthe
�oor . Thus,bracingof the nodesis requiredbeforethe endof a
beammaybeinsertedinto thenode.

We have decomposedthis scenariointo tasksthat canbe com-
pletedby agentsful�lling threedifferentroles: an agentthat pro-
videsinformationaboutthestateof theworld (theRovingEye;Fig-
ure 1), an agentthat bracesthe nodesduring docking(the Crane;
Figure1), andanagentthatdoestheactualmanipulationandinser-
tion of the beamsinto thenodes(theMobile Manipulator;Figure
1). NeithertheCranenor theMobile Manipulatorpossessany ex-
trinsicsensorsandmustrely onpositionaldatatransmittedto them
by theRoving Eye,which is equippedwith stereocameras.

4.2 Interface
The information streamsavailable to the humaninclude three

video feedsandonesynthesized“technicaldrawing”-style visual-
izer (Figure2). Thevideofeedsarefrom oneof theRoving Eye's
cameras,a �sheye cameraplacedin theCranelooking down onto
theworkspace,anda stationaryexternalcameraplacedoutsidethe
workspacelooking towardsthestructure.TheRoving Eye's stereo
pair is alsousedto estimatetherelativepositionsof thevariousob-
jects in its �eld of view [5]. This information is in turn usedby
thevisualizerto displaytherelativepositionsof thebeamandnode
from aboveandin front of thebeam((4) in Figure2). Thisprovides
datathat is at timesnot otherwiseavailableto theuser, dueto the
lackof depthperceptionfrom singlecameras.However, asa result
of thedata's noisinessandtheautonomoussystem's relianceon it,
thevisualizeris never usedalone,in orderto give theoperatoran
opportunityto recover from errorsresultingfrom datacorruption.
Neither the cameraon the Cranenor the externalcameraareuti-
lizedby theautonomoussystem.

Figure 2: The subject interface, including thr eevideo streams
(the Roving Eye's cameras(2), an external camera (3), and a
Crane-mounted camera (4)), a synthesizedview of the beam
and node(the visualizer) (1), and the error categorizationdia-
log (5). The “minimal video” conditions incorporate (2), while
the “maximal video” conditions incorporate (2), (3), and (4).

4.3 Experimental Design
Our two experimentalvariablesarethe compositionandlength

of the datafeedthat is presentedto the subject. We choseto in-
vestigatefour lengths(0, 5, 10,and20 seconds)andfour different
combinationsof availabledata(seeFigure2):

1. Minimal video: Roving Eyevideoonly (Min vid)

2. Minimal video+ visualizer:Roving Eyevideoandthevisu-
alizer(Min vid + viz)

3. Maximal video: Roving Eye,Craneoverhead,andexternal
videos(Max vid)

4. Maximal video + visualizer: Roving Eye, Craneoverhead,
andexternalvideos,aswell asthevisualizer(Max vid + viz)

This yieldsa total of 16 differenttestconditions.Sinceall pos-
siblecombinationsof datafeedscouldnot feasiblybeinvestigated,
thesecombinationswerechosento allow the comparisonof min-
imal data(1, above) againstmaximaldata(4, above), aswell as
severalpointsin between.They arethenevaluatedin conjunction
with playbacktimeof varyinglengths,rangingfromstaticfeedback
(the0 secondplaybackcondition)to 20secondsof feed.

Theexamplerequestsfor assistanceusedin theexperimentwere
drawn exclusively from thetaskof dockingoneendof abeamwith
a node.This is a precisemanipulationtaskperformedby theMo-
bile Manipulatorand is rich in potentialerrors. This provided a
large variety of situationsin which the robotscould requesthelp,
loweringtheprobabilityof thesubjectrandomlyguessingthecor-
rectanswer. In addition,thisplacedall theexampleswithin asubset
of thedomain,whichmadetrainingsubjectsmuchmoretractable.

Duringeachtrial, thesubjectwasaskedto identify why therobot
requestedhelp during the observed docking. The errorsfell into
four broadcategories:falsealarms,obscurements,interferenceby
non-targetobjects,andinterferenceby thetargetnode.Falsealarms
occurredwhena successfuldockinghadbeenincorrectly labeled
an error by the system.An obscurementerror occurredwhenthe
Roving Eye lost sightof thebeamfor any reason.Interferenceby
non-targetobjectsconsistedof thebeamhittingeitheranother(non-
target) nodeor the Crane's endeffector. Finally, the beamcould
have becomestuckin anundockedpositionon the targetnode,as
a resultof anerror in theRoving Eye's dataor theMobile Manip-
ulatorapproachingthenodealonganerroneousvector.



4.4 Experimental Procedure
The experimentalprocedurewasa combinationof training and

testing.Thesubject'strainingbeganwith readingawrittenoverview
of thetaskandhardwareathand,with theexperimentoranswering
any questions.1 Thesubjectwasthenshown oneexampleof each
of the seven typesof errorsvia the graphicalinterface(Figure2),
usingthemaximalvideo+ visualizerand20-secondplaybackcon-
dition. Theexperimentordiscussedeachexamplewith thesubject
in orderto ensurethe subjectunderstoodeacherror's characteris-
tics. Thesetrainingexampleswerenot usedduringthetestphase.
If thesubjectdid not feel fully trainedby thispoint, thesametrain-
ing exampleswererepeateduntil thesubjectandexperimentorfelt
thesubjectgraspedtheproblem.

After training(which typically took 20-30minutes),thefollow-
ing testprocedurewasused.Thesubject�rst playeda Tetris-like
gamerequiringsigni�cant concentration[8] for atimechosenfrom
anormaldistributioncenteredatoneminute,with astandarddevia-
tion of 5 seconds.After this timehadelapsed,thesubject'sdisplay
was switchedto the interface(Figure2), with the currentcondi-
tion's datastreamsvisible. Thelengthof playbackassociatedwith
the currentconditionwas immediatelyshown, with all displayed
datastreamssynchronized.Onceplaybackwascomplete,all inter-
faceelementswerefrozenonthe�nal frameof theplaybackbuffer
andtheclassi�cationentrydialogwasdisplayed(notethatthispre-
ventedthesubjectfrom choosinganerrorprior to thecompletion
of playback).As soonasthesubjectselectedoneof thesevener-
ror classi�cations,they were returnedto the distractortask. The
actualtime elapsedduringplaybackandthetime takento classify
theerror. Thetime neededfor playbackpluserrorclassi�cationis
a fairly tight upperboundon the time neededto attainEndsley's
Level 2 situationalawareness(comprehension)[2].

Eachuserwastestedon four of the 16 conditions,with six ex-
ampleerrorschosenper condition. Eachsetof six exampleswas
chosenrandomlywithout replacementfrom a pool of 29. In order
to ensurethatnoerrortypeoccurredmorethanoncepertestcondi-
tion, whenanexamplewaspickedandremovedfrom thepool, all
otherexamplesof the sametype weremarked. Marked examples
wereremovedfrom thepool until thesix examplesfor thecurrent
testconditionwereselected,afterwhich they wereunmarkedand
returnedto thepool. Theentireexperiment,includingtrainingand
testingphases,consumedanaverageof 1.5hourspersubject.

To accountfor orderingeffects,weappliedLatin squaresto both
effectsandran the combinedconditions. A Latin squareis a sta-
tistical techniquewhich allows experimentorsto testeffectswhile
controlling for two otherknown sourcesof variation(here,inter-
subjectvariability and orderingeffects). Sinceeachsubjectwas
evaluatedunderfour testconditions,16 subjectswererequiredto
cover all the possibleorderings. We evaluated32 subjectsin all.
OursubjectswerestudentsatCarnegieMellon. Nonehadprior ex-
periencewith thetask,andtheirbackgroundsspannedtheCarnegie
Mellon studentpopulation.

5. RESULTS
During theexperiments,we recordedthetime it tooksubjectsto

classifyeachexample,both including andnot including the time
it took them to watch the data feed, as well as the accuracy of
theirclassi�cations.Wede�ne “responsetime” asthetimebetween
whenplaybackof thedatastream�nished andwhentheusersclas-
si�ed thecurrenterrorvia thedialogbox. Wenow analyzethisdata

1Sincea signi�cant portionof the trainingconsistsof interactions
betweenthe experimentorand the subject,a singleexperimentor
conductedall theexperiments,in orderto avoid trainingbias.

Data feed
composition

Responsetime
Playback +
responsetime Classi�cation

accuracyµ s µ s
Min vid 19.2 17.7 28.6 17.6 44.8%
Max vid 26.9 30.0 36.4 28.8 62.0%
Min vid + viz 20.4 16.5 29.8 16.3 53.6%
Max vid + viz 27.2 23.3 36.6 23.3 55.7%

Table 1: Err or classi�cation time (seconds)and accuracy
(probability of correct response)as a function of data stream
composition.Eachrow of this table containsdata fr om all data
feedlength conditions and comprisesthe entirety of the corre-
spondingdata streamrows in Figures3–5.

in thecontext of the16 testconditions(4 availabledatafeedsby 4
lengthsof playback)usingaunivariateANOVA test.

5.1 Data FeedComposition
The resultsshow that the “minimal video” datafeedcondition

resultedin the shortestresponseand playback+ responsetimes
(Table1) 2. However, therewasnot a statisticallysigni�cant dif-
ference(ata95%con�dencelevel) betweentheminimalvideoand
minimal video+ visualizerconditionsin eithercase,accordingto
the Bonferroni 3 post hoc test (Table 2). The presenceof addi-
tional videofeedsappearedto beanimportantfactor, asclassi�ca-
tion timesunderbothconditionsincorporatingmaximalvideowere
signi�cantly slower thaneitherminimal videocondition(Table2).

While fewerdatafeedsappearsto beanadvantagewhenit comes
to eliciting a rapidresponse,this is not thecaseif oneis concerned
with accuracy. As canbe seenfrom Table1, accuracy peaksat a
62% likelihoodof a correctclassi�cation for the “max vid” data
feed composition. Note, however, that the only statisticallysig-
ni�cant differenceis betweenthemaxvid andmin vid conditions
(Table5). We may only draw the inferencethat additionalvideo
increasesaccuracy. We hypothesizethat the visualizermay make
upsomeof thelackof themin vid condition,while overloadingthe
operatorin themaxvid + viz case.However, thesehypothesesare
only supportedby trends,not statisticallysigni�cant differencesin
thedata.Weattributetherelatively low accuraciesachievedby our
subjectsto theirunfamiliarity with thescenarioandthelow quality
of the video feeds. Note that at no time doesaccuracy decrease
below randomchoice(14.2%).

5.2 Data FeedLength
The resultsalso con�rmed our hypothesisthat a longer video

playbacktime resultsin a shorteruserresponsetime (Table3) (re-
call thatwede�ne “responsetime” asthetimeelapsedbetweenthe
endof theplaybackandtheclassi�cationof theerror). This trend
wastrue for eachcondition,and is illustratedin Figure3. How-
ever, usinga Bonferroniposthoc test,signi�cancewasnot found
betweenthe5 and10or the10and20secondconditions(Table4).
This is notunexpected,asthedatafeedlengthsarecloselyspaced.

Thesetrendsdiffer whenwe examinethe playback+ response
time data. Here, the 5 and 10 secondplaybackconditionswere
thefastest,with the0 and20secondplaybackstakingsigni�cantly
longer(Table3). We canseefrom Table4 that the only insignif-
icant differencesare thosebetween0 and 20 secondsand 5 and

2In thisandthefollowing tables,weuseµ to indicatethemeanand
s to representthestandarddeviationof thepresentedsample.
3This is onetype of post-hoctest,usedto examinewhetherthere
aresigni�cant differencesbetweenindividual categories,suchas
minimalandmaximalvideo.
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Table 2: Signi�cance betweendata stream conditions fr om a
pair-wise Bonferroni post-hoc test at a 95% con�dence level.
Signi�cant differ encesare denotedby a bold 'Y'. Note that the
only two differ enceswhich are not signi�cant are betweenthe
two maximal video conditions and the two minimal video con-
ditions.

Data feed
length

Responsetime
Playback +
responsetime Classi�cation

accuracyµ s µ s
still frame 35.0 26.5 37.4 26.5 42.7%
5 seconds 23.3 19.6 28.4 19.6 51.6&
10seconds 18.7 21.3 28.8 21.3 58.3%
20seconds 16.7 18.5 36.8 18.5 63.6&

Table 3: Err or classi�cation time (seconds)and accuracy
(probability of correct response)as a function of data feed
length. Each row of this table contains data fr om all data
stream composition conditions and comprises the entirety of
the correspondingdata feedlength rows in Figures3–5.

10 seconds.This is unsurprising,asthey representthe troughand
peaksof thedatafeedlengthx playback+ responsetimecurve.

Datafeedlengthhasaclearlysalutaryeffectonaccuracy, ascan
beenseenin Table3. Unsurprisingly, increasinglengthresultsin
greateraccuracy, with only theneighboringlengthcategoriesshow-
ing statisticallyinsigni�cant differences(Table5). This,whencon-
sideredalongsidethe playback+ responsetime trends,indicates
thatacomplex nonlineartradeoff maybemadebetweenoverall re-
sponsetime andclassi�cationaccuracy by thesystemdesigneror
theautonomoussystem.

5.3 Interaction Effects
The ANOVA testalsorevealedtrendsin the interactioneffects

betweenthe two experimentalvariables'effectson responsetime,
with a signi�canceof .083and.084in theresponsetime andplay-
back+ responsetime cases,respectively. 4 Figures3 and4 illus-
trate theseeffects. The graphof responsetime alone(Figure 3)
suggeststhat the maximalvideo andmaximalvideo + visualizer
conditionsaremoreaffectedby videoplaybacktime thantheother
datastreamconditions.It alsoshows that thedatafeedconditions
have much lessof an effect on users'meanresponsetime when
theplaybackvideolengthis 20 secondsthanwhenit is only a still
frame. Thegraphthat incorporatesplaybacktime (Figure4) con-

4This meansthat thereis approximatelyan 8% chancethat data
feed length and compositionindependentlyaffect responsetime.
This is on theborderlineof beingstatisticallysigni�cant, as5% is
thecommonlyacceptedupperboundfor a level of signi�cance.

Signi�cance 20seconds 10seconds 5 seconds
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10seconds Y – –

Table4: Signi�cance betweendata feedlength conditions fr om
a pair-wiseBonferroni post-hoctest at a 95% con�dence level.
Signi�cant differ encesaredenotedby a bold 'Y'

Signi�cance: Err or Classi�cation Accuracy
Max vid + viz Min vid + viz Max vid
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still frame Y Y n

5 seconds Y n –

10seconds n – –

Table 5: Signi�cance for error classi�cation accuracybetween
the various conditions fr om a pair-wise Bonferroni post-hoc
test. Signi�cant differ encesaredenotedby a bold 'Y'.

�rms theseeffects. Theseinteractionsarediscussedfurther in the
next section.

While datafeed compositionand length may interactwith re-
spectto responsetime, thereare no interactionswith respectto
accuracy, astheANOVA teston theaccuracy datayieldeda 0.462
interactionsigni�cance. This indicatesthereis a 46% chancethe
observeddatacouldoccurif datafeedcompositionandlengthin-
dependentlyaffectaccuracy. This impliesthatif thedesigner'ssole
goal is accuracy, datafeedcompositionandlengthmaybe“dialed
in” independentlyof oneanother. Thismaybeintuitedto anextent
from Figure5.

6. DISCUSSION
The measuredresponsetimes are an implicit measurementof

situationalawareness,asopposedto subjective(self-rating)andex-
plicit (questionnairesadministeredduringasuspensionof thetask)
measurements[6]. Most establishedmethodsfor subjectively or
explicitly measuringsituationalawareness,suchasSAGAT [3] and
SART [9], aredesignedto measureongoingsituationalawareness
during a long-termtask,andarethusnot immediatelyapplicable
to the domainwe areinvestigating. However, we believe our im-
plicit measurementsto bea goodmeasureof theeaseor dif�culty
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Figure5: Mean error classi�cation accuracy, by test condition.
Pleasenote that the ordering of the data feedlength axis is re-
versedrelative to Figures3 and 4 for purposesof readability.

with whichthesubjectattainssituationalawareness.By examining
the time taken to classifythecurrenterror, we areableto directly

measurehow long it takes to attainLevel 2 (comprehension)sit-
uationalawareness,usingEndsley's model [2]. Sincethe subject
hasbeenperformingahigh-concentrationdistractortaskfor longer
thana trial's lengthprior to eachtrial, we arecon�dent thatwe are
capturingthe entireprocessof attainingsituationalawareness.In
addition,becausethe subject's sole task oncea trial begins is to
determinetheerror, we alsobelieve thatwe arenot overestimating
the responsetime, exceptby the relatively constantfactorof the
time requiredto manipulatethe classi�cation interface. Thus,we
believe thatwe arein factableto capturea reasonablytight upper
boundonthetimetakento achieveLevel 2 situationalawarenessin
ourdomain.

The datafrom the minimal video andmaximalvideo datafeed
compositionconditionssuggestthat a simpler display (here,just
theRoving Eyevideo)leadsto theshortestresponsetime,although
this incurs a signi�cant accuracy penalty. We believe that since
subjectshave limited visual informationto considerwhile making
theirchoice,it takesthemlesstime to decidehow to respondgiven
theavailableinformation.Whenpresentedwith moreinformation,
however, subjectstook signi�cantly longerto respond,suggesting
that theextra videosadda signi�cant processingoverhead.While
responsetime wassigni�cantly longerin the max vid case,accu-
racy alsoimprovedsigni�cantly (Table5), indicatingthatatradeoff
mustbemadebetweenresponsetimeandaccuracy.

However, when the visualizerinformation is addedto eachof
theseconditions,userresponsetimedoesnotsigni�cantly increase.
Onepossibleexplanationis thatinformationpresentedby thevisu-
alizer is easierto processthaninformationthat mustbe extracted
from thevideos.Thisis especiallytruesincethevisualizerpresents
3D informationin a naturalway, requiringlittle extra mentalpro-
cessing,whereassubjectsare requiredto fuse the multiple video
streamsin order to extract 3D information from them. Another
possibleexplanationis that subjectsmadelittle useof the visual-
izer, andinsteadconcentratedtheirattentiononthevideos.In order
to directly measurethis, attentiontrackingdata(suchasthat from
agazetrackingsystem)is needed.

While theadditionof thevisualizerhaslittle impactonresponse
time, it improvesaccuracy whenaddedto theminimal videocon-
dition, but degradesit whenaddedto maximalvideo(Table1). Al-
thoughneitherof theseeffectsis statisticallysigni�cant, they may
indicatean interestingtrend. The visualizerprovidesinformation
not available in the minimal video case,but may overlapsigni�-
cantly with the maximalvideo's content. This overlap resultsin
informationoverload,with theoperatorlessableto gleantherele-
vant data. This may indicatethat providing the sameinformation
in morethanoneform is in factdetrimental.

Whenconsideringthedatafeedlengthresultsfor responsetime
alone,we canat �rst glanceseethat the longer the datafeedthe
operatoris presentedwith, thebetter- thereis a clearinverserela-
tionshipbetweenthefeedlengthandthetimesubsequentlytakento
selectanerrorcondition.While this is clearlynot themetricof use
to theautonomoussystemor systemdesigner(bothof which will
insteaduseplayback+ responsetime),it servesto illustratethatthe
operatoris still accumulatingandprocessingadditionaluseful in-
formationduringtheplaybackprocess.If wewereto furtherextend
thedatafeedlength,we would expecttheoperator's responsetime
to eventuallyplateauto the time neededto manipulatethe classi-
�cation interface. This hypothesisis supportedby the nonlinear
form of thedatafeedlengthx responsetimecurve (seeFigure3).

Upon examining the more relevant playback+ responsetime
data(Figure4 andTables3 and4), weseethatafteracertainpoint
increasingthe lengthof the datafeeddoesnot result in improved
classi�cationtime. This is becauseit takeslongerto bothwatchthe



displayandrespondthanit doesto watcha shorterdisplaybuffer
andtakeabit longerto respond.Thus,thedatasuggestthataplay-
back in the rangeof 5 to 10 secondswill result in the quickest
responsesfor this con�guration. However, accuracy steadilyim-
provesasthelengthof playbackincreases.No onechoiceof play-
back lengthoptimizesboth responsetime andaccuracy: this is a
tradeoff that mustbe madeby the systemdesigner, andis a deci-
sionwhichcanbeguidedby ourresults.If accuracy is imperative,a
costin additionaltimewill needto bepaid.While thespeci�cswill
vary betweensystems,it seemslikely thatsimilar playbacklength
vs responsetimeandplaybacklengthvsaccuracy curveswill exist
in otherteleoperationsystems.

Theinteractioneffectswith respectto responsetimebetweenthe
two experimentalvariablesprovidedfurther insight into this situa-
tion. Theincreasedsensitivity of thetwo datafeedconditionsthat
includeall threevideo playbacksto datafeedlengthsupportsthe
earlierconjecturethat processinginformation in the form of raw
videooutputtakeslongerthanprocessinginformationfrom a sim-
plercomponent,suchasthevisualizer. Alsosupportedis ourearlier
theoryaboutthehumanuser's performanceplateauingafterview-
ing a certainlengthof playback. Becausethe differencebetween
datastreamconditionsdecreasesastheplaybacktime increases,it
canbeseenthatusersarebecomingsaturatedwith information,and
thatmoreinformationwill mostlikely not decreasetheir response
timeany further. In addition,thisindicatesthatit ispossibleto trade
off playbacktime againstthebandwidthrequiredfor theplayback
while maintainingagivenlevel of performance.

7. FUTURE WORK AND CONCLUSIONS
Dueto lack of hardware,we wereunableto log oneobviousas-

pectof how situationalawarenessis attained:which datastreams
the subjectwasactuallyattendingto at any given moment. This
meansthatwe areunableto distinguishbetweenwhetherthesub-
jectwasattendingto avideothatwasof little utility for thecurrent
error or the subjectwas attendingto a useful video, but did not
comprehendtheerror. Oneapproachthatwould allow us to sepa-
ratethesefactorsis to addagazetracker to thesystem.

As mentionedabove,theresponsetimeof usersunderincreasing
datafeedlengthsprobablyplateausaftera certainpoint. It would
be interestingto studyfurtherwhatexactly determineswherethis
point is, and whetherit is affectedby other factors,suchas the
selecteddatastreamsand the speedof the robotsin autonomous
mode.It maybethata humanassistinga robotteamwhich moves
quickly requireslessabsolutetimetoachievesituationalawareness.
If this is thecase,aslow-moving systemmayimprove thehuman's
responsetimeby playingbackthebuffer ata fasterrate.

While ourspeci�c resultsareunlikely to beof directusein other
scenarios,somerelevanttrendswill beuseful:

(1) Thereis unlikely to beasinglecon�gurationwhichoptimizes
bothaccuracy andresponsetime. Thesystemdesignermustdecide
whetherhewantsto optimizeoneor theother, or whethera com-
promiseis in order. This is true when adjustingboth datafeed
lengthandcomposition.

(2) While increasingdatafeedlengthimprovesaccuracy, it will
eventuallystopdecreasingresponsetimeandbegin regressing.This
is oneof thetradeoffs thatmustbemade.Similarly, increasingthe
amountof informationavailableto theoperatorimprovesaccuracy
for a time. However, the operatoreventuallybecomesinundated
with data,atwhichpointaccuracy beginsto fall off.

(3) Data feed lengthandcompositioncannotbe controlledin-
dependently. In general,increasingplaybacklengthdecreasesthe
effect of datafeed composition,especiallywith respectto accu-
racy. Thisallows thedesignerto tradeoff instantaneousbandwidth

againstthedurationof bandwidthusagewhile maintaininga target
accuracy level.

(4) Althoughduplicatingdatain differentforms(e.g. videoand
visualizer)mayintuitively seemto behelpful,it insteadcontributes
to informationoverload.Caremustbetakenwhenselectingteleop-
erationinterfaceelements.They shouldbeconsideredwith respect
to eachotheraswell astheir stand-aloneusefulnessto the taskin
orderto avoid needlessduplication.

In this paperwe have discussedtheimportanceof quickly gain-
ing situationalawarenessin systemsinvolving sliding autonomy.
In orderfor a humanoperatorto beaneffective teammemberin a
systemaskingfor help,they mustbeableto switchtasks,gain sit-
uationalawareness,anddiagnosetheerrorasquickly aspossible.
We introducedvariousfactorsthataffect a humanoperator's abil-
ity to quickly gain situationalawarenessof their workspacewhen
shown a brief, partial history of the robots' movements.We var-
ied which datafeedswereshown andhow long thefeedswere,in
anattemptto determinetheoptimal interfacefor our scenarioand
team. Humansubjectexperimentshave shown that 5-10 seconds
onevideo feedresultsin the quickestresponse,while 20 seconds
of threevideofeedsresultsin themostaccurateoperatorresponse.
This further illustratesthe maxim that everythinghasa cost: the
systemdesignermustmaketradeoffs betweenspeed,accuracy, and
bandwidthto build asystemsuitedto thescenarioathand.
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