
ORIGINAL ARTICLE

Consistent, Continuous, and Customizable Mid-Air Gesture

Interaction for Browsing Multimedia Objects on Large Displays
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ABSTRACT
Browsing multimedia objects, such as photos, videos, documents, and maps represents
a frequent activity in a context of use where an end-user interacts on a large vertical
display close to bystanders, such as a meeting in a corporate environment or a
family display at home. In these contexts, mid-air gesture interaction is suitable to a
large variety of end-users, provided that gestures are consistently mapped to similar
functions across media types. We present Lui (Large User Interface), a ready-to-deploy
and to-use application for browsing multimedia objects by consistent mid-air gesture
interaction on a large display that is customizable by mapping new gesture classes
to functions in real-time. The method followed to design the gesture interaction and
to develop the application consists of four stages: (1) a contextual gesture elicitation
study (23 participants × 18 referents = 414 proposed gestures) is conducted with
the various media types to determine a consensus set satisfying consistency, (2) the
continuous integration of this consensus set with gesture recognizers into a pipeline
software architecture, (3) a comparative testing of these recognizers on the consensus
set to configure the pipeline with the most efficient ones, and (4) an evaluation of
the interface regarding its global quality and specific to the implemented gestures.
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1. Introduction

Large displays are becoming increasingly popular in recent years (Ardito et al., 2015).
They typically represent a single contiguous space, composed of a single display
unit or multiple tiled units forming a larger display that serves for both input and
output (Andrews et al., 2011). Their large size and high resolution enable to display a
large amount of information with a high level of detail in many disciplines (Rajabiyazdi
et al., 2015), but usually require users to stand further away from the display to grasp
all of the displayed contents (Vogel & Balakrishnan, 2005). Using keyboard and mouse
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(a) Meeting in a corporate environment. (b) Family display at home.

Figure 1.: Two Lui contexts of use: a meeting in a corporate environment (a) and a
family living room (b).

input is difficult on these large displays because small pointer movements often do not
scale well with the display size and individual elements on screen.

Consequently, mid-air gestures have been proposed as an alternative to traditional
input methods (Vatavu & Zaiti, 2014). They can efficiently leverage the large display
area (Nancel et al., 2011) and the space available in front of the display to augment its
capabilities (Yoo et al., 2015). However, mid-air gestural interfaces are not very well
known by end-users, they have little or no experience with mid-air gestures as they have
with touch gestures (Morris et al., 2014), and transitioning from 2D touch gestures to
3D mid-air gestures is not straightforward (Boulabiar et al., 2014). The large degree of
freedom allowed by mid-air gestures results in a wide range of possible gesture classes
produced with varying articulations (Vatavu, 2013). Multimedia is a media comprised
of numerous forms of information contents and information processing, e.g., text, audio,
graphics, animation, and video, which can be accessed, played, replayed, and displayed
on many devices (Steinmetz & Nahrstedt, 2004). In this paper, we are interested in
browsing multimedia objects such as photos, videos, documents, and maps, as they
are among the most frequently manipulated contents (Drossis et al., 2013) in multiple
contexts of use (Calvary et al., 2003). For example, people in a corporate meeting
exchange and sort documents (Fig. 1a), family members collect and organize their
pictures into albums (Fig. 1b), movie lovers structure their film collections, and trip
organizers examine geographical maps to decide a trip plan.

Designing an intuitive mid-air gestural interface for browsing these multimedia objects
is a complex process involving designers and end users, e.g., by participatory design, by
conducting a Gesture Elicitation Study (GES) (Wobbrock et al., 2009). This interface
should ensure some consistency across media types to help end-users who learned
gestures for one media type to reuse them for another type. This knowledge transfer is
particularly suitable for gestural interfaces as they are challenging to learn (Fruchard
et al., 2018), to produce (Vatavu, 2013), and to remember (Nacenta et al., 2013).

Using the same mid-air gestures on different media types poses consistency chal-
lenges (Dingler et al., 2018). Each media possesses its own set of functions, some being
generic across all types (e.g., display a media fullscreen or not) and some being specific
to a single type (e.g., place a marker on a map). As media type diversity increases,
using a mid-air gesture for one media type should enable end-users to transfer this
gestural knowledge to other types when appropriate. While many GES have been
conducted (Villarreal-Narvaez et al., 2020) for a single context of use at a time (e.g.,
for a single media with a single device), very few studies have investigated gestures
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across media boundaries. Therefore, in this paper, we aimed at developing a better
understanding of the elicitation of a mid-air gesture set that is consistent across media
types. A second problem arises when transitioning from gesture elicitation to recogni-
tion: gestures resulting from elicitation are very rarely, if ever, reused for recognition
as these two processes are kept separate (Villarreal-Narvaez et al., 2020). In this paper,
the output of the gesture elicitation study serves as input to the gesture recognition
via a continuous process. When some end-users still prefer to rely on their own
gestures, which can be different from the elicited gestures, the interface should remain
customizable to enable end-users to add their own gestures (Coyette et al., 2007).
Gesture recognition and their customazibility should also remain continuous (Kohlsdorf
& Starner, 2013; Caputo et al., 2019).

To address these challenges, we present a Large User Interface (Lui) for browsing
objects of various multimedia types, i.e., photos, videos, documents, and maps, on large
displays as a means to investigate consistent, continuous, and customizable mid-air
gestures, with the following contributions:

(1) A method continuously integrating a consistent gesture set (resulting from a
contextual gesture elicitation) with its recognizers into a pipeline software archi-
tecture, so that gestures can be recognized accurately and continuously.

(2) An integration of these gestures and their recognizers into Multimedia User
Interface (Lui), a ready-to-deploy, ready-to-use, and customizable interactive
application for browsing multimedia objects on large displays.

This paper is structured as follows: Section 2 reviews existing work in gestural
User Interfaces (UIs). Section 3 overviews the Lui application, its concepts, software
architecture, design requirements, and summarizes the differences between its three
iterations. Section 4 details the stages of the development method used for Lui, including
the design of a consistent gesture set, the implementation, and the configuration of
a gesture recognition pipeline. Section 5 evaluates the interface with respect to its
overall quality and the memorability and recognition of the gestures implemented.
Section 6 discusses the Lui benefits and limitations and its development method.
Finally, Section 7 concludes this paper.

Open Science. The Lui open source code is publicly available on GitHub at
https://github.com/sluyters/QuantumLeap. Our website at https://sites.uc
louvain.be/ingenious/projects/quantumleap/ provides the reader with more
resources, including the datasets used in the testing conducted in Section 4.3 and the
spreadsheets of our GES. Demonstration videos of the Lui application are accessible
on YouTube at the playlist https://youtu.be/b0VRvXWFoEs.

2. Related Work

This paper is at the crossroads of mid-air gesture interaction on large displays and
gesture elicitation studies, particularly those focusing on multimedia, which we discuss
in the next subsections.

2.1. Mid-air Gestural Interaction on Large Displays

In the field of 3D gesture interaction (LaViola, 2013), hand gesture interaction (see
(Cheng et al., 2016) for a survey) is particularly attractive for mid-air interaction:
the hand is one of the most mobile human limbs, many efficient gesture recognizers
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exist in Machine Learning (ML) (Yasen & Jusoh, 2019), in particular for Template
Matching (Brunelli, 2009). Techniques for mid-air interaction with large screens have
been studied in the literature (Koutsabasis & Vogiatzidakis, 2019), which reveal its
shortcomings, such as arm fatigue (Gupta et al., 2017), need for short, pleasing, and easy
to recognize gestures (Kohlsdorf & Starner, 2013), and lack of consistency (Gronewald
et al., 2016). Moreover, these techniques often focus on a few actions only, such
as point-and-click or pan-and-zoom (Nacenta et al., 2013), or on a limited set of
gestures (Gronewald et al., 2016). Integrating these techniques may prove challenging.

For example, (Vogel & Balakrishnan, 2005) compared different techniques for free-
hand pointing and selecting a target on a large display: two clicking techniques (airtap:
tap vertically with the index finger, like clicking with a mouse, and thumb trigger: move
the thumb toward the index) and three pointing techniques (ray casting, relative point-
ing with clutching, and hybrid ray-to-relative pointing). They implemented auditory
and visual feedback to compensate for the lack of tactile feedback inherent to mid-air
gestural interfaces. Although clicking techniques were equally performant and accurate,
airtap induced less fatigue than thumb trigger. For the pointing, participants preferred
“relative pointing with clutching”, as it felt faster and easier to perform.

(Yoo et al., 2015) compared two techniques for interacting with large displays: point
and dwell and a combination of push and grab-and-pull. In the context of navigating
Twitter feeds on a public display using a Microsoft Kinect for gesture recognition,
the combination of push and grab-and-pull gestures was deemed more fun, faster to
perform, and less tiring than point-and-dwell.

Several factors influence the quality of mid-air gestures on large displays, such as
position and direction (Fruchard et al., 2018), sideways hand extension (Koutsabasis &
Domouzis, 2016), dimension and bit cardinality (Vatavu, 2013), and continuity (Kohls-
dorf & Starner, 2013). Beyond these factors, (Nancel et al., 2011) identified three factors
for designing mid-air pan and zoom navigation on large displays: uni- vs. bimanual
interaction, linear vs. circular motion, and level of guidance (from high guidance with
a 1-dimension motion on an input device, to low guidance with a free 3D motion in
mid-air). They studied the impact of these factors on users’ performance and subjec-
tive preference by comparing 12 mid-air pan-and-zoom techniques with various factor
combinations. Despite its appeal, free mid-air motion was less efficient and more tiring
than other techniques. Overall, users preferred linear motion and bimanual interaction
over other techniques.

More specifically for mid-air interaction with multimedia objects, less work can
be found and usually focus on one media type or two at a time but not as a whole:
images (Koutsabasis & Domouzis, 2016), videos (Zigelbaum et al., 2010), virtual
objects (Caputo & Giachetti, 2015), 3D travel (Ortega et al., 2017), images and
videos (Drossis et al., 2013). For example, (Ackad et al., 2015) designed and evaluated a
“media ribbon”, a large public display that shows information about events for theaters
and concerts. Designing an intuitive and easy-to-learn gestural interface is more critical
for such displays, as people are less inclined to take time to learn how to interact. They
came up with four gestures (swipe left/right and move the hand up/down then hold
briefly) that could trigger five different commands. To evaluate the interface, they let
passers-by interact freely with the large display and interviewed them afterward. They
concluded to keep gesture sets small and easy-to-learn, e.g., by always showing the
most important gestures on the display and by providing context-dependent tutorials
for additional gestures.

(Vlaming et al., 2008) used a modified Wiimote and an infrared light source to
track four retro-reflective points (two points per hand, on the index and thumb). Their
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system allowed users to interact with documents, videos, and pictures on a large screen
through a combination of pointing and “pinch” gestures. Media-dependent widgets on
the screen could trigger specific actions (e.g., play/pause a video or go the next slide)
when performing a pinch gesture while pointing at them. Content could be rotated and
translated using either one (Rotate N’ Translate) or two hands (two-point rotation).
The two-point rotation technique allowed users to resize the selected element. In a
testing with five users, the authors noticed that the system could lead to arm fatigue
when used for extended periods and that some participants had difficulty realizing that
two hands were necessary to perform some actions.

Zigelbaum et al.’s G-stalt (Zigelbaum et al., 2010) is a chirocentric gestural interface
for manipulating videos in a 3D graphical space. It featured an extensive gesture set
of 21 gestures based on Oblong Industries’ g-speak and relied on a Vicon motion
capture system to track passive IR retro-reflective dots placed on the hands for gesture
recognition, which created 3D point clouds (Cook et al., 2016). The actual interface
consisted of a cubical arrangement of media such as photos and videos, which the user
could sort through, play, and reorganize the structure into meaningful arrangement.
This cube of media could be further rotated and zoomed using a set of hand motions.
The gesture set involved actions such as two-handed pinch, telekinetic actions, stop all,
lock, and unlock. While providing sub-millimeter precision, the system is expensive and
must be carefully set up. The authors recommended designing gestural interfaces that
are neither too complex nor too simple and taking advantage of the hands’ capabilities
while keeping gestures easy to learn and perform.

SpaceTop (Lee et al., 2013) is an integrated 2D and 3D spatial environment with a
see-through LCD display to better support spatial memory. The system enables a more
immersive experience for the end-user, providing the ability to do document editing or
3D modeling without being restricted to 2D. A first MS Kinect camera pointed towards
the user’s head to enable motion parallax and a second MS Kinect pointed down at
the user’s hands to detect position and pinch gestures. One key interaction method
revolves around the position of the user’s hands. When the user lifted her hands, the
2D display would fade out or slide up to reveal a 3D interface. Conversely, when the
user placed her hands on the surface, the display would revert back to 2D. Similarly
in Lui, the interface recognizes the hands when they are lifted about the sensor and
remains locked when the user removes them. End-users felt comfortable sifting through
a pile of documents with one hand while the other was focused on the main task. This
interface confuses some users when switching between the 2D and 3D modes.

(Jakobsen et al., 2015) compared touch and mid-air gestures for selecting objects on
large displays. In the touch interface, an object could be selected by touching it on the
screen. In the mid-air interface, a cursor was displayed on the screen with ray casting
and an object could be selected by performing a “thumb trigger” gesture (i.e., touching
the middle finger with the thumb) while pointing at the object. In a first experiment,
they compared the accuracy, time, and user preference between touch and mid-air
gestures for selecting targets of various sizes separated by various distances on a large
screen. They showed that touch was usually faster and more accurate than mid-air
gestures, but that this advantage decreased with the distance between targets, as
mid-air gestures allowed users to see and interact with targets anywhere on the screen
with minimal motion. The poor performance of mid-air gestures could be explained
in part by an imperfect implementation of the “thumb trigger” gesture. In a second
experiment, they showed that users mostly favored mid-air gestures when they were
regularly forced to move away from the screen (e.g., to interact with something else),
despite the loss in accuracy incurred.
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(Siddhpuria et al., 2017) studied the possibility of using “at-your-side” gestures (i.e.,
gestures performed with the arm at rest along the side of the body) to control (semi-
)public displays and applications while minimizing the effort associated with typical
mid-air gestural interaction. They conducted a gesture elicitation study to determine
participants’ preferred gestures for a set of 34 tasks. The authors advised considering
user-specific gesture sets as, while the overall inter-user agreement is low, individual
recall is high. They also observed that users tended to combine multiple symbols
into a single gesture that conveys a different meaning. To evaluate the feasibility of
“at-your-side” gestures, they implemented a working prototype using a smartwatch, a
threshold-based segmentation technique, and a template-matching recognizer. They
reported that the system was reasonably accurate (>80% accuracy) and considered as
low-effort and low embarrassment by users.

The closest system to our Lui is MAGIC (Drossis et al., 2013), a system for browsing
a collection of pictures and videos on a large display in public spaces with mid-air
gestures captured by a Microsoft Kinect. MAGIC is similar to Lui in terms of objectives,
i.e., browsing multimedia objects, but in a different setup (a Leap Motion Controller
instead of a Kinect) with consistency and customizability as added requirements.
Reported usability issues include: the distance may affect the recognition accuracy,
such as the Swipe gestures being incorrectly recognized or tap to click not accurate
enough. A subsequent version replaced these gestures by a combination of buttons
and point-and-dwell. In addition, the set of functions is quite limited: scroll a gallery
vertically/horizontally, show details of a multimedia object, change caption language,
switch to an adjacent element, and magnify an object.

2.2. Gesture Elicitation Studies

(Wobbrock et al., 2009) invented a participatory design method called “gesture elicita-
tion study” (GES) to understand, collect, explore, and analyze users preferences for
gestures suitable to a particular context of use (Calvary et al., 2003), which is made up
of a user and related tasks, a device or computing platform, and an environment. The
GES outcome consists in a characterization of users’ gesture input behavior in terms
of user-defined gestures (Grijincu et al., 2014) with valuable information for designers,
practitioners, and end users regarding the consensus levels between participants, com-
puted as agreement or co-agreement scores (Vatavu & Zaiti, 2014), or more recently
agreement rates (Vatavu & Wobbrock, 2015). This method has been widely applied
to a large array of individual contexts of use (see (Villarreal-Narvaez et al., 2020) for
a systematic literature review), such as in Augmented Reality (Piumsomboon et al.,
2003), smartphones (Ruiz et al., 2011), and holograms (Pham et al., 2018).

The vast majority of these GES target a single context of use, which means a single
category of users issuing gestures with a dedicated device in a given environment,
thus posing the question of transferrability to other, possibly uncovered, contexts, and
their applicability. Much less GES have carried out on eliciting gestures in multiple
contexts simultaneously, which induces challenges the consistency of gestures across
these contexts. (Anthony et al., 2013) already detected that stroke gestures issued
by a stylus vs. finger are inconsistent. (Gronewald et al., 2016) performed also a
systematic literature review of mid-air gestures to observe that gesture sets were largely
inconsistent with each other and that no holistic study exists to address this problem.
This is an issue for our Lui.

(Vatavu & Zaiti, 2014) studied users’ mid-air gesture preferences for interacting with
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a smart television with a Leap Motion Controller. While the overall agreement was
low, 82% of the participants favored gestures instead of the TV-remote. The agreement
rate seems to correlate with the recall rate, i.e., a higher agreement usually means that
participants recall their gesture propositions better.

As this study was monomodal, (Morris, 2012) investigated a multimodal version for
this TV context. Participants proposed speech commands, gestures, or a combination of
both for 15 web browsing functions. Participants could also give multiple proposals for
the same referent. Two new measures evaluate consensus in this case: max consensus
and consensus-distinct ratio.

(Dong et al., 2015) conducted a GES for common navigation actions, such as snap
fingers to open contents, push to enter a menu, move the hand in any direction for
channel surfing, and move a flat hand up/down to increase/decrease a volume.

(Wittorf & Jakobsen, 2016) conducted a GES to elicit mid-air gestures for interacting
with elements on wall-displays. They noted that users’ hand poses were often irrelevant
to the meaning of the proposed gestures (e.g., a “swipe” gesture can be performed with
any hand pose). Instead, the meaning was conveyed through the direction or expression
of the gesture. When referents resembled actions associated with touch interactions,
the proposed gestures were often larger-scale versions of common touch gestures. Users
tended to favor gestures resembling the physical manipulation of objects. Overall,
compared to other studies on smaller displays, the participants of this study proposed
larger and more physically-based gestures.

(Ortega et al., 2017) conducted a GES for eliciting mid-air gestures for 3D navigation.
The Swipe emerged as the preferred gesture for translation (e.g., swipe up/down/for-
ward/backward for moving to the corresponding direction), the flickwrist and the rotate
gestures for rotation, and the pinch in/out gesture for scaling. While these gestures are
consistent with respect to the rotation-scaling-translation invariance properties, they
are mainly intended for navigating within a 3D scene.

Consistency has been initially addressed in three studies. (Dingler et al., 2018)
designed a gesture set for reading via RSVP (Rapid Serial Visual Presentation) that
ensures consistency across three devices, i.e., a smartwatch, a smartphone, and smart
glasses. A first GES collected gesture proposals for all three device types at once and
considered the gesture proposals for all devices when constructing the final gesture
set. They defined two new measures: the transferability score (i.e., how well a set of
commands learned on one device can be ported to another) and the consistency score
(i.e., the mean of all transferability scores between all devices). A second experiment
with 18 participants validated the transferability of their gesture sets across devices.
More recently, (Vogiatzidakis & Koutsabasis, 2019) computed a consistency rate CR(C)
by computing the agreement for one user performing one our of 14 commands (e.g., turn
on/off, up/down/next/previous on 7 home devices (i.e., a smart television, speakers, a
video player, audio player, an air conditioner, lights, and blinds). For this purpose, they
compute the agreement rate for a single command for a single user, but for different
devices. This is similar in principle to our case where the same command could be used
on different media types, but always on the same device. In the same home context of
use, (Vogiatzidakis & Koutsabasis, 2020) introduced a consistency routine process that
checks gesture proposals for consistency before incorporating them into a real system.

In conclusion, apart from the three last studies, we are not aware of any work
investigating gesture consistency, either in general or for mid-air interaction, across
different types of media objects. Some papers study users’ preferred gestures either for
a particular media type or for a well-defined set of actions, but independently of media
types or without considering inter-media consistency. When consistency is addressed,
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Function
Media type

Photos Videos Documents Maps

Fullscreen on/off
Like/dislike

Previous/next

Zoom in/out

Rotate

Pan

Change brightness

Change contrast

Play/pause

Show/hide subtitles

Volume up/down

Fast-forward/backward

Highlight text

Place marker

Change layer

Table 1.: List of functions for each media type.

it is across different device types, but not across different media types, which all have
their generic and specific sets of functions. While recent work reported that gestures
elicited on different devices are not consistent, previous work did not investigate how
to ensure consistency across media types.

3. LUI, an Application for Browsing Multimedia Objects on Large Displays

3.1. Overview of LUI

Lui is a gesture-based interactive application for manipulating multimedia objects on
large displays, such as TVs and wall displays, in a semipublic environment. It currently
focuses on interaction with photos, videos, documents, and maps, for which different
sets of functions are desired (Table 1). Lui is designed to be widely distributed and
easily installed by being cheap to set up and easy to use. As such, we settled on using
the Leap Motion Controller (LMC)1 for hand tracking, a cheap off-the-shelf sensor (less
than 100$) that can be plugged via USB to the computer. We selected the LMC for
mid-air gesture interaction because it tracks two hands and their ten fingers (Colgan,
2017) with high precision and robustness (Weichert et al., 2013), including the palm
vector and hand radius. This sensor is comprised of two cameras and three infrared
(IR) LEDs. The interaction space is .6m wide by .6m long by .6m deep, resulting in an
.22 cubic meter volumetric space which takes the shape of an inverted pyramid above
the sensor. The LMC API (Spiegelmock, 2013) enables to natively recognize a handful
of system-defined gestures (Brandon, 2014), but custom gesture recognition algorithms
often support a wider range of gestures (Bachman et al., 2018). The LMC benefits from
a better accuracy and precision than other devices, such as a MS Kinect (Guzsvinecz
et al., 2019) or an Intel RealSense (Khalaf et al., 2019). It is also widely used in many

1See https://www.ultraleap.com/product/leap-motion-controller/
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(a) Welcome screen.

Photos Videos Documents

Maps Gesture Keyboard Model

(b) Application menu. (c) Photos application (list).

(d) Photos app. (screen). (e) Videos application (list).

0:00 / 0:20

(f) Videos application (screen).

(g) Documents app. (list).
1 2 3 4 5

(h) Documents app. (screen).

+

−

Leaflet | © OpenStreetMap contributors

(i) Maps application.

Photos Documents

Maps Gesture Keyboard Model

Videos

(j) Fingers of the user’s hand.
Figure 2.: Screenshots of the third prototype of the Lui application.

domains of applications such as augmented reality (López et al., 2015) and activity
recognition (Marin et al., 2016). Several LMC-based gesture recognition algorithms
exist (Bachman et al., 2018). No study actually compares them on the same basis,
apart from (Filho et al., 2018) with three classical machine learning algorithms, but
without any recent recognizer such as DeepGru (Maghoumi & LaViola, 2019).

3.2. The LUI Components

Lui is developed with ReactJS, a popular open-source library for developing single-
page applications (Boduch, 2019). ReactJS allows creating applications as a set of
independent components. Lui currently consists of six components, including four
applications, forming its functional core:

• Welcome screen (Fig. 2a): the entry point of Lui.
• App menu (Fig. 2b): a screen listing all Lui applications. It is designed to be
extensible as new applications could be added in the future.
• Photos app (Fig. 2c): an application accessing galleries of pictures. Each photo

can viewed in full-screen (Fig. 2d), where additional commands are available, such
as zoom in/out, pan, rotate, like/dislike the picture, or go to the previous/next
picture in the gallery and to the previous/next gallery of pictures.
• Videos app (Fig. 2e): an application accessing galleries of videos. Each video can

be opened in full-screen mode (Fig. 2f), where additional commands are available,
such as play/pause the video, change the volume, navigate in the video, or go to
the previous/next video in the gallery and to the previous/next gallery of videos.
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• Documents app (Fig. 2g): an application for manipulating textual or multimedia
documents, such as reports, articles, and presentations. Each document can be
viewed in full-screen (Fig. 2h), where commands are available, such as zoom
in/out, pan, rotate, or go to page.
• Maps app (Fig. 2i): an application for accessing a map of the world. Actions

such as zoom in/out and pan are available.

Lui is modular and extensible, as all applications are self-contained and autonomous
so that they can be added or removed without impacting the other applications. To
compensate the problems posed by fine-grained finger pointing, users’ hands are depicted
as enlarged circles for each finger on the display (Fig. 2j), as recommended (Koutsabasis
& Domouzis, 2016). This provides feedback about the position of their hands and
enables interaction with the elements displayed.

3.3. LUI Requirements

To address the quality of the gesture interaction, Lui should fulfill three requirements:

(1) Consistency. Similar gestures should be assigned consistently to similar functions,
independently of the media type, to foster knowledge transfer (Dingler et al.,
2018), to maximize gesture memorability and to reduce the learning curve (Dela-
mare et al., 2019). Distinguishable gestures should be assigned to other specific
functions (Kohlsdorf & Starner, 2013).

(2) Continuity. End users should be able to perform gestures continuously, without
needing to notify the system when they are performing a gesture, i.e., the system
should continuously recognize gestures and distinguish intended gestures from
parasitic motion with little to no user intervention. End users should be able
to manipulate media objects directly with a reasonable system response time
(e.g., 1 sec for direct manipulation according to (Nielsen, 1994)) and a continuous
feedback to the user (Aigner et al., 2012) (e.g., gradually zooming in a picture
by increasing the distance between the index and the thumb). Whether a gesture
is discrete for a 0D/1D function or continuous for a 2D/3D function, this should
not induce any difference for the end user.

(3) Customizability. The system should support users in including their own gestures
without requiring any modification to the Lui core (Coyette et al., 2007). User-
defined gesture sets (Grijincu et al., 2014) usually result in higher satisfaction and
memorability than system- or designer-defined gestures (Nacenta et al., 2013).
Some gesture recognizers perform better when the gestures used for training are
recorded by the target user of the system (Vatavu, 2013).

3.4. LUI Iterative Design

Designing a gesture set satisfying the three requirements was a major objective in
the development of Lui. This section summarizes the three iterations of Lui and its
gesture set (Fig. 3).

3.4.1. First Iteration (v0)

In this first prototype (Parthiban & Lee, 2019), the basics of Lui were laid out. Users
could navigate through lists of photos and videos, switch to full-screen mode, play/-
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First evaluation Elicitation studies

• Flick right/left
• Tap
• Splay
• Rotate left hand (anti-)clockwise

v0

v2

v1

Figure 3.: Evolution of the gesture set during the iterative design.

pause a video, or change the volume of a video. Gesture recognition was developed
opportunistically based on the LMC by design patterns (Spiegelmock, 2013). Adding
new functions or gesture classes was therefore more complex since the gesture recogni-
tion was programmed manually and prevented end-users from changing the gestures
assigned to specific functions. As such, the first version of the gesture set was rather
straightforward, but limited.

3.4.2. Second Iteration (v1)

A usability testing was conducted with 20 participants to evaluate their subjective
satisfaction regarding the first Lui prototype (Parthiban & Lee, 2019; Dumas et al.,
2019). It highlighted multiple issues, including a high learning curve, unpredictable
gesture recognition, and fatigue, in particular for the Splay gesture, which participants
found particularly difficult to perform and to reproduce accurately. Observed usability
issues were fixed, such as: the end-user manipulates contents with four fingers together
instead of the index finger alone, the swipe up gesture works best for small motions, the
opening/pausing of videos should be very sensitive. Some participants expressed their
intention to define their own preferred gestures, instead of using the predefined ones.
In this second prototype, the Splay gesture was replaced by the Flick up gesture, which
is easier to perform. The other issues highlighted by the testing were left unaddressed
in this version, as they required more substantial modifications to the Lui core.

3.4.3. Third Iteration (v2)

Based on the assets of the first two prototypes, a third prototype was developed,
featuring a new modular pipeline for gesture recognition (see Section 4). This pipeline
enables end-users to add their own preferred gestures to predefined ones without
having to modify the Lui core. It also simplifies the process of extending Lui with
new applications and gestures. To demonstrate this, some functions were added to
the Photos and Videos applications (e.g., rotating a photo and browsing through a
video), and new Documents and Maps applications were developed.
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4. LUI Development Method

We followed a three-stage process for the development of the third iteration of Lui. First,
a contextual GES was conducted to design a consistent and highly guessable gesture set.
Then, a pipeline was designed for gesture recognition. Finally, a comparative testing of
recognizers served to determine the best pipeline configuration for this gesture set.

4.1. LUI Gesture Set

4.1.1. Contextual Gesture Elicitation Study

As the number of functions increased, it was decided to conduct a GES (Wobbrock et al.,
2009) to explore a consensus set of consistent gestures that would optimize agreement
among end-users. Based on the classical method (Wobbrock et al., 2009) and some
extensions (Gheran et al., 2018), we initially conducted two GES (see Appendix C):
one for photo browsing and another for video browsing. Prior work (Anthony et al.,
2013; Gronewald et al., 2016) pointed out that gesture sets for different devices could
be inconsistent. Our two studies confirm this observation as they led to inconsistent
gestures tailored to one media type at a time. Rather than conducting a separate GES
for each media type, we conducted a single GES (see Appendix A) integrating the
various media with both generic and specific functions (see Table 1). Typical GES
protocols present referents to participants as a textual prompt to minimise any bias
or with visual priming (Morris, 2012; Morris et al., 2014) to provide them with some
guidance about the state before and after issuing the gesture proposal. Unlike these
approaches, we introduced a contextual gesture elicitation study : participants directly
interact with a custom software which exactly executes the referents’ functions (see
Table 1) to establish contextual priming beyond mere visual priming, since priming
improves learnability and memorability (Ali et al., 2021). For example, to elicit a
gesture for playing a video from a participant, the software includes a video control
whose functions can be directly mapped to the real gestures proposed (Fig. A1).

The result of our contextual GES consists of a characterization of users’ gesture
input behaviors with valuable information for designers, practitioners, and end-users
regarding the consensus among participants (which is computed as an agreement and
co-agreement rate (Vatavu & Wobbrock, 2015)), most frequent (thus, generalizable
across users) gestures for a specified task, and insights into users’ conceptual models
for performing tasks. (Dingler et al., 2018) computed the agreement score (Wobbrock
et al., 2009) for their multi-device GES. Instead, we computed the agreement rate
AR(r) (Vatavu & Wobbrock, 2015), which is smaller and more restrictive than the
agreement score A(r), as follows:

A(r) =
∑
Pi⊆P

(
|Pi|
|P |

)2

≥ AR(r) =

∑
Pi⊆P

1
2 |Pi| (|Pi|−1)

1
2 |Pi| (|Pi|−1)

(1)

where r denotes the referent to elicit a gesture, |P | denotes the number of elicited
gestures, and |Pi| denotes the number of gestures elicited for the ith subgroup of P .

Table A1 summarizes the two most agreed gestures for each referent for the contextual
GES for all media. From these results, we observe that the majority (1618=88.9%) of the
most agreed gestures were one-handed. One-handed gestures let users interact with
the system while holding an object in the other hand (e.g., a glass of water or a paper
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document). In addition, the low occurrence of two-handed gestures in our study may be
explained by a lower ease of execution compared to one-handed gestures (Morris et al.,
2010). Some referents, such as enable/disable subtitles, have a very low agreement rate.
For these referents, user-elicited gestures may not be the most appropriate, as the low
consensus may result in lower guessability and memorability (Wobbrock et al., 2005).
Instead, it may be preferable to favor other solutions, such as prompting users to assign
their own gesture to these actions at the start of the application (i.e., user-defined
gestures (Nacenta et al., 2013)), and/or providing an indirect way of triggering these
actions (e.g., by navigating through a menu with highly agreed gestures). For referents
with a low to medium agreement rate, such as play and pause, aliasing (i.e., assign
multiple gestures, such as the most and second most agreed gestures, to one referent)
may greatly increase guessability (Wobbrock et al., 2005, 2009). This would enable
users to use the gesture they are most familiar with, and thus flatten the learning curve
and increase memorability of the gesture set. However, attentive care should be given
to avoid to avoid overloading gestures.

(a) Previous. (b) Next. (c) Enable fullscreen. (d) Disable fullscreen.

(e) Zoom in. (f) Zoom out. (g) Volume up. (h) Volume down.

(i) Rotate clockwise. (j) Rotate anti-clock. (k) Play/pause. (l) Like.

(m) Dislike. (n) Fast forward. (o) Rewind. (p) Pan.

Figure 4.: Illustrations of gestures mapped on each function in the Lui application.

4.1.2. Gesture Set Design

The Lui gesture set (Fig. 4 and Table 2) resulting from the contextual GES consists
of gestures selected following four guidelines inspired by the literature (Morris et al.,
2010; Wobbrock et al., 2005, 2009; Dingler et al., 2018):

(1) Favor the most agreed gestures, as this usually results in flatter learning curve
and higher memorability (Wobbrock et al., 2005, 2009; Dingler et al., 2018). For
instance, we selected “flick left” instead of “flick right” for the “next” function,
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as the former was proposed by more participants.
(2) Prefer gestures that are less physically and mentally demanding to limit frustration

and fatigue (Morris et al., 2010). For example, we favored one-handed over two-
handed gestures.

(3) Map similar gestures to similar functions, independently of the media to increase
memorability and flatten the learning curve (Dingler et al., 2018). For instance, we
selected the same gesture for zooming in a photo/in a map and used symmetrical
gestures for going to the previous/next item in a list.

(4) Map unique gestures to different functions occurring in a same context to avoid
conflicts where one gesture would trigger multiple functions (Wobbrock et al.,
2005; Dingler et al., 2018).

Together, these guidelines enabled us to build a conflict-free, highly guessable, and
memorable gesture set which minimizes end-users’ mental and physical effort. The
“pan” gesture was added later as part of the Maps application, but was not part of the
elicitation study.

Figure 5.: Aigner classifi-
cation.

Elicitation Recognition

Action Gesture Category Name Type

Previous Flick right Stroke semaphoric Flick right Traj./dynamic

Next Flick left Stroke semaphoric Flick left Traj./dynamic

Enable fullscreen Tap Pointing Tap Traj./dynamic

Disable fullscreen Flick up Stroke semaphoric Flick up Traj./dynamic

Zoom in Pinch out Manipulation Pinch Pose/static

Zoom out Pinch in Manipulation Pinch Pose/static

Volume up Swipe up Manipulation Point index Pose/static

Volume down Swipe down Manipulation Point index Pose/static

Rotate clockwise
Rotate a knob
clockwise Manipulation Grab Pose/static

Rotate anti-clockwise
Rotate a knob
anti-clockwise Manipulation Grab Pose/static

Play Tap Stroke semaphoric Tap Traj./dynamic

Pause Tap Stroke semaphoric Tap Traj./dynamic

Like Thumbs up Static semaphoric Thumb Pose/static

Dislike Thumbs down Static semaphoric Thumb Pose/static

Fast-forward Swipe left Manipulation Point index Pose/static

Rewind Swipe right Manipulation Point index Pose/static

Pan – – Point index Pose/static

Table 2.: Classification of Lui gestures.

4.1.3. Gesture Classification

After designing a consistent and memorable gesture set, the next step was to implement
an appropriate pipeline for recognizing these gestures. As such, we first attempted to
classify each gesture according to Aigner et al.’s HCI-oriented gesture taxonomy (Aigner
et al., 2012). While several multidisciplinary taxonomies exist in general for classifying
gestures, including Kendon’s taxonomy (Kendon, 1988) and McNeil’s taxonomy (Mc-
Neil, 1995), we rely on Aigner’s classification as it identifies gesture classes suitable
to the specific field of HCI by empirically validating 5,500 collected gestures on in-
teractive functions without accompanying them with speech. Indeed, (Ekman, 1969)
characterize human gestures according to three fundamental considerations, i.e., origin,
usage, and coding, and structure them into idiosyncratic, interactive, informative, and
communicative classes. Kendon (Kendon, 1988) structures gestures along a continuum
based on speech: gesticulation (beat, cohesives), language-like (iconic), pantomimes,
emblems (deictic), and sign language (symbolic). McNeill (McNeil, 1995) structures
gestures into iconics, metaphorics, beats, cohesives, and deictics. By analyzing each
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Figure 6.: The Lui gesture recognition pipeline.

gesture and its effect on the application, this step helped us create a gesture recognition
pipeline that is well-suited to the Lui application. Table 2 summarizes the results of
our classification and details how each gesture should be recognized.

Eight of the 16 elicited gestures are classified in the manipulation category, which
are gestures for manipulating media objects in a short feedback loop. The gesture
effect on the object is perceived in real time while the user is performing it, with low
latency (Aigner et al., 2012) (e.g., a response time of 0.1 sec to perceive interaction as
a direct manipulation and 1 sec to keep it seamless (Nielsen, 1994)). Other authors
estimate the response time as follows: (Cheng, 2017) situates the best compromise
around 500 ms with a recognition rate above 90%, while (Annett et al., 2014) report
that end-users perceive a response time of 50 ms for inking tasks on a touch-sensitive
surface. As an example of direct manipulation, the size of an image should change
proportionally to the thumb-index distance while the user is performing a pinch in or
pinch out gesture. For these gestures, the hand pose conveys the meaning of the gesture.
They can thus be recognized by analysing the user’s hand pose at each frame in real
time. Six gestures are considered as stroke semaphoric and two are considered as static
semaphoric. Semaphoric gestures are hand poses and movements used to convey a
specific meaning, often unrelated to the gesture. They can be further divided into three
categories, including static (if the meaning is entirely conveyed by the hand pose) and
strokes (which consist of single stroke hand motions) (Aigner et al., 2012). The stroke
semaphoric gestures could be recognized by analyzing the hand trajectory over time,
while the static semaphoric gestures could be recognized by analyzing the user’s hand
pose. One gesture belongs to the pointing category, i.e., gestures which indicate objects
and directions (Aigner et al., 2012). Indeed, to enable fullscreen, the tap gesture acts
as a selection method, as users first need to hover their finger above the selected item
before performing the gesture. This gesture could be recognized similarly to the stroke
semaphoric gestures.

4.2. LUI Software Architecture and Implementation

The Lui software architecture relies on a flexible pipeline workflow for gesture recog-
nition divided into the following steps, each being encapsulated into one or many
alternative modules (Fig. 6):

(1) Acquisition. An LMC acquires raw data at the rate of 60 frames per second.
The Sensor interface parses each frame into a simple, reusable format, and
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Recognizer Gesture class Global accuracy
Time

Name A Flat Point Pinch Grab Thumb Idle Mean SD

$P3+ 6 99.7% 100.0% 100.0% 100.0% 100.0% 100.0% 99.9% 0.1% 0.15ms

$P3+ 16 100.0% 99.9% 99.7% 100.0% 100.0% 100.0% 99.9% 0.1% 0.46ms

GPSDa 6 99.6% 99.0% 98.3% 99.9% 98.2% 100.0% 99.2% 0.8% 0.04ms

GPSDa 16 99.6% 99.8% 99.4% 100.0% 99.5% 100.0% 99.7% 0.3% 0.22ms

Table 3.: Recognition rate of each static recognizer, for T=128. Accuracy higher than
98% is highlighted in blue.

forwards them to the next module.
(2) Recognition. The Static recognizer analyses each frame to extract the hand

pose (i.e., static gesture) contained, whereas the Dynamic recognizer analyses
a sequence of frames to determine the hand motion (i.e., dynamic gesture) con-
tained in that sequence. Disambiguating static from dynamic gestures represents
a key factor to send the gesture candidate to the right recognizer(s) by selecting
algorithms specifically tailored for each gesture type. Each training dataset can
be modified without affecting the rest of the pipeline. End-users can change the
gesture assigned to a function and developers have support for new gestures.

(3) Segmentation. Before a dynamic gesture can be recognized, it first needs to be
extracted from the raw stream of data. The Segmenter collects frames from
the LMC and extracts (i.e., segments) the sequences of frames that correspond
to a gesture intended by the user.

(4) Front end. Gestures can be assigned effects on the UI that are triggered each time
the gesture is recognized. For instance, the Pinch static gesture rotates a picture
depending on the rotation of the hand and the tap dynamic gesture open an
application, display fullscreen, or play/pause a video, depending on the context.

4.3. LUI Pipeline Configuration

We now motivate our choice of modules for the Lui gesture recognition pipeline.
We conduct a comparative testing of static and dynamic gesture recognizers (see
(Magrofuoco et al., 2021) for a survey in 2D) and discuss the use of a sliding window
for gesture segmentation.

4.3.1. Static Gestures

Two static gesture recognizers were tested on a custom gesture set containing six types
of poses (grab, pinch, point index, flat hand, thumb, and rest) acquired from one
participant. Each pose was performed in various orientations and scales, resulting in
more than 1000 templates per class. There are three independent variables:

• Recognizer: a nominal variable with two conditions, representing the static
recognizers tested (Appendix B.1): GPSDa, a custom recognizer with α=0.65)
and $P3+, adapted from (Vatavu, 2017).
• Number of Articulations: a numerical variable with two conditions, repre-

senting the number of articulations for the recognizers (Fig. 6): A∈{6, 16}.
• Number of Templates: a numerical variable with eight conditions, repre-
senting the number of templates used to train the recognizers: T∈{1, 2, 4, 8,
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16, 32, 64, 128}.

The testing procedure is as follows: for each recognizer, for each value of A and T ,
and for each gesture class, we repeat 1000 times: (1) select a random testing template
from the gesture set; (2) train the recognizer using T randomly selected templates,
produced by the same user as the testing template (user-dependent testing); and (3)
recognize the testing template. This experiment shows that GPSDa behaves differently
than $P3+ (Table 3): GPSDa performs better with a larger number of articulations,
while the opposite occurs for $P3+. GPSDa performs better than $P3+ with a small
number of templates (e.g., with 4 templates, GPSDa (A=16) reaches 91.0% accuracy
against 87.1% for $P3+ (A=6)), but $P3+ starts performing better as the number
of templates increases. Both recognizers achieved >99% accuracy with 128 training
templates. Despite $P3+ being very slightly better in the benchmark, GPSDa was
selected for the Lui application as its rotation invariance gives it an edge in real-world
situations (e.g., when the user’s hand is rotated relative to the training samples).

4.3.2. Dynamic Gestures

Similarly to the static gesture recognizers, eight dynamic gesture recognizers were
tested on the Lui gesture set to determine the best suited recognizer. The gesture set
contains four types of pre-segmented dynamic gestures, i.e., flick left, flick right, flick
up, and tap, acquired from four participants. Gestures were performed four times by
each participant, giving 16 templates per class. There are three independent variables:

• Recognizer: a nominal variable with five conditions, representing the dynamic
recognizers tested: 3¢ (Caputo et al., 2017), $P3 (adapted from (Vatavu, 2012)),
$P3+ (adapted from (Vatavu, 2017)), $Q3 (adapted from (Vatavu et al., 2018)),
and Jackknife (Taranta et al., 2017). The recognizers are detailed in Appendix B.2.
• Number of Articulations: a numerical variable with three conditions, repre-
senting the number of articulations taken into account by the recognizers (Fig.
6): A∈{1, 6, 16}.
• Number of Templates: a numerical variable with four conditions, representing
the number of templates used to train the recognizers: T∈{1, 2, 4, 8}.

The testing procedure is similar to the one used for static recognizers: for each recognizer,
for each value of A and T , and for each gesture class, we repeat the three following steps
1000 times: (1) select a random testing template from the gesture set; (2) train the
recognizer using T randomly selected templates produced by different users than the
testing template (user-independent testing); and (3) attempt to recognize the testing
template. Each template was first resampled to 16 points.

Because the dataset includes only four simple gestures, the recognition rates are
very high for most recognizers even with very few training templates (Table 4, T=8).
Jackknife already reaches 100% with one training template, and accuracy for all
recognizers generally increases with the number of training templates. Jackknife (A=1)
was selected as the dynamic recognizer for the Lui application, as it maximizes accuracy
and minimizes the execution time on this dataset.

4.3.3. Gesture Segmentation

A simple sliding window was selected for gesture segmentation. To limit the number
of false positives, it was combined with two other techniques: (1) a motion rejection
threshold to reject small hand motions such as hand tremors, and (2) a rejection
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Recognizer Gesture class Global accuracy
Time

Name A Flick up Flick left Flick right Tap Mean SD

3¢ 1 100.0% 97.2% 100.0% 100.0% 99.3% 1.4% 0.78ms

$P3 1 100.0% 67.7% 70.1% 100.0% 84.5% 18.0% 0.33ms

$P3 6 94.3% 91.5% 80.3% 99.9% 91.5% 8.2% 0.38ms

$P3 16 91.9% 99.9% 90.8% 100.0% 95.7% 5.0% 0.28ms

$P3+ 1 100.0% 58.9% 53.5% 100.0% 78.1% 25.4% 0.05ms

$P3+ 6 99.9% 85.8% 78.1% 100.0% 91.0% 10.9% 0.06ms

$P3+ 16 100.0% 94.2% 83.0% 100.0% 94.3% 8.0% 0.10ms

$Q3 1 100.0% 65.9% 36.1% 100.0% 75.5% 30.8% 0.91ms

$Q3 6 100.0% 82.1% 71.6% 100.0% 88.4% 14.0% 1.03ms

$Q3 16 99.2% 90.8% 75.2% 100.0% 91.3% 11.5% 0.97ms

Jackknife 1 100.0% 100.0% 100.0% 100.0% 100.0% 0.0% 0.04ms

Jackknife 6 100.0% 100.0% 100.0% 100.0% 100.0% 0.0% 0.10ms

Jackknife 16 100.0% 100.0% 100.0% 100.0% 100.0% 0.0% 0.19ms

Table 4.: Recognition rate of each dynamic recognizer, for T=8. Recognizers with a
global accuracy higher than 98% are highlighted in blue.

threshold based on the score returned by the recognizers, to reject gestures that are
performed poorly. Sliding window is easy to implement, fast to execute, requires no
specific user input, and has already been combined with recognizers such as Jack-
knife (Taranta et al., 2017) and 3¢ (Caputo et al., 2019). However, it is very sensitive to
parasitic gestures, which may hinder the user experience. In the future, more advanced
segmentation techniques (Kratz & Back, 2015; Chen et al., 2016; Taranta et al., 2021)
could be incorporated into a new module without requiring any code modification.

5. LUI Final Evaluation

This section reports the results of an experiment performed on the third Lui version,
according to a procedure inspired by (Vogiatzidakis & Koutsabasis, 2022).

5.1. Participants

A stratified sampling of 17 participants (8 females and 9 males), aged between 22 and
65 years old (M=37.5, SD=15.3 years) was randomly selected from a list of volunteers
to balance between genders, backgrounds, and ages (Table 5). All participants were
right-handed and all of them used smartphones on a daily basis. All but one participant
(1617=94.1%) used computers at least once a week, and only two participants ( 2

17=11.8%)
frequently used gestural interaction. Occupations included student, researcher, employee,
computer scientist, physiotherapist, and accountants.

5.2. Apparatus

The experiment involved multiple devices, including a large TV screen for displaying
the Lui application and tutorial videos (Fig. 7), an LMC for capturing the participants’
gestures, and a laptop for running the Lui application and controlling the experiment
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Gender Female Male

Background Technical Non-technical Technical Non-technical

Age ≤ 30 y.o. > 30 y.o. ≤ 30 y.o. > 30 y.o. ≤ 30 y.o. > 30 y.o. ≤ 30 y.o. > 30 y.o.

#participants 2 2 2 2 2 2 2 3

Table 5.: Distribution of the participants in our study.

with a custom software. A camera was positioned to record both the participants’
hands and the TV screen. The Lui application was configured to record the logs of the
gestures recognized by the system. Participants were installed at a desk and faced a
large screen situated at around two meters on the opposite side of the desk. The LMC
was positioned in front of them.

(a) Tutorial video playing on the screen. (b) Participant performing a gesture.

Figure 7.: The setup of the experiment.

5.3. Protocol

The experiment consisted of two sessions conducted on separate days. The interval
between the first and the second sessions of a participant ranged from 3 to 14 days
(M=7, SD=2.2 days).

5.3.1. Session 1 (Discovery and Short-term Memorability)

The first session was aimed at introducing Lui to participants and evaluating its user
experience and the short-term memorability of its gesture set. It consisted of six phases:

(1) Consent form and demographic information. The participants were introduced
to the procedure and informed that they could choose to leave the experiment at
any time. They were then invited to sign a GDPR-compliant consent form and
fill in a demographic survey with information such as their age, gender, level of
education, occupation, digital skills (Rose et al., 2012), and previous experience
with technologies such as smartphones, computers, and gestural interaction.

(2) Discovery phase. Participants interacted freely with the Lui application for
three minutes, starting from the app menu. They did not receive any specific
instructions or information about the interface, except that it was controllable
using the movements of the right hand above the sensor, without touching any
surface. This phase served as a first introduction of Lui to the participants.

(3) Learning phase. This phase served to teach the gestures to the participants and
let them familiarize with the system. The participants were given 17 tasks in
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Id Task Target(s) Gestures

A1 Previous Photo/video/document/page Flick right

A2 Next Photo/video/document/page Flick left

A3 Enable fullscreen Photo/video/document/app Tap

A4 Disable fullscreen Photo/video/document/app Flick up

A5 Zoom in Photo/document/map Pinch out

A6 Zoom out Photo/document/map Pinch in

A7 Volume up Video Swipe up

A8 Volume down Video Swipe down

A9 Rotate clockwise Photo/document Rotate a knob clockwise

A10 Rotate anti-clockwise Photo/document Rotate a knob anti-clockwise

A11 Play Video Tap

A12 Pause Video Tap

A13 Like Photo Thumbs up

A14 Dislike Photo Thumbs down

A15 Fast-forward Video Swipe left

A16 Rewind Video Swipe right

A17 Pan Map Move hand while pointing index

Table 6.: The 17 atomic tasks, potential target content, and associated gestures.

a random order (Table 6). Each task was read aloud by the experimenter, who
then played a short tutorial video of the associated gesture (Fig. 7a). The use
of videos ensured that all participants received the same instructions. Once the
tutorial finished playing, the experimenter loaded the associated page of the Lui
application and prompted the participants to perform the gesture in order to
complete the task (Fig. 7b). Participants could re-watch the tutorial videos as
many times as necessary. If a participant accidentally left the current page (e.g.,
by performing the wrong gesture), the experimenter informed them and re-loaded
the correct page.

(4) Resting phase. Participants were given five minutes to rest in a separate room.
(5) Testing phase. This phase aimed to evaluate the short-term memorability of

the gesture set by asking participants to perform 20 tasks with no external
help. The participants first completed 17 atomic tasks (Table 6) in a random
order, following a similar procedure to the learning phase: the experimenter
first read the task aloud, loaded the associated page of the Lui application,
and prompted the participants to perform the gesture. The target content was
randomly selected for each task (e.g., for the “zoom in” task, the target could be a
picture, a document, or a map) and the tasks were grouped by target content. The
participants then performed three compound tasks (Table 7). For each compound
task, the experimenter read the task aloud, loaded the application menu, and
prompted the participants to perform the task. Participants could request the
experimenter to repeat the instructions or to go back to the application menu.

(6) Questionnaire. After completing the testing phase, participants were asked to
complete a questionnaire consisting of seven UEQ+ scales (Section 5.4).

5.3.2. Session 2 (Long-term Memorability)

Session 2 was much shorter than the first session and consisted of only three phases:
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Id Task Instructions Required actions

C1 Maps In the Maps app, move and enlarge the map so that
the two blue markers are situated at the left and
right sides of the screen.

Enable fullscreen, zoom
in, pan

C2 Photos In the Photos app, manipulate the windmill painting
so that the author’s name is the right way up and
large enough to be easily readable.

Enable fullscreen, next,
zoom in, rotate clockwise
and/or anticlockwise

C3 Videos In the Videos app, find the words pronounced
halfway through the “sea turtles” video. Fast-
forward through the video to get to the right part.

Enable fullscreen, next,
play, fast-forward

Table 7.: The three compound tasks and the minimum set of actions required to
complete each task.

(1) Introduction. Participants were welcomed and reminded of the procedure, in
particular, that they could leave the experiment at any time.

(2) Testing phase. This second testing phase served to evaluate the long-term memo-
rability of the Lui gesture set. We followed the same procedure as in the testing
phase of the first session.

(3) Questionnaire. At the end of the session, participants were asked to fill in the
same UEQ+ questionnaire (Schrepp et al., 2019) as they did in the first session.

5.4. Metrics and Data Collection

We collected a set of metrics for the learning and testing phases of both sessions to
give us insight into the performance and usability of the system:

(1) The Task Success rate measures the percentage between the number of suc-
cessful tasks (i.e., the gesture is correctly remembered, produced, and recognized)
and the total number of executed tasks. An atomic task was considered successful
if it was correctly executed within a maximum of four trials. Regarding compound
tasks, the number of trials was not limited since they required participants to
perform several gestures in an undefined order. We thus considered a compound
task unsuccessful only if it was skipped by the participant.

(2) The Number of trials measures the total number of gestures executed for each
task, whether successful, incorrectly recalled, incorrectly executed or incorrectly
recognized by the system.

In addition to these metrics, we collected demographic information from the participants
at the start of the first session. Participants were instructed to filled in at the end of
each session a UEQ+ questionnaire (User Experience Questionnaire) (Schrepp et al.,
2017), a modular extension of UEQ in which we selected 7 scales (i.e., attractiveness,
efficiency, perspicuity, dependability, stimulation, usefulness, and intuitive use) among
20 scales to focus on evaluating the user experience of participants interacting by
gestures with Lui. Each scale is in turn decomposed into four subscales to be evaluated
(e.g., attractiveness is decomposed into four subscales: annoying vs. enjoyable, bad
vs. good, unpleasant vs. pleasant, and unfriendly vs. friendly), each subscale being a
differential scale with 7 points between items of each pair (e.g., annoying o o o o o o o
enjoyable). Finally, we captured video footage of the discovery, learning, and testing
phases of the experiment.
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5.5. Results and Discussion

5.5.1. Task Success Rate

Table 8 gives the success rate for the atomic and compound tasks. Only two atomic tasks
have a success rate below 80% in the learning phase: tasks A4 (disable full screen) and
A9 (rotate clockwise). In the first testing phase, only task A9 has a success rate below
80%, while in the second testing phase, the overall success rate decreases slightly, and
three tasks have a success rate lower than 80%: tasks A9, A10 (rotate anticlockwise),
and A16 (rewind). Overall, the lower success rate of the rotating (anti-)clockwise tasks
may be explained by the high sensitivity of the system to the users’ hand pose. For
instance, if the users’ fingers were too far apart when performing the “grab” gesture,
it was not recognized by the system. To a lesser extent, this high sensitivity may
have affected the recognition of other static gestures (see Table 2), such as in the
“fast-forward”, “rewind”, and “pan” tasks.

Regarding compound tasks, tasks C1 (photo) and C2 (video) had a higher success
rate than task C3 (map) in both the first and second testing phases. The “pan” gesture
used in the Maps application was not elicited, which may have impacted the usability
of the application. In addition, this task required more precision than the other two,
as it required participants to accurately manipulate the map so that two markers were
situated on each side of the screen.

Id Task Learning phase Testing phase 1 Testing phase 2

A1 Previous 100% 100% 100%
A2 Next 100% 94% 94%
A3 Enable fullscreen 88% 82% 100%
A4 Disable fullscreen 76% 88% 100%
A5 Zoom in 100% 88% 94%
A6 Zoom out 94% 94% 82%
A7 Volume up 94% 88% 82%
A8 Volume down 82% 100% 94%
A9 Rotate clockwise 71% 71% 71%
A10 Rotate anti-clockwise 82% 82% 71%
A11 Play 82% 88% 100%
A12 Pause 94% 88% 82%
A13 Like 100% 100% 100%
A14 Dislike 100% 100% 94%
A15 Fast-forward 88% 88% 88%
A16 Rewind 82% 82% 71%
A17 Pan 88% 88% 88%

C1 Photo – 100% 94%
C2 Video – 82% 94%
C3 Map – 76% 65%

Table 8.: Success rate for the 17 atomic and 3 compound tasks.

5.5.2. Number of Trials

Table 9 gives the average and median number of tries needed to successfully complete
the atomic tasks. These metrics are presented for the learning session and the two
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Id Task
Learning phase Testing phase 1 Testing phase 2
Average Median Average Median Average Median

A1 Previous 1,2 1 1,6 1 1,7 1
A2 Next 1,1 1 1,3 1 1,6 2
A3 Enable fullscreen 1,5 1 1,5 1 1,1 1
A4 Disable fullscreen 1,2 1 1,7 2 1,5 1
A5 Zoom in 1,4 1 1,3 1 1,5 1
A6 Zoom out 1,4 1 1,1 1 1,2 1
A7 Volume up 1,3 1 1,3 1 1,1 1
A8 Volume down 2,0 2 1,5 1 1,3 1
A9 Rotate clockwise 2,1 1,5 1,6 1,5 1,9 1,5
A10 Rotate anti-clockwise 1,8 1,5 2,1 1,5 2,4 2,5
A11 Play 1,3 1 2,0 1 1,6 1
A12 Pause 1,4 1 1,5 1 1,8 1,5
A13 Like 1,0 1 1,2 1 1,3 1
A14 Dislike 1,0 1 1,1 1 1,0 1
A15 Fast-forward 1,7 1 1,7 1 1,9 2
A16 Rewind 1,4 1 1,7 1 1,4 1
A17 Pan 1,3 1 1,3 1 1,5 1

Table 9.: Number of trials for successful completion of each atomic task.

testing sessions, allowing in particular to study the memorability of gestures.
As presented, most tasks were completed with a single try. The most problematic

tasks were the rotations, whether clockwise or anticlockwise. We can also observe that
more attempts were needed to pass the tasks in session 2, especially for A1 (previous),
A2 (next), A12 (pause) and A15 (fast forward). On the contrary, the tasks of increasing
or decreasing the volume (A7 and A8) required fewer tries over time.

5.5.3. Results of the UEQ+ Questionnaire

Users’ answers to the 7 selected UEQ+ scales were computed and interpreted with
the UEQ data analysis tool. Fig. 8 represents the mean score for each selected scale
on an interval [-3,...,+3], where a value of -3 expresses the weakest value and +3
expresses the strongest value for both sessions (first in Fig. 8a and second in Fig. 8b).
If we stick to the interpretation that a value greater than or equal to 0.8 represents
a positive evaluation (Schrepp et al., 2017), then all mean scores for session 1 are
considered positive (ranging from M=1.28 for efficiency to M=1.97 for stimulation),
except dependability (M=0.50, SD=2.22) considered as a neutral value. This low value
can be explained by the cognitive destabilization of participants producing these kinds
of gestures for the first time, and being puzzled by them. However, this phenomenon
is observed transiently insofar as the gestures, initially felt to be difficult to produce
because they are unknown, then become more easy to produce. The dependability
experiences a positive increase of 130% (M=1.15, SD=1.80) in session 2. Mean scores
for session 2 are all superior to those obtained for session 1 and range from M=1.15 for
dependability to M=2.21 for stimulation. The mean score for some scales even largely
increased, such as efficiency (from M=1.28 to M=1.60), perspicuity (from M=1.78 to
M=2.07), and intuitive use (from M=1.38 to M=1.79). The KPI (Key Performance
Indicator) computed by UEQ+ Hinderks et al. (2019) started from 1.44 for session 1
to 1.74 for session 2, which confirms the overall positive evolution.
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Figure 8.: Mean score for each scale of the UEQ+ questionnaire.

6. Discussion of LUI Benefits and Limitations

6.1. Benefits

Lui satisfies the three requirements defined in Section 3.3. Each requirement is now
revisited in the light of this work.

6.1.1. Consistency

The Lui gesture set was designed to be consistent across the various types of media
contents, by assigning similar gestures to similar functions, regardless of the media type.
In addition, it is expected to be compliant with end-users’ expectations as the gesture
set was based on a contextual gesture elicitation study. For this purpose, we defined
new media-dependent agreement rates which result into calculating a (in-)consistency
rate.

6.1.2. Continuity

Lui enables continuous interaction with media contents. Its built-in segmentation
module allows the continuous recognition of gestures while they are being issued, without
requiring input from the user, and the static recognizer allows users to manipulate
media objects with immediate and continuous feedback.

6.1.3. Customizability

Lui supports customizability by enabling users to include their own gestures (Coyette
et al., 2007). Thanks to the modular pipeline architecture, customizing the gesture set
is a simple three-step process (Fig. 9) which requires no coding skills, as it does not
alter the Lui code:

(1) Record a few templates for the new gesture using a custom software(Fig. 9a).
(2) Overwrite the old gesture files with the new set of templates (Fig. 9b).
(3) Restart the Lui gesture recognition pipeline to propagate the changes, which

takes ≤ 10 seconds on a modern computer. This includes the time to load the
datasets, train the recognizers on the modifications, connect to the sensor, and
re-initialize the segmentation module.
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Figure 9.: Illustration of the main steps for customizing the Lui gesture set.

6.2. Limitations

6.2.1. Hardware

The LMC hardware was selected for its numerous benefits, such as its accurate tracking
of a large number of hand articulations, its robustness (Weichert et al., 2013), its afford-
ability, and its wide availability. Consequently, the LMC triggered a lot of development
in mid-air gesture interaction (Koutsabasis & Vogiatzidakis, 2019). However, it has
some limitations, including its sensitivity to lighting conditions and self-occlusion as
well as its effective range, which extends from approximately 25 to 600 millimeters
above the device (1 inch to 2 feet). These limitations affect the types of gestures
that can be recognized, limit the context of use of the system, and restrict end-users’
movements. Combining a LMC with a Microsoft Kinect (Marin et al., 2014), a depth
sensor (Marin et al., 2016) or combining LMCs (Kiselev et al., 2019) could address
the problem of occlusion. (Kiselev et al., 2019) showed how three LMC could be
positioned in space to optimize the recognition of 7 hand poses, which are actually
finger poses. Recommendations in terms of distance between the devices are given,
such as, for example, 32 cm on the XY plane. However, they did not test dynamic
gestures. Furthermore, while it is able to track two hands at once, using one LMC
for simultaneous multi-user gesture sensing is not recommended as it may reduce
motion tracking quality (Ultraleap, 2021) and is unpractical due to the LMC’s small
interaction zone. Other vision-based sensors such as the MS Kinect and Kinect v2
support a much larger interaction cone, thus enabling multiuser tracking and the
recognition of whole-body gestures. However, they only track a small set of joints per
hand, which makes them less suited for fine-grained hand gesture recognition compared
to the LMC. Radar and wearable sensors may address some of the issues related to
vision-based sensors such as sensitivity to lighting conditions, weather, and privacy
concerns. However, both suffer from their own shortcomings. Wearable sensors can
provide accurate data and allow users to move around freely, but must be worn by the
user. Radar sensors are sensitive to background clutter and interference, and many
challenges remain regarding their use in gesture recognition (Ahmed et al., 2021).
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6.2.2. Software

While the use of simple template-matching recognizers allows users to quickly and easily
customize the Lui gesture set with their own gestures, properly trained state-of-the-art
machine learning recognizers may be able to accommodate more gesture types and
achieve even higher accuracy. Furthermore, taking into account modifications to the
gesture set requires a restart of the gesture recognition pipeline. Although this process
takes only a few seconds thanks to the use of template-matching recognizers (Brunelli,
2009), as opposed to neural network-based recognizers which may require extensive
re-training before recognizing the updated gesture set (Brunelli, 2009), the need for
a restart could be avoided altogether. Moreover, the customization process could be
further streamlined and simplified by integrating it with the Lui application. This
would allow users to modify the gesture set without leaving the application. In addition,
although some workarounds were implemented (e.g., rejection thresholds), gesture
segmentation is not perfect and parasitic motion may be confused with gestures actually
intended by the user. Users thus still need to be careful while interacting with the
application to avoid triggering actions unexpectedly. Finally, the current version of the
Lui gesture recognition pipeline does not support concurrent interaction from multiple
users. As a result, concurrent gestures from two users will interfere with each other.

6.2.3. Miscellaneous

User fatigue may become a problem during long interactions with Lui, as mid-air
gestures can be more tiring than traditional interaction methods (Siddhpuria et al.,
2017; Jakobsen et al., 2015). In addition, while user-elicited gesture sets have been
shown to improve the immediate usability of an application (Wobbrock et al., 2005), the
GES procedure followed in this paper is not without flaws. Our choice of illustrations of
the referents may have influenced participants’ gesture propositions. The small sample
size of our study may also not accurately represent the majority of the population, as
gesture propositions are affected by participants’ cultural background (Archer, 1997).
Finally, GES’s usually rely on subjective criteria for gesture clustering, which may
further impact their findings (Vatavu, 2019). The customizability of Lui contributes
to mitigating these issues by enabling end-users to define their own gesture set.

7. Conclusion

This paper presented Lui, an interactive application benefiting from a consistent,
continuous, and customizable mid-air gesture interaction for browsing multimedia
objects (i.e., photos, videos, documents, and maps) on a large display based on a
LMC. We detailed the iterative and participatory process of designing this gesture-
based application from the beginning: conducting a contextual gesture elicitation study
instead of separate studies for different media, defining new agreement rates and (in-
)consistency rates to support designing an intuitive gesture set, implementing a gesture
recognition pipeline, performing a comparative testing of selected recognizers on the
resulting gesture set to determine the best pipeline configuration, and evaluating the
final gestural interface with potential end-users of the system. From this evaluation, we
observed that the perceived usability of Lui increased between the two experimental
sessions, even if the participants had trouble remembering some of the gestures.

This work has many potential ramifications, which we intend to investigate in future
work. First, the current version of Lui relies exclusively on one-handed gestures. While
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this choice seems to fit users’ preferences, as most gestures proposed in our GES were
one-handed, this could change depending on the sensor and the context of use. It
would be relevant to implement and evaluate the performance of the system on a
gesture set of two-handed, or even whole-body gestures. In addition, we focused on
a context in which one user controls the system and other users are spectators. In
the future, we plan to investigate multiuser scenarios of two types: (1) a collaborative
scenario, where multiple users cooperate on the same screen by performing gestures
concurrently, and (2) a “talking stick” scenario where each user has the possibility to
interact with the system, but the main control can switch between users (e.g., in a
classroom or an office meeting). These scenarios could be achieved by using one sensor
capable of sensing multiple users concurrently (e.g., a MS Kinect), or a set of sensors,
each capturing gestures from one or more users (e.g., one LMC in front of each seat
at a conference table). Next, we will look into incorporating speech recognition into
Lui, as it could complement mid-air gestures by providing a simple way to execute
complex commands, such as searching for specific content by keywords. Finally, if we
seek to deploy the system on public displays, a number of challenges will certainly arise,
including dealing with users’ privacy concerns and a less forgiving environment. To
answer these challenges, we will investigate other types of sensors, such as radar, which
may be more appropriate in public scenarios, as they answer most privacy issues related
to vision-based sensors and are less sensitive to weather and lighting conditions. UI
elements will also have to be carefully designed to attract users, retain their attention,
and make them aware of the supported gestures.

Beyond the novel measures defined, we would like to further investigate various
forms of agreement among gesture proposals. The agreement rate expresses when pairs
of participants agree on a gesture, whereas the co-agreement rate expresses when pairs
of participants which agree on a gesture also agree on another. This could be extended
by formalizing the various cases when a pair of participants agrees on one gesture
proposal, but not on another, or vice versa. In this way, it is expected to define novel
measures for expressing these cases as well.

The GitHub repository provides access to the ready-to-deploy/use last version of
Lui, along with various modules and files discussed in this paper. We expect to create
a Docker version2 to facilitate this deployment, as this solution enables packaging Lui
as a portable container image to run in any environment consistently according to
deployment standards.
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Appendix A. Contextual Gesture Elicitation Study

This appendix summarizes the contextual gesture elicitation study conducted to elicit
mid-air gestures for multiple media simultaneously (Section 4.1).

Participants. 23 participants (6 females), aged between 18 and 56 years old
(M=27.1, SD=10.2 years), volunteered for the study. Their occupations include stu-
dents and employees, mostly in IT, art, and engineering. All but two of the participants
never used an LMC, but all of them regularly used a computer. Only one participant did
not frequently use a smartphone. 95.7% of the participants (22/23) were right-handed.

Play Restart

Participant #21

301 views

Referent name

Referent function

Participant identifier

Video browsing context

(Re-)start the experiment

Figure A1.: Screenshot of the software for contextual gesture elicitation.

Apparatus. The experiment involved three devices: the LMC to capture participants’
mid-air gesture proposals, a smartphone to record their touch gesture proposals, and a
large screen to display the referents. A laptop controlled the display and recorded the
LMC gestures using a custom software suited for contextual gesture elicitation.

Design. The experiment manipulates one main independent variable:
Referent: a within-subject nominal variable with 18 conditions. Each condition

represents a common task to perform in multimedia environments, such as in a music
player, a video gallery or a PowerPoint presentation: (1) previous; (2) next; (3) enable
fullscreen; (4) disable fullscreen; (5) zoom in; (6) zoom out; (7) volume up; (8) volume
down; (9) rotate 90° clockwise; (10) rotate 90° anti-clockwise; (11) play; (12) pause;
(13) like; (14) dislike; (15) fast forward 5 seconds; (16) rewind 5 seconds; (17) enable
subtitles; and (18) disable subtitles. The number of conditions has been purposefully
kept small by combining similar referents for different contexts together, e.g., there is
no distinction between going to the next picture and going to the next video.

The following measures were employed to evaluate and understand users’ preferences
for gestures captured by the LMC (Gheran et al., 2018):

(1) The agreement rate AR(r) was computed for each Referent.
(2) The Thinking-Time measures the time, in seconds, needed by participants to

propose a gesture for a given referent.
(3) The Goodness-of-Fit represents participants’ subjective assessment, as a rating

between 1 and 5, of their confidence about how well a gesture fits a referent.
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Task. Participants were installed at a desk and faced a large screen situated at a few
meters on the opposite side of the desk. The LMC was positioned in front of them, and
a smartphone was placed on their right. Each participant was presented with a series of
referents in a randomized order. For each referent, participants were asked to propose
a mid-air gesture that fits the referent, in an order determined randomly. Participants’
thinking time was measured for each gesture proposal. No constraint was imposed on
the participants’ choices. After each gesture proposal, the participants estimated its
goodness-of-fit on a Likert scale from 1 (very unsatisfied) to 5 (very satisfied).

Results. 414 mid-air gesture proposals were collected from 23 (participants) × 18
(referents) conditions. These gesture proposals were then clustered into 112 groups of
similar gestures. For this clustering, we distinguished between gestures according to
their direction (i.e., similar gestures performed in different directions are considered
different) but grouped similar gestures performed with different poses together (e.g.,
swiping with a flat hand is considered the same as swiping while pointing the index
finger). Table A1 summarizes the most agreed upon gestures for each referent.

Referent AR (magnitude) First most agreed gesture Second most agreed gesture

1. Previous .498 (H) Flick right Flick left

2. Next .498 (H) Flick left Flick right

3. Enable fullscreen .273 (M) Bring hands further apart Pinch out

4. Disable fullscreen .146 (M) Bring hands closer Pinch in

5. Zoom in .320 (H) Pinch out Bring hands further apart

6. Zoom out .300 (M) Pinch in Bring hands closer

7. Volume up .478 (H) Swipe up Rotate a knob clockwise

8. Volume down .316 (H) Swipe down Rotate a knob anti-clockwise

9. Rotate 90° clockwise .830 (V) Rotate a knob clockwise N/A

10. Rotate 90° anti-clockwise .830 (V) Rotate a knob anti-clockwise N/A

11. Play .190 (M) Tap with the index finger Draw the “play” symbol

12. Pause .166 (M) Tap with the index finger Swipe down with two fingers

13. Like .751 (V) Thumb up N/A

14. Dislike .751 (V) Thumbs down N/A

15. Fast-forward 5 seconds .087 (L) Flick right twice Swipe left

16. Rewind 5 seconds .095 (L) Swipe right Flick left twice

17. Enable subtitles .032 (L) Swipe up Push

18. Disable subtitles .028 (L) Swipe down Pull

Table A1.: First and second most agreed gesture proposals for each referent. Referents
above average agreement rate are highlighted. Magnitude of the Agreement Rate
(AR) (Vatavu & Wobbrock, 2015): L=low, M=medium, H=high, V=very high.

Overall, agreement rates are quite high, between .028 and .83 (M=.366, SD=.268).
These results fit within the reported agreement rates in the literature of gesture
elicitation; see (Vatavu & Wobbrock, 2015) (p. 1332) that summarize agreement rates
of 18 studies. According to the recommendations of Vatavu & Wobbrock (2015) to
interpret the magnitudes of agreement rates, most of our results fall inside the high
consensus (.300−.500) category. These results were confirmed by Kendall’s coefficient
of concordance for estimating the inter-rater reliability: W=.564 (χ2(26)=220.454,
p<.0001, large effect). We computed Cronbach’s α=0.875 and Guttman’s λ2=.989
(with 2,000 iteration) coefficients, which indicate that the internal consistency was
rather reliable among participants of this contextual GES.

Gestures’ Goodness of Fit. Participants rated their gesture proposals with
numbers from 1 (poor fit) to 5 (excellent fit) to denote their confidence in the goodness of
fit of their proposals. Overall, participants were satisfied with their gesture propositions
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as shown by the high average goodness of fit (M=4.21, SD=0.88). Goodness-of-Fit
correlated significantly with the Agreement-Rate (Pearson’s r(N=18)=.711, R2=.505,
p=.00094): referents that reached high agreement rates were assigned gestures that
were rated a good fit (Figure A2).
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Figure A2.: Relationship between Agreement-Rate and Goodness-of-Fit.

Thinking Time. The average thinking time was usually quite low (M=6.15 s,
SD=9.12 s). Thinking-Time correlated significantly with Agreement-Rate (Pear-
son’s r(N=18)=− .620, R2=.384, p=.006) (Fig. A3): the agreement rate decreased for
longer thinking times. A few referents showed considerably higher than average thinking
times: disable subtitles, enable subtitles, and skip backward 5 seconds. These referents
represent tasks that participants are less likely to perform regularly on their devices.

Consistency across Resulting Gestures. To address consistency across gestures
resulting from the elicitation study, we followed a method aimed at categorizing similar
functions for various media types and keeping the same gesture across various media
functions. Fig. A4 depicts for each cell the gesture class identifier (1,...,112) assigned to
each referent for all participants (P1,...,P23) with a color representing the media that
is randomly selected for each participant: orange for photos, yellow for videos, grey for
maps, and blue for documents. Each line of Fig. A4 covers the media suitable for the
intended function. For example, Fullscreen On is applicable for all four media types,
while Subtitles off is only valid for videos.

The rightmost column of Fig. A4 reproduces the agreement rate AR(r), applicable
for all participants, all media by referent (which is referred to as inter-participant,
inter-referent, inter-media rate), along with their magnitude (i.e., low, medium, high,
very high). The maximum rate is obtained for AR(Rotate clockwise)=AR(Rotate
counterclockwise)=.830 with a very high magnitude, while the minimum rate is obtained
for AR(Subtitles off)=.028 with a low magnitude. Overall, an average agreement rate
AR(All)=.366 is obtained with a high magnitude, which is an encouraging result. This
average rate therefore expresses the agreement for all participants, referents, and media
(inter-participant, inter-referent, inter-media).

The leftmost column of Fig. A4 reproduces the co-agreement rate between pairs of
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Figure A3.: Relationship between Agreement-Rate and Thinking-Time.

related referents. The maximum co-agreement rate is obtained for CR(Rotate clockwise,
Rotate counterclockwise)=.830, again with a very high magnitude. The minimum
co-agreement rate is CR(Subtitle on, Subtitles off)=.028, with a low magnitude.

Measures for Media Agreement and Consistency. The agreement rate reported
in the rightmost column in Fig. A4 expresses for each line the inter-participant, intra-
referent, inter-media agreement. As this measure is merged for all media, another
measure AR(rimedia) needs to express, for a given media (i.e., photos, videos, maps,
and documents), the agreement among the media-specific gestures elicited for a referent
(intra-referent in Fig. A4). In addition, I, the inconsistency among these agreement
rates for all media-specific referents is computed as follows:

AR(rimedia) =

∑
Pj⊆Pi media

1
2 |Pj |

(
|Pj |−1

)
1
2 |Pj | (|Pj |−1)

I =
1

AR(rmaxmedia)

√√√√ i∑
j=1

(
AR(rjmedia)−AR(rmmedia)

)2

where media ∈ {photos, videos, maps, document}, rimedia denotes the referent for
which the i media-specific gestures are elicited, Pimedia denotes the set of i media-
specific elicited gestures, |Pj | denotes the number of gestures elicited for the jth

subgroup of Pimedia, AR(rmaxmedia) denotes the maximum agreement rate obtained

for a media-specific referent, and AR(rmmedia) denotes the average agreement rate
obtained for a media-specific referent rimedia. The upper part of the above equation
particularizes the general formula for agreement rate specifically for one media at a
time. The bottom part of the equation computes all deviations of the media-specific
agreements independently of their frequency and normalizes it with respect to its
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Referent \ Participant P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11 P12 P13 P14 P15 P16 P17 P18 P19 P20 P21 P22 P23 AR(r)
Previous 1 1 1 1 1 35 2 2 1 64 1 1 1 1 101 2 1 1 1 1 1 2 1 0.498

Next 2 2 2 2 2 4 1 1 2 63 2 2 2 2 102 1 2 2 2 2 2 1 2 0.498
Fullscreen On 38 38 38 38 38 38 40 72 40 3 47 38 38 38 103 38 40 38 38 71 69 49 56 0.273
Fullscreen Off 70 37 37 43 37 37 39 39 39 4 45 37 70 37 50 37 39 37 17 73 70 48 57 0.146

Zoom in 40 38 38 69 38 72 3 40 40 5 40 40 38 40 101 40 38 40 40 40 40 40 38 0.320
Zoom out 39 37 37 70 37 74 4 46 39 6 39 39 39 39 98 39 37 39 39 39 39 39 37 0.300

Volume Up 63 63 3 3 5 3 3 3 3 3 3 3 12 15 105 3 3 3 38 3 3 3 3 0.478
Volume Down 64 64 14 4 39 4 4 4 4 4 39 4 13 16 105 4 6 4 37 4 4 4 4 0.316

Rotate Clockwise 63 63 63 63 63 63 63 63 63 20 63 63 63 63 106 63 63 63 63 63 63 63 63 0.830
Rotate Counterclockwise 64 64 64 64 64 64 64 64 64 21 64 64 64 64 107 64 64 64 64 64 64 64 64 0.830

Play 50 50 80 6 4 54 72 50 50 77 50 79 50 79 50 50 51 50 78 69 79 11 50 0.190
Pause 50 50 50 5 50 5 72 81 50 70 50 95 50 81 99 50 51 50 93 70 81 95 94 0.166

Like 75 75 82 75 75 75 75 75 75 75 75 75 75 75 108 75 75 75 75 75 75 83 75 0.751
Dislike 76 76 76 76 76 76 76 76 76 1 76 76 76 76 106 76 76 76 76 76 76 96 76 0.751

Fast forward 7 2 1 8 4 2 65 1 2 67 7 18 52 8 100 1 8 2 91 1 7 52 7 0.087
Fast backward 8 1 21 7 3 1 65 2 1 68 8 19 53 7 100 2 1 1 92 1 8 53 8 0.095

Subtitles on 24 25 89 27 5 3 3 87 3 59 5 58 22 30 109 22 85 3 41 42 84 111 61 0.032
Subtitles off 29 26 90 28 6 4 4 88 4 60 6 55 22 34 106 23 86 4 97 27 84 112 62 0.028

Mean 0.366

= Photos = Videos = Maps = Documents

= Low = Medium = High = Very high

0.498

0.126

0.257

0.312

0.830

0.087

0.676

0.059

0.028

CR(r1,r2)

Intra-participant, intra-referent, intra-media Inter-participant, intra-referent, intra-media Inter-participant, intra-referent, inter-media

Inter-participant, inter-referent, inter-media
Media:

Agreement magnitude:

Co-agreement rates

Agreement rates

Figure A4.: (Co-)agreement rates obtained by a contextual GES. The leftmost part
reports the co-agreement between pairs of related referents, while the rightmost part
reports the agreement for each individual referent. This rate is computed independently
of the media types randomly selected for each participant.

Photos Videos Docum.Maps Inconsist. Consistency Consist %
Previous 0.393 0.357 0.714 0.225 0.775 78%

Next 0.393 0.357 0.714 0.225 0.775 78%
Fullscreen On 1.000 0.067 0.067 0.300 0.383 0.617 62%
Fullscreen Off 0.400 0.200 0.000 0.100 0.370 0.630 63%

Zoom in 0.143 0.357 0.524 0.298 0.702 70%
Zoom out 0.107 0.536 0.524 0.372 0.628 63%

Volume Up 0.478 0.000 1.000 100%
Volume Down 0.316 0.000 1.000 100%

Rotate Clockwise 1.000 1.000 0.536 0.219 0.781 78%
Rotate Counterclockwise 1.000 1.000 0.536 0.219 0.781 78%

Play 0.190 0.000 1.000 100%
Pause 0.166 0.000 1.000 100%

Like 0.667 1.000 0.667 0.600 0.156 0.844 84%
Dislike 1.000 0.667 0.667 0.600 0.156 0.844 84%

Fast forward 0.087 0.000 1.000 100%
Fast backward 0.095 0.000 1.000 100%

Subtitles on 0.032 0.000 1.000 100%
Subtitles off 0.028 0.000 1.000 100%

Inconsistency 0.349 0.256 0.318 0.308
Consistency 0.651 0.744 0.682 0.692

Consist % 65% 74% 68% 69%

Inter-participant, inter-referent, intra-media Inter-participant, intra-referent, inter-media

Figure A5.: Inter-media and intra-media agreement and (in)consistency rates.
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maximum. In this way, the inconsistency rate is not bound to how many media types
have been used for a particular function (for example, 8 participants elicited a gesture
for the “Previous” function for photos, 8 for videos, and 7 for documents in Fig. A4.

The inconsistency rate I expresses to what extent there is any discrepancy between
agreement rates in two conditions: among all referents for a given media (columns in
Fig. A5) and among all media for a given referent (rows in Fig. A5). The consistency
rate is therefore computed as the complementary of the inconsistency rate as follows:
C = 1−I. Fig. A5 reports the new agreement and (in-)consistency rates for all conditions
based on Fig. A4, along with their magnitude. For example, participants expressed
a better agreement for the Previous document (AR(previous, doc) = 0.714) than for
Previous photo (0.393) and Previous video (0.357). In some cases, the media-specific
agreement rate could maximal (e.g., AR(fullscreen on,photo)=1 since 6 participants
coincidentally proposed gestures of the same category, as depicted by a green rectangle
on the third line of Fig. A4) or minimal (e.g., AR(fullscreen off, doc)=0 since all 6
participants proposed a different gesture, as depicted by the red rectangle on the fourth
line of Fig. A4). This shows the media-specific agreement rates in extreme conditions.

Overall, the best consistency rates are obtained for videos (74%), maps (69%),
documents (68%), and photos (65%), respectively. For the Previous referent, the inter-
media consistency rate is 78%, which is similar to the one obtained its symmetric
referent Next among all media.
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Appendix B. Description of the Gesture Recognizers

B.1. Static Gesture Recognizers

$P3+ consists of a 3D version of $P+ algorithm (Vatavu, 2017). It is position-,
direction-, and scale-invariant, but not rotation-invariant.

GPSDa is a novel position-, scale-, direction-, and rotation-invariant recognizer for
hand poses regardless of the position of the hand. Its rotation-invariance makes it well
suited to situations where hand poses should be recognized regardless of their direction
(e.g., rotate a picture by performing a grab gesture and gradually rotating the hand).

B.2. Dynamic Gesture Recognizers

3 cent is an optimized 3D enhancement of $1 (Wobbrock et al., 2007) by Caputo et
al. Caputo et al. (2017), which recognizes uni-stroke gestures in two phases: the gesture
is first normalized (similarly to $P) and its distance to each template is then computed
as the sum of the squared distances of corresponding points. The template with the
shortest distance is returned. 3¢ is position- and scale-invariant, but neither rotation-
nor direction-invariant.

$P3 generalizes $P (Vatavu, 2012) towards supporting 3D multi-stroke gestures which
is similar to the $P3D recognizer implemented by (Cook et al., 2016). However, unlike
$P3D, $P3 does not support 3D static poses and 2D dynamic gestures recognition. To
keep memory usage and execution time low, gestures are represented as unordered sets
of points, called point clouds. Gesture recognition happens in two phases: normalization
and cloud-matching. The normalization process is similar to other $-family algorithms
and is divided into three steps: (1) resample the gesture to a fixed number of equidistant
points; (2) scale the gesture uniformly to keep its shape; (3) translate the centroid
of the point cloud to the origin, i.e., (0, 0, 0). The cloud-matching phase matches a
gesture’s point cloud to the point cloud of each template by associating each point
from the template to exactly one point from the gesture. It then computes the resulting
distance, as the sum of Euclidean distances between all pairs of matching points,
and returns the template that minimizes it. This recognizer is position-, direction-,
and scale-invariant, but not rotation-invariant. The modifications to the original $P
algorithm are highlighted in blue. Point is a structure with the x, y, z, and strokeId

properties. Points is a list of Point and Templates is a list of Points with their
associated gesture class data (e.g., the name of the gesture). Please note that the
templates should be pre-processed to improve performance, but this is not shown in
the pseudocode to keep it concise.

$P3Recognizer(Points pts, Templates templates)

1: n← 32 ▷ Number of points
2: Normalize(pts, n)
3: score←∞
4: for each template in templates do
5: Normalize(template, n) ▷ Should be pre-processed
6: d← GreedyCloudMatch(pts, template, n)
7: if d < score then
8: score← d
9: result← template

10: return template
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GreedyCloudMatch(Points ptsA, Points ptsB, int n)

1: e← .50
2: step←

⌊
n1−e

⌋
3: min←∞
4: for i = 0 to n− 1 step step do
5: d1 ← CloudDistance(ptsA, ptsB, n, i)
6: d2 ← CloudDistance(ptsB, ptsA, n, i)
7: min←Min(min, d1, d2)

8: return min

CloudDistance(Points ptsA, Points ptsB, int n, int start)

1: matched← new bool [n]
2: sum← 0
3: i← start
4: repeat
5: min←∞
6: for each j such that not matched[j] do
7: d← EuclideanDistance(ptsA[i], ptsB[j])
8: if d < min then
9: min← d

10: index← j

11: matched[index]← true
12: weight← 1− ((i− start+ n)%n)/n
13: sum← sum+ weight ∗ min
14: i← (i+ 1)%n
15: until i == start
16: return sum

Resample(Points pts, int n)

1: I← PathLength(pts)/(n− 1)
2: D← 0
3: resampledPts← {pts[0]}
4: for each pi in pts such that i ≥ 1 do
5: if pi.strokeId == pi−1.strokeId then
6: d← EuclideanDistance(pi, pi−1)
7: if (D+ d) ≥ I then
8: q.x← pi−1.x+ ((I− D)/d) ∗ (pi.x− pi−1.x)
9: q.y← pi−1.y+ ((I− D)/d) ∗ (pi.y− pi−1.y)

10: q.z← pi−1.z+ ((I− D)/d) ∗ (pi.z− pi−1.z)
11: Append(resampledPts, q)
12: Insert(pts, i, q) ▷ q will be the next pi
13: D← 0
14: else
15: D← D+ d

16: while resampledPts.length ≤ n do
17: Append(resampledPts, pts[pts.length - 1])

18: return resampledPts
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Normalize(Points pts, int n)

1: pts← Resample(pts, n)
2: Scale(pts)
3: TranslateToOrigin(pts, n)

PathLength(Points pts)

1: d← 0
2: for each pi in pts such that i ≥ 1 do
3: if pi.strokeId == pi−1.strokeId then
4: d← d+EuclideanDistance(pi, pi−1)

5: return d

Scale(Points pts)

1: xmin ←∞, xmax ← 0, ymin ←∞, ymax ← 0, zmin ←∞, zmax ← 0
2: for each p in pts do
3: xmin ←Min(xmin, p.x)
4: ymin ←Min(ymin, p.y)
5: zmin ←Min(zmin, p.z)
6: xmax ←Max(xmax, p.x)
7: ymax ←Max(ymax, p.y)
8: zmax ←Max(zmax, p.z)

9: scale←Max(xmax − xmin, ymax − ymin, zmax − zmin)
10: for each p in pts do
11: p← ((p.x− xmin)/scale, (p.y− ymin)/scale, (p.z− zmin)/scale, p.strokeId)

TranslateToOrigin(Points pts, int n)

1: c← (0, 0, 0)
2: for each p in pts do ▷ Compute the centroid
3: c← (c.x+ p.x, c.y+ p.y, c.z+ p.z)

4: c← (c.x/n, c.y/n, c.z/n)
5: for each p in pts do ▷ Translate each point
6: p← (p.x− c.x, p.y− c.y, p.z− c.z, p.strokeId)

$P3+ is a more accurate version of $P3, adapted from $P+ (Vatavu, 2017). It
brings three key improvements to $P3: (1) each point from the template can now be
matched to more than one point of the gesture; (2) the distance between a gesture and
a template takes into account the connections between consecutive points (in the form
of their turning angles); (3) early abandonment of templates. This recognizer shares
the same invariance properties as $P3. We only show the parts that were updated from
$P3. The modifications to the original algorithm ($P+) are highlighted in blue.
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$P3+Recognizer(Points pts, Templates templates)

1: n← 32 ▷ Number of points
2: Normalize(pts, n)
3: score←∞
4: for each template in templates do
5: Normalize(template, n) ▷ Should be pre-processed
6: d←Min(CloudDistance(pts, template, n, score),
7: CloudDistance(template, pts, n, score))
8: if d < score then
9: score← d

10: result← template

11: return template

$Q3 is a 3D variant of $Q (Vatavu et al., 2018), which achieved a 46X speedup
on average over $P with no loss of accuracy. It brings two key changes to $P3: (1)
early abandonment of templates, as soon as the distance exceeds the current shortest
distance; (2) each point cloud has a 16×16×16 3D look-up table (LUT), where each
location (x, y, z) refers to the closest point. These LUTs allow $Q3 to compute a lower
bound of the distance between a gesture and a template in O(n). If it exceeds the
current shortest distance, the template can be rejected without computing the exact
distance. It has the same invariance properties as $P3. We only show the parts that were
updated from $P3. The modifications to the original algorithm ($Q) are highlighted in
blue.

CloudDistance(Points ptsA, Points ptsB, int n, float minSoFar)

1: matched← new bool [n]
2: sum← 0
3: for i = 0 to n− 1 do ▷ Match points from cloud ptsA with points from ptsB;

one-to-many matchings allowed
4: min←∞
5: for j = 0 to n− 1 do
6: d← PointDistance(ptsA[i], ptsB[j])
7: if d < min then
8: min← d
9: index← j

10: matched[index]← true
11: sum← sum+ min
12: if sum ≥ minSoFar then
13: return sum
14: for each j such that not matched[j] do ▷ Match remaining points from cloud ptsB

with points from ptsA; one-to-many matchings allowed
15: min←∞
16: for i = 0 to n− 1 do
17: d← PointDistance(ptsA[i], ptsB[j])
18: if d < min then
19: min← d
20: sum← sum+ min
21: if sum ≥ minSoFar then
22: return sum
23: return sum
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PointDistance(Point a, Point b)

1: return
√
(a.x− b.x)2 + (a.y− b.y)2 + (a.z− b.z)2 + (a.θ − b.θ)2

Normalize(Points pts, int n)

1: pts← Resample(pts, n)
2: Scale(pts)
3: TranslateToOrigin(pts, n)
4: ComputeNormalizedTurningAngles(pts, n)

ComputeNormalizedTurningAngles(Points pts, int n)

1: pts[0].θ ← 0
2: pts[n].θ ← 0
3: for i = 2 to n− 2 do
4: dpX← (pts[i+ 1].x− pts[i].x) ∗ (pts[i].x− pts[i− 1].x)
5: dpY← (pts[i+ 1].y − pts[i].y) ∗ (pts[i].y − pts[i− 1].y)
6: dpZ← (pts[i+ 1].z − pts[i].z) ∗ (pts[i].z − pts[i− 1].z)

7: pts[i].θ ← 1
π arccos

(
dpX+dpY+dpZ

∥pts[i+1]−pts[i]∥∗∥pts[i]−pts[i−1]∥

)

$Q3Recognizer(Points pts, Templates templates)

1: n← 32 ▷ Number of points
2: m← 16 ▷ Size of the LUT
3: Normalize(pts, n, m)
4: score←∞
5: for each template in templates do
6: Normalize(template, n, m) ▷ Should be pre-processed
7: d← CloudMatch(pts, template, n, score)
8: if d < score then
9: score← d

10: result← template

11: return template

CloudMatch(Points pts, Points template, int n, int min)

1: e← .50
2: step←

⌊
n1−e

⌋
3: LB1 ← ComputeLowerBound(pts, template, step, template.LUT)
4: LB2 ← ComputeLowerBound(template, pts, step, pts.LUT)
5: min←∞
6: for i = 0 to n− 1 step step do
7: if LB1[i/step] < min then
8: min←Min(min,CloudDistance(pts, template, n, i, min))

9: if LB2[i/step] < min then
10: min←Min(min,CloudDistance(template, ps, n, i, min))

11: return min
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CloudDistance(Points pts, Points template, int n, int start, float minSoFar)

1: unmatched← {0, 1, 2, ..., n− 1}
2: i← start
3: weight← n
4: sum← 0
5: repeat
6: min←∞
7: for each j in unmatched do
8: d← SqrEuclideanDistance(pts[i], template[j])
9: if d < min then

10: min← d
11: index← j

12: Remove(unmatched, index)
13: sum← sum+ weight ∗ min
14: if sum ≥ minSoFar then
15: return sum
16: weight← weight− 1
17: i← (i+ 1)%n
18: until i == start
19: return sum

ComputeLowerBound(Points pts, Points template, int step, int[] LUT)

1: LB← new float[n/step+ 1] ▷ Multiple lower bounds, one for each starting point
2: SAT← new float[n] ▷ Summed area table for fast computations
3: LB[0]← 0
4: for i = 0 to n− 1 do ▷ First, compute the lower bound for starting point index 0
5: index← LUT [pts[i].x, pts[i].y, pts[i].z]
6: d← SqrEuclideanDistance(pts[i], template[index])
7: if i == 0 then
8: SAT[i]← d
9: else

10: SAT[i]← SAT[i− 1] + d

11: LB[0]← LB[0] + (n− i) ∗ d
12: for i← step to n− 1 step step do ▷ Compute the lower bound for the other starting

points
13: LB[i/step]← LB[0] + i ∗ SAT[n− 1]− n ∗ SAT[i− 1]

14: return LB

Normalize(Points pts, int n, int m)

1: pts← Resample(pts, n)
2: Scale(pts)
3: TranslateToOrigin(pts, n)
4: LUT← ComputeLUT(m, pts, n)
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Scale(Points pts, int m)

1: xmin ←∞, xmax ← −∞, ymin ←∞, ymax ← −∞, zmin ←∞, zmax ← −∞
2: for each p in pts do
3: xmin ←Min(xmin, p.x)
4: ymin ←Min(ymin, p.y)
5: zmin ←Min(zmin, p.z)
6: xmax ←Max(xmax, p.x)
7: ymax ←Max(ymax, p.y)
8: zmax ←Max(zmax, p.z)

9: scale←Max(xmax − xmin, ymax − ymin, zmax − zmin)/(m− 1)
10: for each p in pts do
11: p← ((p.x− xmin)/scale, (p.y− ymin)/scale, (p.z− zmin)/scale, p.strokeId)

ComputeLUT(Points pts, int n, int m)

1: LUT← new int[m, m, m]
2: for x = 0 to m− 1 do
3: for y = 0 to m− 1 do
4: for z = 0 to m− 1 do
5: min←∞
6: for i = 0 to n− 1 do
7: d← SqrEuclideanDistance(pts[i], newPoint(x, y, z))
8: if d < min then
9: min← d

10: index← i
11: LUT[x, y, z]← index

12: return LUT

SqrEuclideanDistance(Point a, Point b)

1: return (a.x− b.x)2 + (a.y− b.y)2 + (a.z− b.z)2

Jackknife is a general-purpose 3D gesture recognizer (Taranta et al., 2017) that
supports any number of articulations. Unlike most $-family recognizers, it represents
gestures as time-series. It uses the nearest neighbor approach, where it compares a
gesture to each template and returns the closest one. It uses Dynamic Time Warping
as a distance measure but applies a series of correction factors to take into account
differences in gesture scale and span. As a result, this recognizer is both position- and
scale-invariant, but neither direction- nor rotation-invariant.
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Appendix C. Initial Gesture Elicitation Studies for Photo- and
Video-Browsing

Two experiments were conducted to determine users’ preferred gestures for browsing
photos and videos. 30 participants (16 female) aged between 18 and 77 years old
(M=34.5, SD=17.5) took part in the photo-browsing experiment. 22 participants (8
females) aged between 15 and 54 years old (M=28.9, SD=12.6) took part in the
video-browsing experiment. Agreement rates ranged between .064 and .690 (M=.205,
SD=.147) for the photo-browsing experiment (Table C1) and between .052 and .593
(M=.229, SD=.162) for the video-browsing experiment (Table C2).

Referent AR (magnitude) First most agreed gesture Second most agreed gesture

1. Pan Photo Gallery Right .251 (M) 1 hand flick Multiple fingers swipe

2. Pan Photo Gallery Left .269 (M) Multiple fingers swipe 1 finger swipe

3. Pan Photo Gallery Up .170 (M) 1 finger swipe Hand rotation

4. Pan Photo Gallery Down .175 (M) 1 hand flick 1 finger swipe

5. Go to Next Page of Photo Gallery .205 (M) Multiple fingers swipe 1 hand flick

6. Go to Previous Page of Photo Gallery .168 (M) Multiple fingers swipe 1 hand flick

7. Zoom in a Photo .338 (H) Splay the hand Bring hands further apart

8. Zoom out a Photo .299 (M) Clench the hand Bring hands further apart

9. Maximize a Photo from Normal View to Full Screen .363 (H) Bring hands further apart Splay the hand

10. Unmaximize a Photo from Full Screen to Normal View .193 (M) Clench the hand Bring hands closer

11. Open Photo Information .308 (H) 1 finger tap Splay the hand

12. Close Photo Information .170 (M) 1 finger tap 1 finger swipe

13. Set Layout to Carousel .099 (L) Hand rotation 1 finger tap

14. Start Slideshow .126 (M) 1 finger tap Hand pose

15. Stop Slideshow .156 (M) 1 finger tap Move flat hand forward/backward

16. Take a Selfie .099 (L) Hand pose 1 finger tap

17. Insert a new Photo .092 (L) Hand pose 1 finger tap

18. Duplicate an Existing Photo .097 (L) 1 finger swipe 1 finger tap

19. Delete an Existing Photo .094 (L) 1 finger swipe Hand pose

20. Crop a Photo .090 (L) Draw Bring hands further apart

21. Resize a Photo .333 (H) Bring hands further apart Splay the hand

22. Rotate a Photo 90° Clockwise .634 (V) Hand rotation N/A

23. Rotate a Photo 90° Counter-clockwise .690 (V) Hand rotation N/A

24. Increase Constrast .071 (L) 1 finger swipe Open arms (with flat hands)

25. Decrease Contrast .064 (L) 1 finger swipe Multiple fingers swipe

26. Dock a Photo .097 (L) 1 finger swipe 1 hand flick

27. Undock a Photo .152 (M) 1 finger swipe Take and throw

28. Like a Photo .218 (M) 1 finger tap Hand pose

29. Search by Criteria .131 (M) Hand pose Draw

30. Share a Photo with Somebody (vocal email) .087 (L) Hand pose 1 finger swipe

31. Convert a Photo into Another Format .115 (M) Bring hands further apart 1 finger tap

Table C1.: First and second most agreed gesture proposals for each referent (photo-
browsing experiment). Referents with above average agreement rates are highlighted in
blue. Notation for the Agreement Rate (AR): L=low, M=medium, H=high, V=very
high (Vatavu & Wobbrock, 2015).
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Referent AR (magnitude) First most agreed gesture Second most agreed gesture

1. Pan Video Gallery Right .433 (H) 1 hand drag 1 finger drag

2. Pan Video Gallery Left .433 (H) 1 hand drag 1 finger drag

3. Pan Video Gallery Up .390 (H) 1 hand drag 1 finger drag

4. Pan Video Gallery Down .390 (H) 1 hand drag 1 finger drag

5. Go to Next Page of Video Gallery .407 (H) 1 hand drag 1 finger drag

6. Go to Previous Page of Video Gallery .329 (H) 1 hand drag 1 finger drag

7. Zoom in a Video .182 (M) 1 hand drag Close one hand

8. Zoom out a Video .242 (M) 1 hand drag Close one hand

9. Set a Video in Full Screen .165 (M) 1 finger tap Drag 1 finger from each hand

10. Unmaximize a Video from Full Screen to Normal View .095 (L) Drag 1 finger from each hand 2 hands drag

11. Play a Video .333 (H) 1 finger tap 1 finger drag

12. Stop Playing a Video .294 (M) Push/pull 1 hand 1 finger tap

13. Move to the Beginning of Video .169 (M) 1 hand drag 1 finger tap

14. Move to the End of a Video .169 (M) 1 hand drag 1 finger tap

15. Open Video Information .117 (M) 1 finger tap Push/pull 1 hand

16. Close Video Information .117 (M) 1 hand drag 1 finger drag

17. Set Layout to Carousel .117 (M) 1 hand drag Tap and drag 1 finger

18. Insert a New Video .078 (L) Push/pull and drag 1 hand Push/pull 1 hand

19. Duplicate a Video .052 (L) 2 hands drag Tap and drag 1 finger from each hand

20. Delete a Video .074 (L) 1 hand drag 1 finger drag

21. Rotate a Video 90° Clockwise .593 (V) 1 hand drag Push/pull 1 hand

22. Rotate a Video 90° Counter-clockwise .593 (V) 1 hand drag Push/pull 1 hand

23. Dock a Video .078 (L) Push/pull and drag 1 hand Tap and drag 1 finger

24. Undock a Video .078 (L) Push/pull and drag 1 hand Close, push/pull and drag 1 hand

25. Like a Video .091 (L) 1 finger drag Push/pull 1 hand

26. Search for a Video by Criteria .082 (L) 1 finger drag 1 hand drag

27. Share a Video with Somebody .082 (L) 1 hand drag Close, push/pull and drag 1 hand

Table C2.: First and second most agreed gesture proposals for each referent (video-
browsing experiment). Referents with above average agreement rates are highlighted in
blue. Notation for the Agreement Rate (AR): L=low, M=medium, H=high, V=very
high (Vatavu & Wobbrock, 2015).
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