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ABSTRACT

We present a new selection technique that facilitates the use of
natural hand gestures for virtual object manipulation in 3D. Our
method supports the use of 3D imaging techniques for tracking the
user’s body and therefore it does not require the use of any hand
held devices that would restrict the manipulative capabilities of the
user’s hands. The key contribution of our work is the novel use
of characteristic behavioral cues, which are representative for gen-
eral goal directed movement, to infer the object targeted by the user
during selection. The resulting technique enables us to select ob-
jects whose largest dimension is smaller than the sensing resolu-
tion of our system in spite of body tracking uncertainties and hand
placement faults. Furthermore, by means of intention inference, our
method automatically adapts to the user’s subjective need for vari-
able levels of tolerance to hand placement faults, jitter, or tracking
noise.

Index Terms: H.5.2 [Information Interfaces and Presentation ]:
User Interfaces—User-centered design

1 INTRODUCTION

The selection task is one of the most common duties of our daily
life. We select/choose our paths, our goals or objects of interest
each time we decide to pursue a goal or to interact with this ab-
stract object called ”goal”. Similarly, the selection of virtual ob-
jects is a common task of paramount importance for any virtual
object manipulation process. The efficiency of the selection pro-
cedure directly impacts the performance of all other manipulation
tasks such as virtual assembly. In this article we propose a new
selection method that allows users to employ natural hand gestures
in free space to select virtual objects. Our method facilitates the
manipulation of virtual objects by means of natural hand gestures,
and does not require the use of any hand held devices that would
constrain the manipulative capabilities of the user’s hands. In this
endeavor we rely on 3D imaging techniques [20] to track the user’s
hands.

Several important challenges need to be overcome to achieve
these goals. First, it is well-known that without physical support
and/or haptic feedback, the users have difficulties in placing and
holding their hands at the precise location required for selecting fine
objects or details [4, 6, 13]. A common consequence of this prob-
lem is the penetration of the virtual objects located in the vicinity of
the object with which the user intends to interact [12]. The second
group of challenges is posed by the inherent noise and uncertain-
ties that affect the 3D imaging methods, and the related stochastic
tracking algorithms. The tracking uncertainties occur mainly for
parts of the body that are affected by occlusion, imaging noise, low
reflectivity, light glare, or body parts that cannot be distinguished
from one another due to the perceived similarities caused by low
imaging resolution or other factors.
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We address these challenges in a novel manner. The proposed
technique identifies the objects that are targeted during the selec-
tion process by relying on a set of behavioral cues that have been
documented in the neuropsychology literature for general goal di-
rected actions. Such behavioral cues enable our method to toler-
ate hand placement and tracking faults. Some of the cues docu-
mented so far include facial cues [3], action efficiency [2, 8], action
persistence [15, 10], effort invested, action duration [10], etc. By
means of user studies we evaluate the relevance of two of the most
promising cues in the context of the virtual object selection tasks.
Specifically, our action efficiency cue estimates the effort required
to select an object, while our action persistence behavioral cue es-
timates the level of perseverance with which the user tries to select
a particular object. Our user studies show that by relying on the
action efficiency cue our method affords the selection of objects
that have their largest dimensions as small as 0.6 cm even when
they are located in environments in which the distance to neighbor-
ing objects is approximately 0.1cm. Furthermore, embedding the
action persistence cue along with the previous behavioral cue into
our selection method enables users to select objects 45% faster and
more efficiently than the case in which the action persistence cue is
removed. The persistence cue allows our methods to detect the tar-
geted objects during challenging selection tasks, when users show
jittery or hesitant hand movements, in spite of the tracking noise
that affects our system.

In this manuscript we demonstrate that by means of intention
inference we can develop virtual object selection methods that en-
able users to efficiently select objects of dimensions smaller than
the sensing resolution of their tracking system. Our seamless se-
lection disambiguation method does not remove the environmental
context during the selection procedure. Furthermore, our method
automatically adapts to the user’s subjective need for hand place-
ment fault tolerance as described in section 3. Therefore, the work
presented here advances the state of the art in 3DUIs towards more
user-friendly or even person centered user interfaces by developing
user adaptable interfaces driven by intention inference. Such de-
velopments can dramatically shorten the time required by a novice
user to start performing efficient virtual object manipulations.

2 RELATED WORK

There are two main approaches used to select a virtual object: the
virtual hand selection metaphor and selection by pointing. In the
first case the selection is performed through distance evaluations
between a virtual hand model and the surrounding objects, while
the latter approach measures the proximity with respect to a ray
that is defined implicitly by the user. For example, the ray direc-
tion can be provided by the line that joins two points on the user’s
body, such as the eye to hand tip direction, or it can be projected
from a tracked device, such as a stylus. The virtual hand selection
metaphor affords the use of natural gestures, while the virtual point-
ing approach can offer selection procedures that lower the arm fa-
tigue at the expense of a less natural selection procedure [1]. Many
of the published selection methods use as input devices hand held
hardware, which constrain the manipulative capabilities of our nat-
ural hand gestures. Since we are interested in developing 3DUIs
that offer the manipulation flexibility provided by our natural hand
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gestures, we will mainly focus on virtual hand selection (VHS) ap-
proaches that do not make use of such hand held devices.

The VHS method is used in most 3DUIs in which the manip-
ulation of virtual objects is controlled by simulating the physical
interactions between a virtual hand model and the manipulated ob-
jects. These techniques usually use wearable input devices such as
data gloves. In its most simple form the VHS method will select
the objects that intersect the virtual hand model [9, 17]. The Go-Go
technique [21] adopts a similar approach, but it allows the user to
select objects outside the volume defined by the arm reach by elon-
gating the virtual representation of the arm. In [16] the selection is
activated once the virtual hand model intersects the object(s), and a
pinch gesture is detected, while the 3D Bubble Cursor [26] method
selects the object that is closest to the center of a selection sphere.

In [25] an abstract selection model is presented that aims at rep-
resenting a large group of existing selection techniques. The model
is composed of two main factors: (1) The relative position between
some selection volume and the object that is targeted during selec-
tion, and (2) An abstract function of the history of the two factors.
This model has a promising power of representation, but has not
been tested yet. The work in [18] is concerned with identifying
the movement phases of the users’ hands during general selection
tasks. This article offers a comparative analysis between the behav-
ior shown by users while reaching to select objects in real environ-
ments and virtual environments.

The methods presented in [22] use as input the data offered by a
Kinect camera, and do not require the use of any hand held devices.
The selection is accomplished by using a selection cone whose apex
is kept fixed while the center of the cone base can be moved in a ver-
tical plane by the movement of the user’s hand. The objects that are
intersecting the cone can be selected, and a menu based selection
disambiguation method similar to SQAD [13] is employed.

2.1 Selection Disambiguation

With the method mentioned above [22] the user can perform a hand
pull gesture in order to display a 2D menu that lists the objects
being intersected by the selection cone. Then the selection is ac-
complished by picking one of the listed items. The smallest objects
that were selected using this method were spheres of 10cm diam-
eter placed at a minimum distance of 30cm from all other objects.
While such menu based disambiguation methods can be extremely
accurate, they remove the environmental context from the selection
procedure, and reduce the user’s sense of presence in the virtual
environment.

The Expand method [4] is addressing this problem by displaying
the objects that intersect a 3D cursor in a grid pattern that over-
lays the image of the virtual environment. The selection is then
completed by pointing a hand held controller towards the targeted
object. The IntenSelect [5] method projects a selection cone from a
hand held stylus, and the selection disambiguation is accomplished
using a scoring function, which depends on the location of each ob-
ject with respect to the cone axis and apex, previous scoring values
and other tunable factors. In the Starfish [28] method the four clos-
est objects to a 3D cursor are joined by a guiding surface. Once a
target object is intersected by this surface, the user can press a but-
ton to lock the position of the guiding surface. Then, the 3D cursor
is constrained to move inside this guiding surface. In this manner,
the effort of positioning the 3D cursor with the high accuracy re-
quired by certain selection cases is significantly reduced. On the
other hand, the steps involved in the selection process do not allow
us to interact with virtual objects by means of free natural gestures.
There are many other pointing techniques that have been proposed
[7, 13], and most of them are reviewed in [1].

The method we propose here affords the use of natural hand ges-
tures for selection, while using the hand wrist tracking method em-
ployed in [22]. Our user studies show that the smallest objects that

can be repeatedly selected are spheres of 0.6 cm diameter located
in an environment in which the distance to the neighboring objects
is approximately 0.1 cm. This performance is achieved in spite of
the fact that the depth sensing resolution of our current body tracing
technique is 1 cm. We arrive at this result by developing a seamless
selection disambiguation method that adapts to the user’s need for
hand placement and tracking fault tolerance as described in section
3.3.

3 CONCEPTS AND IMPLEMENTATION

3.1 General Concepts
The practical necessity for selecting objects that exhibit dimensions
smaller than 1 cm becomes apparent when we consider manipulat-
ing vertices or edges located in a cluttered environment, or small
geometric models of objects like bolts, nuts, chips, etc. Selecting
such fine details proves to be surprisingly difficult in the context of
the aforementioned hand placement imprecision and tracking un-
certainties.

We overcome these issues by inferring the user’s intent to select
a particular object based on a set of behavioral cues that have been
documented in the neuropsychology literature for general goal di-
rected actions. Below we offer a conceptual description of the role
played by each of the behavioral cues that we employ.

Using a metric for the efficiency of an action as an indicator for
an intentional action is justified by the principle of rational action
[8, 2]. This principle states that we, as rational beings, devise our
actions such that we approach our goal in one of the most efficient
manners, considering the constraints of the situation. It is therefore
likely that the object which the user intends to select is among the
objects that can be more easily or efficiently selected in the situation
at hand.

The work in [15, 10] reveals that the quality of action persis-
tence, or the fact that an action repeatedly ends in a similar state,
represents significant evidence of an intentional action. Therefore
the persistence shown by the user in approaching a particular object
represents an important clue about the object that the user intends
to select. Our hypothesis is that using an action persistence metric
to infer the selection target will significantly improve the tolerance
of our selection method to tracking and hand placement inaccura-
cies, especially during challenging selection tasks. We make this
assumption based on the fact that challenging tasks require persis-
tent and often repeated selection trials. It is known that a general
hand reaching movement shows a ballistic phase [23] marked by a
Gaussian-like wrist speed profile and a correction phase [18] that
corresponds to the oscillating movement of the hand around the tar-
get position. The more challenging the selection task becomes for
a particular user, the more prominent and longer in time the cor-
rection phase becomes. In all such cases, our action persistence
behavioral cue will rapidly increase in value, and bias the inference
towards the targeted object at an early stage, as described in section
3.3.1. In consequence, the correction phase will be significantly re-
duced in time. In section 4 we test this hypothesis by means of user
studies.

It is important to consider that different people have different
dexterity skills, and personal preferences regarding the manner in
which they select and manipulate objects. In order to adapt to such
personal differences, our selection method automatically adjusts the
offered level of hand placement fault tolerance according to the sub-
jective needs of the user. We evaluate the user’s need for a certain
level of fault tolerance by estimating the level of confidence shown
by each user about the position in space of his/her hand. Observe
that we naturally open our hands when we are uncertain about the
position in space of our hands, or when we are preparing to grasp,
and we move our finger tips closer to each other when we are ready
to grasp, or when we are confident about the position of our hands.
The correlation between the opening of our hand during a gen-
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eral reach to grasp movement and the uncertainty we feel about
the placement of our hand is supported by the principle of ratio-
nal action [8, 2] described above. Namely, when we are uncertain
about the position in space of our hands we open them widely in
the attempt to increase our chances of reaching the targeted surface
and therefore increase the efficiency of our hand reaching action.
A similar observation can be made for the case in which we enter
a dark room and attempt to explore the space using our hands. In
consequence, we can use the opening of the user’s hands along with
motion cues that represent hesitant or oscillatory movements to es-
timate the level of confidence shown by each person about the po-
sition in space of his/her hand. The oscillations of the user’s hands
are captured by our action persistence behavioral cue which then
controls the mechanism that compensates for hand placement and
tracking faults. The same principle of rational action explains the
fact that a person with lower hand control is instinctively opening
their hand more in the attempt to perform a coarser object selec-
tion, or a power grip instead of a precision grip on the objects of
interest. Such people also show hesitation or hand oscillations as
soon as they face a selection task that they perceive to be difficult.
Therefore by using the above behavioral cues, our system is able to
estimate the user’s subjective need for hand placement fault toler-
ance and adapt to it, as described in section 3.3.

3.2 System Setup

The current hardware setup for our virtual environment consists of
a 3.95x1.672m Cyviz stereoscopic projective display that offers a
rendering resolution of 2480x1050 pixels. In a plane approximately
parallel to the screen a Kinect camera is placed to track the user’s
hand joints by using the algorithm presented in [24]. Finger motion
tracking in 3D space was recently demonstrated by Softkinetic [11]
using TOF imaging and in [19] using Kinect cameras and Leap Mo-
tion. Although these developments appear very promising, there is
currently enough room for reliability improvements in their finger
tracking capabilities. For this reason, we are developing the incip-
ient stages of our interaction strategies using data gloves equipped
with flex sensors for reading the flexure of the user’s fingers. With
this initial prototype our interface exhibits an effective workspace
area of approximately 10m2. Before we feed the acquired track-
ing data into our intention inference algorithms, we pass it through
an acceleration low pass filter to eliminate data indicating tracking
faults or unnatural body motion. Once filtered, the tracking data
drives a virtual hand model used to simulate the manipulation of
virtual objects. We evaluate the collisions between virtual objects
and simulate their interactions in a physically plausible manner us-
ing the PhysX engine, and perform scene rendering using UDK.
The proper rendering of a virtual environment can significantly im-
prove the user’s spatial perception, and further mitigate the chal-
lenges induced by the lack of precision in hand positioning. It is
important to note that human depth perception does not solely rely
on the principles of stereo vision, but also on shading cues [27],
motion cues as well as texture [14].

3.3 The Intent Driven Selection (IDS) Method

Our selection method offers hand placement fault tolerance accord-
ing to the level of confidence shown by its users with respect to the
position in space of their hands. Part of this tolerance is achieved
by placing a proximity sphere around the simplified hand model of
the user such that the fully extended fingers of the hand touch the
interior surface of the sphere, as shown in figure 1. The proxim-
ity sphere is swept along the path described by the motion of the
hand, and the objects that are intersected by it are considered to be
candidate objects for selection.

The size of the proximity sphere is adjusted according to the
users’ level of confidence about the position of their hand. As
the volume of this sphere corresponding to the fully extended fin-

gers or hand placement uncertainty is considerably larger than the
volume of the palm itself, the user can select objects with much
lower hand positioning precision. Therefore the IDS method offers
a higher degree of tolerance to hand positioning faults when the
user shows such hand positioning uncertainty, and therefore needs
a higher level of hand positioning tolerance. At the same time, once
the users are confident about their hand position, the system offers
them a lower hand positioning tolerance and concentrates the se-
lection process on finer details by shrinking the proximity sphere as
the hand closes (figure 1).

Figure 1: The adaptable proximity sphere

The selection of objects in cluttered environments can be con-
trolled by placing a series of smaller proximity spheres inside of
the outer proximity sphere as illustrated in figure 2. In this manner,
the inner spheres of progressively smaller sizes are intersecting a
subset of the objects intersected by the outer sphere as the user’s
hand approaches the target virtual object, which finally leads to a
single object selection. The size of the inner proximity spheres au-
tomatically adapts to the user’s intention in a similar manner to what
was described for the outer proximity sphere. We will refer to this
selection method as the IDS1 method. During the selection pro-
cess, the proximity spheres are invisible, and the selected objects
change their color to red. Our tests show that the smallest objects
that can be practically selected with this method are spheres of 4.5
cm diameter.

Figure 2: Progressive object selection in cluttered environments

In order to select finer details, we replace the above mentioned
inner proximity spheres with the selection disambiguation mecha-
nism described in the next section. By including the outer prox-
imity sphere the resulting selection method, named IDS2, incorpo-
rates and extends the adaptable hand placement fault tolerance and
all other strengths offered by the IDS1 method. While employing
the IDS2 method, the candidate objects for selection are highlighted
using the glowing effect shown in figure 3. The object that is ulti-
mately selected is marked red, and a green guiding beam joins the
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center of grasp and the selected object. The beam is used to indicate
the direction in which the users need to move in order to approach
or depart the hand model from the object currently selected. We
will use the term center of grasp to refer to the point located at an
approximate distance of 4 cm from the center of the middle finger’s
middle phalange along the perpendicular to this phalange (figure
3). The location of this reference point has been established empir-
ically.

Figure 3: The graphical feedback generated during the selection pro-
cess.

3.3.1 Selection Disambiguation
In order to be able to select in cluttered environments using natural
hand gestures, we developed a seamless selection disambiguation
mechanism that does not require the user to leave the current en-
vironmental context during the selection procedure. The proposed
method selects the virtual object for which the following function
is maximized:

iS(m,e) = tl ·ap(m,e)+ae f f (m,e) (1)

ae f f (m,e) =
1

dS(m,e)
(2)

where iS - represents the strength of intent, m - the movement of the
user’s hand, e - the evaluated object, ap - the action persistence and
ae f f - the action efficiency , dS - the distance to satisfaction, tl - the
tolerance/lock tuning factor.

The action persistence parameter captures the number of times
in which the center of grasp lies in the Voronoi region of object ’e’
during a specific time interval (figure 4). In other words, the ap pa-
rameter estimates the number of user’s attempts to approach object
’e’. The time window that we have used has a span of approxi-
mately 0.7 s while the position of the center of grasp is sampled
approximately every 0.033 s. In order to evaluate the action persis-
tence parameter, we use a proximity vector to store the identity of
the object whose Voronoi region includes the center of grasp at the
moment of sampling (see figure 4). The ap parameter represents the
number of times in which the object e was stored in the proximity
vector during the past 0.7 seconds. The length of the time window
that was used has been established empirically.

The dS term represents the distance between the center of grasp
and the surface of object ’e’. Therefore the action efficiency pa-
rameter will assume low values for distant objects that are difficult

to select, and high values for objects that are close to the center of
grasp. We use basic distance queries to evaluate the dS parameter,
as well as the membership of the center of grasp to Voronoi regions.

In this manner, for those users who show hand jitter, hesitation
or lower hand control, the ap behavioral cue will assume high val-
ues with respect to the object around which the user’s virtual hand
oscillates. As a result, our selection method identifies the target ob-
ject at an early stage, and tolerates such hand placement or tracking
faults. The tolerance is proportional to the value of the persistence
behavioral cue as well as the size of the proximity sphere. In the
case in which users show higher dexterity levels, our method will
select the closest object to the users’ hand.

The tl factor is used to adjust the balance between the hand place-
ment fault tolerance offered by our method, and the selection lock-
ing or sticking effect caused by large ap values. Our experience
shows that a good balance is achieved for tl = 2.

Figure 4: Evaluating the action persistence behavioral cue. The iden-
tity of each object is marked by its color, and the green disk repre-
sents the object that is targeted during selection.

4 EMPIRICAL EVALUATION

In all studies described below the users stood approximately 2m in
front of the projection screen described in section 3.2. A Kinect
camera was placed in front of the screen to track the users move-
ment. The study participants wore on their right hand a data glove
equipped with 5 flex sensors that measure the approximate flexion
of their fingers. Observe that the technique proposed in this paper
is completely independent of the use of data gloves as long as the
flexion of the fingers can be estimated. Different virtual environ-
ments were rendered on the screen for different tests, as discussed
below.

4.1 Evaluating the Behavioral Cues
In what follows we test the main effects of the action efficiency and
persistence behavioral cues on the performances of the proposed
selection method. Specifically, we are interested in finding out the
approximate size of the smallest object that can be practically se-
lected when our disambiguation method is based solely on the ac-
tion efficiency cue. Then we evaluate the hypothesis which states
that by relying on the action persistence behavioral cue our method
allows users to select their targets faster and more efficiently. Fur-
thermore, we are investigating the influence of the users’ number
of selection trials using the IDS2 method, and their previous expe-
rience with 3D virtual environments on the speed with which they
manage to select their targets.

4.1.1 Test Population
Thirty participants were recruited to take part in this study. Their
ages range from 20 to 52, with a median age 26, including 15 fe-
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male participants and 3 left handed. Twelve have declared that they
do not play video games or work with 3D CAD software pack-
ages and virtual environments, seven are sometimes using such 3D
environments, and 11 use them frequently. The test lasted approx-
imately 30 minutes and the participants were compensated 10$ for
their time.

4.1.2 Procedure
Before taking part in the actual tests, the participants witnessed a
brief (less than 20s) demonstration of the capabilities of the inter-
face. Then, they were allowed to experiment by themselves with the
elements of the interface for no more than 5 minutes. On the screen
the virtual environment shown in figure 5 was displayed. The di-
ameters of the spheres assigned as target objects for selection were:
target one 4.5 cm, target two 2.25 cm, target three 1.12 cm, target
four 0.6 cm.

Figure 5: The selection test. Target number 4 is marked as the cur-
rent selection target

In order to evaluate the efficiency of our selection method we
considered the following performance parameters: 1) Time effi-
ciency, which is the amount of time spent by the user while attempt-
ing to select designated objects, and 2) Perceived effort, which is the
amount of effort spent by the user while performing the selection.
To assess the effect of the action persistence behavioral cue on the
efficiency of the IDS2 method, we compared two versions of the
IDS2, namely with and without the ap behavior cue. The most ef-
ficient selection method is considered to be the one that minimizes
both performance parameters identified above.

To evaluate the above parameters, we asked the participants to
select as fast as they can the objects marked as targets in figure 5.
Only one object was designated for selection at a time. Selecting
an object different than the designated object triggers a distinctive
sound. In order to avoid potential confusion, a different sound is
played once a new object is assigned for selection. At the same
time, the target object starts blinking bright green (figure 5 target
4) until it becomes the subject of a stable selection. A selection
is considered to be stable if the target object remains selected for
a period of 2s, and no other object becomes selected during this
period. The selected objects are colored red, while the candidate
objects for selection are marked by the glowing effect shown in
figure 3.

Once the user performs a stable selection, the system assigns a
new target object. The time passed between the moment the tar-
get object is assigned and the moment the user completes a stable
selection is recorded and used for measuring the time efficiency pa-
rameter. Following the procedure above, the system guides the user
through all selection cases shown in figure 5. After iterating once
through all cases, the user is notified that the selection method is
switched to the other selection method. Then, the same procedure
is followed while using the other selection method.

In order to minimize the influence of chance on the test out-
comes, this process is repeated 10 times for each selection method

and each user. As expected, the first selection trials are the slow-
est for each participant. To avoid biasing the data, the starting se-
lection method is changed with each user. Therefore the tests are
counterbalanced, and the 2 selection methods are evaluated in iden-
tical conditions. To avoid biasing the user’s opinion, during the test
we referred to the IDS2 method that does not use the ap behavior
cue as ‘the blue method’ while the other one as ‘the green method’.
The color of the guiding beam was changed according to the names
used. At the end of the test each user was asked to evaluate the
following statement:

”The green selection method requires less effort than the blue
selection method.”

� strongly agree � agree � neutral
� disagree � strongly disagree

The above Likert scale is used to evaluate the perceived effort
parameter

We evaluate the size of the smallest spheres that can be practi-
cally selected when our selection disambiguation procedure relies
only on the action efficiency cue by measuring the time spent by
users while selecting, and the number of successful selection at-
tempts on spheres of specific sizes.

4.1.3 Result Analysis

Figure 6: The evolution of the overall selection time of a typical user.
S2 - the IDS2 method employing the ap behavioral cue, S1 - IDS2

without ap cue

The data shown in figure 6 suggests that the action persistence
behavioral cue helps users achieve lower and less variable selection
times. In order to obtain time efficiency parameters that are repre-
sentative for the entire population, we average all data collected for
each particular selection case. The results summarized in figure 7
indicate that by using the ap behavioral cue the IDS2 method be-
comes 5.4 % slower on target T1 (R = 2.25 cm) , 5.1 % faster on T2
(R = 1.12 cm) , 30.8 % faster on T3 (R = 0.56 cm) , 105.6 % faster
on T4 (R = 0.28 cm) respectively 45.5 % faster overall.

We run repeated measures one way ANOVA tests to verify if the
collected data provides significant evidences to support the above
observations. The variances of the data collected for the 2 methods
are stabilized by applying a natural logarithm transformation on the
timing data.

The results show that, when augmented by the ap behavioral cue,
the IDS2 method becomes significantly faster in terms of the time
spent to select all 4 targets (F1,29 = 83.7, p < 0.001,η2 = 0.74), as
well as to select target 4 (F1,29 = 129.9, p < 0.001,η2 = 0.81), and
target 3 (F1,29 = 13.6, p < 0.035,η2 = 0.32). On the other hand,
the data does not show a significant difference between the methods
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Figure 7: The selection time parameters averaged over the entire
test population. S2 - the IDS2 method employing the ap behavioral
cue, S1 - IDS2 without ap cue. The error bars represent the standard
deviation of the average performance of each user.

when tested on target 2 (F1,29 = 0.004, p > 0.1,η2 = 0) or target
1 (F1,29 = 1.61, p > 0.1,η2 = 0.05). Also, as shown in figure 8,
23.3 % of the participants strongly agree that the ‘green’ selection
method requires less effort than the ‘blue’ one, while 46.6 % agree,
13.3 % are neutral, and 16.6 % disagree. In consequence, we can
conclude that by employing the action persistence behavioral cue
our selection method allows users to select their targets faster and
more efficiently, especially during difficult selection cases.

Out of the 300 selection trials that have been performed on tar-
get 4, 1% ended in abandon when the ‘blue’ selection method was
used. We used a time measurement equal to 3 minutes for every task
abandon. The mean and the standard deviation of the time spent by
users during selection can be seen in figure 7. No abandon was en-
countered during the rest of the 2100 selection trials. Based on this
data, we conclude that the smallest sphere that can be repeatedly
selected while relying on the ae f f cue alone has a diameter of 0.6
cm. Furthermore during all 1200 selection trials no task abandon
was encountered while using both behavioral cues in our selection
disambiguation procedure.

Next, we look at the influence of users’ experience with 3D vir-
tual environments on their ability to perform quick selection tasks
using the IDS2 method. The tests that follow are performed with the
complete IDS2 method containing all behavioral cues presented in
section 3. On the collected timing data we run a series of repeated
measures ANOVA tests in which the declared user experience is
treated as a 3 level factor. The results show that the users previous
experience with 3D virtual environments does not significantly af-
fect their performance in any of the 4 selection cases: T4 (F2,27 =

2.42, p > 0.1,η2 = 0.15), T3 (F2,27 = 1.08, p > 0.1,η2 = 0.07),
T2 (F2,27 = 1.75, p > 0.1,η2 = 0.11) and T1 (F2,27 = 2.05, p >

0.1,η2 = 0.13).

Figure 8: The user’s perception of the selection effort reduction
caused by involving the action persistence cue into the selection
method.

Similarly, we test the influence of the number of selection tri-
als on the users selection speed. This factor proves to be sig-
nificant while tested on T4 (F9,258 = 2.16, p < 0.05,η2 = 0.07),
T3 (F9,258 = 3.22, p < 0.001,η2 = 0.1), T2 (F9,258 = 3.34, p <

0.001,η2 = 0.1) and T1 (F9,258 = 7.85, p< 0.001,η2 = 0.21). Due
to the fact that most of our users took a significantly longer time
during their first selection trial than during the remaining 9 trials,
we run the same ANOVA test without considering their first trial
on each of the 4 targets. Interestingly, in this case the number of
selection trials becomes insignificant when tested on T4 (F8,229 =

1.04, p > 0.05,η2 = 0.03), as well as on T3 (F8,229 = 1.71, p >

0.05,η2 = 0.05), and T2 (F8,229 = 1.18, p > 0.05,η2 = 0.03), but
not on T1 (F8,229 = 6.02, p< 0.001,η2 = 0.17). These results show
that after the first selection trial on each target the users stop learn-
ing how to use the IDS2 method except in the case of target T1. This
surprising exception could be explained by the fact that the tests on
both selection methods start with T1. Therefore the users have at
least the experience of selecting one T1 target before they attempt to
select the other targets. The difference in the results obtained while
considering the first selection trial, and the ones obtained while ne-
glecting the first trial indicates that the IDS2 method requires very
little experience or training.

4.2 Comparing the IDS1 Method With the VHS Method
in Terms of Task Efficiency

Here we briefly perform a direct comparison between the efficiency
shown by our IDS1 method and the Virtual Hand Selection (VHS)
method. As explained in section 3.3, the IDS2 method incorporates
and extends the strengths of the IDS1 method and therefore the re-
sults obtained in this test represents an approximate lower bound of
the capabilities of the IDS2 method as well.

The test procedure is identical with what was presented in the
previous test, except for the following aspects: eight volunteers
took part in this study, including two female participants, and one
left handed. Their ages range from 20 to 27, with a median age of
25. None of the participants had previous experience with manipu-
lating virtual objects in 3D using natural gestures.

In order to evaluate the two performance parameters described in
section 4.1.2, our participates were asked to select the targets shown
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Figure 9: The selection cases: Selecting a) Large Occluded Objects,
b) Under Tracking Noise Conditions, c) Small Objects in Cluttered
Environment, d) Small Objects Close to Large Objects, e) Large Un-
occluded Objects

in figure 9 five times with each selection method. The size of the
virtual blocks (i.e., the large objects that we refer to below) used in
our selection tests were 9×10×12cm and the virtual spheres (the
small objects) had a radius of 2.25cm. Each of the selection cases
shown in figure 9 is designed to raise different selection challenges
as we explain below:

• Case a): selecting a large and mostly occluded object. This
task evaluates the selection efficiency in one of the common
cases when users show a significantly increased hand place-
ment imprecision. In such a case, the evaluation results will
be dominated by the effects of hand placement imprecision.
The motivation for this selection setup comes from the fact
that users can observe only a small part of the target object
and, therefore, they do not precisely know where the object
boundaries are. Furthermore, because the target objects are
occluded by large objects, the users’ virtual hand will become
partially occluded when the users approach their target. In
consequence, participants will have difficulties in understand-
ing the relative position between their hand and the target ob-
ject, which decreases their ability to precisely position their
hand model in the virtual space.

• Case b): selecting a small object under tracking noise condi-
tions. As figure 9 shows, the target objects for this case are
placed close to the lateral sides of the table model. The table
top is positioned such that its side edges are in close prox-
imity to the limits of the field of view (FOV) of the tracking
camera. When the users try to get near these limits, parts of
their body might leave the FOV of the camera or might get
occluded by other body parts. In consequence, the image pro-
cessing and tracking algorithms cannot collect sufficient in-
formation about the position of users body parts in order to
produce reliable output. This fact translates into an increased
frequency of tracking noise occurrence.

• Case c) selecting a small object in a cluttered environment.

• Case d) selecting a small object positioned in close vicinity to
large objects.

• Case e) selecting large and unoccluded objects.

4.2.1 Result Analysis
During the test each participant performed with each selection
method 5 selection trials on each of the 12 target objects marked
in figure 9 to produce a total of 60 measurements for each partici-
pant and selection method. The timing data summarized in figure
10 suggests that on average the IDS1 helps users select 76% faster

in case a) in which users show hand placement imprecision, 26%
faster while they are selecting under increased tracking noise con-
ditions (case b), 15% slower when selecting small and cluttered
targets (case c), 9% slower when selecting small objects that are
in close proximity of large objects (case d) and 17% slower when
selecting large and unoccluded objects (case e).

We use again one way repeated measures ANOVA tests to ana-
lyze the significance of the observations made above, as described
in section 4.1.3. The results show that by using the IDS1 method
users select their targets significantly faster when facing the selec-
tion case a) (F1,7 = 6.5, p < 0.05,η2 = 0.48) as well as in case
b) (F1,7 = 13.1, p < 0.01,η2 = 0.65). On the other hand the data
does not show a significant difference between the methods in se-
lection case c) (F1,7 = 3, p > 0.1,η2 = 0.3) or d) (F1,7 = 0.67, p >

0.1,η2 = 0.08). Surprisingly, the IDS1 method turned to be 17%
slower (F1,7 = 26.1, p < 0.01,η2 = 0.78) than the VHS method in
the case in which the users were asked to select large objects (case
e) that do not require accurate hand placement or significant tol-
erance to tracking noise. This might be explained by the fact that
while using the VHS method an object is selected once the hand
model intersects an object. Because this selection case requires a
lower level of control over the hand placement, and the user can eas-
ily see where the intersection takes place, the VHS method proves
to be facile and fast. At the same time, unlike the IDS2 method, the
IDS1 method does not show the extent of the proximity spheres.
Therefore, without previous experience, the users cannot immedi-
ately tell where exactly is the intersection taking place, as is the
case with the VHS or IDS2 methods.

Figure 10: The selection time parameters averaged over the entire
test population. The error bars represent the standard deviation of
the average performance of each user.

While evaluating the perceived effort parameter 87.5% of the
participants agreed that the IDS1 method requires less effort for se-
lection than the VHS method while 12.5% disagreed. These results
indicate that the IDS1 selection method allows users to select their
targets faster and more efficiently than the VHS method, especially
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during challenging selection cases.

5 CONCLUSIONS

In this manuscript we present a new virtual object selection method
that facilitates the use of natural hand gestures to manipulate vir-
tual objects in 3D. Our method does not rely on hand held de-
vices or symbolic gestures and therefore, it does not restrict the
manipulative capabilities of our natural hand gestures. Instead, this
technique supports the use of 3D imaging methods for tracking the
user’s body, and compensates for the inherent tracking and hand
placement faults.

When compared with the existent selection methods, our ap-
proach affords the use of natural hand gestures to select objects
whose dimensions are smaller than the tracking resolution of the
employed system. The proposed technique offers a seamless selec-
tion disambiguation mechanism, which does not require the user to
leave the current manipulation context or use symbolic gestures and
buttons.

We achieve these capabilities by identifying the objects that are
targeted during the selection process based on a set of behavioral
cues which have been documented into the neuropsychology liter-
ature. By means of user studies we have tested the relevance of 2
behavior cues with respect to the virtual object selection task. The
results prove that the action persistence cue enables users to select
objects 45% faster and more efficiently, especially during challeng-
ing selection tasks. At the same time the action efficiency behavior
cue affords the selection of objects having their largest dimension
as small as 0.6 cm even when these objects are located in environ-
ments in which the distance to neighboring objects is approximately
0.1 cm.

Furthermore, these behavioral cues enable us to estimate the
user’s need for hand placement fault tolerance during the selection
process. In consequence, our method is capable of automatically
adapting to the user’s subjective need for various levels of hand
placement and tracking fault tolerance.
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