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Figure 1: In this paper we examine the challenge of supporting users with interactions performed on a virtual mid-air plane. In
(a), the user is attempting to draw a circle on a 2D virtual plane. A conventional approach to supporting such interactions is to
begin drawing when the user’s fingertip enters the plane, and to terminate drawing when the user’s fingertip leaves the plane.
Provided the user’s finger remained behind the plane, as in (b), the line will be continuous. If, however, the user inadvertently
leaves the plane, as in (c), the line will stop drawing. The user may correct their depth and re-enter the plane, but under a
conventional implementation there will now be a gap in the drawn line as shown in (d).

Abstract

In virtual and augmented reality, certain types of mid-air interac-
tion, such as planar drawing or dragging interface elements, are
most sensibly performed on a 2D surface. When this surface must be
located in mid-air and without any form of passive haptic feedback,
it can be very difficult to accurately determine the start and end of
user input due to various sources of uncertainty. The conventional
approach is to apply a simple depth threshold on the interaction
plane and associate entry within this threshold as the start event
and exit from this threshold as the end event. However, users strug-
gle to maintain planar movement without any physical support,
and unintended departures from the threshold are common, result-
ing in a frustrating user experience. In this work, we explore an
approach that handles the exit events probabilistically so that the
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1 Introduction

Virtual reality (VR) and augmented reality (AR) do not only set new
standards on how we perceive information from our environment,
but also open up new possibilities for interacting with physical and
virtual objects. Building on inside-out body tracking implemented
in consumer-level head-mounted displays (HMDs) such as the Meta
Quest or the Apple Vision Pro, controller-free input methods have
gained much traction, as they enable more direct and natural inter-
action [37, 47]. However, using natural gestures and body motion
to select and manipulate objects, or to switch between game modes,
requires particular caution.

In a world where every movement could be interpreted as an
attempt to create or modify virtual content, every bodily move-
ment, whether deliberate or not, takes on new significance. This
necessitates robust and reliable discrimination between intentional
and erroneous body movements. Mode switching leaves it up to the
user to signal intent to interact, usually through dominant- or non-
dominant hand gestures such as pinch or push [24, 27, 56]. While
such explicit delimiters considerably improve accuracy of user in-
tent classification, they require additional time and effort from the
user, and increase interaction complexity. For direct mid-air in-
teractions with a virtual 2D surface, we suggest and demonstrate
that this complexity can be dispensed with through simple and
lightweight discrimination of intent based on the fingertip motion.

Building on the line of user intent recognition methods for hand
gesture input [43], this work examines the problem of probabilisti-
cally detecting the end of mid-air surface interactions. In contrast
to existing works that leverage contextual information from addi-
tional modalities such as speech, facial expressions, or eye gaze
dynamics [11, 29, 45, 55, 57], we hypothesized that there are discrim-
inative features in the user’s 3D fingertip trace that can be exploited
to infer when the user wishes to leave the interaction plane. To
test this hypothesis and support development of the user intent
inference capability, we collected a dataset (n=8) of hand-tracking
motion data captured while users interact with three variants of
mid-air surface interactions. These variants are: (i) drag and drop;
(ii) manipulating a slider; and (iii) 2D sketching. The interaction for
these tasks was based on a simple depth-based thresholding such
that departure of the fingertip from the plane would be treated as a
leave event.

We reviewed and labeled this dataset to build an understanding
for the features in the fingertip trace indicative of intent to end
planar interaction. We identified two core features indicative of the
user’s intent to withdraw their finger from the interaction plane: (i)
the fingertip velocity along the axis perpendicular to the plane; and
(if) the maximum distance between the fingertip and plane. These
features were then used as the basis for a Naive Bayes classifier,
with model parameters determined using a partition of the collected
dataset. This classifier achieved an accuracy rate of 93.6% on the
held-out partition of the dataset.

To assess whether a probabilistic treatment of the withdrawal
event can enhance planar VR interaction in practice, we conducted
an evaluation study (n=16). This study compared interaction with
and without the intent classifier across the same three mid-air in-
teraction tasks. We observed a significant reduction in undesired
terminations of the planar interaction in all three tasks, with very
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few undesired terminations remaining in the slider and sketching
task. Moreover, participants found planar interaction with the clas-
sifier more usable and experienced reduced perceived workload.
Nevertheless, for high-precision tasks such as for high-resolution
slider manipulation, small delays introduced by the classifier may
negatively impact user experience.

In summary, this work demonstrates the untapped potential
that simple probabilistic methods combined with (noisy) consumer-
level motion tracking offer to free-hand planar interaction in VR. It
makes the following contributions:

(1) Development of a method for probabilistically classifying
intentional and unintentional departures from the plane for
2D virtual surface interactions in VR.

(2) Empirical evaluation of this method and demonstration of
a significantly lower number of interaction errors and im-
proved usability over the conventional depth-based thresh-
olding approach.

2 Related Work

In this work, we investigate the potential of a Naive Bayes classifier
for enhancing free-hand planar interaction in VR. We therefore
review use cases of planar interaction in commercial products and
user interaction research, as well as related work using probabilistic
classification to facilitate VR interaction.

2.1 Planar Interactions in VR

While VR and other immersive environments open up new oppor-
tunities for natural and direct interaction in 3D [61], traditional 2D
surfaces and user interface elements still play an important role.
Widgets, sliders, 2D windows and buttons, and info boxes are an
integral part of modern VR interfaces. XR operating systems such
as Meta Horizon OS or Apple’s visionOS are fundamentally based
on the same WIMP (windows, icons, menus, pointer) paradigm that
was originally proposed for desktop interfaces and later transferred
to mobile devices and ubiquitous computing [4, 61]. Creating an
account, customizing one’s avatar, or adjusting system settings
all involve a series of menu selections, checkbox ticks, and slider
manipulations. In addition, applications traditionally rooted in desk-
top or mobile contexts, such as web browsers, document editors,
chat platforms, and video or image editing tools, are increasingly
finding their way into VR. While VR interfaces build upon function-
specific widgets that can be flexibly arranged and combined in 3D
space [4, 59], these widgets still share the form of 2D ‘planes’ in
otherwise 3D space. It is therefore surprising that direct interaction
with mid-air planes, despite being an essential part of immersive
user interfaces, has received relatively little attention in VR/AR
research.

While planar interaction in VR shares many similarities with
mobile touch devices or public displays [53, 61], the lack of hap-
tic feedback, especially in free-hand interaction [8, 54], results in
some unique characteristics. Crucially, the lack of tactile or force
feedback when ‘touching’ a virtual object has been shown to nega-
tively affect users’ depth perception [16, 28, 36]. This can lead to
an increased movement variability along the depth axis, a lower
spatial awareness in VR, and reduced performance and accuracy
rates in virtual pointing or typing tasks [8, 12, 13]. In addition, the
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lack of physical touch further complicates the delimitation prob-
lem. Without methods that can robustly detect switches between
interaction modes (e.g., writing on a touchscreen versus hovering
over the screen), interaction is prone to becoming unreliable [50]
with negative impacts for efficiency and user experience.

The delimitation problem has been investigated for interfaces
relying on body gestures [25, 41], pen-based input [27], and mid-air
sketching [6]. Proposed mitigation strategies include ad-hoc ap-
proaches such as increasing the depth threshold that defines the
‘input zone’ in which user input is processed [25], or requiring
the user to explicitly provide interaction delimiters, e.g., using a
separate gesture such as a pinch or ‘air push’ [32, 50, 56], or an addi-
tional input modality such as eye gaze [35] or voice commands [45].
In this work, we investigate the potential of probabilistic classifi-
cation to enhance robustness and experience of free-hand planar
interaction in VR across a range of interaction modes.

2.2 Probabilistic Interaction Events in VR

Many interaction events in VR are inherently noisy and, therefore,
difficult to detect [2, 3]. This holds especially true for free-hand
interactions that need to be reliably recognized based on inaccurate
and noisy hand and body tracking data [7]. One promising approach
is probabilistic classification, which has emerged as an effective
mechanism to deal with uncertainty.

Probabilistic classification refers to the task of predicting one
or multiple class labels by estimating a probability distribution
over a set of candidate classes [5]. It is a widely studied topic in
machine learning and has been used to address diverse VR inter-
action tasks, including to robustly detect and classify gestures and
poses [38, 42, 46], improve target selection [23, 30], and facilitate
text entry [21, 39, 48]. Recent work has extended the scope of prob-
abilistic inference methods to more creative and expressive inter-
action scenarios, including terrain generation and authoring [22],
olfactory experiences where users can proactively interact with
scented objects [26], and mixed reality music interfaces [19]. More-
over, sensing systems that can detect small amplitude hand and
finger movements at a distance with high spatial accuracy have
recently been demonstrated [1]. While these works highlight the
potential of probabilistic sensor data processing and classifications
for gesture-based interaction, the proposed methods usually re-
quire complex hardware and software setups tailored to specific
use cases. In contrast, this paper proposes a novel approach for
in-plane detection that is computationally efficient, conceptually
simple and easily interpretable, and which applies to a range of
standard HCI tasks.

One central theme in this line of research has been the disam-
biguation of user-intended interactions and unintended movement.
For example, David-John et al. [10] used a logistic regression classi-
fier based on eye-gaze features to predict whether users intended
to select a virtual item; Nguyen et al. [33] employed linear dis-
criminant analysis with physiological data to predict when a user
intends to interact with the real or virtual environment; and Jo
et al. [23] used eye gaze data to train a Support Vector Machine
based on a Bayesian posterior probability distribution to infer a
user’s intention to select a given virtual target via gaze. Yi et al. [62]
also tackle the problem of probabilistically detecting touches on a
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mid-air virtual plane. These works demonstrate the effectiveness
of probabilistic methods to handle uncertain input data and decode
user intent in VR contexts.

The most closely related work to our in-plane detection method
comes from Bohari et al. [6], who trained a set of classifiers to
distinguish between intended curves (‘strokes’) and non-drawing
hand movements (‘hovers’) in mid-air 3D sketching tasks with a
desktop display. Their best-performing classifier, a Random Forest-
based model, achieved an accuracy of up to 80%. However, this
classifier was implemented and tested in offline use, and it is unclear
to what extent it generalizes to tasks other than sketching. Their
work further focused on non-immersive sketching and therefore
did not take into account VR specifics, such as consumer-level body
tracking accuracy and variations in user depth perception. Finally,
their classifier was trained on a large number of predefined input
features related to the user’s movement trajectories. In this work,
we demonstrate that two features that can be computed in real time
from HMD-based hand tracking data are sufficient for accurate
classification and effective online performance.

We use a Naive Bayes classifier, a computationally efficient and
often performant probabilistic learning algorithm derived from
Bayes’ theorem, which assumes conditionally independent input
features [63], although this assumption can often be relaxed in
practice [40]. It has previously been used in the context of VR in-
teraction to detect and classify head, hand, arm, and body motions
and poses [38]. This general approach was also used effectively by
Foy et al. [17] on a distinct but related problem involving detecting
unintended movement of fingers during 10 finger mid-air typing. In
this work, we apply Naive Bayes classification to distinguish inten-
tional interactions (e.g., manipulating sliders, or drawing strokes)
from incidental movements in 3D space. To our knowledge, this
study represents the first application of probabilistic classification
to the challenge of real-time detection for in-plane interaction in
VR.

3 Data Collection

To assess the prevalence of unintentional departures from virtual
planes during mid-air interaction and to identify associated user
behavior patterns, we collected motion data for three common
planar interaction tasks in VR.

3.1 Tasks

We developed an experimental application implementing three
planar interaction tasks in VR as visualized in Figure 2. These are:
(i) drag and drop; (ii) manipulating a slider; and (iii) 2D sketching.
Each task was performed using free-hand interaction based on the
body tracking feature implemented in the Meta Quest 3. While
any deviation from the virtual plane towards the user resulted in
an immediate drop, moving behind the plane did not affect the
interaction. Prior to the actual data collection, participants were
allowed to practice all three tasks in order to familiarize themselves
with the requirements and interaction technique, thus reducing
learning effects. At the beginning of each task, the virtual plane
was placed 55 cm in front and 10 cm to the right of the tracked
head position. The number of trials per task were chosen to ensure
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Figure 2: The three planar interaction tasks used for both data collection and evaluation of our classifier.

comparable durations for each task block during the data collection.
The three tasks are described in detail below.

3.1.1 Drag and Drop. Two-dimensional dragging constitutes a
standard planar interaction task in HCI [49, 58]. Dragging involves
carefully manipulating an object from an initial position to a desired
target position while maintaining contact with the interaction plane.
It is an ideal task for analyzing unintentional drops as interruptions
are highly disruptive to the continuous object manipulation.

Our drag and drop task (for conciseness subsequently referred
to as DRAG) is shown in Figure 2a. The participant must enter the
plane to ‘pick up’ the rectangular object at location 1 (green square).
The object’s style (transparent with outline only versus filled with
green color) provides a visual indication of whether it is currently
‘picked up’. Next, the participant has to drag this object through
two intermediary targets (yellow squares labeled 2 and 3) in the
prescribed order. Finally, the participant must drag the square to
the ‘target zone’ (red square labeled 4) where it should be dropped.
If the object is dropped outside the ‘target zone’, it can be picked
up again to continue the task.

We include two intermediary targets in order to capture data on
prolonged interactions that involve different movement directions
along the plane and require the user to continuously integrate visual
feedback. Notably, the resulting planar ‘via-point task” has been the
subject of significant interest in human motor control research [34,
51]. The core task also shares several characteristics with gesture
typing, which is another widely studied mid-air interaction task
in VR and AR [15, 44]. Both dragging and gesture typing require a
continuously connected sequence of directed movements along a
two-dimensional surface. We decided to omit gesture typing from
this study due to its additional complexity and potential variability
in participant familiarity, but view the implemented DRAG task as
a simpler, abstracted version of this interaction.

For every trial, the locations of all four squares were randomly
sampled without replacement from a 10x8 equidistant grid of non-
overlapping cells. Each participant completed 35 trials of this task.

3.1.2  Manipulating a Slider. Sliders are commonly used for select-
ing values on a discrete or continuous range by manipulating a
draggable slider thumb [31, 56]. They form a core part of many
graphical user interfaces and are implemented as standard compo-
nents in almost all VR software development kits, including the

Meta Interaction SDK! and the Microsoft MRTK32. Based on the
design of the MRTK3 sliders, our implementation allows us to study
the challenges users face when trying to accurately position the
slider thumb in the context of a mid-air user interface.

The slider manipulation task (SLIDE) is shown in Figure 2b. Par-
ticipants are presented with three vertical sliders that need to be set
to the target values shown above the respective slider tracks. The
current value of each slider is determined from the handle position
and is additionally displayed to the left of the handle. To match
the displayed target value, the user must adjust the slider’s vertical
position along the track. Each slider can only be manipulated once
per trial; if it is dropped, it becomes locked, indicated by the handle
turning red. The three sliders differ in their step size (0.05, 0.25,
and 0.01, with values on a range from 0 to 1), thus implementing
different levels of slider resolution.

We defined five different sets of target values for the three sliders.
Participants completed each set once, resulting in 15 trials of the
slider task per participant.

3.1.3 2D Sketching. The third task is a sketching task, in which
users are asked to draw a given figure onto a mid-air virtual plane.
The challenges associated with mid-air 2D sketching have been
widely studied [3, 6, 14]. Like handwriting or writing a signature, the
task imposes only loose constraints on the drawn strokes without
prescribing their exact size, shape, or order.

The 2D sketching task (SkeTcH) is shown in Figure 2c. Using the
tip of their index finger, participants add strokes onto the canvas.
The objective is to draw a ‘smiley face’ using as few strokes as
possible (four is the minimum). One complete sketch represents a
single trial. Participants completed three sketches in total, with the
participant manually indicating the end of each sketch.

3.2 Participants

Eight participants (seven male and one female, all of them students
or employees from our local university) were recruited to com-
plete the data collection exercise. Participants were 29.38 years
old on average, with a standard deviation of 5.63 years. All partici-
pants were right-handed and reported prior experience with VR.

Lhttps://developers.meta.com/horizon/documentation/unity/unity-isdk-
uiset#sliders

Zhttps://learn.microsoft.com/en-us/windows/mixed- reality/mrtk-unity/mrtk3-
uxcomponents/packages/uxcomponents/slider
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Participants consented to their anonymized movement data being
recorded, stored, and published, and were compensated with an
Amazon voucher. The study was reviewed and approved by the
Department’s Research Ethics Committee.

3.3 Apparatus

Participants wore the Meta Quest 3> head-mounted display. The
three tasks were implemented in a custom-built Unity application
that allowed us to log body tracking data as well as object selection
and drop events. Body tracking data was received from the Meta
Movement SDK* at a frequency of 60 Hz. The application ran on a
Windows 10 machine with an AMD Ryzen 7 and Nvidia RTX 4070
GPU. The headset was connected to the computer in Link mode.

3.4 Data Labeling

We reviewed the collected data, identified instances where the user
departs from the interaction plane (i.e., a drop), and assigned each
instance a class label indicating whether the drop was intentional
or unintentional. We applied the following task-specific heuristics:

For DRAG, all drops inside the target zone were assumed inten-
tional, and all drops outside the target zone were assumed uninten-
tional. For SKETCH, each drop was labeled manually based on visual
inspection of the motion trajectories. For example, sudden drops
that occur before a circle has been closed or where the user later
returns to continue drawing (see drops circled in red in Figure 5)
were labeled unintentional. Drops followed by a clear movement
towards another position (e.g., blue line in Figure 5 from left corner
of mouth to right eye) were labeled as intentional.

For SLIDE, each drop received a score based on the distance
between set slider value s and target slider value $:

gLt W
max($,1—3)
If the drop receives a score of 1, i.e., if the slider exactly reaches
the target position, it is labeled as intentional. Drops with lower
scores s < 1 are manually labeled, following a similar approach as
in SKETCH.

It is true that these heuristics may not fully capture the actual
intention of the user. Nevertheless, they provide a good starting
point for creating labeled training data. Notably, these labels are
only used for training our classifier. For assessing classifier perfor-
mance in use, we apply a more conservative and less subjective
approach and calculate the number of avoidable drops in a given
tasks as a proxy for the number of unintentional drops. Details on
this calculation are provided later in Section 5.3.

3.5 Prevalence of Unintentional Departures

The observed frequency of unintentional drops per trial for each
task is summarized in Table 1. It should be noted that drawing one
face requires at least four strokes, so the number of unintentional
drops on average for one stroke is 1.917/4 = 0.479. From the table, it
can be observed that people tend to have more unintentional drops
for the drag and drop task, and less frequently for the slider task.
This is in part a reflection of the fact that the slider task permitted

3https://www.meta.com/quest/quest-3
“https://developers.meta.com/horizon/documentation/unity/move-body-tracking/
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Table 1: Frequency of unintentional drops per trial across
tasks. The SLIDE task allows for exactly one adjustment per
trial, thus imposing an upper limit of 1. Each trial of the
SKETCH task requires at least four strokes.

Task  Frequency (mean =+ std)

Drac 0.8178 + 0.7670
SLIDE 0.1167 £ 0.0927
SKETCH 1.9167 + 1.4117

only a single attempt and so the upper limit on unintentional drops
for a trial is one.

4 Classification

During mid-air interactions with the virtual plane, the x, y, and
z coordinates of the user’s index finger are continuously tracked.
From this spatial data, two key features are extracted within a 150
ms temporal window surrounding each drop event:

e Z-axis velocity (v;): This represents the velocity of motion
perpendicular to the virtual plane (in cm/s). It is calculated
as the average of the instantaneous z-axis velocities between
consecutive frames within the window. Each frame-wise
velocity is computed as the z-axis displacement between ad-
jacent frames divided by the elapsed time. Negative velocity
is movement towards the user.

e Deviation (d): This is defined as the maximum absolute devi-
ation of the fingertip from the plane (in the z-direction, with
negative displacement being closer to the user) within the
window (in cm).

While we experimented with other features such as velocity
tangential to the plane or using tracking data from different vir-
tual markers, we found that the combination of (i) and (ii) yielded
the highest success rate. Notably, adding feature (ii) resulted in a
substantially improved classification accuracy. The 150 ms time win-
dow was chosen to include 40 ms before and 110 ms after a departure
from the virtual plane was observed, resulting in a history-to-future
ratio of approximately 1:3. Including frames after the drop allows
the classifier to learn from post-drop behavior, which we found to
be highly informative. Testing different window sizes (between 120
and 240 ms) and history-to-future ratios (1:3, 1:1, 3:1), we found
this combination to be most successful, although it does effectively
delay the decision time by 110 ms.

To differentiate between intentional and unintentional drops, we
trained and evaluated a Naive Bayes classifier [60] using the labeled
dataset of 782 drops. We focused on this classifier, as it is easily
interpretable and constitutes a conceptually and technically simple
approach suitable for real-time usage on commercial VR hardware.
Although Naive Bayes assumes conditional independence of the
included features, empirical evidence suggests its applicability to a
broader range of use cases, especially when features are only weakly
correlated [20]. The effectiveness of this ‘naive’ approach was also
confirmed by tests that replaced the classifier with a considerably
more complicated model based on the Transformer architecture.
The Transformer-based classifier did not substantially improve
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performance, with overall accuracy within approximately +1% of
the Naive Bayes classifier, regardless of the provided input features.

The Naive Bayes classifier works as follows. Let {I, U} denote
the set of class labels, where I is a label for an intentional drop and
U is a label for an unintentional drop. Let x = [v,,d]" represent
the feature vector consisting of the z-axis velocity v, and the devia-
tion d within a given window. The posterior probability of a drop
belonging to class C € {I, U}, given a vector of observed features x,
is then computed using Bayes’ theorem:

P(C) - P(x | C)

P(CIx) = =g o,

where x = [v5,d] ", C € {LU}. (2)

Here:
e P(C) is the prior probability of class C € {I, U},
e P(x | C) is the class-conditional likelihood, following a mul-
tivariate Gaussian distribution,
e P(x) is the marginal likelihood, ensuring normalization.

The dataset was partitioned into training and testing sets using
an 80:20 split, using stratified sampling to preserve class distribution.
The Gaussian assumption is justified by the approximately normal
distributions observed for both v, and d, as discussed in Section 4.1.

After training, we can obtain a class-conditional probability for
any test data point and use Bayes’ decision rule (Equation 3) to
determine its predicted class label:

¢ = argmax P(C) - P(x | C), 3)
Ce{LU}

where, C denotes the predicted class.

4.1 Performance

The model parameters for the Naive Bayes classifier determined
from the training set are listed in Table 2. Intended drops exhibit
substantially higher average velocities along the depth axis (-62.7
cm/s versus -1.4 cm/s) and occur much further from the plane
(mean 9.0 cm versus 1.3 cm) than unintended drops over the 150 ms
temporal window, suggesting good discriminative power for these
features. Figure 3 shows good alignment between the raw data

Table 2: Naive Bayes model parameters for each class: prior
probabilities, means, and standard deviations for z-axis ve-
locity (vz, unit: cm/s) and deviation (d, unit: cm).

Class Prior Mean (v;) Std(v;) Mean (d) Std (d)

I 0.6190
U 0.3810

-62.6674 54.8915 8.98 6.53
-1.4303 7.6409 1.31 0.64

Table 3: Classification performance of the Naive Bayes model
on the test set from our data collection.

Class Precision Recall F1-score Support

I 0.99 0.91 0.95 96
U 0.87 0.98 0.92 60

distribution and the model. Intended drops are more common (prior
0.619) than unintended drops (prior 0.381). Evaluated on the test
set, the classifier achieves an overall accuracy of 93.6%, with high
F1-scores of 0.95 and 0.92 for the intentional and unintentional drop
classes on the held-out test set, respectively (see Table 3).

5 Evaluation

Having established the classification performance of the Naive
Bayes classifier on the collected dataset, we evaluate its impact on
interaction performance in a controlled user study. The goal of this
study is to compare planar mid-air interaction with and without the
classifier enabled. In the ‘with’ setting, the classifier is used to decide
whether a departure from the virtual plane was intended or not.
More precisely, whenever a deviation from the plane towards the
user was detected, the system continued buffering data for another
110 ms and then computed features from the data obtained for the
previous 150 ms. These features were then passed to the classifier,
which decided whether to allow a drop. In the ‘without’ classifier
setting, every departure from the plane immediately resulted in
a drop. This variant is equivalent to the interaction configuration
used for the data collection described in Section 3.
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Table 4: Unintentional versus avoidable drop counts in the
initial dataset, using the labeling methods from Sections 3.5
and 5.3, respectively. For DrRaG, both methods match by defi-
nition.

Task  Unintentional Drops Avoidable Drops

Drac 229 229
SLIDE 14 3
SKETCH 46 56

5.1 Procedure

Participants performed the same three planar interaction tasks used
to collect the training data (DRAG, SLIDE, SKETCH) both with and
without the classifier. The order of the two interaction conditions
was counterbalanced among participants. For each condition, each
participant performed 35 DRAG trials, 15 SLIDE trials in batches
of three, and six SKETCH trials in that order. The order of square
locations in the DRAG task and of target values in the SLIDE task
was fixed for participants and the two conditions.

After the three tasks were completed, we asked each participant
to complete a System Usability Survey (SUS) and a NASA-TLX
questionnaire. This allows us to assess the usability and perceived
workload for each condition. Finally, we conducted a short semi-
structured interview with each participant to obtain qualitative
feedback on their perceptions of the two interaction conditions.

5.2 Participants

Sixteen participants were recruited from our local institution. Ten
participants were male and six were female. The mean of age of the
sample was 21.8 with a standard deviation of 1.28. All participants
were right-handed and reported at least some previous experience
in VR. None of the participants had taken part in the data collec-
tion exercise described in Section 3. The study was reviewed and
approved by the Department’s Research Ethics Committee.

5.3 Performance Metric

The key dependent variable used to evaluate the impact of introduc-
ing the classifier is the frequency of avoidable drops. The frequency
of avoidable drops provides a proxy for unintentional drops by cap-
turing the mean number of drops beyond the minimum required
to complete a given trial. In the drag-and-drop task, each trial can
be executed with a single entry and departure from the interaction
plane. This means that observing more than one drop in a DRAG
trial indicates some form of interaction error has occurred. Given
that the task is very simple, it is reasonable to expect such errors
are due to an unintentional drop. In the sketching task, participants
must make a minimum of four strokes to draw a smiley face which
requires a minimum of four entries and departures from the interac-
tion plane. Therefore, observing more than four drops in a SKETCH
trial indicates an interaction error may have occurred.

The calculation of the interaction performance for the SLIDE task
is slightly different given that each slider allows only one attempt.
In practice, a drop on a slider interface element that results a set
value very far from the user’s desired slider value would require
the user to interact with the slider a second time, i.e., a potentially
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Table 5: Frequency of avoidable drops per trial across tasks
in the evaluation (median and interquartile range) and sta-
tistical significance of classifier effects based on one-sided
Wilcoxon signed rank tests. The SLIDE task allows for exactly
one adjustment per trial, imposing an upper limit of 1.

Frequency (median + IQR)
Task  With Classifier Without Classifier p-Value

DraG 0.07 £ 0.09 1.13 £ 0.46 0.0002
SLIDE 0.00 £ 0.00 0.06 + 0.07 0.0017
SKETCH 0.00 = 0.00 0.92 + 1.67 0.0012

avoidable drop. Therefore, we treat trials in which the set slider
value substantially differed from the target value (i.e., with score
s < 0.5) as avoidable drops. Given that users were able to precisely
control the slider value, this depicts a very conservative approach,
which likely underestimates the number of true unintended drops.

To demonstrate this performance metric provides a reliable proxy
measure for unintentional drops, we compute the number of avoid-
able drops for the dataset introduced in Section 3. Table 4 compares
the automatically computed avoidable drops with the partially man-
ually labeled unintentional drops. For the DRAG task, the counts
are the same since unintentional and unavoidable drops are labeled
in the same way. For the SLIDE task, the avoidable drops measure
is more conservative since the acceptable final slider setting is very
forgiving at 50% of the maximum range. For the SKETCH task, there
are slightly more avoidable drops than unintentional drops. This
is likely due to the fact that although a minimum of four strokes
was required to produce the sketch, there was no explicit penalty
on using more than four strokes.

5.4 Results

The impact of the classifier on participant performance in the three
interaction tasks is summarized in Table 5 and Figure 4. In the
DRAG task, the median frequency of avoidable drops was 0.07 with
classifier and 1.13 without classifier. This means that one avoidable
(and potentially unintended) drop occurred once every trial on
average without the classifier, but only every 14th trial when the
classifier was used. In the SLIDE task with classifier, only three
participants performed a single avoidable drop each, resulting in a
median frequency of 0. Without classifier, a median frequency of
0.06 was observed.

Similar results were obtained for the SKETCH task. Only a single
smiley drawn with the classifier enabled required more than the
minimum number of four strokes (out of the 96 sketches performed
by participants in the study in this condition). This resulted in
a median avoidable drops frequency of 0. In contrast, a median
frequency of 0.92 was observed without classifier, corresponding
to approximately one avoidable drop for every smiley drawn on
average.

The with classifier distributions shown in Figure 4 are skewed
due to the fact that the lower bound on the frequency measure
is zero. We tested for normality using the Kolmogorov-Smirnov
test and found that the data in the ‘with classifier’ condition was
indeed not normally distributed, and so we employed one-sided
Wilcoxon signed rank tests to analyze for statistical significance.
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Figure 4: Boxplots of the participants’ mean frequency of avoidable drops per trial during the three planar interaction tasks

with and without the Naive Bayes plane departure classification.

(a) Without classifier.

(b) With classifier.

Figure 5: Strokes (green) and transitions (blue) in the SKETCH
task. (a) Sketching without classifier is prone to unintended
drops (red circles), which require the user to redraw this
portion of the outline. (b) With our classifier enabled, unin-
tended departures from the plane are automatically handled,
resulting in a more stable and less disruptive workflow.

This analysis revealed that the Naive Bayes classifier significantly
reduced the number of avoidable drops in all three tasks: DrRaG
(Z = 3.490, p = 0.0002), SLIDE (Z = 2.926, p = 0.0017), and SKETCH
(Z = 3.024, p = 0.0012).

This severe difference in performance is also directly visible
in the strokes made by participants in the SKETCH task. Figure 5a
shows an example sketch from one of the participants, created with-
out classifier. The red circles highlight unintentional drops when
drawing the outline of the smiley face, disrupting the interaction
flow and requiring the user to return later to redraw this portion
of the outline. Figure 5b conversely depicts a smiley face drawn
with the classifier enabled. Here, the smiley can be completed with
the minimum number of four strokes, resulting in a higher quality
outcome.

Furthermore, repeated measures ANOVAs showed that using the
classifier led to significantly lower perceived workload as measured
by the NASA-TLX ratings (F(1,15) = 10.579, p = 0.005, 73 = 0.414)
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Figure 6: Perceived Workload as measured by NASA-TLX
for the evaluation tasks with and without the Naive Bayes
classifier.
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Figure 7: SUS measure for the evaluation tasks with and
without the Naive Bayes classifier.

and significantly higher perceived usability according to the SUS
scores (F(1,15) = 17.753, p < 0.001, 15 = 0.542).

5.4.1 Qualitative Feedback. Feedback from the interviews after the
experiment revealed consistent themes. Across all participants, it
was reported that the classifier made the drag-and-drop task and
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the sketching task more stable and reduced unintentional drops.
For example, P7 commented that, “with the classifier, [the system]
is better to use, a lot less frustrating, and a bit more responsive.”
Several participants also described the interaction with the classifier
as “more natural” (P4, P8) and “smoother” (P9, P10, P11). Moreover,
it was observed that with the classifier enabled, less effort was
required to maintain control and avoid unintentional drops. As P1
noted, “while the condition without the classifier was too sensitive
in terms of the control movement, the classifier condition seemed
more user-friendly. There was no need to take more effort in drag-
ging items, or to poke inside the plane too deep, therefore [it is]
easier to retract and leave the plane”

However, the majority of participants found that the high-
sensitivity slider task remained somewhat difficult to complete
precisely with the classifier. P10 suggested this was mainly because,
“even when the hand has left the plane, the value still changes
a bit because of lateral movement” P6 hypothesized that, “when
dropping [the slider thumb], the error of the value is higher [with
classifier] because it is not released instantly”” It is indeed possible
that there was a short perceptible delay caused by calling the classi-
fier with 110 ms of data collected after a departure from the virtual
plane.

6 Discussion

We identified two spatiotemporal features that convey meaningful
information about the user’s intent to depart from a virtual 2D
surface. These are the z-axis velocity and plane deviation of the
user’s fingertip as described in Section 4. These features show good
discriminative power and can be easily calculated from the hand
tracking data provided by commercial VR devices. As we have
demonstrated in this work, a simple probabilistic method such
as the Naive Bayes classifier trained on these two features can
considerably improve mid-air interaction by reducing the number
of unintended drops.

Although we covered three relevant planar interaction tasks in
the study, there are several limitations that should be noted when
considering our findings. First, all conditions shared the same task
setup with the plane oriented vertically and directly facing the user.
Considering the complex, non-linear nature of human shoulder and
arm movements [18, 52], it is unclear whether drops in other direc-
tions, e.g., moving the arm upwards to withdraw from a horizontal
plane as common in virtual typing, can be analogously captured by
modulating our features with respect to the plane’s normal vector.
Future work should therefore investigate the robustness of our ap-
proach in terms of spatial variability. Similarly, in tasks that require
high end-point accuracy, such as slider manipulation, we foresee
potential for more sophisticated classification methods that may
help reduce latency and increase usability (e.g., early classification
methods [9]).

Second, body movements may vary greatly across users. While
our classifier was generally well received by all 16 participants, fur-
ther evaluations on a more diverse set of users are needed. Those
might include elderly users, children, or people with motor im-
pairments. In addition, training task- and user-specific classifiers
might further improve prediction quality. For example, we hypoth-
esize that group-specific classifiers trained on movement data from
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Parkinson’s patients could be key to increasing the accessibility of
free-hand planar VR interaction. Alternatively, it might be worth
investigating how domain and user knowledge can be effectively
integrated into a prior distribution of intended and unintended
drops.

Finally, we hope that this work encourages the community to
reconsider the demands of tracking-based mid-air interaction on
a more general level. While several classification methods have
recently been proposed and applied to infer user intent across a
range of tasks and techniques [6, 10, 23, 33], they typically require
between 8 and 200 input features, most of which are overly com-
plex and fairly difficult to interpret. Our work shows that good
user outcomes can be achieved with much less: We find that two
carefully chosen features are sufficient to significantly reduce the
frequency of unintended drops and improve stability and subjec-
tive perception of free-hand planar interaction across a range of
interaction tasks. Future work should investigate the robustness of
the proposed classifier, e.g., with respect to temporary variations in
the frame rate, or when data is noisy or incomplete. It should also
compare Naive Bayes with related methods such as Random Forest
or Support Vector Machine (SVM) and explore practical trade-offs
between these techniques. Moreover, it would be interesting to
see how other forms of planar mid-air interaction, such as gesture
typing, handwriting, or scrolling, may benefit from a simple proba-
bilistic classification approach. Ultimately, this could lead to more
natural and intuitive VR interactions that reduce cognitive load and
computation by keeping things simple—both for the user and the
system.

7 Conclusion

This paper addressed the challenge of providing robust 2D virtual
surface interactions in VR. In this interaction setting, the lack of
haptic feedback and noisy hand tracking can lead to unintentional
departures from the interaction plane that cause frustrating inter-
ruptions for the user. We presented and evaluated a Naive Bayes
classifier using two readily available kinematic features—fingertip
z-axis velocity and z-axis deviation from the plane—to probabilisti-
cally distinguish intentional planar departures from unintentional
movements in 3D space. Our user study demonstrated that this ap-
proach can significantly reduce the frequency of unintended drops
across drag-and-drop, slider manipulation, and sketching tasks,
improving perceived usability and lowering workload compared
to a conventional depth-threshold method. These findings high-
light how probabilistic techniques can help leverage consumer-level
tracking data to deliver more natural, reliable, and delimiter-free
direct manipulation in VR, paving the way for richer free-hand
experiences.
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