Toward Disambiguating Multiple Selections for Frustum-Based Pointing
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ABSTRACT

Selection is a fundamental user operation in 3D environments.
These environments often simulate or augment the real world, and a
part of that simulation is the ability to select objects for observation
and manipulation. Many user interfaces for these applications de-
pend on six-degree-of-freedom tracking devices. Such devices have
limited accuracy and are susceptible to noise, giving an imprecision
that makes object selections dif cult and hard to repeat. This dif -
culty is ampli ed when the user’s viewpoint is also tracked, mean-
ing the user must compensate for noise from both the head tracker
and the pointing device when performing object selection. Also,
users may experience fatigue when using handheld pointing devices
for extended periods, creating error even if the tracking technology
were perfect.

This paper presents a pointing-based probabilistic selection al-
gorithm that addresses some of the ambiguities associated with
tracking and user imprecision. It performs multiple selections by
considering a frustum along the user’s pointing direction and the
hierarchical structure of the database. It assigns probabilities that
the user has selected particular objects using a set of low-level 3D
intersection-based selection techniques and the relationship of the
objects in a hierarchical database, and makes the nal selection us-
ing one of several weighting schemes. We performed several exper-
iments to evaluate the low-level selection techniques, tested several
weighting schemes for the integration algorithm, and we show that
the algorithm is effective at disambiguating multiple selections.

CR Categories:  H.5.2 [Information Interfaces and Presenta-
tion]: User Interfaces Interaction styles; H.5.3 [Information In-
terfaces and Presentation]: Group and Organizational Interfaces
Computer-supported cooperative work;

Keywords: interaction, selection, algorithms, augmented reality,
virtual reality, hierarchical databases

1 INTRODUCTION

Many virtual and augmented reality systems present the user with a
rendering of a 3D world containing distinct objects that the user can
query or manipulate. To perform these actions on objects, the user
usually must rst select the object. While there are many ways to
select objects, pointing at the desired object is a common and nat-
ural way to select. Selection by pointing can happen using a range
of 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-held tracking device. Selection can also happen without using
the hands at all, by allowing the user to select using head orienta-
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tion (assuming the head is tracked) or gaze direction using an eye
tracker.

We assert that all user selection operations are susceptible to er-
ror. First, there is human error: the imprecision that comes from
lack of experience, not enough motor control to do ne grained se-
lection, or fatigue developed during a session; Wingrave et al. [13]
studied a number of correlations between certain attributes of users
and their ability to perform selections. Second, there is equipment
error, which could be noise, drift, and lag in a 6DOF tracking sys-
tem, or simply not enough resolution on a wheel-based device to
perform a ne selection. Finally, there are ambiguities associated
with the scene itself, such as when the user tries to select one object
occluded by another object. In our main application area, mobile
augmented reality, this is a common problem because users have

X-ray vision and can see spatial information, such as the position
of a collaborator, that may be occluded by real or virtual objects
in this example, the collaborator may be behind a building. These
errors can lead to selections that are totally incorrect, such as when
using a ray-based selection that chooses a single object, or to am-
biguous results when using multiple selection techniques that can
choose many candidate objects.

We designed a pointing-based probabilistic selection algorithm
that alleviates some of the error in user selections. This technique
takes into consideration the hierarchical structure of the scene ob-
jects (e.g., a door is a child of a wall, which is a child of a building,
and so on). It assigns probabilities that the user has selected par-
ticular objects, within a frustum along the user’s pointing direction,
using a set of low-level 3D intersection-based selection techniques
and the relationship of the objects in a hierarchical database, and
makes the nal selection using one of several weighting schemes.
We implemented this algorithm in our virtual and augmented reality
application framework and performed several experiments to evalu-
ate the low-level selection techniques, to evaluate several weighting
schemes for the integration algorithm, and to show that the algo-
rithm can effectively disambiguate multiple selections.

After describing related work, we describe the low-level selec-
tion techniques. We then present the design and discuss the results
of the experiments described above.

2 RELATED WORK

Selection in 3D environments has been an active research topic
since the rst virtual environments were implemented. Hinck-
ley et al. [4] presented a survey of, and a common framework for,
techniques for 3D interaction, until that point in time. Liang and
Green [8] developed the spotlight method of selection, which al-
leviated some issues with using ray-based selection for small and
far objects, but introduced the problem of multiple selections, for
which they set up rules to choose one of the possible selections.
Mine [9] described a few techniques for selection, along with other
interactions to be supported in virtual environments. Forsberg et
al. [3] developed two novel selection techniques, aperture (an ex-
tension of spotlight) and orientation, to deal with the imprecision
of ray-based selection using a 6DOF input device. Pierce et al. [11]
introduced a set of selection techniques using tracked hands and the



2D projection of a 3D scene. In his thesis, Bowman [1] gave a thor-
ough survey of 3D selection techniques at the time, and introduced
a novel technique for selection and manipulation.

In more recent work, researchers have dissected the task of se-
lection even further, and have created novel selection techniques
for speci c application domains such as Augmented Reality (AR)
and multimodal systems. Wingrave et al. [12] discovered that users
do not have an internal model of how they expect the environment
to behave (for example, in performing selections), but instead they
adapt to the existing environment using feedback received when
performing tasks. Olwal et al. [10] developed some of the rst al-
gorithms for selecting in AR. Their technique attaches a virtual vol-
umetric region of interest to parts of a user’s body. When the user
moves the body part, interacting with objects in the environment,
a rich set of statistical data is generated and is used for process-
ing selections. Kolsch et al. [7] developed a real-time hand gesture
recognition system that can act as the sole input device for a mo-
bile AR system. Kaiser et al. [6] developed mutual disambiguation
techniques and evaluated their effectiveness for 3D multimodal in-
teraction in AR and Virtual Reality (VR). They showed that mutual
disambiguation accounts for over 45% of their system’s success-
fully recognized multimodal commands.

We acknowledge that multimodal systems 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 win-
dow, giving the system the means to disambiguate the selection),
and we have implemented multimodal (speech and pointing) pro-
cessing in our system for disambiguating different types of objects
(for example, windows, walls, and buildings). However, if there is
more than one object of the same type (for example, four windows)
in the selection space, then the system described above will fail
since the utterance window is ambiguous and does not help cor-
rect a wrong selection. In this example, either more sophisticated
speech semantics or pointing-based selection processing techniques
are needed.

In this paper, we have chosen to focus solely on improving
pointing-based selection. Our selection algorithm introduces the
concept of executing multiple selection techniques in parallel and
choosing the nal selection from the results of those techniques us-
ing a weighting scheme. The low-level techniques and the integra-
tion algorithm are described in the next section.

3 PROBABILISTIC POINTING-BASED SELECTION
ALGORITHM

Selection by pointing in 3D environments is inherently imprecise
when the user is allowed to select occluded objects the user may
have the impression of pointing to a speci ¢ object, for example,
but the system may not know for sure which object in the pointing
direction is meant to be selected. Users often make pointing errors,
especially when selecting small objects, objects at a distance, or
when trying to make a selection quickly. Furthermore, pointing
provides the object’s direction, but not distance, so when several
objects lie in the direction the user is pointing, it remains unclear
which object the user intended to select.

To deal with selection ambiguity, we designed a probabilistic
selection algorithm that generates lists of candidate objects the user
may have meant to select, and probability estimates of how likely
it is the user meant to select each object. The algorithm combines
several intersection algorithms and the hierarchical structure of the
dataset, and then integrates the resulting candidate selections. The
processing steps of the algorithm are shown in Figure 1, which we
describe in each of the following sections.
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Figure 1: Flow of the pointing-based selection algorithm.

3.1 Frustum Intersection Algorithms

We have designed a set of three algorithms which attempt to mit-
igate the ambiguity associated with ray intersection. Each algo-
rithm is based on the concept of rendering the scene into a small
selection frustum (see Figure 2); the rendered scene is viewed by
a camera pointing coincident to the selection ray, and the frustum
is rendered into an off-screen image buffer. The algorithms then
count and classify the pixels in this buffer, and use these counts to

and associated selection probabilities p;j.

As described in more detail below, each of these algorithms has
differing utility depending on the user’s preferences for making se-
lections, on what type of object the user is trying to select, and on
its relationship to other objects in the scene. We have designed
the three intersection algorithms such that each has a different user
preference for selection. These preferences are: (1) select the item
nearest the central pointing ray; (2) select the largest item in the
viewing frustum; and (3) select using a combination of the two
other approaches. We wanted to nd out if having several algo-
rithms available based on different user preferences increases the
chances for correctly selecting objects. These algorithms could ei-
ther be used individually or executed in parallel and their results
integrated together.

We describe each intersection algorithm in more detail, and then
show how their output lists of candidate selections are integrated
when the algorithms are run in parallel.

Pixel-Count The PIXEL-COUNT algorithm preferentially orders
objects according to their projected size in the selection frus-
tum. PIXEL-COUNT simply counts the number of pixels occupied
by each object, and weighs the objects accordingly. This pixel-
counting technique is a very fast way of implementing ordering of
objects by projected size. A similar technique has been reported by
Olwal [10].

PIXEL-COUNT
Input: 3D direction

0;j and associated probabilities pj
1 calculate a small frustum about 3D direction
2 for each object oj in the frustum
3 ‘ render oj into the frustum
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Figure 2: The operation of the PIXEL-COUNT algorithm. The scene
is rendered into the small selection frustum shown in the center of
the image.

4 pix;  number of pixels covered by o;

5| weights w;  pix;=total-frustum-pixels

6 assign probabilities p; from weights w;

7 sort (o;; pj) list by decreasing probabilities p;

Figure 2 demonstrates PIXEL-COUNT. The green square in the
center of the image demonstrates one size of the selection frustum;
in the lower-right the frustum contents are enlarged. Note that the
frustum size may be adjusted by the user. The square in the lower
left corner shows a low-resolution re-rendering of the frustum con-
tents.

The PIXEL-COUNT algorithm is robust to noise and pointing
ambiguity. However, it inherently assumes the user is attempting to
select larger objects, and it does not work well for selecting small
objects near larger objects.

Barycentric-Pixel-Count This algorithm was motivated by our ob-
servation that users tend to point toward the center of the visible
part of the object they wish to select. Figure 3 describes how
BARYCENTRIC-PIXEL-COUNT operates. The algorithm calculates
the center point of the visible portion of each object (Of and O%),
and then determines the distance to the center of the selection frus-
tum (d; and dj). It then weighs each object’s pixels with the in-
verse of this distance; so in Figure 3 object 1’s pixels are weighted
by 1=d; and object 2’s pixels by 1=d,. Since it is assumed that the
user is intending to look at one object, probabilities are estimated
by normalizing the weights across all of the weighted pixels.

BARYCENTRIC-PIXEL-COUNT
Input: 3D direction

0;j and associated probabilities pj
1 calculate a small frustum about 3D direction

2 let F° be the center of the frustum

3 for each object oj in the frustum

4 | let Of be the center of the visible portion of o;
5 | bary-weight 1=kF® Ofk

6 | render oj into the frustum

7 | for each pixel a generated by 0;

8 pix;  pixj+a bary-weight

9 pix;=total-frustum-pixels

| weights w;

object 1

selection frustum

Figure 3: The operation of the BARYCENTRIC-PIXEL-COUNT algo-
rithm. Because d; <d;, each pixel of object 1 will be weighted more
heavily than the pixels of object 2.

10 assign probabilities p; from weights w;
11 sort (oj; p;i) list by decreasing probabilities pj

BARYCENTRIC-PIXEL-COUNT works very well for selecting
small 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
shape such that the Barycentric center does not lie within the object
itself.

Gaussian-Pixel-Count The GAUSSIAN-PIXEL-COUNT algorithm
is also motivated by the general observation that users tend to center
the objects they want to select. However, this algorithm tries to ad-
dress the failing of the BARYCENTRIC-PIXEL-COUNT algorithm,
which occurs when the Barycentric center does not lie within the
object itself. GAUSSIAN-PIXEL-COUNT operates by applying a
Gaussian mask, centered in the selection frustum, to each object’s
pixels. The mask operates, in effect, by assigning weights to each
pixel based on its distance from the center ray according to a Gaus-
sian bell curve. Figure 4 describes how GAUSSIAN-PIXEL-COUNT
operates. The Itered output for each individual object is combined
in an accumulation buffer. Probabilities are assigned, again, assum-
ing one object is intended to be selected, by normalizing across the
weighted pixels.

GAUSSIAN-PIXEL-COUNT
Input: 3D direction

0; and associated probabilities p;
1 calculate a small frustum about 3D direction
2 calculate a Gaussian Iter G centered in frustum
3 for each object o; in the frustum
4 | render o; into the frustum
5| for each pixel a generated by o;
6| pixi pixi+a G
7| weightw;  pix;=total-weighted-frustum-pixels
8 assign probabilities pj from weights w;
| 9 sort (oj; pj) list by decreasing probabilities

The algorithm is less susceptible to being biased by large visible
objects and it favors selecting objects near the central viewing ray.
3.2 Probability Propagation in Hierachical Database

The probability estimates generated by the ray intersection al-
gorithms assume that a single object occupies a given space in



selection frustum

Figure 4: The operation of the GAUSSIAN-PIXEL-COUNT algorithm.
Pixels in objects 1 and 2 are weighted by a circularly symmetric
Gaussian function centered at F°.
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Figure 5: A portion of a hierarchically-organized database that con-
tains urban data such as buildings, streets, signs, etc.

the viewing frustum. This assumption is not the case for a
hierarchically-organized database, which contains objects com-
posed of smaller objects, which in turn, may be composed of even
smaller objects, and so forth. This type of database can have sev-
eral objects occupying a given space, though there will always be
a relationship between the occupying objects. An example of a
hierarchically-organized database, which we use in our testing, and
the inter-relationships between objects, is illustrated in Figure 5.

In order to assign probabilities properly for a hierarchically-
organized database, we (1) set the ray-intersection algorithms to
probabilities for the lowest level structure for each pixel, and (2)
propagate the probabilities up the tree hierarchy from the leaf
nodes. Since our ray intersection algorithm returns the lowest-level
structures, we use the following algorithm to propagate probabili-
ties up the database hierarchy:

PROBABILITY-PROPAGATION
Input: old list Lo = (01; p1);:::; (On; pn) OF

1 create empty list Ly

2 for each object 0j in Lo

3 foj notin Ly then

4 add oj to Ly

5 | | oi:weight  p;

6 | for each recursive parent of o;

7 if oj:parent not in Ly then

8 add oj:parent to Ly

9 | | oi:parent:weight  oj:parent:weight + p;

10 for each object o in Ly

11 | normalize oj:weight

12 | assign probability p; from oj:weight
13 sort Ly by decreasing probabilities

One subtlety to note is in line 5, where we consider the prob-
ability for each pair as a weight for that pair, since we perform
operations with these values that do not strictly consider the val-
ues as probabilities. The resulting probability assignments estimate
likelihood that any of the occupying objects for a given space is the
desired selection. For example, using the hierarchy in Figure 5, for
a ray intersecting a window, its probability of selection is equal to
the probability of selecting the wall, building, city, and world, at
the intersecting pixel. Another property to understand using this
probability propagation approach is the probabilities for the parents
are always at least as much as the probabilities for any child. Keep
in mind, another reasonable and equally valid manner of assigning
probabilities is to consider the hierarchical nature of the database
at a lower level, when the ray intersection algorithms estimate the
probabilities. This approach may lead to different but still similar
assignments of probabilities.

3.3 Integration of Probability Assignments

The three lists of objects and associated probabilities generated by
the ray intersection algorithms and probability propagation algo-
rithm need to be combined into one list. One caveat to this pro-
cess is that each list may contain a slightly different set of object-
probability pairs due to differences in the how each algorithm op-
erates. Thus, the elements of the lists will have to be matched and
like items combined. Another important note is that, in the process
described below, just as in the probability propagation algorithm,
we consider the probability for each pair asa weight for that pair,
since we perform operations with these values that do not strictly
consider the values as probabilities. A naive integration approach
would be, for each object, to simply average the weights assigned to
that object from the different algorithms. This approach, however,
does not take into consideration the strengths and weaknesses of
each of the three algorithms. A more appropriate way to integrate
them is to assign a weight to each algorithm, W;, based on how
well each performs in comparison to the others. The lists are then
integrated by the following WEIGHTED-INTEGRATION algorithm.

WEIGHTED-INTEGRATION
Input: 3 lists Lg, L, Lp = (01; p1);:::; (On; pn) Of

1 create empty list Ly
2 foreachlistLjinLg;Lg;Lp
3 | for each object 0j in L
4 if oj not in Ly then
5 add pair to Ly
6 else
7 nd oj in Ly
8 | | Ln:oj:weight  pj W;
9 for each object 0; in Ly
10 | normalize oj:weight
11 | assign probability p; from o;:weight
| 12 sort Ly by decreasing probabilities

The integration weights, W;; i = G; B; P, corresponding to the in-
tersection algorithms GAUSSIAN-PIXEL-COUNT, BARYCENTRIC-
PIXEL-COUNT, and PIXEL-COUNT, respectively, are initially ar-
bitrarily assigned to % each (giving the same effect as the naive



method of averaging). However, we acknowledge that having
proper weight assignments for data integration is important for op-
timizing performance and is a dif cult task. We made several at-
tempts to re ne the weight assignments. We used the performance
estimates of the intersection algorithms to in uence the assignment
of the weights in the integration. In one case, we normalized the al-
gorithm performance estimates and used those as the weight values.
For the other case, we used the normalized performance estimates
as a guide to re ne the weight assignments. More details about the
assignment of weights is given in Section 4.

4 PERFORMANCE EVALUATION

We conducted several experiments to gain a better understanding
of the effectiveness of the algorithms for disambiguating multiple
pointing selections. We approached this task by rst comparing
empirically the three intersection algorithms head-to-head to learn
the strengths and weaknesses of each algorithm for speci c dataset
cases. Second, we evaluated the integration algorithm, exploring
several weighting schemes, to determine how best to utilize com-
binations of the intersection algorithms in parallel. Lastly, we con-
ducted a short experiment to demonstrate and empirically evaluate
how well the algorithms work for disambiguating selections.

4.1 Comparison of Intersection Algorithms

We conducted three experiments to compare the three intersection
algorithms head-to-head. The rst experiment was designed to
test the experimental protocol, ushing out any design and test-
ing issues, and used a simple real-world urban dataset and a few
test cases. Each successive experiment increased the detail of the
datasets and complexity of the test cases. Comparing any algo-
rithm thoroughly typically requires running an extensive set of ex-
periments with multiple datasets and conditions. The goal of these
experiments was to get a general feel for the accuracy of each algo-
rithm for performing selection using a real-world urban dataset.

Since our overall goal is to apply these algorithms for disam-
biguating multiple selections, we acknowledge that precision plays
a role in how we evaluate the algorithms. In particular, the selec-
tion cases we address only become interesting when high preci-
sion is required, otherwise the selections could be easily performed
using well-known ray-based pointing techniques. We ran a set of
preliminary tests to evaluate the degree of precision needed for the
experiments and tested the selection techniques on a range of sizes
for objects and varying amounts of space between each. Some of
the test cases are shown in Figure 6. We used the precision es-
timates to guide our choice of the test cases for the experiments,
making sure that the required degree of precision was high, but low
enough to collect meaningful data to compare the three algorithms.
Later, when we tested the algorithms for disambiguating selections
of smaller, distant objects, we increased the degree of precision re-
quired. We next describe the experiment preparations, experimental
protocol, and each experiment.

Experiment Preparation We prepared for the experiments by im-
plementing the algorithms and user interface in a combined AR
and VR system our laboratory has been developing over the last
several years. The two major building blocks of the combined
system are the Battle eld Augmented Reality System (BARS) [5],
which provides support for 3D in the form of VR and AR (with
special emphasis on mobile AR and multi-wall VR), and Quick-
set [2], which provides support for 2D map-based interaction us-
ing an agent-based architecture that supports probabilistic, asyn-
chronous input events. The system has evolved extensively over
the last several years to support a large number of input and display
devices, interaction and display algorithms, as well as the interface
techniques and associated algorithms described in this paper. The
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Figure 6: Three of the test cases used to determine the degree of
precision needed by the experiments. We varied the size of several
windows, and the spacing between each, and asked several users to
perform selections of the windows for each test case. Statistics were
collected to determine the precision required for our experiments.

major components we added are the pointing-based user interface,
the associated selection algorithms, a speech recognition system,
and the Quickset multimodal speech-and-gesture integrator.

Experimental Protocol For each of the three experiments, we re-
cruited two to four subjects from our development team. Each sub-
ject wore a tracked, see-through head-mounted display (HMD) that
included a microphone for the speech recognizer. The orientation
of the head was used as the pointing direction. The system showed
a cross-hair cursor at the center of the view frustum for the pointing
direction. The view frustum’s borders were made invisible to the
user and its size was kept xed throughout the experiments. The
experiments operated under the assumption that the user’s selection
strategy was to point directly through the center of the object in-
tended to be selected. Other strategies, such as selecting the largest
item in the view frustum, are evaluated later in Section 4.3.

Each subject was given a training session to become familiar
with the pointing and speech input interaction mechanism. The
subjects were prompted by the experiment administrator to perform
selections using head direction combined with a voice command.
For example, the subject is asked to point at the upper right window
of the left building, shown in Figure 6, while speaking secure this
window. The system responds by changing the color, based on the
voice command, of what the system determines to be the correct se-
lection. In Figure 6, the verb clear triggers a change in the color
of the upper right window to green.

The trials of each experiment asked the subjects to perform a se-
quence of selections over a range of test cases. The selection test
cases presented were sets of windows, doors, walls, and buildings.
The speech actions included danger on this object, clear this ob-
ject, and reset this object these commands are meaningful in
the urban situational awareness domain of the BARS system [5].
Data were collected for the three frustum-based algorithms. Cases
where the speech recognizer failed were thrown out, since we are
not evaluating the speech recognizer nor the multimodal features
of the system. The test cases were presented in a counter-balanced
manner in order to eliminate any learning-effect biases.

Experiment 1 The rst experiment used a small subset of the
dataset shown in Figure 7. The dataset contains semantic in-
formation about the buildings surrounding our laboratory it is a
real-world database used by our system for various development,
demonstration, and evaluation purposes. We ran the experiment,
following the experimental protocol above, using two subjects.
Each subject was asked to perform selections of windows and doors
in three different buildings. We collected statistics for 12 different
cases per user, for a total of 24 cases. We recorded the accuracy of
the intersection algorithms; we recorded a boolean value of ‘1’ if an
algorithm made a correct selection, and a ‘0” if it made an incorrect
selection. Figure 8 shows the accuracy performance of each of the



Figure 7: The dataset usedin Experiments 1{3. Progressivelysmaller subsetsof the dataset, with di erent test cases,wereusedin Experiments 1
and 2. (Left) Ground-levelviews;these are the viewsthat subjects saw during the experiments. (Right) Elevated view; given to give the reader
a feel for the dataset's layout.
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Figure 8: The accuracy (mean percentageof correct selections)given
by the three intersection algorithms in Experiments 1{3.

threealgorithmsfor Experimentl.

Experiment 2 Thesecondexperimentexpandednthe rst experi-
ment,thistime usinga largerdataseainda broadersetof testcases.
As before,the datasethosenis a subsebf Figure7's dataset We
only presentedhe ground-level view of the dataseto the subjects.
The test caseswere determinedbasedon obsered strengthsand
weaknessesf the threeintersectionalgorithms. We designedhe
testprotocolsuchthatthe subjectsvould make selectiondor situ-
ationswhereeachof the algorithmsis weak,andcasesvhereeach
is strong;wetestecanequalnumberof “good” and“bad” testcases
for eachalgorithm. We usedfour subjectsand collectedthe per
formancestatisticsfor 192 selectioncaseg(48 per subject). The
userswvereasledto make selectionof windows andbuildings. We
recordedheaccurag performancdor eachof thethreealgorithms;
theresultsfor Experiment2 areshavn in Figure8.

Experiment 3 Thethird experimentusedthe largestportion of our
testdataset(Figure 7), as well asthe broadestset of test cases,
which we believe betterexploredthe strengthsandweaknessesf
theintersectioralgorithms.This experimentfollowedthesamepro-
tocol asExperiment2, with threesubjectsand 144 selectioncases
(48 per subject),and an equalamountof goodandbadtestcases
for eachalgorithm. We again recordedthe accurag performance
for eachof thethreealgorithms;theresultsareshavn in Figure8.

Resultsand DiscussionWe analyzedheaccurag performancee-
sultswith a one-way analysisof variance(ANOVA). In additionto
the standardp-values,the standardneasureof effectsigni cance
we calculatedandreportw?, astandardneasuref effectsize w? is
anapproximataneasuref the percentagef theobseredvariance
thatcanbeexplainedby theeffect.

As suggestedyy Figure 8, we found a strong effect of algo-
rithm for eachof the experimentgExperimentl: F(2;69) = 5:07,
p= :009,w? = 10:3%; Experimen: F(2;573 = 20:7, p< :000,
w2 = 6:4%; Experiment3: F(2;429 = 127, p < :000, w? =
5:2%). Theerrorbarsin Figure8, which shov 1 standarderror,

Figure 9: The e ect of BARYCENTRIC-PIXEL-COUNT on selection
involving a concaveshape. The blue regionswork properly, while the
red fail. Empirical results show regionsB and C fail 85% of the time.

indicatethat BARY CENTRIC-PIXEL-COUNT hadgreateraccurag
than both GAUSSIAN-PIXEL-COUNT and PIXEL-COUNT for all
threeexperiments. For Experiments2 and 3, GAUSSIAN-PIXEL-
CouNT hadgreateraccurag thanPIXEL-COUNT.

Thisanalysisempiricallyvalidateghatthechoiceof intersection
algorithm malkes a differencein selectionaccurag. Approaches
similar to whatwe are calling Barycentrichave beenpresenteds
Liang andGreens spotlightmethod[8] andthe aperturanethodof
Forsbeg etal. [3], but herewe presenthe rst empiricalevidence
for thegenerakffectivenesof this technique.

However, although the data shav that the BARYCENTRIC-
PIXEL-COUNT algorithmclearly outperformshe otheralgorithms
(for this choiceof datasetnddegreeof pointingprecision) we can
obsene someinterestingtestcasesf we allow theuserto view the
samedatasefrom above the buildings. For example,we obsered
thatconcae shapegatternshav up moreoftenlookingfrom above
thanfrom the ground-leel views—seerigure9. Oneweaknes®f
the BARY CENTRIC-PIXEL-COUNT algorithmis how it operate®n
concae objects.Thealgorithmrelieson anestimatiorof thecenter
of the objectstrying to be selected.As seenin Figure9, oneesti-
mationof the centerof Building 1 is locatedat the positionwhere
the o' is shown. Dueto the complex natureof the behaior of the
algorithm's weightingfunction,we decidedto empirically evaluate
thetestcase We ranaquick studycollectingstatisticsor how well
differentregionsof the buildings could be selectedbroperlyusing
the BARYCENTRIC-PIXEL-COUNT algorithm. Pointingin the re-
gionsshown in blue properlyselectthe correctbuilding, while the
red regionsfail. Empirical resultsshav regions 'B' and "C' fail
85% of thetime.

4.2 Evaluation of Integration

We conductedthree experimentsto evaluate different weighting
schemedor theintegrationalgorithm. Our objective wasto deter
mine how to bestutilize differentcombinationf the intersection
algorithms,including determiningwhento usean intersectional-
gorithmby itself or whento combinethealgorithmsin parallel.We
focusedmainly on nding an optimal weight assignmenfor the
typical use caseand comparedt againstthe bestintersectional-
gorithm (BARY CENTRIC-PIXEL-COUNT). In eachexperimentwe
usedthedatasetandexperimentaprotocolfrom theexperimentsn
Section4.1. We appliedseveral differentweightingschemegde-



