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Gelicit: A Cloud Platform for Distributed Gesture

Elicitation Studies

NATHAN MAGROFUOCO, Université catholique de Louvain, Belgium
JEAN VANDERDONCKT, Université catholique de Louvain, Belgium

A gesture elicitation study, as originally defined, consists of gathering a sample of participants in a room,
instructing them to produce gestures they would use for a particular set of tasks, materialized through a
representation called referent, and asking them to fill in a series of tests, questionnaires, and feedback forms.
Until now, this procedure is conducted manually in a single, physical, and synchronous setup. To relax the
constraints imposed by this manual procedure and to support stakeholders in defining and conducting such
studies in multiple contexts of use, this paper presents Gelicit, a cloud computing platform that supports
gesture elicitation studies distributed in time and space structured into six stages:
(1) define a study: a designer defines a set of tasks with their referents for eliciting gestures and specifies
an experimental protocol by parameterizing its settings; (2) conduct a study: any participant receiving the
invitation to join the study conducts the experiment anywhere, anytime, anyhow, by eliciting gestures
and filling forms; (3) classify gestures: an experimenter classifies elicited gestures according to selected
criteria and a vocabulary; (4) measure gestures: an experimenter computes gesture measures, like agreement,
frequency, to understand their configuration; (5) discuss gestures: a designer discusses resulting gestures with
the participants to reach a consensus; (6) export gestures: the consensus set of gestures resulting from the
discussion is exported to be used with a gesture recognizer. The paper discusses Gelicit advantages and
limitations with respect to three main contributions: as a conceptual model for gesture management, as a
method for distributed gesture elicitation based on this model, and as a cloud computing platform supporting
this distributed elicitation. We illustrate Gelicit through a study for eliciting 2D gestures executing Internet
of Things tasks on a smartphone.

Additional Key Words and Phrases: elicitation technique; gesture elicitation study; gesture interaction; work-
flow analysis
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1 INTRODUCTION

The affordability of gesture acquisition technologies, such Microsoft Kinect, Thalmic Myo armband,
Microchip 3DTouchPad, as well as the availability of supporting software, such as MS Surface
gesture collection, Myo armband basic gestures, have launched a new generation of User Interfaces
(UIs) promoting gesture interaction that is important to prototype [36]. Consequently, the interest
for acquiring [52, 69], managing [60], analyzing [13], studying [68], and recognizing [91] gestures
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has significantly increased over years. Yet, system-defined gestures promoted by software vendors
and hardware manufacturers are reported to be difficult to learn [94], remember [65], and reproduce
[33]. Hence, UI designers are progressively turning to a gesture elicitation study to identify and
explore user-defined gestures guessed by real-world end users, especially when they recognize that
designer-defined gestures do not match well with them [63].

A Gesture Elicitation Study (GES) prompts participants to elicit gestures for executing tasks in an
interactive application. Until now, all GES are conducted manually in a physical and synchronous
setup, thus imposing a set of constraints which consume a significant amount of time, efforts,
and resources [4]: participants have to be present for a certain period according to a precise time
schedule in the physical location where the GES is conducted. And so are the stakeholders involved,
such as designers, developers, experimenters, researchers, or investigators.

All GES data are manually captured in paper form and need to be translated into computer files
for further data handling and computation. Once participants have left the room, there is little or
no chance to involve them again in any future discussion or in another experiment. Reusability of
the GES setup and data is compromised by its unique occurrence. If another, perhaps similar, GES
should be conducted, the experimental protocol needs to be redefined and re-run.
To release GES from these constraints, to leverage its capabilities to lead it to its full potential,

Gelicit (Gesture elicitation platform) aims at providing a cloud computing platform for supporting
the full workflow of a GES distributed in time and space, with a unique combination of features:
zero-install cloud computing platform with user accounts, persistent management of gesture data,
support for distributing stages in time and space, flexible GES parametrization, flexible gesture
classification and measurement, computer-aided computation of measures, support for discussion,
and continuity with the rest of the development life cycle.

Hence, the contribution of this paper to the field of Engineering Interactive Computing Systems
(EICS) is threefold:

(1) Gelicit as a metamodel for gesture elicitation: a metamodel covering an array of gestures
ranging from 2D (stroke) to 3D (mid-air) gestures is provided that accommodates various GES
contexts of use. This metamodel is used to structure and implement the Gelicit database for
persistent management of gesture data.

(2) Gelicit as a guiding method: based on the metamodel, the originally defined GES method
is expanded into a new version where each stage can be distributed in time and space
and parameterized depending on the conditions imposed by the context of use, in which
stakeholders can play different roles.

(3) Gelicit as a software supporting the guiding method by enacting its configuration and
automating its stages.

The remainder of this paper is organized as follows: Section 2 demonstrates to what extent GES is
important, frequent, recent, widening in scope, and presents a review of the most relevant software
tools for supporting partially or totally a GES. Section 3 reports on the process for obtaining
Gelicit specifications. Based on these results, Section 4 defines the Gelicit metamodel, its guiding
method supporting software. Section 5 exemplifies the workflow with a study for eliciting gestures
for Internet of Things (IoT) tasks to be executed on a smartphone. Section 6 compare Gelicit’s
benefits and current limitations by classifying them according to the roles of designer, developer,
experimenter, and end user. Section 7 concludes the paper and presents some avenues for future
work based on current limitations.
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2 RELATEDWORK

This section defines the terminology used throughout the paper, discusses some GES background
to give a baseline for reviewing some significant software supporting GES afterwards.

2.1 GES Terminology

We define our terminology based on a reference model structuring any interaction elicitation study,
not just for gestures. A task describes any activity that has to be carried out to fulfill the goals of
end users, real or represented, actual or future. A task set gathers a series of users’ tasks to initiate
an interaction elicitation study. For example, Vatavu and Zaiţi [95] address mid-air gesture input
to control a Smart TV by a set of 21 tasks: open/close a TV set, next/previous channel, volume
up/down/mute, open/hide menu, help, yes/no answer, go to first/second favorite channel, go to
random/#7/#27 channel, open the TV guide, show channels list, and open browser. This task set is
reused in several other studies, such as [31, 93]. Each task set is materialized through a series of
referents depending on the context of use [15] in which a user (e.g., a TV watcher) will carry out
the intended tasks (e.g., select a channel) in a given environment (e.g., a living room).

A referent materializes a task depending on its context of use by providing a scene before and after
carrying out a task, along with a description of the task. A referent therefore avoids to make any
reference to how the task could be carried out (e.g., it does not provide starting gestures for which
there should be some elicitation). An elicited artifact refers to any symbol elicited by an end user to
execute the task based on its referent, e.g., a function key, a command language, a series of actions,
or a gesture for which different representations could be preferred [59]. Each elicited artifact could
be subject to one or many measures that are defined by a measurement method. A measure could be
qualitative (e.g., the subjective user satisfaction) or quantitative (e.g., the complexity of the symbol).
Any such measurement method should be appropriate for the referent provided.

We decompose the whole GES workflow into six stages:
(1) Define a study: covers the expression of all parameters and specifications required to conduct

a GES before it is actually conducted. This potentially includes specifying the task set, the
associated referents, the context of use with its own parameters, and the various data that
need to be collected when running the GES.

(2) Conduct a study: covers the running of the previously defined GES, which results in a series
of elicited gestures along with their associated data.

(3) Classify gestures: covers the classification of previously elicited gestures according to any
classification method, such as based on clustering criteria.

(4) Measure gestures: aims at computing any measure of interest on previously classified or
elicited gestures according to a measurement method.

(5) Discuss gestures: covers the interaction among the stakeholders to come up with a consensus
set of gestures.

(6) Export gestures: covers the conversion of consensus gesture data so as to prepare them to be
integrated into one or many gesture recognizer and/or any module for supporting gesture
recognition.

Gelicit is not aimed at addressing gesture recognition since extensively covered by a large
family of 2/3D gesture recognizers, such as those from the $-family, culminating with its most
recent and fastest member $Q [92]. Rather, Gelicit reused some of these established recognizers,
such as $1 [99] and $N [5]. Consequently, gesture recognizers were not part of this review. Gelicit
is not aimed at supporting any possible interaction elicitation study [4] since they are wide and
deep in scope. Rather, Gelicit only focused on elicitation studies for (some) gestures. Gelicit does
not pretend to support all possible modalities to elicit gestures, like non-touch gestures [6]. Rather,
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it supports some 2D stroke gestures acquired in a HTML5 canvas by any pointing device, 2D1/2
gestures by object tracking, and 3D air+touch [20]. Finally, Gelicit is not aimed at facilitating the
development of gesture-based user interfaces since this is also covered by other works.

2.2 Background on Gesture Elicitation Studies

ManyGES are conducted along dimensions of the context of use [15]: users and their tasks, platforms
and devices, and environments, which are respectively discussed in the next subsections.

2.2.1 With various platforms and devices. Since their inception, GES primarily focused on some
particular computing platform or device, such as tabletops in surface computing [64, 98], smart-
phones in mobile interaction [76], and smart television [25, 95]. Some GES concerned gestures
either for multiple devices at once, such as in Multi-Display Environments [81], Multi-windowing
[51] or across devices, such as for cross-device interaction [69] or between a combination, e.g.,
mobile phones, public displays, and tabletops synchronized [42]. As long as technology progressed,
so were GES for more modern gestures, like on a hologram [100], with augmented reality [73] for
holograms [72], and ring devices [31]. When several devices were exploited simultaneously, the
question of maintaining consistency among gestures immediately arised that requires a transfer
measure[24].

2.2.2 In different environments. Gestures were typically elicited in a particular physical environ-
ment in which devices were determined, such as the steering wheel in a car [26]. The location
in which gestures were issued also played some predominant role, like in public displays where
social acceptance significantly influenced results [74]. When a user migrated from one environment
equipped with a particular device, to another with heterogeneous devices, the question of gesture
knowledge transfer also arised [90].

2.2.3 For multiple tasks. The tasks conducted in the aforementioned environments coul also be
very different, such as tasks for selecting and buying a good in a store through a public display
[30] or opt-in/out for public displays [74]. Space and place had some effect on the engagement of
participants in such studies [3].

2.2.4 For multiple users. GES first targeted users populations with a sampling in a user-independent
fashion (i.e., no particular profile was involved) or user-dependent (particular profiles were stratified).
For instance, some whole-body gestures were elicited by children in [21]. Different types of users
played different roles, with their culture influencing their input [58]. Different parts of the human
body were also subject to GES: [12] studied hand gestures, while [33] compared freehand against
on-skin gestures. This demonstrated that any particular human ability or physical capability or the
deficiency thereof also became the central subject of a GES. Gestures could be also constrained by
type, such as hand gestures [12], foot gestures [27], micro-gestures with one hand only [18] or not,
like in whole-body gestures [21, 77].

2.2.5 GES analyses. GES were considered important for any context of use [96] since they could
be conducted for any combination of users, platforms and devices, and environments. If the study
was not conducted in the right context of use, the risk for producing biased gestures was real [96].
Without any appropriate contextual cue, eliciting user-defined gestures becomes impractical [21].

GES were also frequently conducted since their inception in 2009. A multi-database search
with the query "gesture elicitation study" returned 178 peer-reviewed unique papers until October
20th , 2018, all reporting some GES with variation in terms of users, task, devices, platforms, and
environments: 107 references from ACM Digital Library, 7 other references from IEEE XPlore, 23
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from SpringerLink, 6 from ScienceDirect, and 35 identified by Google Scholar referencing peer-
reviewed papers which did not appear before. The total amount of such studies would probably
have exceeded 200 if master theses, PhD theses, technical reports were counted.
GES continued to be recently conducted an reported. Most of them were published in the last

five years, which was probably due to the pioneer guessability method published in 2005 [97],
subsequently refined in [98] and finally in [93, 94]. Twenty-three GES have been published in
the first half of 2018, the last one being [61], which may be reasonably projected to the forty
GES appeared in 2017. GES have been recently published at premier scientific venues like CHI
[8, 24, 27, 78] and DIS [31, 72], and taught in text books, like [57].

GES saw their aims and scope beingwidenedwith time. Not only other areas close to HCI started
to launch such studies, such as [86] for interactive television (TVX) or [83] for children interaction
design (IDC). But also other disciplines, inside computer science, such as 3D CAD-CAM [43], and
outside, such as communication [43] and medicine [56] for accessing patient records. Studies also
started to appear with multiple contexts of use, from within-subjects [93] to between-subjects [94]
experiments and measures (e.g., comparing female vs male, old vs young) or across devices, like
between smartphones, tablets, and smart glasses [24].

Yet, GES were subject to a debate of open questions. Morris et al. [63] observed that participants
may be subject to a legacy bias when involved in a GES [8]: participants may be inclined to
reproduce what they already know in a previous context of use instead of being creative and
proposing really new gestures for the intended context of use. To address these shortcomings,
two techniques were tested for reducing the legacy bias revealed by [63]: kinesthetic priming and
increased production [34]. Soft constraints are another technique for the same purpose [77]. On
the other hand, a GES could benefit from the legacy bias [41]. Agreement scores [97] and rates [94]
were two measures for estimating the likelihood that pairs of end users would agree or disagree
on their elicited gestures. Other measures have been also computed as agreement measures are
subject to some discussion [88]. In conclusion, conducting a GES represented a significant effort
for identifying user-defined gestures. Although many GES have been reported, it was likely that
future studies will require appropriate support to be conducted in an effective and efficient way, in
particular when multiple contexts of use are entailed [90].

2.3 Background on Gesture Software Support

Several works covered some parts of the GES full process. Therefore, we presented a review of
only related works on gesture software by discussing their capabilities and their advantages,
shortcomings by category.

2.3.1 Gesture Design Tools. They aimed at capturing and manipulating gestures into collections to
organize them and test their recognition with one or several recognizers for design purposes only.
Quill [52] is a Java software helping a single user interface designer to acquire unistroke gestures
and to manipulate them by applying a translation, a dilatation, or a rotation.MAGIC [7] is a design
tool for helping designers in identifying, capturing, and testing motion gestures for games and
for other interactive applications. When a motion gesture has been used in production, a video
recording its recognition is made available to the designer for annotation and analysis. CUBOD
[87] is a design tool for body gestures optimizing the real-time recognition.Myo GestureControl
[1] enables an experimenter to gather surface electromyography gestures acquired by a Thalmic
Myo armband and to classify them with an accuracy that is comparable to other similar devices
in medical applications. While these tools are more focusing on the design stage, they sometimes
consider how to transfer their results to the development stage, thus also touching the category of
development environments.
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Software Define Conduct Classify Measure Discuss Export

Quill Pen-based
gestures

Samples acquired and
managed in the software

Cluster analy-
sis

Gesture file

Magic Motion ges-
tures

Samples acquired in the
software

Retro-
spection

CUBOD Full-body
gestures

Samples acquired in the
software

Real-time
recognition

Gesture
Control

Mid-air ges-
tures

Samples acquired in the
software

Pattern recog-
nition

iGesture Reference
gestures

Test gestures in the soft-
ware

Test bench and
recognition

Database with
event manager

Usi-
Gesture

Unistroke
gestures

Samples acquired in the
software

Levenshtein
recognizer

Gesture set with
packages

Kind-
Dama

Stroke
gestures

Samples externally ac-
quired

Recognition en-
gine

Agreement
rate

Gesture set with
recognizer

Aramis Multimodal
gestures

Samples stored in files Gesture recog-
nition

Gesture set with
fusion engine

MDGG Single-hand
mid-air

Samples acquired in the
software

Multi-Layer
Neu-ral net-
work

Proton++ Multi-touch
gestures

Samples acquired in the
software

Proton++ ges-
tures

Gesture
Coder

Multi-touch
gestures

Demonstrations and dec-
larations in the software

Programming
code

GestIt Multi-touch
gestures

Samples acquired in the
software

GestIt gestures

Pro Ges-
ture

Full-body
gestures

Samples acquired in the
software

Gestures proto-
typed

Gesture
Script

Multi-touch
gestures

Samples acquired in the
software

Rendering
Scripts

Gesture
Wiz

Freeform
gesture
templates

Samples by participants
and MTurk crowd work-
ers

Nearly real-
time recogni-
tion

Conflict
check-
ing

Gesture set with
callback proce-
dure

Gesture
Ana-
lyzer

Multi-pose
gestures

Add poses within the
same application

Hierarchical
clust., video
annotation

Gesture set

Kinect
Analysis

Full-body
gestures

Samples acquired in the
software

Pattern match-
ing

Gesture set

Buzzi Unistroke
single-touch

Samples via Web applica-
tion

Gestures via
web application

AGATe Any gesture
elicited

(co/dis)-
agreement

Gest An-
alytics

Hand gest.
by video

Samples acquired in the
software

Video tagging
and annotation

Crowd
Sensus

Vocal com-
mands

Commands defined in the
application

Comparison in-
terfaces

Agreement
score

Gelicit Task set,
referents,
context
of use,
criteria,...

Elicited gestures by any
registered participant,
distributed in time and
space

Multiple crite-
ria, vocabulary,
and labelling

Agreement
rate, fre-
quency,...

Rating,
rank-
ing,
testing

Consensus set
with recognizer

Table 1. Comparison of related work against workflow stages.
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2.3.2 Gesture Middleware Systems. They aimed at providing an intermediary software layer be-
tween the functional core and the gesture user interface of an interactive application. iGesture
[82] consists of a Java middleware providing an abstraction layer to capture gestures from a pen or
a mouse, to recognize them based on a multi-recognizer approach, and organize them in a gesture
set. Similarly to the previous family, iGesture is focusing on gesture management: gestures are
hard-coded in their own format and cannot be captured and managed by different stakeholders in
parallel since it was not the aim of this middleware. UsiGesture [10], although incorporated in
a workflow with four distinct roles for gesture management, can only be used by a single devel-
oper at once and gestures cannot be captured by different users at the same time. More recently,
KIND-DAMA [60] is an open source modular middleware for developing interactive applications
based on gestures. It also offers an abstraction layer and the concurrent capturing of gestures
by ensuring a transparent communication between devices and applications. As such, a GES can
indeed be supported for its ”Conduct” and the ”Export” stages as demonstrated in a case study,
thus leaving the other stages outside the middleware. Euphoria [80] is a scalable, event-driven
software architecture for designing flexible, heterogeneous, interactions based on gestures acquired
and fused from different sources.

2.3.3 Gesture Development Environments. They aimed at covering as much as possible the develop-
ment life cycle of a gesture user interface of an interactive application, not just designing gestures
as in the first family.

ARAMIS [17] is a development framework that facilitates the development of gesture user
interfaces in ubiquitous computing for wearable devices. It provides a layer for synchronizing
data streams coming from devices and a multimodal fusion engine to manage concurrent inputs.
As such, it is mainly oriented towards the development of gesture-based applications and not for
eliciting gestures, although it also offers an abstraction layer and concurrent capture.

MDDGG [28] aimed at rapidly prototyping gesture user interfaces according to a model-based
gesture navigation design based on state charts. A declarative modeling is used to design and
generate many variants of a gesture-based navigation control with gestures associated to the
following tasks: previous, next, closer, farther, select, and confirm.

Proton++ [40] pursues the same aim in specifying gesture user interfaces but offers three
different programming paradigms: declarative programming, by example, or combined.

GestureCoder [54] facilitated the development of multi-touch gesture user interface also with
these three paradigms. A gesture can be demonstrated in the environment and turned immediately
into code for recognition and integration. The declaration extension enables the developer to specify
high level events and actions, such as ”on recognition of a certain gesture, display concurrently
that artefact”. GestureStudio [55], the successor of GestureCoder, exploited the same paradigms
with a video-editing metaphor. A designer demonstrates any touch gesture of interest (e.g., flick,
zoom) by a video camera, composes complicated behaviors, tests them straightforwardly in the
environment, and exports them as source code to be integrated in a project.

GestIt [84] aimed at modelling gestures for incorporating them in the development by composi-
tion of gestures using temporal and composition operators. Any recorded gesture is then attached
to a user interface model in which dialog feedback is bound to the leafs and nodes of a modelled
decision tree.

Note that Gelicit manages and characterizes gestures for the sole purpose of gesture elicitation,
not for development nor for modeling or composition of gestures as GestIt does. Hence, Gelicit
does not address the problem of granularity: Each gesture is simply captured by its reference points
and no specification is provided. When exported, gestures are delivered according to a single event
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pattern: when gesture is recognized, do [action]. More elaborate events, listeners, or composition
of gestures should be addressed outside the elicitation thanks to other environments like Gestit.

GestureScript [53] enhanced gestures by example through rendering scripts (which contains
synthesized variations of a same gesture and gesture properties that are directly useful for recog-
nizers) and interactively trained parts.

ProGesture [11] supported rapid prototyping of full-body gestures by incorporating themwithin
a gesture-presentation-dialog design space according to a model-based approach. Gestures are
directly captured and assigned to dialog models based on state charts (as in MDDGG) so that they
can be tested and evaluated in their very right context of use.

HGRE [39] enables designers to acquire mid-air hand gestures based on surface electromyogra-
phy by inviting participants to ’play’ a game of reproducing gestures exemplified by a camera. These
samples are directly acquired in the environment and further exploited for gesture recognition.

GestureWiz [85] was the most recent and advanced manifestation of this family. It consists
of an environment for developing gesture user interfaces with rapid prototyping of gestures
based on three stages: 1) a designer records a set of template gestures through the Requester user
interface; 2) a developer maps the recorded gestures to commands of an interactive application
through the library; and 3) a Mechanical Turk crowd worker or a participant tests any gesture for
recognition and comparison with respect to the template gestures. When the gesture is recognized,
the corresponding command is executed; when it is not, the conflict checker helps resolving
ambiguities and assignments.

2.3.4 Gesture Analysis Tools. They aimed at supporting any stakeholder in the ”Measure” stage,
where various measures should be computed on the gestures collected, such as similarity measure
[52], agreement measures [29, 94, 97], and cluster analysis [37].

GestureAnalyzer [37] enabled designers to capture video sessions in which participants elicit
gestures and annotate them afterwards to classify gestures. Since GestureAnalyzer was primarily a
video annotation software, it partially supports the ”Classify” stage, but does not store any gesture
in any other form than video, thus preventing them to reuse the results afterwards, like in the
”Discuss” and ”Export” stages.

KinectAnalysis [67] was a system for recording, analyzing and sharing multimodal interaction
elicitation studies by analyzing gestures produced by a Microsoft Kinect. It is associated with Kinect
software environment, like XDKinect [69].

Buzzi et al. [14] developed a software for capturing unistroke, single touch gestures from three
visually impaired participants each working on their smartphone simultaneously. Their system
consisted of three components: a server dashboard for parameterizing, monitoring, and visualizing
gestures, a custom web application on a smartphone for capturing the gestures parameterized, and
a web server between. The three users were co-located in the same usability laboratory.

AGATe [94] was a C# toolkit running on MS Windows that computes the three scores, i.e.,
agreement rate, disagreement rate, and co-agreement rate based only on gesture ID (no capture
and classification) and counts. Since it is not connected to the rest the workflow, the various
stakeholders, such as the UI designers, are responsible for defining and conducting the method
beforehand and to consolidate the results afterwards.

GestAnalytics [13] was a software for analyzing hand gestures captured by video by offering
the following original features that go beyond a simple video annotation tool: simultaneous video
monitoring, video tagging and filtering. But it is focusing on only one type of gesture and one
medium, without considering the rest of the study.

CrowdSensus [4] was a crowd-based software that enables experimenters to analyze the GES
results more efficiently than manually using the crowd as a reference, subjective human judgment
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and automatic clustering. Different types of agreement, namely based on annealing, offer alternative
ways to estimate agreement between participants. Like GestureWiz, CrowdSensus exploits the
tremendous capabilities of the crowd to reach almost the same conclusion than experts, but faster
and even sometimes more consensually.

3 ANALYSIS AND SPECIFICATIONS OF GELICIT

Prior to designing and developing Gelicit, a series of activities was conducted to inform its analysis
and deliver its specifications. These activities are reported in the next subsections.

3.1 Comparative Analysis of Related Software

We conducted a comparative analysis of GES-related software to determine their facilities. Table 1
compares the works reviewed in Section 2.3 against the six stages defined in Section 2.1: ”Define”,
”Conduct”, ”Classify”, ”Measure”, ”Discuss”, and ”Export”, while Table 2 compares them against
technical parameters. The members of the four aforementioned categories either support some
stages of the GES workflow or pursue another goal such as designing, analysis, and visualization
of gestures. They are not intended to cover the whole GES workflow per se, either physically or
digitally, but they could cover parts of it. Regarding the ”Define” and ”Conduct” stages, all works
directly acquire real gestures of different types, as representative examples.
Therefore, there is no real definition since only the supported gesture types are predefined in

the ”Define” stage and acquired in the ”Conduct” stage. One exception is GestureWiz [85], which
immediately defines a set of template gestures to be reproduced and tested in the ”Conduct” stage.
In contrast, Gelicit covers the ”Define” stage by adopting a specification-based approach in which
essential GES characteristics are first defined before actually conducting the GES. None of these
environments are as parameterizable as Gelicit where a GES can be stored in a configuration file
that can be reused at any time. These environments are often dedicated to a particular gesture type
(e.g., hand), type of users (e.g., visually impaired persons) or device (e.g., Kinect), as opposed to any
context of use in Gelicit. One notable exception is GestureWiz [85] which can be run in multiple
contexts of use. Gelicit supports multiple contexts of use, distributed in time and space.

Regarding the ”Classify” stage, most environments aimed at optimizing gesture recognition and/or
classifying elicited gestures with annotations, tags, comments. In contrast, Gelicit materializes
this stage by enabling any stakeholder to definer her own classification criteria (in the ”Define”
stage) and use them in this stage to precisely classify each gesture against these criteria on-demand.
Indeed, authors rely on varying criteria to classify gestures.

Regarding the ”Measure” stage, some software provide already appropriate means for computing
different measures for assessing the quality of elicited gestures. For instance, AGATe [93] computes
three rates for agreement, co-agreement, and disagreement while [88] prefers Fleiss’s index. Gelicit
aims at incorporating multiple measurement methods.

Regarding the ”Discuss” stage, GestureWiz [85] is the only environment supporting this stage by
offering a conflict checker, which identifies and solves ambiguities, confusions or multiple choices
for gestures elicited. In contrast, Gelicit aims at supporting a discussion between stakeholders
and participants via different means: re-discussing together a subset, rating, ranking.

Regarding the ”Export” stage, examined environments either limit themselves to merely saving
the gesture set in a file, sometime with a package or a library, or go to an entire procedure to
seamlessly ensure the transition between the results obtained and the rest of the user interface
development life cycle. For instance, GestureWiz [85] extracts the resulting gesture set and provides
a library with callback procedure that is ready to run since it was already used during the ”Conduct”
stage when gestures were assigned to tasks. Similarly, Gelicit exports the consensus set with one
recognizer selected among various candidates. Table 2 compares selected works against technical
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Software Devices and modali-
ties

Input format Output format Recognizers

Quill Pen, mouse 2D gestures Raw data (x ,y, t ) Rubine algo-
rithm

Magic Video-based capture 3D motion gestures Raw data (x ,y, z, t ) Own recognizer
CUBOD Video-based capture Full-body gestures Raw data of body Own recognizer
Gesture
Control

Myo armband 3D mid-air hand ges-
tures

(x ,y, z, t ) from gyro-
scope and acceloreme-
ter and (x ,y, z,w, t )
for orientation

Own recognizer

iGesture Pen, mouse, TUIO de-
vices, Wii remote

2D and 3D gestures Raw data (x ,y, z, t ) Rubine, Siger,
Rubine3D

UsiGesture Pen, mouse, trackpad,
and hand tracking

2D multistroke ges-
tures

Raw data (x ,y, z, t ) Levenshtein rec-
ognizer

Kind-
Dama

Stroke gestures 2D multistroke ges-
tures

Raw data (x ,y, t ) $N

Aramis Camera Multimodal gestures Raw data (x ,y, z, t ) Camera-based
recognition

MDGG Glove and camera Unistroke single-hand
gestures

SCXML specifications Neural network
multi-Layer per-
ceptron

Proton++ Multi-touch device Multi-touch gestures Proton++ specifica-
tions

Own recognizer

Gesture
Coder

Multi-touch gestures Demonstrations and
declarations

GestIt Multi-touch device Multi-touch gestures GestIT UI model Own recognizer
ProGesture Camera Full-body gestures State charts Own recognizer
Gesture
Script

Multi-touch device Multi-touche gestures Declarations and/or
demonstrations

Internal recog-
nizer

GestureWiz multi-modal, multi-
device for any device
captured through video

Any stroke drawn in
a HTML5 Canvas, any
2D/3D gesture via a
video stream

Uni- or multi-stroke
gestures from canvas,
static images, ani-
mated GIF files, video
streams

By the crowd or
a Wizard of Oz
selecting the cor-
rect match from
the recorded set

Gesture
Analyzer

Multi-pose gestures Add poses within the
same application

Hierarchical cluster-
ing and video annota-
tion

Kinect
Analysis

Microsoft Kinect Full-body gestures Full body raw data MSKinect recog-
nition engine

Buzzi Smartphone Unistroke single-
touch gestures

AGATe Any device, any modal-
ity

CSV file Agreement measures

Gest Ana-
lytics

Video Hand gestures Hand poses Own recognizer

Gelicit 2D in a HTML5 canvas
by pen, mouse, finger,
trackpad, stylus, 2D1/2
by object tracking
through webcam, and
3D air+touch gestures

Some types of 2D,
2D1/2, and 3D ges-
tures (Fig. 7)

Raw data captured by
device: (x ,y, z,w, t )

$1, $P, !FTL,...

Table 2. Comparison of related work against technical parameters.
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parameters: which device and modalities are supported, what is the input format of gestures
captured, how are they output, and which recognizers are included. Each environment supports its
own set of devices and modalities acquired from two types of sources: by direct acquisition, when
the gesture raw data are acquired directly from the device (which therefore leads to an output
format mirroring these raw data) or by indirect acquisition, when gestures are captured via a camera
(which therefore leads to an output format in animation or video). GestureWiz [85] adopts both
techniques by capturing any gesture from any device and modality via stroke capture and/or video
stream and transforms it into an appropriate format that can be used for gesture matching. Gelicit
adheres to the first technique so that gesture characteristics other than those used for recognition
can be also used for further stages.
Many gesture recognizers progressed with more advanced gesture recognition: the pioneer is

Rubine recognizer [75] with its 13 features captured to recognize gestures, its 3D version [82], the
Siger recognizer1, the Levenshtein recognizer [22], and the members of the $-family: $1 [99] for
unistroke gestures, $N [5] for multistroke gestures, $P [91] for point cloud recognition, and $Q
[92] for optimized articulation-invariant gestures on low-end devices. In particular, Gelicit also
captures gestures with different systems of coordinates, ranging from scalar 3D data to quaternions,
which explains why x ,y, z,w, t are stored, thanks to !FTL, a vector-based stroke recognizer [89].

3.2 Workflow Analysis

In order to better understand how a GES could be conducted and consequently a supporting
software could be analyzed and designers, a focus group was organized to collect data from GES
stakeholders according to the method based on questions/answers [2]. Due to their diversity, a
stratified sampling initially identified 4 roles: a user interface designer responsible for designing the
right gestures for the right tasks for the targeted users, a developer responsible for implementing the
gesture-based user interface, an experimenter setting up and conducting a GES, and a end user of the
expected gesture-based user interface. These roles will be employed in the remainder of the paper,
without imposing any separation of duties. One person may assume different roles alternatively
and one role can be ensured by different people concurrently. Roles are interchangeable.
A random selection on a mailing list of volunteers identified members for each role: designers

(one designer working in a SME selling gesture-based applications on smartphones and tablets and
one designer managingMoodle groups), developers (two independent experiencedWeb applications
developers), experimenter (one psychologist from a full web agency), and end user representative
(one member of a bank user group). All members already participated to a GES. A UI researcher
was responsible for note taking, observation, and tape recording. A moderator, who is a co-author
of this paper, supervised the process. This totals eight members, which is in line with [6, ..., 8], the
recommended size of focus groups [44]. The researcher and the moderator were chosen for their
experience gained through six past GES.

The moderator’s script initially suggested three questions: what task/action do you consider be
part of a software for supporting a GES? What is their frequency and their level of importance?
What is the relationship between these tasks? The discussion was engaged on defining these tasks
with a description and sample related questions. When some tasks/actions emerged with a sufficient
level of distinctiveness and precision, the moderator asked the question ”What is the task flow?”.
The focus group produced a scenario expressed as a textual narration of tasks with their flow.
The researcher took notes on the following aspects: key points for each task/action and their
position in the flow, hints, ideas, and insights suggested by participants for the future software, and
follow-up questions. The outcome of this focus group is therefore a narrative scenario expressing

1See https://msdn.microsoft.com/en-us/library/aa480673.aspx

Proc. ACM Hum.-Comput. Interact., Vol. 3, No. EICS, Article 6. Publication date: June 2019.
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the tasks along with different possibilities to be investigated, which can be expressed as a word
cloud depending on the most frequent responses issued by participants (Fig. 1).
A workflow analysis method [79] was applied to the final scenario in order to recursively

decompose the workflow into stages based on process identification criteria and each process in
turn into tasks based on task identification criteria and workflow patterns [79]. Each task was
subject to task modelling [62] to provide a first idea of how each task should behave from a user’s
point of view. The workflow was modeled according to the [79] method in its corresponding
environment and stored in YAWL format.

Fig. 1. Word Cloud resulting from the focus group.

3.3 Gelicit Requirements

Based on the material from the previous section and our own experience, the following requirements
were stated.

(R1) Zero-install software. All members of the focus group concurred to conclude that a
software requiring no install was of utmost importance to enable any stakeholder to contribute to
a GES without any technical limitation: no setup of any software, no Java Runtime Environment,
no plug-in, no add-on. The services provided by the software should be available over the network
and accessed through any standard web browser that promote use by heterogeneous thin or thick
client platforms (e.g., smartphone, tablet, laptop, and desktop).

(R2) Collaborative management of gesture sets with persistence. A gesture set is defined
as a set of gesture classes, each class being represented by one or many gesture samples. Each gesture
sample should be individually and independently managed according to the CRUDS pattern: Create
a gesture, Read a gesture, Update a gesture, Delete a gesture, and Search for a gesture. Since multiple
stakeholders may play different roles in the workflow, either simultaneously or asynchronously,
access rights should be defined independently for collaboration. In addition, computing and storage
resources should be pooled to serve multiple stakeholders using a multi-tenant model, with different
physical and virtual resources dynamically assigned and reassigned according to user’s demand. In
this way, all GES data should remain persistent, available and accessible for any follow-up, such as
further analysis, within-subjects experiments [94], comparison with other setup, or re-design of an
experiment. Finally, any stakeholder, especially designers, can unilaterally provision computing
and storage capabilities for conducting a larger GES for instance without requiring any manual
intervention.

Proc. ACM Hum.-Comput. Interact., Vol. 3, No. EICS, Article 6. Publication date: June 2019.
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Face‐face elicitation

Same time
(synchronous)

Different times
(asynchronous)

Continuous 
elicitation

Remote elicitation Distributed 
elicitation

Different places
(remote)

Same place
(collocated)

Fig. 2. The four Gelicit configurations for distributing GES.

(R3) Support for distributed GES stages. Each interactive task identified in the workflow can
be carried out according to the four configurations as represented on the time/space matrix in Fig.
2: face-to-face elicitation when all stakeholders are conducting the study in the same place and time
(which is the case currently in all collocated studies [38]), continuous elicitation when stakeholders
continue to proceed with the elicitation in the same place, but not with the same time conditions,
remote elicitation when stakeholders are in different locations (e.g., the end user is not in the same
location as the designer), and distributed elicitation.

Uni‐stroke Multi‐stroke

Uni‐
touch

Multi‐
touch

Single direction Multiple direction

Fig. 3. Gelicit categories of gestures.

(R4) Flexible GES parameterization. To support different elicitation settings, in terms of time
and space [3], in terms of contexts of use [15], each elicitation study should be parameterized into a
configuration file that can be replayed. This configuration file should cover: the contexts of use, the
list of participants, the list of questionnaires before and after the test, the analysis methods, and the
list of referents subject to elicitation. In addition, four categories of gestures should be supported
(Fig. 3): unistroke vs multistroke depending on the amount of strokes involved in the gesture, and
single touch or uni-touch vs multi-touch depending on the amount of simultaneous gestures (e.g.,
three fingers at the same time). A multistroke gesture is issued in any direction.

(R5) Multiple measurement methods for each gesture set. From our review, the agreement
rate as computed by AGATE [94] is definitely the most widely and frequently used measurement
method. Since this rate evolved from a within-subjects version [93] to a between-subjects version
[94], it was expected to accommodate for multiple measurements methods so as to give room for
any future method. In addition, different measurement methods could be applied to different levels
of granularity: to a single gesture sample (e.g., Rubine’s features [75]), to a cluster of gestures (e.g.,
similarity measure [52]), to a class of gestures (e.g., general characteristics), and to a gesture set.

(R6) Computer-aided computation of measures. Beyond the computation of measurement
methods, it is expected that other computations could be performed automatically, like Rubine’s
features for each gesture and other features required for gesture recognition [91].

(R7) Support for discussion towards consensus set. The agreement rates certainly give a
first idea of to what extent an elicited gesture could become a consensus gesture for which a
recommendation may be stated. But there are other possibilities to reach a consensus, like through
a A/B testing. It is expected to launch a discussion with the participants, particularly when the
designer wants to show a small set of elicited gestures to participants and to finally ask them their
rating and/or ranking for this subset before issuing a recommendation.

Proc. ACM Hum.-Comput. Interact., Vol. 3, No. EICS, Article 6. Publication date: June 2019.



6:14 Magrofuoco & Vanderdonckt

(R8) Continuity with the rest of the user interface development life cycle. Once stake-
holders agreed upon a consensus set, it should be exported along with an appropriate gesture
recognizer, such as any member of the $-family of recognizers [92], so as to incorporate it in the
rest of the UI development life cycle.

Stage Define Conduct Classify Measure Discuss Export
R1. Zero-install
R2. Collaborative management
R3. Support for distributed GES
R4. Flexible parameterization
R5. Multiple measurement methods
R6. Computer-aided measurement
R7. Support for discussion
R8. Continuity

Table 3. Level of requirement support for stages: =none required, =minimal support asked, =partial

support asked, =significant support asked, =maximal support asked.

Table 3 qualitatively represents to what extent each stage should be supported by which re-
quirement, ranging from no support to maximal support. (R2) was reported as the most important
requirement from the focus group, with a maximal support for the ”Define” and ”Condcuct” stages,
thus meaning that stakeholders involved in these stages should be enabled to manage data cor-
responding to a definition of a GES configuration and its conducting as much as possible in a
collaborative manner. Every stakeholder should be enabled to play the role assigned in the GES,
but could alternatively switch to another role if needed. (R3) was considered as the second most
important requirement in order to be released form physical constraints for conducting a GES in
the same time and the same place.

(R1) was a natural consequence of (R2) and (R3) since most stakeholders asked for a software
that was ready-to-use and straightforward. Otherwise, they reported that the time gained by
distributing a GES in time and space could be lost y simply installing, configuring, and calibrating
the software. (R4) was considered fourth, again as a consequence of the previous ones: if a GES
should be defined and conducted collaboratively, this would make sense only if the parameters for
regulating a GES could be modified flexibly by authorized and competent persons.

Then came (R6) because the storage of gestures elicited in a database should enable the immediate
calculation of measures needed to estimate the gestures elicited. (R7) came afterwards because it
was estimated that computing measures was a preliminary step for establishing a common ground
for discussion. (R5) was then evoked, but not considered as that important for the moment: people
preferred to rely on a short amount of automated measures to leave the space for future measure
later in the future.

(R8) came last, not because ensuring the continuity with the development life cycle was not
assessed as unimportant, but simply because gestures resulting from the GES was the main goal
to achieve. Manually handling the consensus set was reported to be always manageable in any
circumstances and was assessed as optional.

4 DESIGN AND IMPLEMENTATION OF GELICIT

To fulfill the eight aforementioned requirements, this section defines a metamodel for characteriz-
ing gestures, a guiding method based on this metamodel, a software architecture, and a system
walkthrough for illustration.
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4.1 Gelicit Metamodel

In order to fulfill (R2) and (R6), this section defines a metamodel for characterizing gestures for a
GES (Fig. 4: as such this metamodel is not primarily aimed at expressing gestures for developing
gesture-based interaction, although some parts are common such as capturing gestures.

The topmost concept of interest in the metamodel (Fig. 4 is a gesture vocabulary, hereby referred to
as a set of gesture sets, which is itself further decomposed into classes of a same gesture. For instance,
a gesture vocabulary encompasses all gestures to be shipped with a gesture UI in a certain domain
of application, like sign language. A gesture class gathers all gesture samples captured for this class
in any context of use, where a context of use may instantiate to a particular user profile performing
a set of tasks/actions with a platform/device in a certain environment. A gesture sample is said to
be user-independent, respectively user-dependent when the user model is left undefined, respectively
defined. Each gesture set is optionally further recursively structured into clusters, clusters being
defined by any particular relationship like similarity analysis [52] or category analysis. For instance,
a same gesture set could consist of different alphabets of symbols, each alphabet symbol being
grouped into a cluster for separation of concerns (e.g., uppercase letters, lowercase letters, digits,
punctuation symbols, command gestures). Any gesture set can be created by a registered user who
specifies access rights to any other user, including participants. Gesture dimensionality, modeled
by GestType, covers the configurations of Fig. 3.
A gesture sample is composed of strokes that are binding points. Indeed, each gesture sample

is captured by an input device as raw data as G = {pi=(xi ,yi , zi ,wi , ti )}, i ∈ n={1, ...,n} where
xi ,yi , zi ,wi are the 3/4D coordinates of each gesture point, ti is the time stamp. When a gesture
is captured on an interactive surface, like in pen-based computing, zi and wi are all constant
equal to 0. 4D gestures, such as for ring devices, are captured by quaternions involving both the
zi and the wi . Sometimes ti is optional when the gesture shape matters more than its motion
or ti is fed with a continuous identifier IDi . When a gesture is captured by an input device
with more parameters, like 6DOF (e.g., optical 3D trackers 2), pressure (e.g., the Anoto device 3),
velocity, acceleration, etc., G is then characterized by a n-dimensional vector of properties: G =
{pi=(xi ,yi , zi ,pi1,pi2, ...,pi j , ...,pim , ti )} where pi j denotes the jth property of the ith point. These
properties could be either captured (e.g., 3D coordinates and time stamp) or calculated (e.g., the
velocity is the first derivative of position with respect to time, etc.).

Each gesture class can be captured through one or many gesture samples. Each sample could
be declared position-invariant, respectively scale-invariant and rotation-invariant, if this sample
should be recognized in gesture recognition in any position, respectively after any translation and
rotation. For instance, a gesture representing a human body can be captured once and interpreted
in the same way in any position, scale, and orientation. If this is not the case, Gelicit offers to the
designer the possibility to manually (by clicking on the corresponding icons in the gesture area) or
automatically create more samples with variations of position, scale, and rotation.
To better characterize various dimensions of articulation invariance [92], we define isometric-

ity as the property of a gesture sample or set to hold a set of n-equally distanced points: ∀i ∈

n−1,d(pi ,pi+1) = constant e.g., ∥pi+1 − pi ∥ =
1

n−1
∑n

i=1 ∥pi+1 − pi∥. We define isochronicity as
the property of a gesture sample or set to hold a set of n equally-timestamped points, i.e., ∀i ∈
n−1, ∥ti − ti+1∥ = constant , e.g., ∥ti+1 − ti ∥ =

1
n−1

∑n
i=1 ∥(ti+1 − ti )∥. We also define isoparametriza-

tion as the property of two or more gestures samples or sets to contain the same amount of points,
i.e. ∀G={pi }i=1, ...n , H={qj }j=1, ...,m :m=n. Two gesture sets can be isoparametrized whether they
are isometric, isochronic, or not.

2http://ps-tech.redblom.com/optical-trackers/PSTracking
3http://www.anoto.com
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Fig. 4. Metamodel of Gelicit.
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To specifically address (R3-R5), the metamodel specifies further concepts: any participant in-
volved in an experiment is characterized by an identifier (used for later anonymization and data
privacy), by her general demographic data (e.g., gender, age), by a background (e.g., student, ex-
ecutive, employee, independent, retired, unemployed, or other), and by levels of experience on
various devices on a 5-point Likert scale [50] (1=very rarely to 7=very frequently). Each participant
may issue one or many elicited gestures, a sub-class of GestureSample, which represents any
suggested gesture for a referent in particular context of use (itself specified by its user profile,
platform/device, and environment). For each elicited gesture, Gelicit also records the goodness of
fit [33] (i.e., the participant’s subjective assessment, expressed as a rating between 1 and 10, of their
confidence about how well the proposed gestures fit the referent), the laterality (i.e., left produced,
right produced, bilaterally produced), and the thinking time required to decide a gesture.
A referent is defined as a materialization of a task or action to be executed by an end user in a

certain context of use [97–99]. A referent aims at prompting a participant to elicit a gesture by
providing a representation of the context through three resources (e.g., an image, an screen shot, a
picture, an animation, a video or any graphical resource stored in a file): a resource representing
the state of the context of use before executing the task, an optional resource representing the state
of the context of use during execution, and a resource representing the state after this execution.
By providing the participant with these resources, enough contextual information will be con-

veyed to suggest a gesture. Of course, each referent is only a particular materialization and several
materializations could exist, even for the same context of use. Referents are gathered in a referent set
and each referent correspond to a task, expressed as a simple sentence in action+object paradigm:
the name of an action is to be performed on an object, such as ”open a file”, ”print a document”,
”format a paragraph of text with justified margins”.

Similarly, tasks are gathered in a task set, which can be declared as standard. None of the
software reviewed in Section 2.3 supports the definition and usage of referents for tasks according
to a specification-based approach like that. Each experiment can be defined along with a series
of questionnaires that the participant will be required to fulfill either in pre-test or in post-test
conditions. Each questionnaire consists of a series of closed questions with predefined answers.
Any elicited gesture can be characterized by one or many classification criteria, which are defined
by a name, a description, a series of possible values for a simple or a multiple choice.

The results of each experiment can be subject to one or many measurement methods in order to
fulfill requirements (R5-R6). These measures are computed via the corresponding methods, which
can be extended. For example, the 13 Rubine features [75] are also automatically computed and
stored for each gesture sample in order to fulfill requirement (R6), thus enabling the experimenter
and the designer to produce statistics or to later feed a gesture recognizer.

4.2 Gelicit as a Guiding Method

Fig. 5 graphically depicts how the six GES stages (Section 2.1) could be structured to shape a GES.
The full worfklow consists in enacting all stages in a linear sequence: once a GES is defined, it can
be conducted to elicit gestures that will then be subject to classification, measurement, discussion,
and export. Nonetheless, various organizations and their stakeholders do not always apply all these
stages sequentially. Any stage, apart from the ”Conduct” stage, can be skipped. When the ”Define”
stage is skipped, any gesture can be captured without any restriction. The subsequent stages can
be equally skipped: ”Classify”, ”Measure”, ”Discuss”, and ”Export” are optional and repeatable on
demand. Similarly, once a GES is defined, any stage can be stopped and resumed. The arrow of each
stage in Fig. 5 covers some screenshots manipulating the corresponding classes with the same color
as in the metamodel (Fig. 4). The turquoise-colored stage ”Define” manipulates data belonging to
turquoise classes in the metamodel, such as vocabulary, gesture set, class, experiment.
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Fig. 5. Six-stage GES Workflow in Gelicit.

Proc. ACM Hum.-Comput. Interact., Vol. 3, No. EICS, Article 6. Publication date: June 2019.



Gelicit: A Platform for Gesture Elicitations Studies 6:19

4.3 Gelicit as a Supporting Software

This section motivates the software architecture selected to meet (R1)-(R4) requirements and
justifies why this decision was made. The first subsection covers the backbone structure of Gelicit
by introducing the different frameworks used. The second subsection completes the overview by
describing the various third-party libraries involved in specific parts of Gelicit, so as to make it a
cloud computing software.

4.3.1 MEAN Stack. After studying 4 potential development frameworks to address the requirement,
it was decided that the software architecture is structured according to the ”MEAN” (MongoDB-
Express-Angular-Node) stack architecture [35], a free and open-source JavaScript software stack for
building dynamic web sites. The MEAN software architecture was selected for the following reasons
[35]: (1) all MEAN stack components are open-source and free to use, (2) MEAN is straightforward
to use for both back- and front-end as opposed to using different languages and technologies
for front and back ends; (3) only one language for both server-side and client-side execution is
developed; (4) it enables working on the front-end and back-end of the application using common
languages (JavaScript and TypeScript, respectively), as well as to stay flexible with the diverse
middleware and libraries that we want to use for GES, such as Passport.js, Jwt.io.

4.3.2 Database and Cloud Deployment. MongoDB is a database management system offering a
significant flexibility in terms of data structure, accommodating various records, even at run-time. In
absence of conversion/mapping of application objects to database objects, this mechanism enables
implementing and deploying the database in a cloud-ready format that is compatible with (R1).
The middleware Mongoose for MongoDB was added since it offers out of the box built-in type
casting, validation, query building, and business logic hooks. Coded in Node.js and released in
2011, it has since become the go-to utility library when developing an application connected to a
MongoDB database. We also made use of small, yet efficient, libraries such as JWT.io for securing
user authentication and routing on the platform; cursometer.js for capturing speed when drawing a
gesture; tracking.js for tracking the color used in the webcam-based gesture capture; chart.js for
producing interactive graphics for GES results; and farbtastic.js for the color picker widget used
in gesture drawing. We also relied on Bootstrap, the dynamic cross-platform CSS library. With
its responsive grid system and numerous pre-built and embarked HTML components, it quickly
creates the base structure of our web-pages while remaining extremely customizable. Finally, the
JQuery cross-platform library was used for its HTML document-traversal, animation.

Once these functionalities were settled out and implemented, we deployed the whole Gelicit
application online on Heroku (a cloud application platform, http://www.heroku.com) through
their integrated command line interface Heroku CLI. Heroku is one of the oldest, most renowned,
monitored and stable frameworks available while offering a free solution for emerging applications,
as well as being fully compatible with remote GitHub repositories. Gelicit is consequently deployed
as a Heroku cloud computing software with zero install satisfied (R1,R2), only an account is needed:
http://gestman.herokuapp.com/).

4.3.3 Adding a New Stroke-Gesture Recognizer. Gelicit is today shipped with three stroke-gesture
recognizers: $1 [5], $P [91], and FTL [89]. Any new gesture recognizer, such as $Q [92], can be
added by modifying only a few lines of codes, in addition to providing the JavaScript source code
of the recognizer itself. All gesture recognizers can be triggered in Gelicit via the ”Drawing area”
page. It is possible to choose in the canvas settings which recognizer(s) are used by default, and
then apply it by pressing the ”recognize button” from the toolbar. The recognition process works
as follows: Gelicit trains the recognizer by submitting all the samples of the gesture set to the
recognizer according to a user-dependent fashion, the recognizer attempts to link any gesture
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drawn in the canvas with one of the samples of the set based on its own algorithm. The method to
add a new gesture recognizer in Gelicit consists of performing the following operations:
(1) Add a JavaScript file containing the source code of the new gesture recognizer in the project,

presenting the same data structures than the existing recognizers (Fig. 4).
(2) Add a radio button with the name of the recognizer in the settings of the canvas component.
(3) Adapt the if...else... instructions in the get_points function and recognize functions in recog-

nizer.js file (Listing 1).

Listing 1. If...else... instructions of the Recognize function

f u n c t i o n r e c o gn i z e ( g e s tu r e , g e s t u r e _ c l a s s e s ) {
i f ( o p t i o n s . g e tR e c ogn i z e r ( ) == " $1 " ) {

r e c o g n i z e r = new Do l l a rOneRecogn i z e r ( ) ; }
e l s e i f ( o p t i o n s . g e tR e c ogn i z e r ( ) == " $P " ) {

r e c o g n i z e r = new Do l l a r PRe cogn i z e r ( ) ; }
e l s e i f ( o p t i o n s . g e tR e c ogn i z e r ( ) == " $Q " | | o p t i o n s . g e tR e c ogn i z e r ( ) == " $Q " ) {

r e c o g n i z e r = new Do l l a rQRecogn i z e r ( ) ;
} . . . }

4.4 Gelicit SystemWalkthrough

This section illustrates the most significant portions of the six stages supported by Gelicit. The
first sub-section starts by illustrating the ”Conduct” stage, which is the cornerstone of the whole
workflow. The other stages are then illustrated as they are optional according to the general
workflow (Fig. 5).

4.4.1 The ”Conduct” Stage. This stage consists in creating a new gesture set and populating it by
several users: any logged in user fills the various fields for creating the intended gesture set (Fig.
6a): a name, a description, and the access rights. This mechanism can be specified in three ways:
public when the gesture set can be accessed by any user accessing Gelicit without any registration
(this enables any person to access a gesture set without any restriction and to submit modifications
that are then monitored, accepted or rejected by the owner), Application when the gesture set can
be modified only by Gelicit registered users, and private when the gesture set can be modified
only by Gelicit members who have been invited to join a gesture set by the owner.
Once submitted, the application verifies the data. If everything is compliant, an empty gesture

set is created and made available in the main personal page of the user. Then, any user can request
joining the gesture set freely or privately with the correct password if the set is protected. Inside a
gesture set, any collaborating user is able to select or create a gesture class (samples are assumed
to refer to the same gesture type) and/or cluster (samples or classes are related to each other with
some relationship), and then draw and save gesture samples (Fig. 6).

Fig. 7 reproduces a typical situation where three categories of gestures are acquired in Gelicit:
2D gestures captured in a HTML5 canvas (a) by a pen, a mouse, by one or many fingers, via a
trackpad, a trackball, a stylus, or a penclic, a combined mouse+pen; (b) 2D1/2 gestures by object
tracking through a webcam whose settings are customized to the object color to follow; and 3D
touch (c) + air (d) gestures captured via a 3DTouchPad.
These two last categories result into a path captured and visualized in 3D (e). The main canvas

contains the main menu for managing any sample: clear, recognize by the default recognizer, apply
three basic geometric transformation (a translation, a rotation, a scaling down, a scaling up), and
setting defining default values for their parameters. For instance, a dilation can be defined by default
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a b

Fig. 6. Creation of a new gesture set: (a) definition, (b) classes and clusters.

Clear Recognize Translate Rotate Scale down Scale up Settings

Webcam 
capture

a

b

c

d

e

Fig. 7. Gesture acquisition: (a) main area, (b) 2D1/2 object tracking, (c) touch + (d) air gesture, (e) 3D gesture.

via a constant scaling up with the same aspect ratio. A log file keeps all basic activities performed
by all its users in a history that can be revisited.

4.4.2 The ”Define” Stage. To create a GES, any logged in user accesses the page for defining the
main parameters and provide the various information requested by the form (Fig. 8): the pre/post-
test forms, the set of tasks, the set of referents, the list of participants, and the classification criteria.
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a b c

Fig. 8. Gelicit: Defining a new experiment (a), Adding a participant (b), Defining the settings for a context (c).

Once submitted, the application verifies the data conformity. If everything is compliant, a new GES
is created and made available in the personal page of the user. Otherwise, an error message requires
the user to fix the data. Once displayed in the list, the owner can retrieve, update, edit, search, and
delete any experiment. This leads the user to a new page where new task/referent populate the
experiment. When the various tasks included in the set are complete, it can be validated and made
available to the participants. The experiment is then listed as ”ready” to all the participating users,
who can access it through their personal page. A URL is also automatically created that directly
points out to the GES which can be copied/pasted to invite other participants via external means,
such as distribution lists or social networks.
Fig. 9 depicts how to add a referent corresponding to the task "Indicate a direction", in which a

map is presented with a point of interest before and a second point of interest after, representing the
target to reach. No resource should be displayed while the action is being carried out. In this activity,
a logged in user can select one of its available GES through her personal page. The application
then verifies that the starting date of the experiment has passed but that the ending date has not
come yet, and also verifies that the user did not already participate to the experiment. If these three
conditions are satisfied, the user is then redirected to the elicitation page where she is shown a
series of referents related to several tasks, grouped in task sets, and is asked to draw a number of
samples. If the user does not want or is unable to provide any gesture sample, she is free to skip
the task or even the current task set. Once all the tasks have been reviewed, the user is redirected
to its personal page and the form is submitted to the application which saves all the new samples
and marks the participant as having participated in the experiment.
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Fig. 9. Adding a new referent in a GES.

4.4.3 The ”Classify” Stage. This stage reviews each gesture elicited for each referent by participant
(Fig. 10): at any time, a designer or an experimenter browses the collection of gestures elicited by
participants, one by one. Then, for each referent, all elicited gestures are displayed and subject
to a manual classification. This step is optional for each elicited gesture. For instance, the first
gesture elicited for ”Turn TV on” (Fig. 10) received a score of 100, thus indicating that this sample
is the most appreciated by the participant and will therefore be subject to classification to retain it,
whereas the two others will not. This classification subsumes three activities:

(1) Category assignment: at any time, a gesture category can be created with an identifier and
a name to be assigned to the currently selected gesture. Any already created category is
selected by its identifier.

(2) Descriptive labelling: each collected gesture is classified and guided by a procedure introduced
by Nielsen et al. [71] and used in subsequent GES, such as [81]. Each gesture is described
according to a simple sentence expressing their physical motions and actions rather than the
semantic meaning.

(3) Vocabulary classification: the vocabulary defined through classification criteria is then used
to systematically classify the elicited gesture with keywords corresponding to the possible
values of each criteria.

4.4.4 The ”Measure” Stage. This stage comprises two types of measures: measures related to a
gesture sample and those related to a gesture set. Fig. 11 reproduces some individual measures,
like production time and Rubine’s features [75] for a gesture sample, here a circle. The final results
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Fig. 10. Gesture classification.

Fig. 11. Features automatically computed for a gesture sample.

belonging to the second type are delivered to the stakeholder according to a graphics depicting the
distribution of agreement rates (Fig. 12) implemented in CanvasJs V2.0.24, which can be interactively
browsed for further details. Similarly to Listing 1, Gelicit may incorporate other functions for
computing additional measures. While this method appeared quite efficient at first glance, it later
became clear than a more automated way involving direct file import was possible, which is the
case currently.

4https://canvasjs.com/
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Fig. 12. Results of an elicitation study in Gelicit.

4.4.5 The ”Discuss” Stage. After selecting the candidate gestures that will be further discussed,
e.g., those benefiting from the highest agreement scores, Gelicit considers three mechanisms:
(1) Rating: the subset of elicited gestures feeds a questionnaire asking each participant to review

previously elicited gestures (by her or any other participant) and to rate each candidate on a
5-point Likert scale [50]: how would you rate this gesture? (1=very low to 5=very high, with
3=medium as the neutral value).

(2) Ranking: the subset of elicited gestures feeds a questionnaire where the candidates are
presented simultaneously to the participant who needs to sort them by decreasing order of
ranking, from the most to the least preferred.

(3) A/B testing: two gesture candidates are randomly selected from the subset and presented
together to the participant. By clicking on any gesture, the participant selects the gesture
having the higher value for the acceptability in the pair. For every positive selection, one point
is given to the global gesture score. If the participant is undecided, the possibility is given to
click on the ”It’s a draw” button (Fig. 17), no point is assigned. Two new gestures are further
presented from the subset. To prevent responses biases, the gestures are displayed randomly
and each pair of gestures is verified as being unique to avoid any duplicate. This is repeated
until all gesture candidates have entered in at least one A/B testing. Note that two variants
of this mechanism exists: in the ”Keep-the-Best”, the preferred gesture would be included
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Fig. 13. Gesture discussion.

Fig. 14. Settings for exporting a gesture set

.

in the immediate next round and compared against a new one while, in the ”Tournament”
mechanism, the selected gesture would be added to a winners pool and would resurface in
future comparisons when all other gestures for the same referent had been compared.

4.4.6 The ”Export” Stage. Finally, the owner or the participants of a gesture set are able to export
one, several, or all the gesture classes and samples with some or all their attributes by specifying
corresponding settings (Fig. 14). These two last steps can be repeated any number of time and at
any given moment, independently of the other users of the set. Only the owner of the gesture set
can delete it. An archive of an entire gesture set can also be prepared and saved.
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5 EXEMPLIFYING GELICIT ON A CASE STUDY

This section exemplifies how Gelicit has been exploited to support a GES distributed in time
and space. A GES, as any other experiment, is typically reported according to a Method-Results-
Discussion scheme. Since this section aims at illustrating the Gelicit workflow, it is instead
structured according to the six stages (Fig. 5).

We opted for the following GES: to explore user-defined gestures for triggering Internet of Things
(IoT) tasks on a smartphone. The goal of the study was to investigate to what extent a smartphone,
considered as a frequently used and familiar device, could be used as aan alternate device for
triggering tasks on a IoT-enabled device, like home appliances (e.g., a smart TV, a heating system, an
air-conditioning system). A smartphone is often recognized as a mobile phone shipped with a music
player and an Internet browser that can be operated via multi-touch gestures that can be customized,
and contains a lot of sophisticated sensors useful for web browsing, GPS navigation, music player,
mobile gaming, voice and data communication, and multimedia consumption. Some GES have
already addressed the usage of a smartphone as a gesture sensor, namely for motion gestures on
smartphones [76], for communicating between smartphones, tabletops, as public displays [42], for
investigating cultural differences in smartphone usage [58]. We were not aware of any similar GES
to collect users’ preferences for using a smartphone for home appliances other than for a smart TV,
a device already covered [25, 95].

5.1 The ”Define” Stage

This study concerns 2D stroke gestures defined as any movement of one or many fingers of one or
two hands on the flat surface delineated by a smartphone screen that causes a detectable change.
In this way, the GES restricts the elicitation to contact-based gestures on the surface, not around
the device or on the back of the device) or in the air [12]. Gestures are consequently produced on
the screen surface and usually mimic interactions common on touchscreen devices, such as taps,
pinch gestures, or directional swipes. Here are some admissible examples:

(1) Touch the screen once, twice, or multiple times in a short amount of time.
(2) Swipe on the screen in one, two, or more directions in a bounded amount of time. A single-

direction swipe is considered as a flick, while a two-direction swipe is considered as a mark.
(3) Touch the screen with two fingers coming from both hands and converge to a central point.
(4) Draw a symbol with one finger on the screen.
(5) Any combination of the above.

A GES is therefore defined as a within-subject design for 2D stroke gestures. A set of 19 actions
representing common tasks to be executed in a IoT environment with a smart phone is defined: (1-2)
turn the TV on/off, (3) start player, (4) turn up the volume, (5) turn down the volume, (6) go to the
next item in a list, (7) go to the previous item in the list, (8-9) turn Air Conditioning on/off, (10-11)
turn lights on/off, (12) brighten lights, (13) dim lights, (14-15) turn heating system on/off, (16-17)
turn alarm on/off, (18) answer phone call, and (19) end phone call. For each task, a referent is created
or selected from an existing set. Since these 19 tasks are widely used in several GES, such as [31, 95],
the corresponding referent set can be declared as ”standard” or ”reference”, which will therefore
remain unmodifiable to preserve consistency and reusability. Referents are randomized using a
pseudo random number generator and are presented one by one. Note that Gelicit authorizes
to enter zero referent (e.g., to leave the participant free from not eliciting anything), one referent
(e.g., for a bijection referent-elicited gesture), or multiple referents (e.g., when a participant wishes
several suggestions or add another elicited gesture when unhappy with the initial trial). In this
case, one and only one gesture can be elicited.

Proc. ACM Hum.-Comput. Interact., Vol. 3, No. EICS, Article 6. Publication date: June 2019.



6:28 Magrofuoco & Vanderdonckt

The following elements are also included in the GES definition: a context of use (any user
carrying out the 19 tasks on a smartphone in a home environment), a list of classification criteria
(i.e., thinking time, goodness of fit, and gesture nature), a measure (i.e., agreement rate [93]), a
pre-test questionnaire (a creativity score) and a post-test questionnaire (IBM PSSUQ).
The Thinking-Time measures the time, in seconds, needed by participants to elicit a gesture

for a given referent. The Goodness-of-Fit represents participants’ subjective assessment, as a
rating between 1 and 10, of their confidence about how well the proposed gestures fit the referents.
The Gesture nature specifies which nature is underlying the gesture elicited [98]: physical when
the gesture is produced as if it is physically acting on a real object (e.g., pointing to an object),
symbolic when the gesture represents a meaningful symbol (e.g., thumbs up/down to indicate
acceptation/rejection, drawing a ”D” for duplicate), metaphoric when the gesture expresses an
action based on a metaphor (e.g., approaching the two hands to mimic a compression or a smash),
or abstract when an arbitrary gesture is produced (e.g., a double tap to deselect an object).

The Creativity score is evaluated using an on-line 5 creativity test returning a score between 0
and 100 (higher scores denote more creativity) computed from answers to a set of questions which
cover several factors: abstraction (of concepts from ideas), connection (between things without an
apparent link), perspective (shift in terms of space, time, and other people), curiosity (to change and
improve things accepted as the norm), boldness (to push boundaries beyond accepted conventions),
paradox (the ability to accept and work with contradictory concepts), complexity (the ability to
operate with a large quantity of information), and persistence (to derive stronger solutions).

The IBM PSSUQ (Post-Study System Usability Questionnaire) [46] enables participants to express
their level of satisfaction with the usability of the setup and the testing process. This 16-question
questionnaire has been empirically validated with a large number of participants on a significant
set of stimuli [48], it is widely applicable for any interactive system [47], and it benefits from a
proved α =0.89 reliability coefficient between its results and the perceived system usability [46].
Each closed question is measured using a 7-point Likert scale [50] (1=strongly disagree, 2=largely
disagree, 3=disagree, 4=neutral, 5=agree, 6=largely agree, 7=strongly agree) and the following
measures are computed: system usefulness (SysUse: Items 1-8), quality of the information (InfoQual:
Items 9-15), quality of the interaction (InterQual: Items 16-18), and system quality (Overall: Item
19). Twenty-four (24) participants (10 female and 14 male) were randomly selected from a mailing
list of volunteers working in different services of an organization: finance, accounting, human
resource management, real estate, and trainees. They were aged between 16 and 53 years old
(M = 25.4, SD = 6.2 years). The vast majority of participants (23/24 = 95.8%) was right-handed,
only one participant was left-handed and no participant was ambidextrous. All participants owned
smartphones and, thus, were accustomed with touch and gesture input.

All this information is maintained in a GES configuration file with an identifier, a representative
title, a launching date serving as the initial date for the GES, a closing date representing the deadline
for conducting the GES.

5.2 The ”Conduct” Stage

Participants received by e-mail an automatically generated URL to launch the previously defined
experiment on their own smartphone. Once connected, each participant enters socio-demographic
data (e.g., age, gender, handedness) and answers a series of questions about their use of technologies
(based on a 7-point Likert scale [50] ranging from 1=strongly disagree to 7=strongly agree). These
data are part of the profile stored in the user account. The participants can update or skip this part
at any time.

5http://www.testmycreativity.com/
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Pre-test questionnaires are filled in, if any. Each participant is presented with referents, i.e.,
various functions to control in a IoT environment for which they were asked to think of desirable
gesture proposal to execute those referents, i.e., gestures that fit referents well, are acceptable, easy
to learn and remember [33]. Participants were given total freedom with respect to the gesture
types they elicited provided that is is compliant with the definition. The order of the referents is
randomized per participant. Post-test questionnaires are filled in.

5.3 The ”Classify” Stage

Once the experiment is closed, the designer reviews and classifies the results by browsing gestures
elicited for each referent (Fig. 10 as a browsing example). In total, 24 participants × 19 gestures =
456 elicited gestures, each being formalized by descriptive labeling as recommended by [18], thus
resulting into 154 unique gestures, e.g.:

1. Swipe up= TOUCH ON Surface with INDEX, THEN MOVE Up ON Surface with INDEX,
THEN RELEASE INDEX

2. Swipe down = TOUCH ON Surface with INDEX, THEN MOVE Down ON Surface with
INDEX, THEN RELEASE INDEX

3. Tap = TOUCH ON Surface with FINGER, THEN RELEASE FINGER
19. Swipe left on center = Swipe left ON Surface Center
20. Swipe right on center = Swipe right ON Surface Center
21 Touch and hold bottom right = TOUCH ON Surface Bottom Right with INDEX THEN HOLD

FOR 3 Seconds THEN RELEASE INDEX
31. Two fingers drag up = TOUCH ON Surface with INDEX AND MIDDLE FINGER, THEN

MOVE Up ON Surface with INDEX AND MIDDLE, THEN RELEASE INDEX AND MIDDLE
FINGER

32. Two fingers drag down = TOUCH ON Surface with INDEX AND MIDDLE FINGER, THEN
MOVEDownON Surface with INDEXANDMIDDLE, THEN RELEASE INDEXANDMIDDLE
FINGER

34. Rotate reverse clockwise = TOUCH ON Surface with INDEX, THEN DRAW Circle FROM
Right TO Left ON Surface with INDEX, THEN RELEASE INDEX

43. Tap on center = Tap ON Surface Center
45. Pinch = TOUCH ON Surface Bottom Left WITH THUMB AND TOUCH ON Surface Top

Right WITH INDEX THEN Swipe up from bottom left to top right WITH THUMB AND
Swipe down from top right to bottom left WITH INDEX

57. Spread in top left corner = TOUCH Surface WITH INDEX AND THUMB THEN SPREAD ON
Surface Top Left WITH INDEX AND THUMB THEN RELEASE INDEX AND THUMB

All 154 unique gestures were classified according to their nature: 101 abstract gestures (e.g., flick,
mark, tri-directional gestures), 27 semantic gestures (i.e., which mimic an action on an object), 21
glyph gestures (e.g., an icon, a drawing, a symbol), and 5 alphabetic gestures (e.g., alphabet letters).
We now report on the most frequent gestures by referent:

(1) Turn TV on/off: four participants chose to slide their finger up to turn on the TV and down
to turn it off. Four people decided to use the same gesture to turn on and off the TV. Three of
them use a glyph gesture.

(2) Start player: more than a third decides to use the abstract gesture #43.
(3) Turn up/down the volume. A large majority initially used the volume buttons, but since this

was not a gesture on the surface, they turned to drawing a flick top right or left depending
the orientation.
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(4) Go to next/previous item in a list: most participants use gestures #19 and #20, i.e., to slide
their finger to the left to go to the next item and to the right to go to the previous item. Three
people decided to do the opposite. We noticed that people who slide their fingers, go to the
left to go to the next item while those who click, will click right to go to the next item.

(5) Turn air conditioning on/off: while participants elicited a large spectrum of gestures, one
fifth of the sampling preferred gestures #31 and #32.

(6) Turn light on/off: We have many different gestures, with maximum 3 participants eliciting
the same gesture. Unlike the previous gesture, a good portion gathers identical gestures or
gestures considered similar by category. Participants prefer to have a single gesture that
serves as an interrupter. Its action changes according to the state of the lamp.

(7) Brighten/dim lights: they all elicited different gestures. So, a conclusion was hard to reach.
Te two most frequent gestures were: three fingers spread and swipe up left.

(8) Turn head on/off: participants mainly used glyph gestures, which is particularly logical
because some people elicited a gesture to turn on the heating and others the same to turn it
off.

(9) Turn alarm on/off: a third of participants used the same gesture to turn on and turn off their
alarm clocks. Few participants used the system-defined gesture as implemented on their
smartphone. This may suggest that a user-defined gesture could significantly depart from
system-defined gestures imposed by an operating system.

(10) Answer/End phone call: we find mainly 3 pairs of gestures: the sliding down the finger on
the screen, the second one detects when you take your mobile phone, the third is unique and
consists of touching a screen button.

Fig. 15. Results of the creativity test by participant (1-100).

5.4 The ”Measure” Stage

Fig. 16 shows the results by participant by goodness of fit (a) and thinking time (b). Fig. 15 shows the
distribution of participants’ creativity scores (Min = 41.43,Max = 72.42,M = 57.54, SD = 9.14). A
creativity score greater or equal than 60 is obtained for a highly creative person. We did not find
any statistically significant correlation between the creativity scores and the thinking time. Some
participants exhibiting a higher/lower creativity score have a lower/higher average reaction time:
p19 benefits of the highest score and one of the lowest average reaction time, and so do p5 and p7.
Participants p13 and p14 almost share the same creativity score, but depart from each other with
extremely different reaction times. Participant p22 has from far the highest thinking time, but a
rather average creativity score.
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(a) (b)
Fig. 16. Results by participant: (a) goodness of fit (1-10), (b) thinking time (in sec.).

Gelicit displays Agreement ScoresA(r ) [98] and Agreement RatesAR(r ) [93] for each Referent
r condition using their respective formula:
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where r denotes the referent for which a gesture will be elicited, |P | denotes the number of
elicited gestures, and |Pi | denotes the number of gestures elicited for the ith subgroup of P . Fig.
12 reproduces a screenshot of the agreement rates presented in decreasing order of their value,
with the average at the right. Overall, agreement rates are small in magnitude, between 1.1% for
”Turn alarm off” and 24.6% for the referents ”Turn up/down the volume”, for the global sampling
(M =9.1%, SD=4.8%). 12/19=63% of rates belong to the low range (≤ 10%) and 7/19=37% of rates are
medium in the range 10%-30% according to Vatavu and Wobbrock’s method [93] to interpret the
magnitudes of agreement rates. These results are very similar to the other reported agreement rates
in the GES literature ([93], (p. 1332)) that summarizes agreement rates of 18 studies, for which the
smallest value (10.8%) was reached by Liang et al. [49] and Seyed et al. [81] for motion+surface and
multi-display gestures, respectively. Gheran et al. also display similar magnitudes for ring gestures
[31]. According to the recommendations, our results fall inside medium consensus (< .3).

Gesture A/B testing

Gesture for Turn_TV_On

The experiment is finished. Thank you for your participation. You may if you wish so consult the ranking computed until now.

It’s a draw

Global ranking

1. Swipe up 31. Two fingers drag up

Fig. 17. A/B Testing for the Turn_TV_on referent between gestures #1 and #31.

5.5 The ”Discuss” Stage

From the experiment’s results, we can see that the average agreement rate is medium, perhaps
for several reasons: every participant has a somewhat different way of thinking for the gestures
they elicit while using a smartphone, the space of possible gestures is large even on this device,
154 unique gestures have been elicited that could be further classified in more abstract classes
(e.g., grouping all swipe gestures into one category that is then decomposed into sub-categories
depending on conditions, clustering all gestures in the same category regardless their mount of
fingers when possible). A same gesture is sometimes used for a same referent by another participant
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or for another referent, which inevitably affects the overall agreement. To better identify the
participants’ preferences and to test these gesture candidates, the designer can engage into a
discussion with participants involved, e.g. through A/B testing (Fig. 17). The takeaway from our
experiment are the following:

• People tend to reuse gestures based on context of use as many gestures are biased by legacy
and previous experience with similar devices.

• For binary tasks (e.g., on/off), participants tend prefer to use the same gesture (which is used
each time to swap the status) or a similar gesture in opposite direction (e.g., swipe up vs
down).

• Orientation of tasks influences gesture orientation: left to right gestures are preferred for
next item and right to left gestures are preferred for previous items, even if the gesture has a
different nature. Orientation to the right or up often means progression or increasing, while
orientation to the left or down means regression or decreasing, or even return to the past.

• For physical touches, some specific regions on the surface, such as the center and the four
corners, are preferred for different tasks because they are easily identifiable.

5.6 The ”Export” Stage

Depending on the results coming from these mechanisms, the designer can keep or discard any
elicited gesture from the subset until obtaining a consensus set, which is a set of elicited gestures
that are considered to benefit from a sufficient agreement among participants. The designer then
exports the resulting subset into a JSON file to be incorporated in the rest of the engineering life
cycle, along with a gesture recognizer, here $P [91].

6 DISCUSSION OF GELICIT

Through a case study, we have shown that Gelicit can become effective and efficient in conductin a
GES in a distributed fashion. Gelicit as a guiding method may induce, stimulate, and facilitate new
ways of conducting such elicitation studies. We hereby summarizes the benefits and the limitations.

6.1 Benefits

This subsection revisits the eight requirements initially elicited for Gelicit in the light of the
experience gained:
R1. Zero-install software with user accounts. This requirement is completely fulfilled since

Gelicit is hosted as a cloud computing application on Heroku.
R2. Collaborative management of gesture sets with persistence. This requirement is fully

satisfied as any gesture set, along with its clusters, classes, and samples, can be managed
independently of each other based on the access rights defined by the stakeholders’ roles.
Full concurrency is ensured by Gelicit.

R3. Support for distributedGES stages. This requirement is also satisfied since Gelicit enables
ordering the six stages (Fig. 5) flexibly for the four distributions in space and time (Fig. 2),
thus opening doors to new types of studies where participants are gathered in one or several
locations, which is also particularly welcome for collaborative gestures.

R4. Flexible GES parameterization. This requirement is satisfied to the extent of which pa-
rameters could cover a GES experiment (Fig. 8). More parameters and more values for them
would render this requirement more demanding. Any GES experiment is explicitly stored in
a configuration file, thus fostering reusability [66] with the same parameters and participants
or not, across multiple contexts of use. The Association for Computing Machinery (ACM)
awards badges when a paper’s artifacts-software, scripts, or data set, either created by the
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authors to be used as part of the study or generated by the experiment itself, are determined
to be6: repeatable by the same team with the same experimental setup, replicable by a different
team with the same experimental setup, or reproducible by a different team with a different
experimental setup.

R5. Multiple measurement methods for each gesture set. This requirement is satisfied in
principle since one or many measurement methods can be attached to any experiment. While
Gelicit accommodates several measurement methods, it only considers agreement measures
for the moment. Therefore, the consideration and the interest for multiple measurement
methods will evolve with the implementation of such methods. The software architecture is
flexible enough for this purpose.

R6. Computer-aided computation of measures. This requirement is fulfilled depending on
whether measures can be automatically computed. Other measures may require a human
intervention, either for providing data or for computing unsupported formula,

R7. Support for discussion towards consensus set. This requirement is partially satisfied as
three mechanisms for discussion are considered. Their results could provide the designer
with additional insights on which gestures could be finally kept in the consensus set and
the participants with a deeper level of involvement since their opinion can be taken into
account more profoundly. User-based vs choice-based elicitation methods have been already
investigated [23] and Gelicit would be suitable for these considerations.

R8. Continuity with the rest of the user interface development life cycle. This require-
ment is minimally satisfied by exporting the consensus set to the developer with a gesture
recognizer. But there is no traceability ensured afterwards and there is no linking between
gestures and application commands.

6.2 Limitations

There are three major limitations to Gelicit as it is currently designed and implemented:
(1) Limitations due to the gesture capture: although the Gelicit metamodel is able to afford

a wide array of gestures (Fig. 4), its capturing mechanism is limited to three modalities due to
HTML5 intrinsic limitations (Fig. 7): pen-based, finger-based, and pointer-based (e.g., using
an object tracking system). Further implementation is required to capture more sophisticated
categories of gestures through devices equipped with new tracking capabilities. When such
devices appear, transforming their raw data into gesture properties is required. Gelicit does
not impose any particular constraint in remote gesture capture provided that the device can
locally capture them and stream them to the application.

(2) Limitations related to data management: Gelicit stores all data coming from partici-
pants, whether they are working in a collocated way or remotely, but does not associate them
directly. Location, browser, time and system parameters could be captured, but inferring a
collaboration type between participants from the data remains hard to achieve. Additional
characterization is needed. Moreover, all data manipulated by Gelicit are not subject to
statistical analysis apart from those for the measurement methods.

(3) Limitations intrinsically related to GES: Gelicit does not support the automatic labeling
and classification of elicited gestures. The stakeholder is therefore responsible for completely
and consistently ensuring these tasks. Pattern matching and machine learning techniques
could be investigated to learn some classification scheme by observing how an experimenter,
a rater, a designer or even a participant may want to classify gestures into clusters and
categories. This is beyond the scope of this paper.

6https://www.acm.org/publications/policies/artifact-review-badging
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7 CONCLUSION AND FUTUREWORK

This paper presented Gelicit, probably the first cloud computing collaborative platform for con-
ducting a gesture elicitation study with stakeholders distributed in time and space (Fig. 2). It consists
of three contributions: its metamodel (Fig. 4, its six-stage flexible workflow as a guiding method (Fig.
5), and its supporting software (Fig. 7). As such, Gelicit reflects pretty much the original definition
of the gesture elicitation study [98] by expanding the ordering of its stages and generalizing them.
Based on the experienced gained insofar, we hereby present some avenues to some stages defined in
this workflow, which represent some suggestions for the guiding method and its support software.

Definition of task set: Gelicit supports different task sets and the designer can create a new
one by importing an existing task set and edit its definition. New task sets could emerge as GES
become more proeminent. For example, different standard task sets may be predefined such as the
Canonical Task Types [32] and the task types from Lenorovitz [45]. These task sets could then be
shared for stimulating further studies on uncovered areas and form a baseline for benchmarking.
By relying on the same task set, different studies could compare their respective results.

Definition of referent type: Gelicit focuses on eliciting gestures for graphical user interfaces
only. Other type of commands could serve as symbols, such as mouse commands, user interface
behaviors, function keys, icons, vocal commands [4], low fidelity gestures [36], or even completely
interactive prototypes. This would require behavior specifications that is expressiveness enough to
automatically generate corresponding code.

Definition of referent medium: Gelicit supports various referent mediums, such as an image,
a picture, a GIF animation, and a video sequence. Eliciting a gesture on top of a user interface
wireframe or screenshot was revealed as very expressive because participants elicit gestures in
their very right context of use [3]. Superimposing a gesture image on top of the referent image
produces an expressive representation. Other medium types could be investigated such as an
interactive prototype: instead of drawing all transitions by hand, the participant could be engaged
in an interactive scenario where elicitation is an explicit facility of prototyping. The medium used
for expressing the referent also impacts the quality with which gestures will be elicited [59].

Selection of referents: referents are typically selected in a random manner to avoid any
bias, such as learning effect or fatigue, which is fundamental for between-subjects elicitation
studies [94]. This selection is randomized at the price of forgetting potential relationships between
referents. For instance, the task "dim the light up" is the symmetric of the task "dim the light
down" ; "move up", "move down", "move left", "move right", "move forward", and "move backward"
represent all the potential space movements. When their corresponding referents are presented
randomly, the participant can only establish their relationship after integrating them all, thus loosing
relationships. Other relationships exist: inclusion (a referent subsumes another one), exclusion (a
referent is conflicting with another one), generalisation/specialisation (a referent is more general or
specific than another one). Participants elicit gestures for these referents without exploiting their
relationships.

Selection of participants: participants are recruited via a procedure that is external to Gelicit
and are only known by their email and demographic data. This selection is performed under the
responsibility of the designer. One can imagine a mechanism for automated selection of participants
from a database based on criteria so as to create various samplings, such as Simple Random Sampling
(SRS), stratified, cluster Sampling, systematic or multistage sampling. This also touches the field of
crowdsourcing [68]: a large amount of participants could be imagined for performing the tasks
[70, 85]. The question of tapping the right crowd then occurs and should be supported by a dedicated
method [9]: crowdsourcing participants tend to participate more when they enjoy community
benefits that increase their utility.
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Selection of measurement method: while the agreement measures [93, 94] are widely used
in the community, other agreement measures exist [19, 88] and could be compared to each other
to detect their correlation, if any. Adding another measurement method is possible since all data
required for the computation is already stored in the database. Madapana et al. [56] argue that
agreement rates and scores are only based on pairs of occurrences and suggest computing a distance
measure between binary vectors representing gesture features.

Gesture classification: for speeding up the classification, a machine learning algorithm, such
as deep image analysis associated to feature extraction or random forest search, could be run
and provide different options: automated classification of elicited gestures, manual classification
when no recognition is accurate but a previously classified gesture can be re-applied through the
vocabulary selection (bottom part of Fig. 10), or mixed-initiative classification. In this last category,
the algorithm could suggest several candidates for classification and rank them in decreasing order
of accuracy. The experimenter could then pick one of them or enter an ew classification as in
Detexify7, which does a similar job for translating a symbol into its LATEX instruction.
Gesture recognition, querying, and catalog production: Gelicit ends up with a consensus

set and an associated recognizer, typically $1 [5], $P [91], and !FTL [89] in its two versions. Any
other recognizer could be equally incorporated, such as $Q [92] (Listing 1). When a new gesture is
elicited, a recognition process could be launched while producing the gesture to provide immediate
feedback and auto-completion such as in G-Gene [16]. Instead of recognizing an elicited gesture
from all candidates, the scope could be restricted to those gestures that were previously elicited
for the same set of referents or in the same context of use. The scope of recognition could then be
relaxed progressively to cover more possibilities. The persistence of the consensus set in the gesture
database may also raise a machine learning process to create a classifier that is optimized for this
particular consensus set. As soon as the gesture database becomes rich enough, any stakeholder
could query this database with requests like "Show me all the gestures that are distinct enough
from the user’s viewpoint for multi-display environment for this task set" or "Show me all gestures
elicited for elderly people on touch screen". These queries are made possible thanks to the context
of use associated to each gesture. As another output, the system could create an on-line browsable
catalog of gestures, thus serving as a gesture repository.

The above suggestions inevitably touch the elicitation method definition and further fundamental
research is expected to address these questions. These new requirements, as soon as they are settled
out, could be turned into a new version of Gelicit that reflects this progress. Gelicit therefore
offers the premices for letting a GES support evolving over time.
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