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Figure 1: Gesture-A11Y is a web-based tool and database meant to assist researchers and practitioners in identifying suitable
gesture input for users with various abilities. The search features, illustrated in this screenshot, utilize keywords, impairment
descriptions, gesture types, and input devices to navigate a database of over 22,000 records involving computational recordings
of 2D touchscreen and 3D mid-air gestures, mappings between gestures and system functions, and end-user self-reported
preferences for gesture input. In this example, 1015 gesture records were identified when searching for “spinal cord injury” and
filtering on “difficulty gripping” and “rapid fatigue” symptoms and “pointing,” “touch,” “motion,” and “stroke” gesture types.
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Abstract
Understanding end-user performance with gesture input is essential
for designing intuitive and effective interactions. Unfortunately,
open gesture datasets are scarce, in particular those addressing users
with impairments, which hinders advancements in accessible and
inclusive user interface design for devices and applications featuring
gesture interactions. To address this, we introduce Gesture-A11Y, a
web-based tool with a large database aimed to help identify gestures
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aligning with users’ abilities and preferences. Gesture-A11Y offers
access to over 22,000 records of touchscreen, mid-air, on-body, and on-
wheelchair gestures performed by users with various visual and/or
motor abilities, along with their preferences and perceptions of
gesture input across different mobile and wearable devices.

CCS Concepts
• Human-centered computing→ Gestural input; Empirical
studies in accessibility; Accessibility systems and tools.
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1 Introduction
Open-access datasets are notoriously scarce in the field of Human-
Computer Interaction, hindering replication of scientific findings,
consolidation of design knowledge, and development of new inter-
active systems. When it comes to users experiencing disabilities,
open data is even more challenging to find [17,21,25], particularly
for gesture interaction despite the fact that prevalent mobile de-
vices rely primarily on gesture input. However, access to data rep-
resentative of users’ gesture articulations and preferences is crucial
for implementing suitable interaction techniques [22] and robust
gesture recognition algorithms [33]. For example, Figure 2 shows
touchscreen gestures produced on a mobile device by a user with-
out visual impairments (left) and a user with low vision (right),
revealing differences that need to be accommodated in the interface
for effective user performance and a rewarding experience.

In this context, advancing accessible gesture-based interaction
with computer systems is severely constrained, as researchers lack
datasets to replicate prior findings or to compare their own results,
while practitioners lack critical design information needed to inform
their interactive prototypes. Given that prevalent mobile devices,
such as smartphones, implicitly rely on gesture input, gesture input
accessibility plays a significant role in determining overall mobile
accessibility and, ultimately, can negatively impact access to digital
resources and services and, in turn, affect employability [14,28].
To address these aspects, we introduce Gesture-A11Y, a web-based
searchable database and tool currently featuring 22,854 gesture
records collected from users with visual and/or motor impairments.
Gesture-A11Y is the only tool of its kind, providing access to an
unprecedented large dataset to support accessible gesture input
design. We also present practical applications of Gesture-A11Y,
showing how its resources can be readily used to advance the
development of user interfaces featuring accessible gesture input.

2 Related Work
The accessibility community has focused on understanding the
challenges with interactive computer systems encountered by users

Figure 2: Touchscreen gestures for the “five-point star” sym-
bol produced by a user without impairments (left) and a user
with congenital nystagmus and high myopia (right). Ten
articulations are shown superimposed. Note the higher vari-
ation in geometry and structure in the latter, which requires
appropriate recognition and interaction techniques.

experiencing disabilities, leading to insightful advancements in
interface design, input devices, and interaction techniques [4–6,9,
15,23,29,32]. For example, Plaumann et al. [23] introduced a method
for correcting touch input inaccuracies caused by hand tremors
by analyzing device motion. Trivedi et al. [29] proposed a system
for controlling wheelchairs using head movements captured by a
camera. Li et al. [15] developed a touch-gesture text input technique
that enables Braille typing. Vahdani et al. [32] introduced iSense, a
wearable featuring obstacle detection, spatial navigation, and object
recognition. Penuela et al. [9] designed a haptic glove enabling
object description in virtual environments through hand gestures.

Gesture interaction research has covered both the development
of new input devices and analyses of user preferences [2,8,19,20].
Malu et al. [19] examined the accessibility of smartwatch gestures,
such as taps, swipes, and letter scribbling for text input, Buzzi et
al. [2] reported on the characteristics of touch gestures articulated
by users with visual impairments, and Kane and Wobbrock [13]
examined gestures defined by blind users on a mobile device. Malu
et al. [20] designed an input technique for users with motor impair-
ments involving touchpads attached to their body or wheelchair.

Despite innovations in accessible gesture input, open data re-
mains scarce. Unfortunately, this impedes inclusive practices, limit-
ing current efforts in developing more accessible interactions.

3 Gesture-A11Y
We present Gesture-A11Y, our web-based tool and database for in-
forming accessible gesture input for users experiencing disabilities.

3.1 Design and Development
We adopted the following design principles for Gesture-A11Y em-
phasizing (i) open access to scientific knowledge and design infor-
mation about gesture input performed by users with impairments
and (ii) open-source technology. In drawing out these principles, we
relied on the three elements of the context of use [3] for interactive
computer systems—users, platforms, and environments—as follows.

3.1.1 Users with diverse abilities. Gesture-A11Y is intended as a
hub for open access to gesture input records representative of users’
gesture articulation abilities and preferences. To this end, it features
end-user demographics, such as self-reported motor symptoms for
users with motor impairments (e.g., rapid fatigue or tremor), visual
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Figure 3: Example of a gesture record in Gesture-A11Y with
a computational representation of 3-axis linear acceleration.
In this example, a user with spinal cord injury, reporting
rapid fatigue, among other impairments, performed a double
tap on a nearby surface, captured by an electronic ring.

acuity levels for users with visual impairments (e.g., the degree of
refractive error in myopia and hyperopia), medical diagnoses (e.g.,
macular choroiditis) and causes of impairment (e.g., spinal cord
injury), alongside standardized disability assessments (e.g., WHO-
DAS [37] scores through the World Health Organization Disability
Assessment Schedule 2.0); see Figure 3 for examples of end-user
information in our gesture records.

3.1.2 Diverse types of devices and gestures. Gesture-A11Y provides
access to gestures performed using mobile and wearable devices,
such as smartphones and smartwatches, as well as gestures involv-
ing different support surfaces, such as the wheelchair’s armrest or
the user’s body. These include touch input in the form of swipes
and symbolic strokes [33–35], mid-air [1,35], on-body [1], and on-
wheelchair gestures [1]. Most of the records are provided in a com-
putational form (e.g., stroke gestures produced on touchscreens
are represented as series of (𝑥,𝑦) coordinates and motion gestures
produced in mid-air as series of (𝑥,𝑦, 𝑧) linear accelerations; see
Figure 3 for an example), while others represent end-user evalua-
tions of specific gesture types (e.g., through ease-of-use and social
acceptability ratings, as illustrated in Figure 1).

3.1.3 Diverse environments. Gesture input and preferences avail-
able in Gesture-A11Y were collected in both private [1,30] and
public [33,34] settings to ensure ecological validity and capture
diverse interaction patterns.

In developing Gesture-A11Y, we adopted open-source web tech-
nologies to ensure broad access to our database and user interface

from virtually any platform or device with a web browser. We used
JavaScript for the frontend with Vue.js,1 a progressive and reactive
framework that allowed us to build the interface for navigating
and visualizing the gesture dataset; see Figure 1 for a screenshot.
The UI implements Material Design principles2 for modern, con-
sistent, and easily recognizable interface elements. Furthermore,
we used Golang3 to handle backend operations, which we chose
for its sophisticated concurrency model, enabling us to build a
high performing system capable of efficiently processing simul-
taneous requests. Instead of a traditional relational database, we
preferred storing gesture data in CSV and XML files, making the
database simple and lightweight. For this, we employed Pandas,4 a
popular Python library for processing tabular data. Gesture records
are represented through information cards, illustrated in Figures 1
and 3, which include all or part of the following information: a
brief gesture description, the corresponding system function that
the gesture executes, gesture type, user evaluation ratings, user
demographics, and the gesture visualization from its computational
form. To enable searching across this diversified set of records, we
indexed them based on the following criteria (see Figure 1, top):

• Keywords.We implemented keyword-based search to iden-
tify gesture records through their associated descriptions,
e.g., searching for “TV” returns all gestures associated with
this device, while searching for “rotate” lists gestures that
include rotation in their description.

• Gesture types.Weused common gesture types to help identify
specific interaction styles, such as touch, motion, stroke,
pointing, etc. For example, choosing “stroke”will list gestures
produced on touchscreens, such as symbols and letters on a
smartphone [34] or swipes on a smartwatch [35].

• Specific impairments.We implemented a search facility based
on specific impairments, such as spasm or tremor for users
with motor impairments [7], and low, moderate, and high
myopia and hyperopia for users with low vision [33].

• Device type. The user interface enables filtering gestures
according to the target device, such as the smartwatch.

3.2 Content
Gesture-A11Y features access to a total of 22,854 gesture records
to date, collected from 122 users with various visual and/or motor
impairments. These include gestures represented in computational
form, mappings between user-defined gestures and system func-
tions, and user preference evaluations of gestures and input devices.

3.2.1 Stroke gestures on mobile devices. A stroke gesture [18] is a
2D path performed on a touchscreen, such as a directional swipe,
a letter, or a symbol. Stroke gestures allow direct function invo-
cation, such as drawing the letter “C” for quick access to phone
contacts [16]. Gesture-A11Y contains a total of 4,662 stroke gestures
collected from 35 people with motor impairments [34]: directional
swipes, letters (Roman letters M, X, R and Greek letters alpha and
pi), symbols (checkmark, energy, Euro, paper clip), and geometric
shapes (heart, six-point star, and spiral). It also includes 3,313 stroke

1https://vuejs.org
2https://m3.material.io
3https://go.dev
4https://pandas.pydata.org
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gestures collected from 27 people with visual impairments [33]: let-
ters (A, M, R, S), symbols (arrow right, stick figure, question mark,
sol key), and geometric shapes (spiral, square, star, and circle). These
gestures are represented as series of (𝑥,𝑦) screen coordinates.

3.2.2 Stroke gestures on wearables. Entering gestures on wearables
is challenging due to the small size of the integrated touchscreen.
Gesture-A11Y contains a total of 7,290 stroke gestures collected
from 14 people with motor impairments [35]: directional swipes, let-
ters (A, M, X), symbols (checkmark, asterisk, zigzag) and geometric
shapes (circle, heart, six-point star, square). These were performed
on a touchscreen worn at the wrist as a smartwatch, on the index
finger as a ring, and attached to the temple of a pair of glasses.

3.2.3 Mid-air motion gestures. A motion gesture is a 3D path per-
formed in mid-air, such as placing the phone to the ear to initiate
a call [24] or positioning the hands in a specific pose in front of
the body [10], and come in a variety of forms [11]. Gesture-A11Y
contains 3,809 gestures from 14 participants with motor impair-
ments [35], including wrist movements (mid-air hand tap, double
tap, circle, shake, outward and inward motion), finger movements
(finger tap, double tap, circle, scratch surface, thumb-to-index pinch,
and slide the index finger on the thumb), and headmovements (head
tap, double tap, circle, rotate, lean forward, tilt to shoulder). These
gestures are available as series of (𝑥,𝑦, 𝑧) linear accelerations.

3.2.4 User-defined mappings between gestures and system functions.
Gesture elicitation studies [36] are designed to provide insights into
users’ preferences for gesture input and help establish consensus
gesture sets across users. Gesture-A11Y contains 231 user-defined
gestures collected from 11 people with motor impairments [1],
including hand gestures performed on the body, in mid-air, and on
the wheelchair. It also includes 924 associated self-reported ratings
of ease of execution, recall, goodness of fit, and social acceptability.

3.2.5 User preference for gesture input. Lastly, Gesture-A11Y con-
tains 2,625 ratings collected from 21 people with motor impair-
ments [31] reflecting their perceptions of current wearables—fitness
trackers, smartwatches, smart glasses, earbuds, and rings—across
desirability, ease of access, ease of wear, ease of use, fun, unwanted
attention, inputmodality, and social acceptability dimensions. These
preferences are provided as ratings on a 5-point Likert scale.

3.3 Use Case Examples
We illustrate how Gesture-A11Y can support advancements in ac-
cessible gesture input design through several use cases.

3.3.1 Gesture set identification with Gesture-A11Y. Consider a prac-
titioner designing an accessible smart TV interface for users with
upper-body motor impairments. Since conventional remote con-
trols can be difficult to grasp, hold steadily, and operate [30], the
practitioner decides for a bare-hand interface. To identify suitable
gestures, they access Gesture-A11Y and perform a keyword-based
search for “TV.” This search returns 11 relevant gestures, fromwhich
the practitioner selects the following: touching the right thigh, pro-
posed by a person with spinal cord injury experiencing difficulty
holding objects—a simple, low effort gesture rated highly for ease
of use; pointing in front of the body, suggested by a person with mul-
tiple sclerosis and rated highest for ease of recall; and performing a

hand pose in mid-air, recommended by a person with Parkinson’s,
who experiences slow movements and difficulty controlling direc-
tion. These insights into users’ gesture preferences across various
motor impairments, available in just a matter of seconds, provide a
good foundation for the design process. The practitioner can now
begin considering suitable sensing and recognition technologies.

3.3.2 Gesture recognition evaluation. Consider a researcher devel-
oping a new recognition algorithm for stroke gestures performed
by users with visual impairments on touchscreens. They access the
2D paths from Gesture-A11Y and run initial analyses to understand
the characteristics of these gestures, finding that production times
average 3.8s (SD=3.9) and path lengths 24.6cm (SD=14.5). These
insights suggest that aligning gesture paths, such as via Dynamic
TimeWarping (DTW), a popular gesture dissimilarity function [27],
may be necessary to account for variations in length and time.
The researcher also finds that the Nearest-Neighbor approach with
DTW yields an average accuracy of 85.4%, increasing from 61.2%
with training data from just one participant and one example per
gesture type to 92.8% when using training data from 10 partici-
pants and 10 examples.5 This information provides a solid baseline
condition against which to evaluate the new recognition algorithm.

3.3.3 Future development and use cases. We envision several future
work opportunities for Gesture-A11Y, enabling more use cases.
First, we aim to establish it as a living hub where researchers and
practitioners share their data. Second, we believe that AI models
could be trained on our large database for generative interaction
design [26]; for example, this could lead to better mappings between
users’ abilities and gesture commands (our first use case above) and
more accurate recognizers (our second use case). Third, we would
like to integrate Gesture-A11Y with design tools, such as via Figma
plugins,6 to streamline UI development. This will enable use cases
where UI design and gesture set design are combined and tested
within the same workflow; for example, when a new UI element,
such as a navigation list, is added to the interface, suitable gestures
could be automatically retrieved from Gesture-A11Y and suggested
to the designer to ensure the interface’s accessibility.

4 Conclusion
We introduced Gesture-A11Y, the first hub for gesture input and
users with impairments, providing access to over 22,000 records, a
database of unprecedented size in accessibility research and practice,
especially given the scarcity of such resources. Gesture-A11Y comes
with an open-source license for unrestricted access to its database to
foster democratization of accessible gesture input design, including
Do-It-Yourself practices in assistive technology [12]. In the context
where the vast majority of interactions with mobile devices rely
implicitly on gesture input, gesture accessibility plays a key role
in overall mobile interaction accessibility, and improving it can
contribute to more inclusive employment by ensuring access to
digital resources and services through mobile devices. We look
forward to advancements in gesture input techniques made possible
by unprecedented access to resources in inclusive gesture input.

5Actual measurements from 3,313 stroke gestures produced by 27 people with visual
impairments [33], readily available through Gesture-A11Y.
6https://www.figma.com/plugin-docs
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