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Figure 1: Our indirect touch gestures for smartphone interaction in virtual reality (VR) environments. (a) In indirect touch
scenarios, users interact with their smartphones by viewing a mirrored smartphone screen displayed in the VR environment
without looking directly at the physical device. (b) Our indirect touch gesture set, which includes a tap gesture adapted for
indirect touch, as well as double-tap, long-press, drag, and scroll gestures designed to avoid misrecognition.

Abstract
We present a set of indirect touch gestures that enable smartphone
interaction in virtual reality (VR) environments. Previous studies
have primarily examined tap gestures in indirect touch scenarios,
leaving other essential smartphone gestures (double-tap, long-press,
drag, and scroll gestures) largely unexplored. By designing these
gestures, we enable users to interact with their smartphones while
viewing a mirrored screen in VR environments, without needing
to look directly at the physical device, as if they were directly
viewing and operating it. We conducted a pilot study to investigate
appropriate parameters for these gestures and to develop a model
for classifying them. Our results show that the model can classify
tap and scroll gestures with an AUC-ROC of 0.997 using a 200 ms
window.
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1 Introduction
It is common for users to want to access information on smart-
phones when engaging in virtual reality (VR) experiences using
head-mounted displays (HMDs) [18, 31]. In such situations, users
typically either remove the HMD or rely on video see-through to
view their smartphones within the VR environment. However, re-
moving the HMD is cumbersome, while video see-through often
suffers from low resolution and visual distortion, both of which
limit comfortable interaction. To address these issues, previous
studies [6, 30, 31] and commercial systems [5, 14] have proposed
mirroring the smartphone display within the VR environment.

The mirrored smartphone screen is typically anchored either
to the smartphone itself or within the VR environment. In the
former case, users interact with their smartphones while looking
directly at the device (direct touch scenario). This enables intuitive
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smartphone operation; however, it requires users to lift the smart-
phone or look down, which can cause physical fatigue. Moreover,
it requires continuously tracking the smartphone’s position and
orientation, which in turn necessitates additional setup [12, 18]. In
the latter case, users interact with their smartphones while viewing
the mirrored screen without looking directly at the physical device
(indirect touch scenario [8, 17, 23], Fig. 1a). In this scenario, users do
not need to lift the smartphone or perform any additional setup to
track it. However, performing precise tap gestures becomes difficult
because the spatial relationship between the screen and the user’s
finger is unclear [28].

To enable precise interaction in indirect touch scenarios, we
present a set of indirect touch gestures for smartphone interaction,
which includes tap, double-tap, long-press, drag, and scroll gestures
(Fig. 1b). Previous studies have proposed a tap gesture that can be
precisely performed in indirect touch scenarios by allowing users
to tap the input surface while referencing a pointer displayed on the
output surface that indicates the current finger position [1, 13, 15,
19, 27]. However, other gestures that are essential for smartphone
interaction [3, 11] have not yet been examined in indirect touch
scenarios. By designing other essential smartphone gestures, we
aim to enable smartphone interaction in VR environments without
requiring users to look at their hands or tracking the smartphone.

To optimize these gestures, we conducted a pilot study to inves-
tigate the appropriate parameters for long-press and drag gestures
and to develop a classification model for tap and scroll gestures.
First, long-press and drag gestures differ from tap gestures in that
they require the finger to be held down after touch-down or before
touch-up. By collecting tap gesture data, we analyzed the finger-
holding duration that can be reliably distinguished from these ges-
tures. Next, both tap and scroll gestures involve a sequence of
finger touch-down, movement, and touch-up, which makes them
difficult to distinguish. However, because these gestures exhibit
distinct characteristics in their velocity profiles [10, 20, 21], we hy-
pothesized that it would be possible to develop a model capable of
classifying them. The results showed that a finger-holding duration
of 210ms or longer was optimal for long-press gestures, while a du-
ration of 950ms or longer was optimal for drag gestures. In addition,
the model classified tap and scroll gestures with the area under the
receiver operating characteristic curve (AUC-ROC) of 0.997 using
data from the first 200ms after touch-down. The implementation
of our gesture-recognition system has been released on GitHub1.

2 Related Work
In this section, we review related work on indirect touch interaction
and interaction techniques for operating smartphones within VR
environments.

2.1 Indirect Touch
Indirect touch enables comfortable input without requiring users
to look at the input surface [2, 22], making it suitable for a variety
of situations. For example, a trackpad or a pen tablet [22, 25, 26, 28]
can be used to input data on a computer while watching a display
constitutes an indirect touch scenario. In addition, indirect touch is

1https://github.com/inaniwaudon/smartphone-indirect-touch-gestures

being explored in scenarios in which mobile devices, such as smart-
phones and smartwatches, serve as input surfaces for interacting
with smart TVs [29] or virtual windows in VR environments [24].

Because precise touch-down gestures are difficult to perform
in indirect touch scenarios [28], researchers have proposed tap
gestures specifically designed for indirect touch interaction [1, 13,
15, 19, 27]. In this approach, a pointer indicating the user’s finger
position is displayed on the virtual screen, and the user moves their
finger to the target position while referencing the pointer. When
the user then performs a selection action (e.g., a touch-up [1, 27]
or a press input [13, 15]), the target at that location is selected.
Although this gesture is slower than direct tapping, it enables the
selection of small targets with a lower error rate [19].

However, gestures other than taps have received little attention
in indirect touch scenarios. Wada et al. [27] designed novel gestures
for indirect touch by extending this pointer-based tap selection ap-
proach. In Japanese text entry, characters are entered by performing
a swipe in a specific direction after touching down on a target key.
Wada et al. reversed this input procedure and proposed gestures
in which users first perform a swipe gesture and then select the
target key using an indirect tap triggered by a touch-up event. We
considered that this reversal of the input sequence could be applied
to design gestures such as double-tap and long-press for indirect
touch scenarios.

2.2 Smartphone Interaction in VR
Environments

Previous studies have investigated optimal interaction methods
for smartphone use within VR environments [31]. The interaction
methods examined include smartphone-based touch input [6, 17,
18], hand-based touch input [9], and ray-casting methods [30]. In
smartphone-based and hand-based touch input, the virtual screen
is anchored to the smartphone or the user’s hand, respectively,
whereas in ray-casting, interaction is enabled without directly
touching a physical surface. Among these methods, interacting
by touching the smartphone resulted in the highest selection per-
formance, which was attributed to the tactile feedback and proprio-
ceptive cues provided by the physical device [31]. These findings
suggest the usefulness of interaction scenarios in which the smart-
phone itself is used to operate the smartphone.

Meanwhile, in indirect touch scenarios, directly touching the
smartphone is not suitable because precise input is difficult, and
existing implementations of indirect touch gestures for smartphone
interaction are limited. In such scenarios, either ray-casting meth-
ods are employed [30, 31], or users must directly observe the device
displayed in the VR environment for each input [9, 30]. Although
tap gestures have been proposed for indirect touch scenarios, ex-
isting systems lack support for other essential gestures, such as
double-tap and long-press. In this work, we designed indirect touch
gestures necessary for smartphone interaction, aiming to enable
comfortable and effective indirect interaction with smartphones.

3 Indirect Touch Gestures for Smartphone
Interaction

We implemented a set of indirect touch gestures for smartphone
interaction, which includes tap, double-tap, long-press, drag, and

https://github.com/inaniwaudon/smartphone-indirect-touch-gestures
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scroll gestures. Previous studies have proposed tap gestures for
indirect touch scenarios that rely on touch-up events rather than
touch-down events [1, 27]. However, research has not fully explored
how to integrate gestures beyond tap into indirect touch interaction.

Building on the approach of reversing the input procedure for
indirect touch scenarios [27], we implemented double-tap and long-
press gestures for precise target selection, in which the gestures
are executed before moving the finger toward the target. Because
drag gestures are used to move an object after it has been selected,
we implemented drag by selecting the object via a holding gesture
after moving the finger to the target. Finally, because indirect tap
gestures share similar input procedures with scroll gestures, directly
applying scroll gestures to indirect touch scenarios is challenging.
We focused on the observation that velocity profiles differ between
scroll gestures and pointing gestures [10, 20, 21], and therefore
hypothesized that scroll gestures could be identified based on users’
finger movements.

The five gestures are classified using the following procedure:
(1) If a double-tap is performed immediately after the user’s finger
touches down, the input is classified as a double-tap gesture. (2)
If the user’s finger remains pressed beyond a predefined holding
threshold for long-press gestures after touch-down, the input is
classified as a long-press gesture. (3) If the classification model
identifies a scroll gesture based on the user’s finger movement,
the input is classified as a scroll gesture. (4) After the finger has
moved, if it is held beyond the predefined holding threshold for
drag gestures, the input is classified as a drag gesture; otherwise, it
is classified as a tap gesture.

To utilize these gestures, the following parameters and model
are required: (1) a holding threshold for long-press gestures, (2) a
holding threshold for drag gestures, and (3) a classification model
for tap and scroll gestures. The optimal values for these thresholds
and the model were determined through the pilot study described
below.

4 Pilot Study
We conducted a pilot study to investigate the optimal parameters
for our indirect touch gestures and to collect data for developing a
classification model for tap and scroll gestures. The study involved
eight participants (eight males; mean age: 22.75 years, 𝑆𝐷 = 1.09
years) recruited from the authors’ laboratory. All participants were
right-handed. Each experimental session lasted approximately 30
minutes.

Our system consisted of a smartphone (iPhone 14), an HMD
(Meta Quest 3), and a laptop PC (MacBook Air, M1, 2020). The
smartphone featured a touchscreen with a resolution of 1170 ×
2400 px and a pixel density of 326 ppi. We developed a unified
web application using TypeScript and React (ver. 19.1.0) that ran
on both the smartphone and the HMD. Interaction events were
synchronized in real time via a WebSocket server running on the
PC.

4.1 Task and Procedure
The pilot study consisted of two subtasks—a pointing task and a
scrolling task—conducted in an indirect touch scenario within a VR
environment. The smartphone screen was anchored in space at a

depth of 1.5m in front of the participant. The screen size was 20◦
width and 41◦ height.

4.1.1 Pointing Task. This task required participants to select a tar-
get rectangle using a tap gesture and was adapted from a previous
study [7]. On the smartphone screen, 72 rectangles were randomly
displayed within a grid of 6 × 12 cells. The target rectangle was
colored pink, while the remaining rectangles were blue. The rec-
tangle size was randomly set to either 66 px or 132 px, and one
rectangle was randomly designated as the target. A yellow circular
pointer indicated the participant’s finger position; when the pointer
hovered over a rectangle, that rectangle turned green. When the
target was selected via the tap gesture, the trial ended, and another
rectangle was randomly selected as the next target.

4.1.2 Scrolling Task. This task required participants to select a
target row using a scroll gesture and was adapted from a previous
study [31]. The smartphone screen displayed a list of row elements,
each containing a number and having a height of 240 px. Ten el-
ements were visible on the screen at a time, and the list could be
scrolled vertically. A white semitransparent overlay with a height
1.5 times that of a row element was displayed at the center of
the screen. A trial was considered successful when the target row
stopped within the overlay. For the scroll gesture, we implemented
inertial scrolling2 to simulate standard smartphone interactions and
allowed participants to stop the scrolling by touching the screen.

Participants were required to select the row element correspond-
ing to the target number displayed in the upper left corner of the
screen. The target numbers were positioned 5, 10, 20, or 30 rows
away from the starting row element. Each participant completed
25 repetitions for each of the four distance conditions, which were
presented in the fixed order of 5, 10, 20, and 30.

4.1.3 Procedure. The participants sat on chairs in front of a desk
in a room at our university. We explained the tasks, obtained in-
formed consent, and asked the participants to complete a prestudy
questionnaire. The participants then wore the HMD and held the
smartphone in their dominant hand. Throughout the study, partici-
pants were instructed to perform all tasks using only the thumb of
their dominant hand. The order of the tasks was counterbalanced,
and participants took breaks of at least two minutes between tasks.
Before each task, participants completed 20 practice trials. Each
task consisted of 100 trials in total.

4.2 Results
We collected data from 100 trials per participant for both the point-
ing and scrolling tasks. One trial from the pointing task and one
trial from the scrolling task were excluded from the analysis be-
cause the participant misunderstood the input gesture. From the
trial data, we extracted finger trajectories recorded during gesture
execution. A data point corresponding to a single gesture was de-
fined as the interval from when the finger touched the surface to
when it was lifted, and all gestures performed within a single trial
were extracted. In this dataset, gestures with execution times of
5 s or longer were removed as outliers (tap: 2, scroll: 8) because
in these instances, participants failed to release their finger from
2https://developer.oculus.com/documentation/unity/unity-isdk-interaction-sdk-
overview/
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Figure 2: Results of (a) velocity profiles and histograms of (b) total trial time, (c) time to movement, and (d) time to touch-up for
tap and scroll gestures.
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Figure 3: Row-normalized confusion matrices (in percentages) comparing actual and predicted gesture classes across different
window sizes (50, 100, 200, 300, 400, and 500 ms).

the screen or exhibited unnatural behaviors, which may not reflect
standard gesture execution. In addition, one data point from the
pointing task was removed as a clear outlier (execution time: 90 ms).
As a result, we obtained 862 tap gestures from the pointing task
and 4,700 scroll gestures from the scrolling task.

4.2.1 Statistical Analysis. Fig. 2 shows the velocity profiles, gesture
execution times (total trial time), the time from finger touch-down
to the onset of finger movement exceeding 20 px (time to move-
ment), and the time from when the finger has moved 20 px to the
onset of finger touch-up (time to touch-up) for tap and scroll ges-
tures. For tap gestures, the 95th percentile of the time to movement
was 207.45 ms, and the 95th percentile of the time to touch-up was
941.00 ms. To prioritize the reliability of frequent tap interactions,
we defined the holding threshold distinguishing tap and long-press
gestures as 210 ms and the threshold distinguishing tap and drag
gestures as 950 ms. These thresholds ensured that 95% of intended
taps were not misclassified as long-press or drag gestures.

4.2.2 Gesture Classification Model. We developed a classification
model for tap and scroll gestures using data from the first 50, 100,
200, 300, 400, and 500 ms after touch-down.We used LightGBM [16]
as the classification model and split the dataset as follows: 80% for
training and 20% for testing. We evaluated the model using 5-fold
cross-validation, and calculated the accuracy and AUC-ROC.

We used a total of 13 features as input features for the model:
three velocity-related features (standard deviation, coefficient of
variation, and the 80th percentile value), two acceleration-related
features (kurtosis and skewness), three jerk-related features (kurto-
sis, maximum value, and the time ratio until the maximum accelera-
tion is reached), the deceleration ratio, the 40th and 80th percentile
values of the finger trajectory distance, the straightness of the finger

trajectory (defined as the distance between the starting point and
the endpoint divided by the total trajectory length), and a binary
indicator of whether the gesture was completed within the time
window. These features were selected because they contributed
strongly to the model’s performance within a 200 ms window.

Fig. 3 shows the row-normalized confusion matrices. The model
performance for each window size was as follows: an accuracy of
88.9% (𝑆𝐷 = 1.0%) with an AUC-ROC of 0.878 at 50 ms, an accuracy
of 96.0% (𝑆𝐷 = 0.4%) with an AUC-ROC of 0.979 at 100 ms, an
accuracy of 97.8% (𝑆𝐷 = 0.6%) with an AUC-ROC of 0.997 at 200 ms,
an accuracy of 98.0% (𝑆𝐷 = 0.6%) with an AUC-ROC of 0.999 at
300 ms, an accuracy of 97.6% (𝑆𝐷 = 0.7%) with an AUC-ROC of
0.999 at 400 ms, and an accuracy of 97.8% (𝑆𝐷 = 0.3%) with an AUC-
ROC of 0.999 at 500 ms. These results indicate that using finger
trajectory data spanning 200 ms or longer enables highly accurate
classification of tap and scroll gestures.

5 Discussion
We discuss the validity of the determined thresholds, the trade-
off between classification accuracy and system latency, and the
limitations of this work.

The holding threshold distinguishing tap and long-press gestures
and the threshold distinguishing tap and drag gestures may require
further adjustment for practical use. Based on the results of the
pointing task, we determined that the threshold distinguishing
tap and long-press gestures is 210 ms; however, considering the
default threshold for long-press gestures on iOS is 0.5 s [4], we
recommend using 0.5 s as the initial value even in indirect touch
scenarios to support intuitive user interaction. Furthermore, the
threshold distinguishing tap and drag gestures was determined
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to be 950 ms, which indicates that participants spent a relatively
long time carefully adjusting their finger position before touch-up.
Because users typically confirm that the pointer is hovering over
the target before performing a touch-up, the time to touch-up is
expected to be longer for smaller targets. Therefore, when drag
gestures are used for tasks such as copying small text, a conservative
threshold (e.g., 1.5 s) should be adopted.

While our model achieved high classification accuracy, there is
a trade-off between performance and system latency. Our model
accurately classified tap and scroll gestures even with a 200 ms
window (accuracy: 97.8%, AUC-ROC: 0.997), and the model using
a 300 ms window achieved the highest accuracy (accuracy: 98.0%,
AUC-ROC: 0.999). Although higher accuracy is desirable, larger
window sizes introduce additional latency, highlighting the need
to identify parameters that balance classification performance and
usability.

This work has several limitations regarding its generalizabil-
ity and the experimental environment. First, the model is not de-
signed to recognize horizontal swipes; thus, further data collection
is needed to incorporate these gestures and expand the gesture
vocabulary. Second, the participant pool was limited to eight right-
handed male participants. Evaluation across a more diverse de-
mographic is required to develop a more robust and generalizable
model. Finally, the latency of our WebSocket-based implementa-
tion could potentially have influenced the execution times; optimal
thresholds and models may vary depending on the level of latency.

6 Conclusion
In this work, we present a set of indirect touch gestures for smart-
phone interaction, which includes tap, double-tap, long-press, drag,
and scroll gestures.We determined that the holding threshold distin-
guishing tap and long-press gestures and the threshold distinguish-
ing tap and drag gestures were 210 ms and 950 ms, respectively. In
addition, we developed a model that classifies tap and scroll ges-
tures with an AUC-ROC of 0.997 using data from the first 200 ms
after touch-down. These contributions expand the range of input
techniques available for smartphone interaction in indirect touch
scenarios.
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