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A B S T R A C T

Midair handwriting poses challenges due to the lack of a physical

plane to press against while writing, making it difficult to determine

when ink should be placed. In this thesis, we gathered midair hand-

writing data from 24 participants in an environment that allowed

them to write freely. We compared writing with a pen-like object

and writing using a finger across two writing methods (writing freely

versus on a virtual whiteboard). Using our data, we trained a neural

network to detect when ink should be placed during midair handwrit-

ing, achieving an overall 85% accuracy. We developed a data-viewing

application to recreate sentences for visual analysis. Participant feed-

back favoured the pen-like object as a writing utensil, with equal pref-

erence for both writing methods.

Our contributions include a midair handwriting Virtual Reality

(VR) application for data collection, a dataset containing 480 sen-

tences of frame-by-frame midair handwriting data, and 20 unique

prompts used in participant trials.

Keywords: midair handwriting, virtual reality, machine learning, vi-

sualization, user preferences
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1
I N T R O D U C T I O N

In recent years, digital writing has been a ubiquitous practice, sig-

ni�cantly contributing to enhancing workplace productivity. It has

revolutionized the way we can perform writing, conveying our ideas

in a readable form for self-interest or sharing ideas with an audience.

While the reliance on digital platforms has grown exponentially in

common everyday workplaces, the importance of ef�cient text input

has grown alongside. For example, a teacher may want to quickly

write down notes for their students while giving a lecture, or a group

of people could write their thoughts down while brainstorming. Writ-

ing things down swiftly and conveniently is key in various work-

places, ranging from individual to collaborative settings. The practice

of digital writing in the modern day resembles traditional writing in

the same way that any writer would have to approach a digital sur-

face to write. While this method is straightforward, there lies much

room for improvement, such as removing the need of a physical writ-

ing plane which can allow people to write anywhere they wish. This

can be bene�cial for people who require fast and ef�cient writing,

such as writing short notes at a desk or in a collaborative setting, or

writing things down for an audience. Therefore, a promising solution

that addresses this gap in writing technology is the ability to write

in midair, as it is a versatile approach to writing down ideas and

thoughts in a digital environment.

Writing in the midair using a digital medium can be advantageous

in numerous settings, such as working in augmented reality (AR)

work environment where multiple users can see the same handwrit-

ing as well as sketches, public displays and sterile conditions [ 36].

Alongside is the bene�t of ease of transfer from traditional writing

skills. A writer capable of writing pro�ciently on various mediums,

including writing on paper, chalkboard, or whiteboard, also implies

that they have the necessary skills to write on a digital interface. An-

other bene�t of midair writing includes the limitless space due to the

virtual environment. Regarding spatial capacity, the space a user can

write in is bound by the 3D space around the user, which can be con-

1



2 introduction

(a) (b)

Figure 1: Left: Person writing on a physical whiteboard. Right: Person writ-
ing in midair without constraints on where to write and how to
write.

stantly expanded. Moreover, a digital text input interface can equip a

user with creative freedom with various features, such as the ability

to manipulate ink colours, font sizes and other formatting options.

Additionally, writing in an alternate reality such as AR or virtual re-

ality (VR) allows the possibility of providing visual feedback of the

ink being placed in the air after writing.

To make midair handwriting optimal for users, it must be a �uid

and seamless experience. This means the ink must be placed when-

ever the user intends to do so, and should not be placed whenever

the user does not intend to. Currently, midair handwriting is a rela-

tively new technology. A commercially available method of midair

handwriting is the Meta Horizon Workrooms ' [ 37] virtual black-

board. This method of midair handwriting requires the user to be

close to the virtual blackboard, which adds extra steps for the user to

perform a simple task. For example, the user has to physically move

to the blackboard or manually select buttons to move their avatar

to the blackboard. When reaching the blackboard, the writer must

move their writing utensil close to the virtual surface for the ink to be

placed. This ultimately re�ects a real-life scenario of a writer walking

up to a chalkboard and bringing the piece of chalk close to the board

to begin writing. Compared to the type of midair handwriting we
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propose, we intend to allow midair handwriting without the need of

bringing the writing utensil close to any surface - virtual or physical.

The design goal we have in mind is to remove the steps needed

to begin writing - simplifying midair handwriting by allowing the

writing to begin as soon as the writing utensil is picked up. Addi-

tionally, our research aims to avoid using explicit methods of switch-

ing between writing modes, such as button presses. This requires

detecting the intention of midair handwriting, as it is also present

in past research, using various methods to track the writer's hand

movements to classify the letters being formed [ 4, 5, 11, 12]. However,

many constraints on how writing must be performed are present in

these works; some include only being able to write capital letters,

having a constrained writing area and a required stroke order for

different letters. While these constraints can provide advantages to

midair writing, such as the limited writing area allowing users to

write in a smaller private space, these constraints can take away from

an individual's traditional method of writing. With minimal tracking

technology, we cannot write in midair without constraints. Therefore,

we propose to investigate the feasibility of autonomous midair hand-

writing and the required tracking to do so.

The long-term goal of this research is to allow the user to write

anywhere freely by automatically placing the ink whenever the user

intends to write without explicit commands such as button presses,

given that they are in a setting with the appropriate tracking tech-

nology. Hypothetically, one can raise one's hand and create strokes

while holding a writing utensil or using one's �nger. Then, they can

proceed to perform the writing by making the strokes in midair. To

do this, we must be able to detect whether or not the user intends

to write in the open 3D space. This is a challenge many research

papers have addressed and have solved by using a variety of AI mod-

els, but alongside, it has been applied with many constraints on how

writing must be performed. These constraints are elaborated further

in Chapter 2. However, many share a similar methodology of using

the acceleration and angular velocities of the writer's hand and/or

�nger as features for their models as time series data to determine

the intent of writing.

In this thesis, we have adopted a similar strategy of using the move-

ment and rotations of trackable objects. These objects include the

writer's writing utensil, wrist and head. Additionally, we are inter-
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ested in using eye tracking, which includes the gaze position and

pupil dilation, as these have been linked to the intent of human ac-

tivities in past research [1, 21, 30, 31]. Past research implemented

gaze-based tasks [14, 32] for explicit mode switching while using a

pen-based system.

We have also taken an HCI approach as we investigate what users

prefer regarding midair handwriting. We compare two different meth-

ods of writing — one where the writing utensil is a pen-like object in

which we use a whiteboard marker, and one where the writer's �nger

can be used to write as it will act as a lightweight writing utensil. The

purpose is to investigate whether people prefer to write in midair

while holding onto a writing utensil or not holding onto anything.

The �nger is also de�ned as a "tool-less" technology, which can be ad-

vantageous in a variety of settings [ 28] such as one for midair writing

for reasons such as providing ease of use and cleanliness. In addition

to writing methods, we also compare writing freely in midair and

writing with the assistance of a virtual whiteboard, as we intend to

investigate whether a virtual writing plane can assist people in midair

writing. The virtual whiteboard technique has been implemented in

various ways, especially for collaborative work. For example, the re-

searchers who developed CollaboVR [25] explored different layouts

for presenting virtual writing, such as mirroring writing in front of an

audience and projecting writing for remote users to view. Petrowski

et al. [41] implemented a VR prototype where users can add writ-

ing and sticky notes to a virtual blackboard. Lastly, we have chosen

to implement this application in VR, allowing the writer to see the

digital ink as writing is performed, improving the naturalness of the

handwriting experience.

1.1 motivation

When writing in midair with no constraints, there are two main chal-

lenges: �rstly, the absence of a physical surface to apply pressure

while writing, and secondly, the inherent untidiness of the writing.

In the �rst challenge, the lack of a physical surface to write on makes

it impossible to perform a 'pen lift' to stop the act of writing. Nor-

mally, that is the only way to distinguish between intentional and

non-intentional writing. However, in midair writing, the lack of dis-

tinction between the intent of writing introduces the challenge of de-
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(a) Midair writing seen from the front

(b) The same sentence viewed from the right side. A degree of curvature can be seen
from this side of the same sentence

Figure 2: A sentence written in the air by a participant, viewed from the
front and right side. The front view shows the handwriting nor-
mally, but there is a degree of curvature from the top-right side.

termining the precise moments when writing is intended to begin and

end. In the second challenge, writing in midair will also introduce an

extra degree of freedom, which invites errors within the extra dimen-

sion, the z-axis. This can result in handwriting appearing messy, as

seen in �gure Figure 2, where the writing appears clear when viewed

from the front but appears to be performed over a curve when viewed

from another angle. This phenomenon describes the challenge of per-

forming traditional writing in a midair setting without constraints.

Detecting intentional and non-intentional writing strokes in midair

is not a novel concept. Past research has used Hidden Markov Models

and Support Vector Machines [ 4, 5, 11–13] to determine the intention

of writing based on various features such as angular velocities and

accelerations of the writing hand/�nger. Amma et al. [ 5] were able to
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distinguish the act of writing from performing everyday activities us-

ing the sudden increase in angular velocities and accelerations. They

could classify handwritten gestures as letters by determining when

midair writing is being performed. Although these works achieved

character and word recognition at high accuracies, there were several

constraints, some recurring across many papers, which negatively im-

pacted the naturalness and �uidity of the writing process. Some of

the constraints include writing only in capital letters, writing with

letters that overlap instead of left to right, speci�c stroke orders, �xed

wrist movement, and requiring users to write with speci�c heights.

These constraints can serve as drawbacks, as writing should ideally

be devoid of any limitations.

To offer a way to perform midair writing without constraints, we

intended to �nd the most suitable techniques for this practice. Since

there is currently no data concerning this unconstrained method of

midair handwriting and the ideal handwriting techniques for indi-

viduals, we aimed to �ll this research gap. Therefore, we have two

research questions:

RQ1. Can we predict the intention of midair handwriting without

constraints on how people write?

RQ2. How do people write in midair?

RQ2.1 Does the presence of a virtual whiteboard affect how peo-

ple write in the air?

RQ2.2 What writing utensil do people prefer to write in midair

with, and do they prefer to write with or without a virtual

whiteboard?

To answer our research questions, we gather data using a VR ap-

plication in a participant study described in Chapter 3 and Chapter 4.

RQ1 is answered by performing tests on our data using a neural net-

work in Chapter 6. The second research question is two-fold as we

explore midair handwriting from an HCI perspective. RQ2.1 inves-

tigates midair handwriting patterns and how they are affected by a

virtual whiteboard in Chapter 7. RQ2.2 investigates how people pre-

fer to write in midair through subjective feedback in Chapter 8. In this

scope of this thesis, we focused on English printed writing, excluding

cursive and other languages.
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1.2 contributions

We collected and provided a new dataset containing the positional

and rotational values of all tracked objects, such as the writing utensil

and the participant's head and wrist, from 24 participants who wrote

sentences in a user study. This number was chosen to encompass all

possible combinations of the order of writing utensils and methods

in our experiments. Additionally, each frame includes eye-tracking

data such as pupil diameter and gaze position. Using our data, we

predicted the intention of midair handwriting through a series of tests

by using a recurrent neural network composed of long short-term

memory layers (LSTM). The long-term goal of the data and analysis

is to provide a foundation that describes the requirements to perform

unconstrained midair handwriting in any 3D space and not just in

VR, and for people of all backgrounds.

The contributions of this work are as follows:

• A dataset containing frame-by-frame positional and rotational

data of tracked devices used in our experiments, along with eye-

tracking data. Additionally, we provide the stimuli used for the

data-gathering experiment.

• A Unity VR application that allows midair handwriting and is

used as a data-gathering tool.

• A Unity application that uses recorded data from experiments

to reconstruct sentences written by participants. Tracked objects

including the writing utensil, wrist, head, and off-hand con-

troller can be viewed in the editor frame-by-frame.

• Machine learning tests using our recorded data to predict the

intention of midair handwriting for all conditions using a re-

current neural network composed of long short-term memory

layers

• Analysis of midair handwriting patterns.

• Qualitative analysis of preferred writing methods and condi-

tions, introducing suggestions for design considerations for fu-

ture research.





2
B A C K G R O U N D

There have been numerous approaches to performing midair hand-

writing, ranging from past research to consumer products. This chap-

ter discusses past works and the techniques that have been imple-

mented to support midair handwriting. Additionally, Section 2.4 ex-

plores papers that have combined eye tracking with writing.

2.1 segmenting and classifying midair handwriting

A common problem many researchers have encountered is that midair

handwriting is a constant stream of data, no matter how the writing

utensil is tracked. If the writing utensil is in midair, it will always be

constantly in one mode and, therefore, unable to switch between writ-

ing and not writing. Unlike having a surface to write on, the mode

is switched easily just by performing a pen-up or pen-down motion.

While there are explicit methods of switching modes, such as using

buttons to turn the ink on or off, this research aims to avoid explicit

methods and only implicitly switch between writing modes.

Past research commonly used computer vision methods by track-

ing the writer's hand and/or �nger while performing midair writing

and used movement as a feature to detect when writing was intended.

Chen et al. [11, 12] used features including positions, velocities, orien-

tations, accelerations and angular speeds to classify the writing mo-

tions into letters and words. Then they tested different combinations

of features to evaluate the performance using Hidden Markov Mod-

els (HMM), resulting in average error rates as low as 1.9% for word

detection and 0.66% for characters in their 1k-Word Vocabulary de-

rived from Web 1T 5-gram [7]. Their HMMs were used in their sec-

ond paper [ 12], utilizing an Leap Motion Controller [ 51] to perform

hand tracking. This introduced an incredibly lightweight design of

midair handwriting. Similarly, Amma et al. [ 4, 5] used average an-

gular velocity and mean shifted acceleration to segment the midair

handwriting motions apart from writing and not writing. A compre-

hensive overview performed by Singh et al. [ 48] mentioned several
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