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Abstract— There are a few fundamental pointing-baseduser
interface techniques for performing selectionsin 3D envi-
ronments. One of these techniques is ray pointing, which
makes selections by determining intersections of objects
along a single ray cast fr om the user. This technique is
susceptible to inaccuracy of the user interface tracking
technology and user noise (e.g., jittery hand, see actual
viewing ray in Figure 1 (bottom) and how it misses the
object when error is factored in). Another technique is the
frustum-based (or equivalent cone-based)approach which
castsa frustum fr om the user into the 3D scene.Selections
are made by performing intersections of objects with the
frustum. This technique resolves the impr ecisionassociated
with the ray pointing technique (seehow the lightly shaded
conein Figure 1 (bottom) still intersectsthe object), but may
producemultiple ambiguousselectionsasshown in Figure 2.

This paper presentsprobabilistic selectionalgorithms and
integration schemesthat address some of the ambiguities
associatedwith the frustum-based selectiontechnique. The
selection algorithms assign probabilities that the user has
selected particular objects using a set of low-level 3D
intersection-basedselectiontechniquesand the relationship
of the objects in a hierarchical database.Final selections
are generated by integating the outputs fr om each selec-
tion algorithm using one of several weighting schemes.
We implemented the selection algoithms and weighting
schemes within our distrib uted augmented reality (AR)
and virtual reality (VR) architecture. Next, we performed
several experimentsto empirically evaluate the probabilistic
selection techniques and integration schemes.Our results
show that the combinedselectionand integration algorithms
are effective at disambiguating multiple selections. This
paper thoroughly describes the architecture, experiments,
and results.

Index Terms— interaction, selection,algorithms, augmented
reality, virtual reality, hierarchical databases

I . INTRODUCTION

Many virtual andaugmentedrealitysystemspresentthe
userwith a renderingof a 3D world containingdistinct
objectsthat theusercanqueryor manipulate.To perform
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theseactionson objects,the userusuallymust�rst select
the object.While thereare many ways to selectobjects,
pointing at the desiredobject is common and natural.
Selectionby pointingcanhappenusingarangeof devices,
from a common 2D mouse controlling a cursor on a
2D projection of the 3D world, to a full six-degree-of-
freedom(DOF) hand-heldtrackingdevice. Selectioncan
also happenwithout using the hands at all, by using
headorientation(assumingthe headis tracked) or gaze
directionusingan eye tracker.

We assertthat all userselectionoperationsaresuscep-
tible to error. First, thereis humanerror: the imprecision
that comesfrom lack of experience,not enoughmotor
control to do �ne grainedselection,or fatiguedeveloped
during a session;Wingrave et al. [1] studieda numberof
correlationsbetweencertainattributesof usersand their
ability to performselections.Second,thereis equipment
error, which could be noise, drift, and lag in a 6DOF
tracking system,or simply not enoughresolutionon a
wheel-baseddevice to perform a �ne selection.Finally,
there are ambiguities associatedwith the sceneitself,
suchaswhenthe usertries to selectoneobjectoccluded
by anotherobject. In our main applicationarea,mobile
augmentedreality, this is a common problem because
usershave “x-ray vision” andcanseespatialinformation,
such as the position of a collaborator, that may be
occludedby real or virtual objects—inthis example,the
collaboratormay be behinda building. Theseerrorscan
leadto selectionsthat aretotally incorrect,suchaswhen
using a ray-basedselectionthat choosesa single object,
or to ambiguousresults when using multiple selection
techniquesthat canchoosemany candidateobjects.

Wedesignedapointing-basedprobabilisticselectional-
gorithmthatalleviatessomeof theerrorin userselections.
This techniquetakes into considerationthe hierarchical
structureof the sceneobjects(e.g., a door is a child of
a wall, which is a child of a building, and so on). It
assignsprobabilities that the user has selectedparticu-
lar objects,within a frustum along the user's pointing
direction,using a set of low-level 3D intersection-based
selectiontechniquesand the relationshipof the objects
in a hierarchicaldatabase,and makes the �nal selection
usingoneof severalweightingschemes.We implemented



Figure 1. Motivation for the problemwe address.The ray pointing techniquefails to the selectobjectwhenerror is factoredin. The coneworks
�ne, but introducesambiguity in the selection.

Figure 2. Shows the problemwith the frustum-based(or cone-based)techniquewheremultiple objectsintersectwith the viewing frustum. Left
depictsthe coneprojectingfrom User1's hand.Right shows an overview of the projectedconeand interesectingobjects.

the techniquesin a testbedconsistingof a command-and-
control center(immersive VR and2D mapsystems)and
several �eld operatives (mobile AR, both man-wearable
and vehicle-mounted)all using a shareddatabase.We
usedthe implementationto perform several experiments
to evaluatethe low-level selectiontechniques,to evaluate
several weighting schemesfor the integration algorithm,
and to show that the algorithm can effectively disam-
biguatemultiple selections.

After describingrelatedwork, we detail the low-level
selectiontechniquesandtheir implementationwithin our
testbed. We then present the design and discuss the
results of the experimentsdescribedabove. This paper
is an invited extension to work publishedat the IEEE
Symposiumon 3D UserInterfaces2006[2]. This version
addsa detaileddiscussionof the systemarchitectureand
the implementationof the selectionalgorithms.

I I . RELATED WORK

Selectionin 3D environmentshas beenan active re-
searchtopic sincethe �rst virtual environmentswereim-

plemented.Hinckley et al. [3] presenteda survey of, and
a commonframework for, techniquesfor 3D interaction.
Liang and Green[4] developedthe spotlight methodof
selection,which alleviated someissueswith using ray-
basedselectionfor small and far objects,but introduced
the problemof multiple selections,for which they setup
rules to chooseone of the possibleselections.Mine [5]
describeda few techniquesfor selection,alongwith other
interactionsto besupportedin virtual environments.Fors-
berg et al. [6] developedtwo novel selectiontechniques,
aperture(an extension of spotlight) and orientation, to
deal with the imprecision of ray-basedselectionusing
a 6DOF input device. Pierceet al. [7] introduceda set
of selectiontechniquesusing tracked handsand the 2D
projection of a 3D scene.In his thesis, Bowman [8]
gave a thoroughsurvey of 3D selectiontechniquesat the
time, and introduceda novel techniquefor selectionand
manipulation.

In more recent work, researchershave dissected
the task of selection even further, and have created
novel techniquesfor speci�c application domainssuch



as AugmentedReality (AR) and multimodal systems.
Wingrave et al. [9] discovered that usersdo not have
an internal model of how they expect the environment
to behave (for example, in performing selections),but
insteadthey adaptto theexisting environmentusingfeed-
back received when performing tasks.Olwal et al. [10]
developedsomeof the �rst algorithms for selectingin
AR. Their techniqueattachesa virtual volumetric region
of interestto partsof a user's body. Whentheusermoves
thebodypart,interactingwith objectsin theenvironment,
a rich set of statistical data is generatedand is used
for processingselections.Kolsch et al. [11] developeda
real-timehandgesturerecognitionsystemthat canact as
the sole input device for a mobile AR system.Kaiser et
al. [12] developedmutualdisambiguationtechniquesand
evaluatedtheir effectivenessfor 3D multimodal interac-
tion in AR and Virtual Reality (VR). They showed that
mutual disambiguationaccountsfor over 45% of their
system's successfullyrecognizedmultimodalcommands.

In designingandimplementingour testbed,we looked
at the abundanceof work towards developing natural
userinteractiontechniques.Someof thekey contributions
have been:recognizingspeech[13], combiningpointing
with speech[14]; recognizingsign language[15], hand
movements[16], and body movements[17]; multimodal
mutual disambiguation[18]; and reducingprocessingof
gestures[19]. Recentwork that applies some of these
techniquescan be found in [20]–[23]. We utilized some
of the above userinterfacebuilding blocks in the design
of our architecture.

We acknowledge that multimodal systems,such as
thosementionedabove, are an effective way to alleviate
some selection issues(for example, the user points to
a group of objects that includes a window, and says
the word “window,” giving the system the means to
disambiguatethe selection),and we have implemented
multimodal (speechand pointing) processingin our sys-
tem for disambiguatingdifferenttypesof objects(for ex-
ample,windows, walls, andbuildings).However, if there
is more than one object of the sametype (for example,
four windows) in the selectionspace,then the system
describedabove will fail sincethe utterance“window” is
ambiguousand doesnot help correcta wrong selection.
In this example,eithermoresophisticatedspeechseman-
tics or pointing-basedselectionprocessingtechniquesare
needed.

In this paper, we have chosento focus solely on im-
proving pointing-basedselection.Our selectionalgorithm
introducesthe concept of executing multiple selection
techniquesin parallel and choosing the �nal selection
from the resultsof those techniquesusing a weighting
scheme.The low-level techniquesand the integration
algorithmaredescribedin the next section.

I I I . PROBABILISTIC SELECTION AND INTEGRATION

ALGORITHMS

Selectionby pointing in 3D environmentsis inherently
imprecisewhen the user is allowed to select occluded

Figure3. Flow of the pointing-basedselectionalgorithm.

objects—theusermay have the impressionof pointing to
a speci�c object, for example, but the systemmay not
know for sure which object in the pointing direction is
meantto be selected.Usersoften make pointing errors,
especially when selecting small objects, objects at a
distance,or when trying to make a selection quickly.
Furthermore,pointing providesthe object's direction,but
not distance,so when several objectslie in the direction
the useris pointing, it remainsunclearwhich object the
userintendedto select.

To dealwith selectionambiguity, we designeda proba-
bilistic selectionalgorithmthatgenerateslistsof candidate
objectstheusermayhave meantto select,andprobability
estimatesof how likely it is the user meant to select
eachobject.The algorithmcombinesseveral intersection
algorithmsand the hierarchicalstructureof the dataset,
andthenintegratestheresultingcandidateselections.The
processingstepsof the algorithmareshown in Figure3,
which we describein eachof the following sections.

A. FrustumIntersectionAlgorithms

We have designeda set of three algorithms which
attempt to mitigate the ambiguity associatedwith ray
intersection.Each algorithm is basedon the conceptof
renderingthe sceneinto a small selectionfrustum (see
Figure 4); the renderedsceneis viewed by a camera
pointingcoincidentto theselectionray, andthefrustumis
renderedinto an off-screenimagebuffer. The algorithms
then count and classify the pixels in this buffer, and
use thesecountsto createa list (o1; p1); : : : ; (on; pn) of
potentially selectedobjects oi and associatedselection
probabilities pi . This list is in the format required for
multimodalintegrationwith otherinputstreams[24], such
as(for example)a list (v1; p1); : : : ; (vn; pn) of probability-
ranked pi interpretationsof a voice commandsvi .

As described in more detail below, each of these
algorithmshas differing utility dependingon the user's
preferencesfor makingselections,on what typeof object
the user is trying to select, and on its relationship to



Figure 4. The operationof the PIXEL-COUNT algorithm. The scene
is renderedinto the small selectionfrustumshown in the centerof the
image.

other objects in the scene.We have designedthe three
intersectionalgorithmssuchthateachhasa differentuser
preferencefor selection.Thesepreferencesare:(1) select
the item nearestthe central pointing ray; (2) select the
largestitem in the viewing frustum;and (3) selectusing
a combinationof the two other approaches.We wanted
to �nd out if having several algorithmsavailable based
on different user preferencesincreasesthe chancesfor
correctlyselectingobjects.Thesealgorithmscould either
be used individually or executed in parallel and their
resultsintegratedtogether.

We describeeach intersectionalgorithm in more de-
tail, and then show how their output lists of candidate
selectionsare integratedwhen the algorithmsare run in
parallel.

Pixel-Count The PIXEL-COUNT algorithmpreferentially
ordersobjectsaccordingto their projectedsize in the se-
lectionfrustum.PIXEL-COUNT simplycountsthenumber
of pixelsoccupiedby eachobject,andweighstheobjects
accordingly. This pixel-countingtechniqueis a very fast
way of implementingordering of objects by projected
size.A similar techniquehasbeenreportedby Olwal [10].

PIXEL-COUNT

Input: 3D direction
Output: list (o1; p1); : : : ; (on; pn) of candidateobjects

oi andassociatedprobabilitiespi

1 calculatea small frustumabout3D direction
2 for eachobjectoi in the frustum
3 renderoi into the frustum
4 pixi  numberof pixels coveredby oi

5 weightswi  pixi=total-frustum-pixels
6 assignprobabilitiespi from weightswi

7 sort (oi ; pi) list by decreasingprobabilitiespi

Figure 4 demonstratesPIXEL-COUNT. The green
squarein the centerof the imagedemonstratesone size
of the selectionfrustum; in the lower-right the frustum
contentsare enlarged. Note that the frustum size may
be adjustedby the user. The squarein the lower left
cornershows a low-resolutionre-renderingof thefrustum
contents.

The PIXEL-COUNT algorithm is robust to noise and
pointing ambiguity. However, it inherently assumesthe

Figure 5. The operationof the BARYCENTRIC-PIXEL-COUNT algo-
rithm. Becaused1 < d2, eachpixel of object 1 will be weightedmore
heavily than the pixels of object2.

useris attemptingto selectlarger objects,andit doesnot
work well for selectingsmall objectsnearlarger objects.

Barycentric-Pixel-Count This algorithm was motivated
by our observation that userstend to point toward the
centerof thevisible partof theobjectthey wish to select.
Figure 5 describeshow BARYCENTRIC-PIXEL-COUNT

operates.The algorithmcalculatesthe centerpoint of the
visible portion of each object (Oc

1 and Oc
2), and then

determinesthe distanceto the center of the selection
frustum (d1 and d2). It then weighseachobject's pixels
with the inverseof this distance;so in Figure 5 object
1's pixels areweightedby 1=d1 andobject2's pixels by
1=d2. Sinceit is assumedthattheuseris intendingto look
at one object,probabilitiesare estimatedby normalizing
the weightsacrossall of the weightedpixels.

BARYCENTRIC-PIXEL-COUNT

Input: 3D direction
Output: list (o1; p1); : : : ; (on; pn) of candidateobjects

oi andassociatedprobabilitiespi

1 calculatea small frustumabout3D direction
2 let Fc be the centerof the frustum
3 for eachobjectoi in the frustum
4 let Oc

i be the centerof the visible portion of oi

5 bary-weight 1=kFc � Oc
i k

6 renderoi into the frustum
7 for eachpixel a generatedby oi

8 pixi  pixi + a� bary-weight
9 weightswi  pixi=total-frustum-pixels
10 assignprobabilitiespi from weightswi

11 sort (oi ; pi) list by decreasingprobabilitiespi

BARYCENTRIC-PIXEL-COUNT works very well for
selectingsmall objects near larger objects,but it does
not work well if the user points away from the center
of an object, or if the object has a shapesuch that the
Barycentriccenterdoesnot lie within the object itself.

Gaussian-Pixel-Count The GAUSSIAN-PIXEL-COUNT

algorithm is also motivated by the generalobservation
that userstend to centerthe objectsthey want to select.
However, this algorithmtries to addressthe failing of the
BARYCENTRIC-PIXEL-COUNT algorithm, which occurs
whentheBarycentriccenterdoesnot lie within theobject
itself. GAUSSIAN-PIXEL-COUNT operatesby applyinga
Gaussianmask,centeredin theselectionfrustum,to each



Figure 6. The operationof the GAUSSIAN-PIXEL-COUNT algorithm.
Pixels in objects 1 and 2 are weighted by a circularly symmetric
Gaussianfunction centeredat Fc.

object's pixels.Themaskoperates,in effect, by assigning
weights to each pixel basedon its distancefrom the
centerray accordingto a Gaussianbell curve. Figure 6
describeshow GAUSSIAN-PIXEL-COUNT operates.The
�ltered output for each individual object is combined
in an accumulationbuffer. Probabilities are assigned,
again, assumingone object is intendedto be selected,
by normalizingacrossthe weightedpixels.

GAUSSIAN-PIXEL-COUNT

Input: 3D direction
Output: list (o1; p1); : : : ; (on; pn) of candidateobjects

oi andassociatedprobabilitiespi

1 calculatea small frustumabout3D direction
2 calculatea Gaussian�lter G centeredin frustum
3 for eachobjectoi in the frustum
4 renderoi into the frustum
5 for eachpixel a generatedby oi

6 pixi  pixi + a� G
7 weight wi  pixi=total-weighted-frustum-pixels
8 assignprobabilitiespi from weightswi

9 sort (oi ; pi) list by decreasingprobabilities

Thealgorithmis lesssusceptibleto beingbiasedby large
visible objects and it favors selectingobjects near the
centralviewing ray.

B. Probability Propagation in Hierachical Database

The probability estimatesgeneratedby the ray inter-
sectionalgorithmsassumethat a singleobjectoccupiesa
given spacein the viewing frustum. This assumptionis
not thecasefor ahierarchically-organizeddatabase,which
containsobjectscomposedof smaller objects,which in
turn, may be composedof even smallerobjects,and so
forth. This type of databasecan have several objects
occupying a given space,thoughtherewill always be a
relationshipbetweenthe occupying objects.An example
of a hierarchically-organizeddatabase,which we use in
our testing,andthe inter-relationshipsbetweenobjects,is
illustratedin Figure7.

In order to assign probabilities properly for a
hierarchically-organized database,we (1) set the ray-
intersectionalgorithmsto probabilitiesfor thelowestlevel
structurefor eachpixel, and (2) propagate the probabil-
ities up the tree hierarchy from the leaf nodes.Since

Figure7. A portionof a hierarchically-organizeddatabasethatcontains
urbandatasuchasbuildings, streets,signs,etc.

our ray intersectionalgorithm returns the lowest-level
structures,we use the following algorithm to propagate
probabilitiesup the databasehierarchy:

PROBABILITY-PROPAGATION

Input: old list LO = (o1; p1); : : : ; (on; pn) of
objectsoi andassociatedprobabilitiespi

Output: new list LN = (o1; p1); : : : ; (om; pm)
1 createempty list LN

2 for eachobjectoi in LO

3 if oi not in LN then
4 addoi to LN

5 oi :weight pi

6 for eachrecursive parentof oi

7 if oi :parent not in LN then
8 addoi :parent to LN

9 oi :parent:weight oi :parent:weight+ pi

10 for eachobjectoi in LN

11 normalizeoi :weight
12 assignprobability pi from oi :weight
13 sort LN by decreasingprobabilities

One subtlety to note is in line 5, where we consider
the probability for eachpair as a “weight” for that pair,
sincewe performoperationswith thesevaluesthatdo not
strictly considerthe valuesasprobabilities.The resulting
probability assignmentsestimatelikelihood that any of
the occupying objects for a given spaceis the desired
selection.For example,using the hierarchy in Figure 7,
for a ray intersectingawindow, its probabilityof selection
is equalto the probability of selectingthe wall, building,
city, andworld, at theintersectingpixel. Anotherproperty
to understandusingthis probabilitypropagationapproach
is the probabilitiesfor the parentsare always at leastas
much as the probabilitiesfor any child. Keep in mind,
anotherreasonableandequallyvalid mannerof assigning
probabilitiesis to considerthe hierarchicalnatureof the
databaseat a lower level, whenthe ray intersectionalgo-
rithmsestimatetheprobabilities.This approachmay lead
to differentbut still similar assignmentsof probabilities.

C. Integration of Probability Assignments

The three lists, LP;LB;LG, of objects and associated
probabilitiesgeneratedby the ray intersectionalgorithms
and probability propagation algorithm needto be com-
bined into one list LN. One caveat to this processis



that each list may contain a slightly different set of
object-probabilitypairsdueto differencesin thehow each
algorithm operates.Thus, the elementsof the lists will
have to be matchedand like items combined.Another
importantnoteis that,in theprocessdescribedbelow, just
as in the probability propagation algorithm,we consider
the probability for eachpair as a “weight” for that pair,
since we perform operationswith thesevalues that do
not strictly considerthe valuesas probabilities.A naive
integrationapproachwould be, for eachobject,to simply
average the weights assignedto that object from the
different algorithms.This approach,however, does not
take into considerationthe strengthsand weaknessesof
eachof the threealgorithms.A moreappropriateway to
integrate them is to assigna weight to eachalgorithm,
Wi , basedon how well eachperformsin comparisonto
the others.The lists are then integratedby the following
WEIGHTED-INTEGRATION algorithm.

WEIGHTED-INTEGRATION

Input: 3 lists LG, LB, LP = (o1; p1); : : : ; (on; pn) of
objectsoi andassociatedprobabilitiespi

Output: new list LN = (o1; p1); : : : ; (om; pm)
1 createempty list LN

2 for eachlist L j in LG;LB;LP

3 for eachobjectoi in L j

4 if oi not in LN then
5 addpair to LN

6 else
7 �nd oi in LN

8 LN:oi :weight pi � Wj

9 for eachobjectoi in LN

10 normalizeoi :weight
11 assignprobability pi from oi :weight
12 sort LN by decreasingprobabilities

The integration weights,Wi ; i = G;B;P, corresponding
to theintersectionalgorithmsGAUSSIAN-PIXEL-COUNT,
BARYCENTRIC-PIXEL-COUNT, and PIXEL-COUNT, re-
spectively, are initially arbitrarily assignedto 1

3 each
(giving thesameeffect asthenaive methodof averaging).
However, we acknowledgethat having properweight as-
signmentsfor dataintegrationis importantfor optimizing
performanceand is a dif�cult task. We made several
attemptsto re�ne the weight assignments.We usedthe
performanceestimatesof the intersectionalgorithmsto
in�uence theassignmentof theweightsin theintegration.
In one case,we normalizedthe algorithm performance
estimatesand usedthoseas the weight values.For the
othercase,we usedthenormalizedperformanceestimates
asa guideto re�ne the weight assignments.More details
aboutthe assignmentof weightsis given in SectionV.

IV. ALGORITHM IMPLEMENTATION

In orderto testtheselectionalgorithmsandintegration
schemes,we developed a multimodal interaction sys-
tem and user interface for our combinedAR and VR
system,termedBARSTM(Battle�eld AugmentedReality
System)[25]. We have beendeveloping this systemat

Figure8. High level architecturalview of systemandinterconnections
with several instancesof the architectureon differentplatforms.

our laboratory since 1998. This multimodal interaction
systemaddsa rangeof support for a large numberof
input and display devices, interactionand display algo-
rithms,aswell asthe interfacetechniquesandassociated
selectionalgorithmsandintegrationschemesdescribedin
this paper. The multimodal interaction systemoperates
as a nexus, handling input communications,converting
and processingheterogenousdata, and handling output
communicationsbetweencomputeranduser. Whenmul-
tiple platforms are linked together, each has a copy
of the interaction architecturerunning on it, and they
share a common distributed database.Figure 8 shows
the interlinking of several different platforms running
the interactionsystem.Figure 2 (left) shows the system
operatingwith anoverview camera,on two mobileusers,
and in a van.

The multimodal interactionsystemconsistsof several
interconnectedpieces.Figure 9 shows all the major in-
teraction componentsof the system,including selected
features from BARS and Quickset. Quickset [24] is
an agent-basedarchitecturethat supportsprobabilistic,
asynchronousinput events.Thesepiecesinclude several
modulescontainedwithin BARS: SpeechUI, Ink UI, and
SelectionUI, aswell as the QS/BARS bridge.The links
betweenthesystemsincludeobjectdatabasesynchroniza-
tion messagesso that each subsystemhas a consistent
world database,object selectioninformation so that the
mulitmodal servicesin Quicksetknow what's happening
in BARS, andcontrol of the speechrecognizer.

We implementedour probabilisticselectionalgorithms
and integration schemeswithin the following four com-
ponentsof the testbedarchitecture:



Figure9. Key componentsandcommunicationchannelsof the integratedsystem.

Selection System: The Selection System uses several
sourcesof input:

� User Viewpoint: A vector projecting forward from
the user's head.

� RotationalOffset of User Viewpoint: A vector pro-
jecting throughthe2D cursorpositionon thescreen.

� Hand-Based3D Shape: A three-dimensionalshape
(cylinder, cone,sphere,etc.)attachedto the position
of the user's hand.

� 2D Digital Ink: A 2D ink stroke.
� 3D Digital Ink: A 3D ink stroke.
� Speech: Speech�ltered by grammar and natural

languageinterpreter.
The �rst threesourcesfeed the selectionalgorithmsthat
are the main focusof this paper.

SpeechSystem: The SpeechSystemgathersthe results
of a natural languageagent,which is built on top of a
commercialspeech-to-text engine. For each context of
the system (selectingobjects, issuing commands,etc),
a different grammaris enforced.By limiting the parsed
speechto a speci�c grammarset,we slot the utterances
into speci�c words or phraseswe expect to hear, in-
creasingthe likelihoodof gettingusefulspeechfrom the
user. The systemdeterminesthe probability that a given
utterancematcheseachword or phrasein thegrammar. In
the object selectioncontext, the grammarconsistsof the

namesof typesof selectableobjects.Thespeechprovider
determinesa list of object types that the user probably
intendedto select,along with the probability that each
type wasspoken.

Multiparser Integration System: This systemconsists
of the Quickset Multiparser, Bridge, and Gatekeeper.
The core featuresof thesesub-systemsare describedin
Cohen [24]. We extended them to link properly with
the BARS system,our selectiontasks,andour database,
and we designeda communicationprotocol for passing
speechand selection-basedgestures.In order to utilize
speci�c grammars,we designeddatabaseelementsto
processvariations of speechcommandsand references
to different objects in the database.For example,some
commandsare “select this”, “reset the”, and “dangeron
this”. Someexample objectsare “building”, “window”,
and “street”. The grammarde�nes rules to processthe
commands,which consistof verbs,articles,andobjects.

We augmentedthe Gatekeeperand Bridge with mod-
ules that perform the propersyntaxconversionand pro-
tocol interpretation.These modules communicatewith
the speechand Quickset/BARS bridge. They also han-
dle transfersof appropriatedatabaseelementsand con-
versionsto the persistentobject types acceptedby the
Quicksetarchitecture.

TheMultiparsersub-systemintegratesfeatureinforma-



tion from the ranked lists of candidateselectionobjects.
This processrules out inconsistent information while
fusing complementaryor redundantinformation through
a matchingprocess[23]. The processprimarily depends
on a type hierarchy and a set of spatio-temporalcon-
straints.Speech,objecttype,andthechoiceof articlesand
prepositionsassistin the uni�cation and disambiguation
of someambiguousselectionpossibilities.

Quickset/BARS Distrib ution System: A special type
of BARS applicationis the bridge type. A bridge joins
the BARS distribution system and an outside system,
translating object creation and changeevents between
BARSandtheoutsidesystem.A bridgerepresentsobjects
in BARS and a connectedsystemby maintaininga map
that links the BARS and outside system's objects. To
connectBARS and Quickset,we createda new bridge
implementationthat actsas both a Quicksetagentand a
BARS instance.

V. PERFORMANCE EVALUATION

We conductedseveral experimentsto gain a betterun-
derstandingof theeffectivenessof thealgorithmsfor dis-
ambiguatingmultiple pointingselections.We approached
this task by �rst comparingempirically the three inter-
section algorithms head-to-headto learn the strengths
and weaknessesof each algorithm for speci�c dataset
cases.Second,we evaluated the integration algorithm,
exploring several weighting schemes,to determinehow
bestto utilize combinationsof the intersectionalgorithms
in parallel. Lastly, we conducteda short experiment
to demonstrateand empirically evaluate how well the
algorithmswork for disambiguatingselections.

A. Comparisonof IntersectionAlgorithms

We conductedthreeexperimentsto comparethe three
intersectionalgorithmshead-to-head.The�rst experiment
was designedto test the experimentalprotocol, �ushing
out any designandtestingissues,anduseda simplereal-
world urban datasetand a few test cases.Each succes-
sive experimentincreasedthe detail of the datasetsand
complexity of the test cases.Comparingany algorithm
thoroughlytypically requiresrunningan extensive setof
experimentswith multiple datasetsand conditions.The
goal of theseexperimentswas to get a generalfeel for
the accuracy of eachalgorithm for performingselection
usinga real-world urbandataset.

Sinceour overall goal is to apply thesealgorithmsfor
disambiguatingmultiple selections,we acknowledgethat
precisionplaysa role in how we evaluatethe algorithms.
In particular, the selectioncaseswe addressonly become
interestingwhenhigh precisionis required,otherwisethe
selectionscould be easily performedusing well-known
ray-basedpointingtechniques.Weranasetof preliminary
teststo evaluatethe degree of precisionneededfor the
experimentsandtestedtheselectiontechniquesona range
of sizesfor objectsandvaryingamountsof spacebetween
each.Someof the testcasesareshown in Figure10. We

Figure 10. Three of the test casesused to determinethe degree of
precision neededby the experiments.We varied the size of several
windows, and the spacingbetweeneach,and asked several usersto
perform selectionsof the windows for eachtest case.Statisticswere
collectedto determinethe precisionrequiredfor our experiments.

usedtheprecisionestimatesto guideourchoiceof thetest
casesfor the experiments,making surethat the required
degreeof precisionwas high, but low enoughto collect
meaningfuldata to comparethe threealgorithms.Later,
whenwe testedthe algorithmsfor disambiguatingselec-
tions of smaller, distantobjects,we increasedthe degree
of precisionrequired.We next describethe experiment
preparations,experimentalprotocol,andeachexperiment.

Experimental Protocol For each of the three experi-
ments,we recruitedtwo to four subjectsfrom our devel-
opmentteam.Each subjectwore a tracked, see-through
head-mounteddisplay(HMD) thatincludeda microphone
for the speechrecognizer. The orientation of the head
was usedas the pointing direction. The systemshowed
a cross-haircursorat the centerof the view frustum for
the pointing direction. The view frustum's borderswere
made invisible to the user and its size was kept �x ed
throughout the experiments.The experimentsoperated
under the assumptionthat the user's selectionstrategy
was to point directly through the center of the object
intendedto beselected.Otherstrategies,suchasselecting
the largest item in the view frustum, are evaluatedlater
in SectionV-C.

Each subjectwas given a training sessionto become
familiar with the pointing and speechinput interaction
mechanism.The subjectswere promptedby the exper-
iment administrator to perform selectionsusing head
directioncombinedwith a voice command.For example,
thesubjectis asked to point at theupperright window of
the left building, shown in Figure10, while speaking“se-
curethis window.” The systemrespondsby changingthe
color, basedon the voice command,of what the system
determinesto be the correctselection.In Figure 10, the
verb “clear” triggersa changein the color of the upper
right window to green.

The trials of each experiment asked the subjectsto
perform a sequenceof selectionsover a range of test
cases.The selection test casespresentedwere sets of
windows, doors,walls, andbuildings.The speechactions
included“dangeron this object,” “clear this object,” and
“reset this object” — thesecommandsare meaningful
in the urbansituationalawarenessdomainof the BARS
system[25]. Data were collectedfor the three frustum-
based algorithms. Caseswhere the speechrecognizer



Figure12. The accuracy (meanpercentageof correctselections)given
by the threeintersectionalgorithmsin Experiments1–3.

failed were thrown out, since we are not evaluating
the speechrecognizernor the multimodal featuresof
the system.The test caseswere presentedin a counter-
balancedmannerin orderto eliminateany learning-effect
biases.

Experiment 1 The �rst experimentuseda small subset
of the datasetshown in Figure 11. The datasetcontains
semanticinformationaboutthebuildingssurroundingour
laboratory—itis a real-world databaseusedby oursystem
for various development,demonstration,and evaluation
purposes.We ran the experiment,following the experi-
mentalprotocol above, using two subjects.Eachsubject
was asked to perform selectionsof windows and doors
in three different buildings. We collected statistics for
12 different casesper user, for a total of 24 cases.We
recordedthe accuracy of the intersectionalgorithms;we
recordeda booleanvalue of `1' if an algorithm made
a correct selection,and a `0' if it made an incorrect
selection.Figure 12 shows the accuracy performanceof
eachof the threealgorithmsfor Experiment1.

Experiment 2 The secondexperimentexpandedon the
�rst experiment, this time using a larger datasetand a
broaderset of test cases.As before, the datasetchosen
is a subsetof Figure11's dataset.We only presentedthe
ground-level view of the datasetto the subjects.The test
caseswere determinedbasedon observed strengthsand
weaknessesof the three intersectionalgorithms.We de-
signedthetestprotocolsuchthatthesubjectswould make
selectionsfor situationswhereeachof the algorithmsis
weak,andcaseswhereeachis strong;we testedan equal
numberof “good” and“bad” testcasesfor eachalgorithm.
We used four subjectsand collected the performance
statisticsfor 192 selectioncases(48 per subject).The
users were asked to make selectionsof windows and
buildings.We recordedtheaccuracy performancefor each
of the threealgorithms;the resultsfor Experiment2 are
shown in Figure12.

Experiment 3 The third experiment used the largest
portion of our test dataset(Figure 11), as well as the
broadestset of test cases,which we believe better ex-
plored the strengthsand weaknessesof the intersection
algorithms.This experimentfollowed the sameprotocol
as Experiment2, with three subjectsand 144 selection

cases(48 per subject),andan equalamountof goodand
badtestcasesfor eachalgorithm.We again recordedthe
accuracy performancefor eachof the three algorithms;
the resultsareshown in Figure12.

Results and DiscussionWe analyzedthe accuracy per-
formance results with a one-way analysis of variance
(ANOVA). In addition to the p-values, the measureof
effect signi�cance, we calculated and reported w2, a
measureof effect size. w2 is an approximatemeasure
of the percentageof the observed variancethat can be
explainedby the effect.

As suggestedby Figure 12, we found a strongeffect
of algorithmfor eachof the experiments(Experiment1:
F(2;69) = 5:07, p = :009, w2 = 10:3%; Experiment2:
F(2;573) = 20:7, p < :000, w2 = 6:4%; Experiment3:
F(2;429) = 12:7, p < :000, w2 = 5:2%). The error bars
in Figure 12, which show � 1 standarderror, indicate
that BARYCENTRIC-PIXEL-COUNT had greater accu-
racy than both GAUSSIAN-PIXEL-COUNT and PIXEL-
COUNT for all threeexperiments.For Experiments2 and
3, GAUSSIAN-PIXEL-COUNT had greateraccuracy than
PIXEL-COUNT.

This analysisempirically validatesthat the choice of
intersectionalgorithm makes a difference in selection
accuracy. Approachessimilar to what we are calling
Barycentric have been presentedas Liang and Green's
spotlight method [4] and the aperturemethodof Fors-
berg et al. [6], but here we presentthe �rst empirical
evidencefor the generaleffectivenessof this technique.

However, although the data show that the
BARYCENTRIC-PIXEL-COUNT algorithm clearly
outperforms the other algorithms (for this choice of
datasetanddegreeof pointingprecision),we canobserve
some interesting test cases if we allow the user to
view the same datasetfrom above the buildings. For
example, we observed that concave shape patterns
show up more often looking from above than from the
ground-level views—seeFigure 13. One weaknessof
the BARYCENTRIC-PIXEL-COUNT algorithm is how
it operateson concave objects. The algorithm relies
on an estimation of the center of the objects trying
to be selected.As seen in Figure 13, one estimation
of the center of Building 1 is located at the position
where the `o' is shown. Due to the complex natureof
the behavior of the algorithm's weighting function, we
decidedto empirically evaluatethe test case.We ran a
quick study collecting statistics for how well different
regionsof the buildings could be selectedproperlyusing
the BARYCENTRIC-PIXEL-COUNT algorithm. Pointing
in the regions shown in blue (lighter shade)properly
selectthe correctbuilding, while the red (darker shade)
regions fail. Empirical resultsshow regions `B' and `C'
fail 85% of the time.

B. Evaluationof Integration

We conductedthree experimentsto evaluatedifferent
weighting schemesfor the integration algorithm. Our
objective was to determinehow to best utilize different



Figure11. The datasetusedin Experiments1–3.Progressively smallersubsetsof the dataset,with differenttestcases,wereusedin Experiments1
and 2. (Left) Ground-level views; theseare the views that subjectssaw during the experiments.(Right) Elevatedview; given to give the readera
feel for the dataset's layout.

Figure 13. The effect of BARYCENTRIC-PIXEL-COUNT on selection
involving a concave shape.The blue (lighter shade) regions work
properly, while the red (darker shade) fail. Empirical results show
regionsB andC fail 85% of the time.

combinationsof the intersectionalgorithms, including
determiningwhen to use an intersectionalgorithm by
itself or when to combinethe algorithmsin parallel.We
focusedmainly on �nding an optimal weight assignment
for the typical usecaseandcomparedit against the best
intersectionalgorithm (BARYCENTRIC-PIXEL-COUNT).
In eachexperiment,weusedthedatasetsandexperimental
protocolfrom theexperimentsin SectionV-A. Weapplied
several differentweightingschemes(describedbelow) to
theintegrationalgorithm,andfor eachscheme,rananex-
perimentandassessedtheperformanceof the integration.
We show the weight assignmentsfor eachexperimentin
TableI andthe performanceresultsof the integrationsin
Figure14.

TABLE I.
WEIGHT ASSIGNMENTS FOR EXPERIMENTS.

Exp Scheme WP WB WG

1 EqualWeighting .3333 .3333 .3333
1 Performance-Proportional .3103 .4138 .2759
1 Performance-Differential .3031 .4238 .2731
2 EqualWeighting .3333 .3333 .3333
3 EqualWeighting .3333 .3333 .3333
3 Performance-Proportional .28 .38 .34
3 2-Parm-Search(SchemeA) .1894 .4688 .3418
3 2-Parm-Search(SchemeB) .1138 .5400 .3462
3 Adhoc (SchemeC) .1000 .5000 .4000
3 Majority Voting (SchemeD) n/a n/a n/a

Weighting SchemesThe weighting schemeslisted in
Table I andFigure14 are:

� Equal Weighting: Simply assigntheweightsWP =
WB = WG = 1

3.
� Performance-Proportional Weighting: Assignthe

weightsWi = norm(Ai); f or i = P;B;G, whereAi are
theaccuracy estimatesfor i-th intersectionalgorithm.

� Performance-Differential Weighting: Assign the
weightsWi = sum(Pcorrect

i; j � Pnext highest
i; j )=n; f or i =

P;B;G; f or j = 1::n, wherePcorrect and Pnext highest

are the probabilitiesof the correctand next highest
selection,n is the numberof trials usedto estimate
the performanceof algorithmi. Negative differences

Figure 14. The accuracy of the integration schemes versus
the BARYCENTRIC-PIXEL-COUNT intersectionalgorithm in Experi-
ments1–3.

canbe assignedzero.
� Two-Parameter-Search Weighting: Start with an

estimatefor oneof the weights(assumeweightW1).
Next, use performanceestimatesof the algorithms
to computethe ratio r = A1� A2

A1� A3
, whereA1, A2, and

A3 arethe respective algorithmaccuracies.Compute
theweightsby solving the two equations:W1+ W2+
W3 = 1 andW1 � W2 = r(W1 � W3).

� Adhoc Weighting: Assign the weights by hand,
basedon observed trendsin the performanceof the
otherweightingschemes.

� Majority Voting: Selectthe candidateobject that
hasthe majority of the votesacrossthe intersection
algorithms. Empirical data, when using the equal
weightingscheme,shows: (a) if all threevotefor one
object, the integration always votes for that object;
and(b) if two of the threevote for the sameobject,
the integration algorithm selectsthe sameobject a
majority of the time.

Results and Discussion We again analyzedthe accu-
racy performancewith a one-way ANOVA. We found
a strong effect of algorithm/integration schemefor Ex-
periment 1 (F(3;116) = 4:37, p = :006, w2 = 7:8%)
and Experiment 2 (F(1;382) = 10:8, p = :001, w2 =
2:5%). In addition,we found an effect for Experiment3
(F(6;809) = 2:17, p = :044, w2 = :85%), andwhile this
effect is signi�cant, it is a substantiallyweaker effect
than the others reported in this paper. The error bars
indicatethat in Experiment1, performancebreaksdown
into two groups:(1) theBarycentricintersectionalgorithm
andthePerformance-Proportionalintegrationscheme,and



(2) the Equal Weighted and Performance-Differential
schemes,with group (1) performing better than group
(2). In Experiment2, theBarycentricalgorithmperformed
better than the Equal Weightedscheme.We only tested
one integration schemein this experiment becausewe
decided it would be more interesting to look at test
caseswherethe bestintersectionalgorithm(Barycentric)
had a lower global effectiveness,which motivated the
next experiment. In Experiment3, the Equal Weighted
andPerformance-Proportionalschemesappearworsethan
the others, but otherwise the performanceof all the
schemes(and the Barycentricalgorithm) is comparable.
This relative equality is why the effect signi�cance and
size is substantiallysmallerfor Experiment3.

C. Evaluationof Disambiguation

The overall goal of our researchwasto develop meth-
ods for disambiguatingmultiple selections.We made
stridestowards this goal by developing several intersec-
tion algorithmsandanintegrationalgorithmthatcancom-
bine them in many ways.The combinationcan be auto-
matic,by usingoneof the schemesdescribedpreviously,
or it can be manual,by allowing the user to explicitly
settheweightsin theintegrationalgorithm—forexample,
to only usetheBARYCENTRIC-PIXEL-COUNT algorithm,
theweightsaresetto WB = 1 andWP = WG = 0. However,
we have not yet shown that the integration algorithm is
effective at disambiguatingmultiple selections,and we
will addressthat now.

We conductedExperiment4 to demonstrate,andeval-
uate empirically, the effectivenessof the integration al-
gorithm in a simpledisambiguationscenario.The exper-
iment was performedusing two subjects.We developed
a datasetthat requiresa higher degree of precisionfor
selectingby pointing thanwasnecessaryin the previous
experiments.The datasetconsistsof a wall with nine
windows; we placeda large window in the centerand
arrangedeight smaller rim windows surrounding the
centerwindow. We asked subjectsto selecteachof the
nine windows separately, and the order of selectionwas
random.

We collectedstatisticsfor 18 selectionsof the middle
window and 31 selectionsof the outer windows. We
analyzed the data considering how different selection
strategies could be used for the scenario.Speci�cally,
we consideredhow the windows could be selectedusing
four strategies.The �rst strategy is to simply point at the
window—“select object by pointing at it.” The second
strategy is to selectthe largestwindow, no matterwhere
theuseris pointing—“selectlargestobject.” Thethird and
fourth strategies are combinationsof the previous two,
called“selectlargestobjectwhile pointing at it” and“se-
lect largestobjectwhile not pointing at it.” We analyzed
the data consideringthesefour selectionstrategies and
show the resultsin Figure15.

The PIXEL-COUNT algorithm worked perfectly for
selectingthe largestobjectacrossall the selectioncases.
Themostinterestingresultis theoverlappingcase,“select

Figure 15. Comparison between the PIXEL-COUNT and
BARYCENTRIC-PIXEL-COUNT algorithms over a range of user
selection strategies. The datasetcontains small, distant objects that
are very dif�cult to selectby pointing. The noise in pointing is high
enoughthat BARYCENTRIC-PIXEL-COUNT fails often.

largestobjectwhile pointingat it,” wheretheresultsshow
the successof the PIXEL-COUNT algorithm in compar-
ison to the weaker performing BARYCENTRIC-PIXEL-
COUNT algorithm.This resultseemsto indicatethatasthe
precisionrequiredincreases,the BARYCENTRIC-PIXEL-
COUNT algorithm will not be as reliable as the PIXEL-
COUNT for selectingthe largestitem.

Thedifferencein theperformancesbetweenthe“select
largestobjectwhile pointing at it” and the “selectobject
by pointing at it” strategies indicatethat the surrounding
objects may be selectedcorrectly more often than the
middle object.This phenomenonmay occur becausethe
rim objectshave freespaceon someof their sides.If this
is the case,the middle object has a slight disadvantage
using the “selectobjectby pointing at it” strategy.

VI . CONCLUSIONS AND FUTURE WORK

We presentedthree3D pointing-basedobjectselection
techniques,PIXEL-COUNT, GAUSSIAN-PIXEL-COUNT,
and BARYCENTRIC-PIXEL-COUNT, andappliedthemto
the case of selection using a hierarchically-organized
object database.We empirically demonstratedthe gen-
eral effectivenessof the BARYCENTRIC-PIXEL-COUNT

technique.However, therearecaseswherethat technique
fails, so we developedan integration algorithm to try to
leveragethe strengthsof each techniqueby combining
their resultsusing one of many weighting schemes.We
evaluatedtheseschemesandpresenteda carefulanalysis
of the results. The bottom line is that different selec-
tion schemeswork best in different scenarios,and the
selectionintegrationalgorithmcandisambiguatemultiple
selections.

Thereareseveral waysto improve this work. First, we
needto take advantageof thesemanticinformationin our
database,for example,if it seemsthe useris selectinga
window, it couldbethattheuseris actuallytrying to select
an object behind that window. Second,we can involve
the userin the selectionprocessbeyond simplepointing.
Perhapsthe user could manipulate a dial or similar
controller to scroll though the multiple selectionsuntil



the correctobject is selected.Third, we could determine
the best sets of weights for certain common types of
databases,or even for different areaswithin a single
database,andestablish“weight pro�les” to be employed
for thosedatabasesor areasof databases.A modi�cation
of that idea is to classify weight assignmentsby the
situations in which they work best, and then use that
information for developing betterperformingautomated
selectiontechniquesthat adjust to the situation on-the-
�y by swappingweight assignments.Anotherpossibility
is to have the algorithms learn from user indications
as to whether the correct item was chosenor not. An
implementationissueto addressis how to properlyhandle
tiesin probabilities.For futurestudies,we would alsolike
to addmoresubjectsin the experiments.
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