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ABSTRACT

We are interestedin the problemsof a humanoperatorwho is
responsibldor rapidly and accuratelyrespondingto requestsfor
help from an autonomousobotic constructionteam. A dif cult
aspectof this problemis gaining an awarenesof the requesting
robot's situationquickly enoughto avoid slowing the whole team
down. Oneapproachto speedinghe initial acquisitionof situa-
tional awarenesss to maintaina buffer of data,andplay it backfor
the humanwhentheir helpis needed We reporthereon anexper
imentto determinehow the compositionandlengthof this buffer
affectthehumans speedandaccurag in our multi-robotconstruc-
tion domain. The experimentsshav that, for our scenarios - 10
second®f oneraw videofeedledto thefastesbperatomattainment
of situationalawarenesswhile accurag wasmaximizedby view-
ing 10 secondf threevideo feeds. Theseresultsare necessarily
speci ¢ to ourscenarioput we feelthatthey indicategeneratrends
which maybe of usein othersituations.We discusgheinteracting
effectsof buffer compositionandlengthon operatorspeedandac-
curag, anddraw several conclusiongrom this experimentwhich
may generalizdo otherscenarios.

Categoriesand SubjectDescriptors: 1.2.9[Arti cial Intelligence]:
Robotics— Opeator interfaces H.1.2 [Models And Principles]:
User/MachineSystems- Humanfactors

General Terms: ExperimentationHumanFactors

Keywords: SituationalAwarenessiJserStudy Sliding Autonomy
CaseStudy

1. INTRODUCTION

It is impossibleto createa robotic systemthatcanoperaten an
open,dynamicervironmentwith zerofailures. Thereare always
unexpectederror conditions,which the robot's programmersvere
unableto anticipate.ln suchcasesa purelyautonomousystemis
left with little recourse:it canattempta few generalizedecovery
stratgjies, but therewill alwaysbe cornercaseshat prevent task
completion.
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Ratherthanattemptingto accountfor every possibleerror con-
dition, andacceptaterminalfailureif we encounteanunexpected
casewe believe thatautonomousobotsor teamsof robotsshould
insteadbe designedo recover from commonfailuresand merely
recognizeat leastin a generalsenserarefailures. Most failures
canbe detectecht somelevel, suchasexceedinga limit, but suf-
cientinformationfor automatedecovery is oftennot available.

Simply detectingerrorsis of little useto theautonomousystem
without a way to translatethe errorinto a recorery method. Since
it'simpracticalto do soin codefor all concevablesetsof recorery
methodsand errors, we solve this dilemmaby involving one or
morehumansn the team. Whena robot believesit is in trouble,
but hasnoway of recoreringonits own, it mayrequesthelpfroma
humanteammember This takesadwantageof the strengthof the
autonomousystem,suchasits ability to quickly and accurately
performroutine,repetitve, or long-durationtasks,while usingthe

e xibility of the humanpartneron anas-needetbasisto Il in the
gapsin theautonomousystems capabilities.

Ourdomainis multi-robotconstructiorteamswhichis rife with
opportunitiesfor coordinationand collaborationbetweenrobots
and humans. The currentscenarioinvolves three heterogeneous
robotsworking togetherto assemble squarestructureout of four
beamsandfour connectingnodes Thenodesmountedonwheeled
basesmustbe bracedbeforea beammay be connected.This re-
sultsin threenaturalroleswithin theteam:abracingrobot,arobot
to performthe ne manipulationnecessaryo connecta beamto a
node,andathird to provide amobile sensoplatform.

Within our constructiondomain,a humanteleoperators avail-
ableto help the systemas needed.We have previously [4] com-
paredteleoperationautonomyandtwo mixed (Sliding Autonomy)
approachesThe two mixed approachevaried asto whetherthe
humanwas allowed to constantlymonitor the systems$ progress
and proactvely assumecontrol. We investigate herethe casein
which the humanis occasionallyaskedto provide assistanc&hile
they are performingotherunrelatedtasks. The challengefor the
humanin sucha scenarids to swiftly attainsituationalawareness
whenthey arecalleduponto intervene. By situationalawareness,
we meanan understandingf: theroboticteams andworkspaces
currentstate how fartheteamhasprogresseih theassemblypro-
cesswhatcausedheteamto askfor help,andwhatis anappropri-
atenext action. Thereareclearly degreesof situationalawareness:
knowing thattherobotis in the assemblyareais clearly different
thanknowing its precisepositionrelative to the currentbeam. For
the purposef this paper we de ne situationalawarenessassuf-

cient understandin@f the robot's (or robots') stateto formulate
a short-termplan of action. This will vary somavhat on a case-



by-casebasis,but in generalwill only involve comprehensiomf
thespatialrelationship$etweerthesmallsetof objectsandrobots
directlyinvolvedin thecurrenttask.

Attainingsituationalwarenesn thisscenarias nontriial, since
the operatordoesnt continuallymonitortheteams progresswhile
ful lling their otherresponsibilities. It is often quite dif cult to
determingheproblemwhichtriggeredtherequesfor helpby sim-
ply observingthe teams current(static) state. For instance,in a
high-clutterenvironmentthe causeof the requestfor help may be
ambiguouslueto limited cameranglesandalack of depthpercep-
tion. While moving therobotscouldhelpto remove thisambiguity
thismaynotbesafeif they arein closeproximity to obstaclesOne
approacho helpingthe humansafelyattainsituationalawareness
is to provide a playbackof datafor someamountof time preced-
ing the requestfor help - in otherwords, maintaina buffer of the
systems recentactivity anddisplayit to the humanwhenhelpis
neededThis helpsremore someof the scenes ambiguity andalso
providesinformation aboutthe teams recentactions,which may
furtherhelpin determiningthe currentproblem.

We have conductecinexperimentin orderto investigatehow the
lengthof this buffer and differentcombinationsof cameraangles
andsynthesizediews affect the humans acquisitionof situational
awarenesswithin our scenario. The experimentshaved that for
ourscenaric - 10 second®f oneraw videofeedyieldsthefastest
responsérom userswhile 10 second®f threevideofeedsresults
in the most accurateresponses.While thesespeci c resultsare
necessariltightly tied to our scenariowe feel that they indicate
trendswhich maybe of usein otherSliding Autonomyscenarios.

2. RELATED WORK

Therehasbeena signi cant amountof work over the yearson
helpinghumananaintainsituationalawarenessn a numberof dif-
ferentscenariosMuch initial work focusedon maintainingthesit-
uationalawarenes®f pilots[3] [9], while morerecentresearcthas
investicatedthe maintenancef situationalawarenessluring tele-
operationof searchandrescuerobots[12]. The primary focus of
the existing situationalawarenesditeratureis on maintainingthe
awarenes®f 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 areinterestedn helpingthe operator
repeatedhattainsituationalawarenessvithout monitoringthe sys-
tembetweerinteractionepisodes.

Onemodelof situationalawarenesspplicableto our domainis
that proposedby Endsley [1] [2]. Thatmodelde nesthreelevels
of thesituationalawarenessLevel 1 (perceptiorof environmental
elementsyonsistof basicperceptiorof cues:anoperatomwho has
achieved Level 1 situationalawarenesshas successfullycompre-
hendedhe bits andpiecesof informationavailableto them. Level
2 (comprehensionf currentsituation)integrateshedataperceved
in Level 1 and, onceachieved, allows the humanto derive task-
relevantmeaningrom theraw datapercevedby Level 1. The nal
stageof situationalawarenessl, evel 3 (projectionof future states),
involvesthe projectionof the future stateof the system.Operators
who have achieved Level 3 situationalawarenessare ableto pre-
dict future systembehaior, includingthe systems likely reaction
to their input, from currenteventsanddynamicspercevedin Lev-
els1 and2. In our experiment,we attemptto determinehow long
it takessubjectsto attainLevel 2 situationalawarenessvhenpro-
videdwith differing sourcesandamountsof historicalinformation.

Teleoperatiorsystemenhanceperatosituationalawarenesin
differentways.Many systemgprovide multiple viewpointsthrough
bothexternalviews andviews from cameran the robot(s)them-
selwes. Wangand Milgram [11], however, have tried to limit the

mentalworkloadrequiredto reconcilethosetwo views by creating
a new type of viewpoint. Their view, calleda “tether” view, is a
displaythatis neitherexternalnor robot-orientedjnstead,t com-
binesthe two by simulatinghow the scenewould look from a kite
ying behindtherobotin theworkspace.

In additionto viewpoint, situationalawarenesss alsoimproved
by studyinghow spatialinformation of the workspaceshouldbe
presentedo the operator Lasswelland Wickens[7] investicated
waysto improve informationdisplaysfor pilotsin orderto improve
taxi-way safetyandtrafc o w. They shavedthata3-dimensional,
perspectie-view of the workspaceeducedateraltrackingerrors,
but that a 2-dimensional plan-viev of the workspacesupported
greatertaxi speedsThis suggestedhatby giving the 2D displaya
wider eld of view, operatorsvould be ableto geta betterfeel for
their situationaswell asbene t from theadvantage®f aplan-viev
of theworkspacePresumablytechniquesuchasthisthatareused
to provide a greaterdegreeof situationalawarenesgould alsobe
appliedto the situationswe arelooking at, in which the operatoiis
attemptingto gain, not maintain,awvarenes®f theworkspace.

A differentareaof sciencepertinentto our work is that of cog-
nitive psychology When presentedvith multiple visual displays,
thequestionarisesof how muchinformationoperatorsanprocess
andremembeatatime. Thecognitive psychologycommunityhas
donerelevantwork studyingthe limitations of humanvisualwork-
ing (short-term)memory[10]. Studieshave shavn that working
memoryhasseverelimitations, andcanonly hold a few piecesof
informationat a time. Whatexactly limits how muchinformation
working memorycanhold is still underinvestigation; possibilities
includethe numberof objectsattendedo, the numberof features
thoseobjectshave, andsoforth. Regardlessthis researcitouldbe
very helpful in the designof operatorinterfacesasit is important
to provide operatorsvith enoughput nottoo much,information.

3. SITUATIONAL AWARENESSAND
SLIDING AUTONOMY

We now provide anoverview of the form of Sliding Autonomy
we investigatein this paperand discussour approachto helping
the humanattainsituationalawarenessAs partof the Sliding Au-
tonomy discussionwe examinehow the autonomougomponent
decidesvhento requeshelpfrom the humancomponenandhow
anunderstandin@f a humans ability to quickly attainsituational
awarenesganaffectthis decision.In orderto arrive ataninterface
which will help the humanswiftly achieve situationalawareness,
we look at the limitations of the currentapproachandsomeof the
guestionghatarisewhendesigninganinterfacefor this purpose.

Our currentresearchdeals primarily with Sliding Autonomy
which addressethe questionof how bestto meldthe complemen-
tary talentsof humanteleoperatorand autonomouscontrol sys-
temsvia variouscombination®f relative autonomy On oneendof
theautonomyspectrumniies pureteleoperationin whichthehuman
teleoperators in completecontrol of every aspecof all robots.In
general teleoperatioris reliable, but is slow and imposessignif-
icantworkloadon the humanoperator The otherextremeis pure
autonomyin whichtheroboticteamactsonits own with nohuman
involvementwhatsoeger. Although pure autonomyis often much
fasterthanteleoperationit is signi cantly lessrobust,especiallyin
dynamicdomainswhereall failure modescannotbe determineca
priori [4].

Many roboticsystemghatallow humaninvolvementarelimited
to thesetwo opposingmodes- teleoperatiorand pureautonomy-
with few, if ary, optionsin between.Our goalis a systemwhich
meldsthe respectie bene ts of teleoperatiorand pure autonomy



while avoiding their associatedhortglls. In this experiment,we
examinea Sliding Autonomymodein which the autonomousys-
temrequestdielpasneededrom a humanperformingother unre-
lated,tasks.

Whenoperatingn this mode the autonomousystemmaintains
modelsof bothits own pastperformancendary availablehuman
teleoperatorsskills. Thesemodelsallow theautonomousystento
decidewhetherto requeshelpfrom thehumandueto its beliefthat
thehumanwill bemoreefcient. In addition,arobotmayrequest
helpif it believesit will be unableto recover from a detectedail-
ure. Thegoalof this modeof operationis to allow theautonomous
systemto increaseits robustnessby taking advantageof the hu-
man’s skills and e xibility atneedwhile notundulyloadingthem.
The neteffectis a modethatis morereliablethanpureautonomy
andfasterthanpureteleoperation.The humanmay alsoattendto
othertaskswhile the autonomousystemis operating,sincethey
do notneedto constantlymonitortheteam.

Here, we investigate how the compositionand amountof data
presentedo the operatoraffect their ability to swiftly and ef-
ciently acquiresituationalawarenessvhen transitioningfrom an
unrelatedask.Addressinghis problemyieldstwo bene ts: amore
ef cient userinterface whichallowsthehumanto attainsituational
awarenessnore quickly; anda moreaccuratemodelof how long
this acquisitionwill take, which allows the autonomousystemto
make moreinformeddecisionsaboutwhetherto requesassistance
with a particulartasks. Thesebene ts combineto yield a more
ef cient human-roboteam.

The standardoperatorinterfacein this situationis identical to
that of a full-time teleoperator:it re ects the currentstateof the
robots,and provide informationaboutthe workspacen a variety
of forms. However, suchanapproactsuffersfrom two majorprob-
lemswhenthe operatorhasnot beenmonitoringthe teamprior to
the requestfor help. The rst is its stationarynature: a limited,
staticview of the world resultsin ambiguity aboutthe spatialre-
lationshipsbetweerobjectsandrobots,especiallyin a high clutter
ervironmentwith limited cameraangles.The canonicakolutionis
to shift arobot's viewpoint. However, if therobotis nearobstacles
whichthehumanis unableto accuratelyjocalize,suchuninformed
motioncouldprove dangerousA staticview of theworld alsoham-
persthe acquisitionof situationalawareness As discussedn [2],
time and the perceptionof temporaldynamicsgreatly in uences
theacquisitionof Level 2 and3 situationalawareness.

A secondimitation of a “traditional” teleoperatiorinterfacein
this scenarias its lack of historyandits lack of supportfor deter
mining the intentionsof the autonomousgents.Oneaspecobf at-
taining situationalawarenesss determiningwhatactiontherobots
were attemptingto 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
troublepickingit up, or accuratelyplacingit?

Oneapproacho easingthe acquisitionof situationalawareness
is to maintaina buffer of information, which canbe playedback
to thehumanwhenoperatorassistancés required.This allows the
humanto “get up to speed”by allowing themto view information
aboutthesystemasit approachethestatethattriggeredtherequest
for help. This makesit possibleto bothinfer therobot(s)intentions
and avoid needlessnotion throughpotentially hazardougerrain.
Thetwo obvious questiondor implementingsucha buffer are (1)
what datais mostrelevantto attainingsituationalawarenessand
(2) how muchdatait shouldbuffer.

Onemaybetemptedo includeall availabledatain theinterface
onthetheorythatmoredataresultsin greateinformationintake by
thehuman.However, thehumanbrain's ability to winnow informa-

tion from chaf is distinctly nite, andthe operatomwill quickly be-
comeoverwhelmed?2]. Not only arethe humans resourcesnite,
but the ability of the robotsto storeandtransmitlarge amountsof
datais alsorestricted gespeciallywhentherobotsarenot collocated
with the human.Bandwidthis alwayslimited, andsernesasa rm
uppercap on the amountof datawhich may be presentedo the
human.

Alternatively, the humancould be given their choiceof display
elements.However, sincethe humancannotknow which arethe
mostusefuldatastreams priori andthesystencannoknow which
streamshe humanwill choose performancevould suffer greatly
Thehumanwould oftennot have the properdataavailable,andthe
systemwould be unableto performeffective cachingdueto band-
width limits, resultingin large delaysbeforethe humanwould be
ableto intervene.

The questionof how muchdatato buffer is alsocomple. In
somescenarios;key events”will exist for someor all error con-
ditions, which, whenobsered in their entirety will allow the op-
eratorto identify the error In suchsituations,it is importantthat
the databuffer containthe entirety of theseevents,andthe length
of the buffer will notbecorrelatedo accurag.

However, it is oftenthe casethatthe key eventsarenot observ-
able. In suchsituations the operatormustobsere a playbackof
the evolving systemto determinewhich, if ary, errorhasoccurred,
asthesignsareoften subtleandongoing.If obsenablekey events
do not exist in a scenariothe lengthof databuffer is of vital im-
portance,and the bestlengthis a function of the scenarioitself,
thespeedf therobots,andthehumans ability to attainsituational
awareness.The vastmajority of the examplesusedin this experi-
mentdid not containobsenrablekey events.

While it may appeathata longerbuffer will resultin a greater
degreeof situationalwarenessandthusafasteresponséime, this
is not necessarilyhe case.We hypothesizehatthereis a point at
which longerplaybacksprovide no moreusefulinformationabout
the problemat hand.In addition,whenconsideringef ciency, one
musttakeinto accounnotonly how longit takesthehumanto react
afterviewing the playback but alsohow longis spentwatchingthe
playback.Theremaybeatradeof betweemplaybacktime andtime
exclusively spentthinking aboutthe situation,and it is possible
that the optimal overall reactiontime is not necessarilythe case
resultingin theminimumtime devotedexclusively to cognition.

Althoughthe speci c answerdo the question®f datarelevance
andbuffer lengtharein parttask-anddomain-dependerttereare
someprinciplesthatapplyto arangeof similardomains.In orderto
investicatetheseprinciples,we evaluatethemusingour own con-
structiondomainand robot team,and discussour speci ¢ results
andhow they mayapplyto othersimilar scenarios.

4. EXPERIMENT AL DESIGN AND
METHODOLOGY

We conductedanexperimento assesfow muchandwhattypes
of informationshavn to ahumanoperatoricorrelatevith how quickly
the operatoris ableto gain situationalawareness.In the experi-
ment,the subjectsvereasledto obsene a setof prerecordediata
streamsandthen determineboth why the autonomousystemre-
questedassistancandidentify anappropriateaction. Betweentri-
als,we variedwhich datastreamswvereavailableto the subject,as
well asthe streams'length. Whennot respondingo a simulated
requestfor help, the subjectperformeda concentration-intengg
distractortaskto simulatea multitaskingoperator



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

4.1 Scenarioand Robots

Theassemblygcenariaisedn thisexperimeninvolvesfour beams
andfour planarlycompliantnodeshatareassembleihto asquare
structure(Figure 1). In orderto weakly simulate conditionsin
spacethe nodesaresupportedy castershatroll easilyalongthe

oor. Thus, bracingof the nodesis requiredbeforethe end of a
beammaybeinsertednto thenode.

We have decomposedhis scenariointo tasksthat canbe com-
pletedby agentsful lling threedifferentroles: an agentthat pro-
videsinformationaboutthestateof theworld (theRoving Eye; Fig-
ure 1), an agentthat bracesthe nodesduring docking (the Crane;
Figurel), andanagenthatdoestheactualmanipulatiorandinser
tion of the beamsinto the nodes(the Mobile Manipulator; Figure
1). Neitherthe Cranenor the Mobile Manipulatorpossessiry ex-
trinsic sensorandmustrely on positionaldatatransmittedo them
by the Roving Eye,whichis equippedvith stereccameras.

4.2 Interface

The information streamsavailable to the humaninclude three
video feedsandone synthesizedtechnicaldraving”-style visual-
izer (Figure2). Thevideofeedsarefrom oneof the Roving Eye's
camerasa sheye cameragplacedin the Cranelooking down onto
theworkspaceanda stationaryexternalcamergplacedoutsidethe
workspacdooking towardsthe structure.The Roving Eye's stereo
pairis alsousedto estimatetherelative positionsof thevariousob-
jectsin its eld of view [5]. This informationis in turn usedby
thevisualizerto displaytherelative positionsof thebeamandnode
from above andin front of thebeam((4) in Figure2). This provides
datathatis at timesnot otherwiseavailableto the user dueto the
lack of depthperceptiorfrom singlecamerasHowever, asaresult
of thedatas noisinessandthe autonomousystems relianceoniit,
the visualizeris never usedalone,in orderto give the operatoran
opportunityto recover from errorsresultingfrom datacorruption.
Neitherthe cameraon the Cranenor the external cameraare uti-
lized by theautonomousystem.

Figure 2: The subjectinterface, including threevideo streams
(the Roving Eye's cameras(2), an extemal 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” conditionsincorporate (2), (3), and (4).

4.3 Experimental Design

Our two experimentalvariablesarethe compositionandlength
of the datafeedthatis presentedo the subject. We choseto in-
vestigatefour lengths(0, 5, 10, and20 secondsandfour different
combination®f availabledata(seeFigure2):

1. Minimal video: Roving Eyevideoonly (Min vid)

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

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

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

Thisyields a total of 16 differenttestconditions.Sinceall pos-
siblecombination®f datafeedscouldnotfeasiblybeinvesticated,
thesecombinationavere chosento allow the comparisorof min-
imal data(1, above) againstmaximal data(4, above), aswell as
several pointsin between.They arethenevaluatedin conjunction
with playbackiime of varyinglengthsrangingfrom staticfeedback
(the 0 secondplaybackcondition)to 20 second®f feed.

Theexamplerequestgor assistanceasedin theexperimentwere
drawvn exclusively from thetaskof dockingoneendof abeamwith
anode. Thisis a precisemanipulationtask performedby the Mo-
bile Manipulatorandis rich in potentialerrors. This provided a
large variety of situationsin which the robotscould requesthelp,
loweringthe probability of the subjectrandomlyguessinghe cor-
rectanswer In addition,thisplacedall theexampleswithin asubset
of thedomain,which madetrainingsubjectanuchmoretractable.

Duringeachtrial, thesubjectwasasledto identify why therobot
requestechelp during the obsered docking. The errorsfell into
four broadcateyories: falsealarms,obscurementsnterferenceby
non-tagetobjects andinterferencdy thetargetnode.Falsealarms
occurredwhena successfutiocking had beenincorrectly labeled
an error by the system. An obscuremenérror occurredwhenthe
Roving Eyelost sight of the beamfor ary reason.Interferenceby
non-tagetobjectsconsisteaf thebeamhitting eitheranothei(non-
target) nodeor the Cranes end effector  Finally, the beamcould
have becomestuckin anundocled positionon the targetnode,as
aresultof anerrorin the Roving Eye's dataor the Mobile Manip-
ulatorapproachinghe nodealonganerroneousector



4.4 Experimental Procedure

The experimentalprocedurevasa combinationof training and
testing.Thesubjectstrainingbeganwith readingawrittenoverviev
of thetaskandhardwareat hand,with the experimentoranswering
ary questions: The subjectwasthenshavn oneexampleof each
of the seventypesof errorsvia the graphicalinterface(Figure 2),
usingthe maximalvideo+ visualizerand20-seconglaybackcon-
dition. The experimentordiscusseadachexamplewith the subject
in orderto ensurethe subjectunderstooceacherror's characteris-
tics. Thesetraining exampleswerenot usedduringthetestphase.
If thesubjectdid notfeelfully trainedby this point, the sametrain-
ing exampleswererepeatedintil the subjectandexperimentorfelt
the subjectgraspeaheproblem.

After training (which typically took 20-30minutes),the follow-
ing testprocedurevasused. The subject rst playeda Tetris-like
gamerequiringsigni cant concentratiof8] for atime choserfrom
anormaldistribution centeredatoneminute,with astandardlevia-
tion of 5 secondsAfter thistime hadelapsedthe subjects display
was switchedto the interface (Figure 2), with the currentcondi-
tion's datastreamsrisible. Thelengthof playbackassociatedavith
the currentcondition was immediatelyshavn, with all displayed
datastreamssynchronizedOnceplaybackwascompleteall inter
faceelementsverefrozenonthe nal frameof the playbackbuffer
andtheclassi cationentrydialogwasdisplayednotethatthis pre-
ventedthe subjectfrom choosingan error prior to the completion
of playback).As soonasthe subjectselectecbneof the sevener-
ror classi cations,they were returnedto the distractortask. The
actualtime elapseduring playbackandthetime takento classify
theerror Thetime neededor playbackpluserrorclassi cationis
a fairly tight upperboundon the time neededo attainEndsle's
Level 2 situationalawarenesgcomprehensionp].

Eachuserwastestedon four of the 16 conditions,with six ex-
ampleerrorschosenper condition. Eachsetof six exampleswas
choserrandomlywithout replacemenfrom a pool of 29. In order
to ensurehatno errortype occurredmorethanoncepertestcondi-
tion, whenan examplewaspicked andremoved from the pool, all
otherexamplesof the sametype weremarked. Marked examples
wereremoved from the pool until the six examplesfor the current
testconditionwere selectedafter which they wereunmarled and
returnedo the pool. The entireexperiment,ncludingtrainingand
testingphasesgconsumednaverageof 1.5hourspersubject.

To accounfor orderingeffects,we appliedLatin squareso both
effectsandran the combinedconditions. A Latin squares a sta-
tistical techniquewhich allows experimentordo 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.
Our subjectsverestudentsat Carngyie Mellon. Nonehadprior ex-
periencewith thetask,andtheirbackgroundspannedhe Carngjie
Mellon studentpopulation.

5. RESULTS

During the experimentsywe recordedhetime it took subjectgo
classify eachexample,both including and not including the time
it took them to watch the datafeed, as well asthe accurag of
theirclassi cations.Wede ne “responsdime” asthetime between
whenplaybackof thedatastreamnished andwhentheusersclas-
si ed thecurrenterrorvia thedialogbox. We now analyzethisdata

1Sincea signi cant portion of the training consistsof interactions
betweenthe experimentorand the subject,a single experimentor
conductedll theexperimentsjn orderto avoid trainingbias.

; Playback + —
Oat oced | Responsime | s | Clas caon
m s U 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%
Maxvid +viz || 27.2 23.3 36.6| 23.3 55.7%

Table 1: Error classication time (seconds)and accuracy
(probability of correct response)as a function of data stream
composition. Eachrow of this table containsdata from all data
feedlength conditions and comprisesthe entirety of the corre-
spondingdata streamrowsin Figures3-5.

in the context of the 16 testconditions(4 availabledatafeedsby 4
lengthsof playback)usinga univariateANOVA test.

5.1 Data FeedComposition

The resultsshav that the “minimal video” datafeed condition
resultedin the shortestresponseand playback+ responsdimes
(Table1) 2. However, therewasnot a statisticallysigni cant dif-
ferencelata95%con dencelevel) betweertheminimal videoand
minimal video + visualizerconditionsin eithercase accordingto
the Bonferroni® posthoc test (Table 2). The presenceof addi-
tional videofeedsappearedo be animportantfactor asclassi ca-
tion timesunderbothconditionsincorporatingnaximalvideowere
signi cantly slower thaneitherminimal videocondition(Table2).

While fewer datafeedsappearso beanadwantagavhenit comes
to eliciting arapidresponsethisis notthecasef oneis concerned
with accurag. As canbe seenfrom Table 1, accurag peaksat a
62% likelihood of a correctclassi cation for the “max vid” data
feed composition. Note, however, that the only statistically sig-
ni cant differenceis betweerthe maxvid andmin vid conditions
(Table5). We may only drav the inferencethat additionalvideo
increase|ccurag. We hypothesizethatthe visualizermay make
up someof thelack of themin vid condition,while overloadingthe
operatolin themaxvid + viz case.However, thesehypothesesre
only supportedy trends,not statisticallysigni cant differencesn
thedata.We attributetherelatively low accuracieschiezed by our
subjectgo theirunfamiliarity with the scenaricandthelow quality
of the video feeds. Note that at no time doesaccuray decrease
below randomchoice(14.2%).

5.2 DataFeedLength

The resultsalso con rmed our hypothesisthat a longer video
playbacktime resultsin a shorteruserresponsgime (Table3) (re-
call thatwe de ne “responsdime” asthetime elapsedetweerthe
endof the playbackandthe classi cation of the error). This trend
wastrue for eachcondition,andis illustratedin Figure3. How-
ever, usinga Bonferroniposthoctest,signi cance wasnot found
betweerthe5 and10or the 10 and20 seconcconditions(Table4).
Thisis notunexpected asthe datafeedlengthsarecloselyspaced.

Thesetrendsdiffer whenwe examinethe playback+ response
time data. Here, the 5 and 10 secondplaybackconditionswere
thefastestwith the0 and20 secondplaybackgakingsigni cantly
longer(Table 3). We canseefrom Table4 thatthe only insignif-
icant differencesare thosebetween0 and 20 secondsand 5 and

2|n this andthefollowing tables we usep to indicatethemeanand
s to representhe standardieviation of the presentedample.
SThis is onetype of post-hoctest, usedto examinewhetherthere
are signi cant differencesbetweenindividual cateyories,suchas
minimal andmaximalvideo.
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Table 2: Signi cance betweendata stream conditions from a
pair-wise Bonferroni post-hoctest at a 95% con dence level.
Signi cant differencesare denotedby a bold 'Y'. Notethat the
only two differ enceswhich are not signi cant are betweenthe
two maximal video conditions and the two minimal video con-
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Table 4: Signi cance betweendata feedlength conditions from
a pair-wise Bonferroni post-hoctest at a 95% con dence level.
Signi cant differencesare denotedby a bold 'Y"

Signi cance: Err or Classi cation Accuracy

ditions. Max vid + viz | Min vid +viz | Maxvid
- Playback — + . Min vid n n Y
IZitgat Pf}eed Responsdime responsdime g:?:i?; (c:stlon %
H S H S = Max vid n n -
still frame || 35.0 26.5 374 26.5 42.7% Q
5seconds || 23.3| 19.6 [ 28.4| 19.6 51.6& I Min vid + n _ _
10seconds|| 18.7| 21.3 28.8| 21.3 58.3% viz
20seconds|| 16.7| 18.5 36.8| 185 63.6& 20seconds 10seconds | 5seconds
. .
Table 3: Error classication time (seconds)and accuracy 3 still frame Y Y n
(probability of correct response)as a function of data feed
length. Each row of this table contains data from all data ~ | 5seconds Y n -
stream composition conditions and comprisesthe entirety of % E’
the correspondingdata feedlength rowsin Figures3-5. Q @ | 10seconds n - -

10 seconds.This is unsurprisingasthey representhetroughand
peaksof thedatafeedlengthx playback+ responsdime curve.

Datafeedlengthhasa clearly salutaryeffect on accurag, ascan
beenseenin Table3. Unsurprisingly increasingengthresultsin
greaterccurag, with only theneighborindengthcateoriesshav-
ing statisticallyinsigni cant differencegTable5). This,whencon-
sideredalongsidethe playback+ responsdime trends,indicates
thata comple nonlineartradeof maybe madebetweeroverallre-
sponsdime andclassi cationaccurag by the systemdesigneror
theautonomousystem.

5.3 Interaction Effects

The ANOVA testalsorevealedtrendsin the interactioneffects
betweenrthe two experimentalvariables'effectson responsdime,
with asigni canceof .083and.084in theresponseime andplay-
back+ responsdime casesrespectiely. 4 Figures3 and4 illus-
trate theseeffects. The graphof responsdime alone (Figure 3)
suggestghat the maximal video and maximal video + visualizer
conditionsaremoreaffectedby videoplaybacktime thanthe other
datastreamconditions.It alsoshows thatthe datafeedconditions
have muchlessof an effect on users'meanresponsdime when
the playbackvideolengthis 20 secondghanwhenit is only a still
frame. The graphthatincorporategplaybacktime (Figure4) con-

4This meansthat thereis approximatelyan 8% chancethat data
feed length and compositionindependentlyaffect responsdime.
This is on the borderlineof beingstatisticallysigni cant, as5% is
thecommonlyacceptedipperboundfor alevel of signi cance.

Table 5: Signi cance for error classi cation accuracy between
the various conditions from a pair-wise Bonferroni post-hoc
test. Signi cant differ encesare denotedby a bold 'Y".

rms theseeffects. Theseinteractionsarediscussedurtherin the
next section.

While datafeed compositionand length may interactwith re-
spectto responsdime, thereare no interactionswith respectto
accuray, asthe ANOVA teston theaccurag datayieldeda 0.462
interactionsigni cance. This indicatesthereis a 46% chancethe
obsered datacould occurif datafeedcompositionandlengthin-
dependenthaffectaccurag. Thisimpliesthatif thedesigners sole
goalis accuray, datafeedcompositionandlengthmay be “dialed
in” independentlyf oneanother This maybeintuitedto anextent
from Figure5.

6. DISCUSSION

The measuredesponsdimes are an implicit measuremenof
situationalawarenessasopposedo subjectve (self-rating)andex-
plicit (questionnaireadministerediuringa suspensionf thetask)
measurementfs]. Most establishednethodsfor subjectiely or
explicitly measuringituationalawarenesssuchasSAGAT [3] and
SART [9], aredesignedo measureongoingsituationalawareness
during a long-termtask, and are thus not immediatelyapplicable
to the domainwe areinvestigating. However, we believe our im-
plicit measurement® be a goodmeasuref the easeor dif culty
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Figure 4: Sum of average subject playback + responseimes,
by testcondition
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Figure5: Mean error classi cation accuracy, by testcondition.
Pleasenote that the ordering of the data feedlength axisis re-
versedrelative to Figures3 and 4 for purposesof readability.

with which thesubjectattainssituationalawarenessBy examining
thetime takento classifythe currenterror, we areableto directly

measurenow long it takesto attain Level 2 (comprehensionit-
uationalawarenessusing Endslg's model[2]. Sincethe subject
hasbeenperformingahigh-concentratiodistractortaskfor longer
thanatrial's lengthprior to eachtrial, we arecon dentthatwe are
capturingthe entire procesf attainingsituationalawareness.n
addition, becausehe subjects sole task oncea trial begins s to
determingheerror, we alsobelieve thatwe arenot overestimating
the responsdime, exceptby the relatively constantfactor of the
time requiredto manipulatethe classi cationinterface. Thus,we
believe thatwe arein factableto capturea reasonablyight upper
boundonthetime takento achieve Level 2 situationalawarenesin
our domain.

The datafrom the minimal video and maximalvideo datafeed
compositionconditionssuggesthat a simpler display (here, just
theRoving Eyevideo)leadsto theshortestesponséime, although
this incurs a signi cant accurag penalty We believe that since
subjectshave limited visualinformationto considerwhile making
their choice,it takesthemlesstime to decidehow to respondjiven
theavailableinformation. Whenpresentedvith moreinformation,
however, subjectsook signi cantly longerto respond suggesting
thatthe extra videosadda signi cant processingverhead.While
responsdime wassigni cantly longerin the maxvid case,accu-
ragy alsoimprovedsigni cantly (Table5), indicatingthatatradeof
mustbe madebetweerresponsgime andaccurag.

However, whenthe visualizerinformationis addedto eachof
theseconditions userresponséime doesnotsigni cantly increase.
Onepossibleaxplanationis thatinformationpresentedby the visu-
alizeris easierto procesghaninformationthat mustbe extracted
fromthevideos.Thisis especiallytruesincethevisualizerpresents
3D informationin a naturalway, requiringlittle extra mentalpro-
cessingwhereassubjectsare requiredto fuse the multiple video
streamsin orderto extract 3D information from them. Another
possibleexplanationis that subjectsmadelittle useof the visual-
izer, andinsteadconcentratetheir attentiononthevideos.In order
to directly measurahis, attentiontrackingdata(suchasthatfrom
agazetrackingsystem)s needed.

While theadditionof thevisualizerhaslittle impactonresponse
time, it improvesaccurag whenaddedto the minimal video con-
dition, but degradedt whenaddedo maximalvideo(Tablel). Al-
thoughneitherof theseeffectsis statisticallysigni cant, they may
indicatean interestingtrend. The visualizerprovidesinformation
not available in the minimal video case,but may overlap signi -
cantly with the maximal video's content. This overlap resultsin
informationoverload,with the operatorlessableto gleantherele-
vantdata. This may indicatethat providing the sameinformation
in morethanoneform is in factdetrimental.

Whenconsideringhe datafeedlengthresultsfor responsdime
alone,we canat rst glanceseethatthe longerthe datafeedthe
operatolis presentedvith, the better- thereis a clearinverserela-
tionshipbetweerthefeedlengthandthetime subsequentlyakento
selectanerrorcondition. While thisis clearlynotthe metricof use
to the autonomousystemor systemdesigner(both of which will
insteaduseplayback+ responsdéime), it senesto illustratethatthe
operatoris still accumulatingand processingadditionalusefulin-
formationduringtheplaybackprocesslf wewereto furtherextend
the datafeedlength,we would expectthe operators responsdime
to eventually plateauto the time neededo manipulatethe classi-

cation interface. This hypothesisis supportedby the nonlinear
form of the datafeedlengthx responseime curve (seeFigure3).

Upon examining the more relevant playback+ responsdime
data(Figure4 andTables3 and4), we seethataftera certainpoint
increasingthe length of the datafeed doesnot resultin improved
classi cationtime. Thisis becausé takeslongerto bothwatchthe



displayandrespondhanit doesto watcha shorterdisplay buffer
andtake abit longerto respond.Thus,thedatasuggesthataplay-
backin the rangeof 5 to 10 secondswill resultin the quickest
responsegor this con guration. However, accurag steadilyim-
provesasthelengthof playbackincreasesNo onechoiceof play-
backlength optimizesboth responsdime and accurag: thisis a
tradeof that mustbe madeby the systemdesignerandis a deci-
sionwhichcanbeguidedby ourresults.If accurag isimperatie,a
costin additionaltime will needto bepaid. While thespeci cswill
vary betweersystemsijt seemdikely thatsimilar playbacklength
vsresponsé¢ime andplaybackiengthvs accurag curveswill exist
in otherteleoperatiorsystems.

Theinteractioneffectswith respecto responséime betweerthe
two experimentalariablesprovided furtherinsightinto this situa-
tion. Theincreasedensitvity of thetwo datafeedconditionsthat
includeall threevideo playbacksto datafeedlengthsupportsthe
earlier conjecturethat processingnformationin the form of raw
videooutputtakeslongerthanprocessingnformationfrom a sim-
plercomponentsuchasthevisualizer Also supporteds ourearlier
theoryaboutthe humanusers performancelateauingafter view-
ing a certainlengthof playback. Becausehe differencebetween
datastreamconditionsdecreaseasthe playbacktime increasesit
canbeseerthatusersarebecomingsaturateavith information,and
thatmoreinformationwill mostlikely not decreaseheir response
timeary further. In addition thisindicateghatit is possibleto trade
off playbacktime againstthe bandwidthrequiredfor the playback
while maintaininga givenlevel of performance.

7. FUTURE WORK AND CONCLUSIONS

Dueto lack of hardware,we wereunableto log oneohviousas-
pectof how situationalawarenesss attained:which datastreams
the subjectwas actually attendingto at ary given moment. This
meanghatwe areunableto distinguishbetweenwhetherthe sub-
jectwasattendingo avideothatwasof little utility for the current
error or the subjectwas attendingto a useful video, but did not
comprehendhe error. Oneapproachthatwould allow usto sepa-
ratethesefactorsis to adda gazetracker to the system.

As mentionedaborve, theresponséime of usersunderincreasing
datafeedlengthsprobablyplateausafter a certainpoint. It would
be interestingto studyfurther what exactly determinesvherethis
point is, and whetherit is affectedby other factors,suchasthe
selecteddatastreamsand the speedof the robotsin autonomous
mode.It may bethata humanassistinga robotteamwhich moves
quickly requiredessabsolutdimeto achiese situationakwareness.
If thisis thecasea slow-moving systemmayimprove thehumans
responseime by playingbackthe buffer atafasterrate.

While ourspeci c resultsareunlikely to be of directusein other
scenariossomerelevanttrendswill beuseful:

(1) Thereis unlikely to beasinglecon gurationwhichoptimizes
bothaccurag andrespons¢ime. Thesystenmdesignemustdecide
whetherhe wantsto optimize oneor the other or whethera com-
promiseis in order This is true when adjustingboth datafeed
lengthandcomposition.

(2) While increasingdatafeedlengthimprovesaccurag, it will
eventuallystopdecreasingesponséime andbegin regressing This
is oneof thetradeofs thatmustbe made.Similarly, increasinghe
amountof informationavailableto the operatoimprovesaccurag
for atime. However, the operatoreventually becomednundated
with data,atwhich pointaccurag beginsto fall off.

(3) Datafeed length and compositioncannotbe controlledin-
dependentlyIn general,increasingplaybacklengthdecreasethe
effect of datafeed composition,especiallywith respectto accu-
ragy. Thisallowsthe designeto tradeoff instantaneoubandwidth

againstthe durationof bandwidthusagewhile maintainingatarget
accuray level.

(4) Althoughduplicatingdatain differentforms(e.g. videoand
visualizer)mayintuitively seento behelpful, it insteadcontributes
to informationoverload.Caremustbetakenwhenselectingeleop-
erationinterfaceelementsThey shouldbe consideredvith respect
to eachotheraswell astheir stand-aloneisefulnesgo the taskin
orderto avoid needlessluplication.

In this paperwe have discussedhe importanceof quickly gain-
ing situationalawarenessn systemsnvolving sliding autonomy
In orderfor ahumanoperatorto be an effective teammemberin a
systemaskingfor help,they mustbe ableto switchtasks,gain sit-
uationalawarenessanddiagnosethe error asquickly aspossible.
We introducedvariousfactorsthat affect a humanoperators abil-
ity to quickly gain situationalawarenes®f their workspacenvhen
shavn a brief, partial history of the robots' maovements. We var
ied which datafeedswereshavn andhow long the feedswere,in
an attemptto determinethe optimalinterfacefor our scenaricand
team. Humansubjectexperimentshave shavn that5-10 seconds
onevideo feedresultsin the quickestresponsewhile 20 seconds
of threevideofeedsresultsin the mostaccurateoperatoresponse.
This further illustratesthe maxim that everything hasa cost: the
systemdesignemustmale tradeofs betweerspeedaccurag, and
bandwidthto build a systemsuitedto the scenaricat hand.
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