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Fig. 1. Typealike postures are postures formed using the left or right hand, an open or closed hand form, and
different wrist orientations, all further distinguished by hand position when on, just beside, or just below the
keyboard. Different postures can trigger different interactions, for example: (a) an open left hand at 90° wrist
rotation beside the keyboard can decrease the volume; (b) an open left hand at 0° on the keyboard can open
a screen capture snipping tool; (c) a closed right hand 0° posture below the keyboard could turn the car in a
racing game; (d) an open right hand at 0° on the keyboard could advance a document page; and (e) a right
open 90° hand posture beside the keyboard could increase the volume.

We propose a style of hand postures to trigger commands on a laptop. The key idea is to perform hand-postures
while keeping the hands on, beside, or below the keyboard, to align with natural laptop usage. 36 hand-posture
variations are explored considering three resting locations, left or right hand, open or closed hand, and three
wrist rotation angles. A 30-participant formative study measures posture preferences and generates a dataset of
nearly 350K images under different lighting conditions and backgrounds. A deep learning recognizer achieves
over 97% accuracy when classifying all 36 postures with 2 additional non-posture classes for typing and
non-typing. A second experiment with 20 participants validates the recognizer under real-time usage and
compares posture invocation time with keyboard shortcuts. Results find low error rates and fast formation time,
indicating postures are close to current typing and pointing postures. Finally, practical use case demonstrations
are presented, and further extensions discussed.
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1 INTRODUCTION

Keyboard-based interactions are crucial to e ciently operate conventional graphical interfaces
on a desktop or laptop. In addition to standard text entry, a keyboard also enables shortcuts and
hotkeys to trigger frequently used commands and provides a way to modify touchpad input (such
as switching from selecting to panning by holding dowspace. Various methods to further
expand the physical keyboard input space have been proposed. For example, enabling new kinds of
touch interactions on the keysd, 11, 29, 35 or tracking mid-air hand gestures above the keyboard

[22 23 3§. Both focus on integrating continuous input, like pointing and swiping, into a physical
keyboard. Another family of methods use static hand gestures, often called hand postures, to issue
discrete commands much like a short-cut key. A common approach is to recognize unique postures
at the moment a key is pressed,[40, 41]. This simpli es recognition since each keypress acts as

a delimiter to trigger posture recognition, and combining which key was pressed with di erent
postures creates a large input space. One risk is that eyes-free touch typing already uses automatic
hand movements that combine certain hand positions with each keypress, so overloading how keys
are pressed could disrupt natural typing ow. In addition, not all postures are comfortable to hold
while also pressing a key.

We propose a related, but di erent approach where hand postures are performed without a
simultaneous keypress delimiter and can be recognized using only the front camera of a laptop
tted with a mirror re ector. The postures use simple hand forms close to those used when typing,
and they can be performed near the keyboard without lifting the wrist o the laptop case. The
intent is to make posture actions similar to normal typing for increased ow, speed, and comfort,
while remaining su ciently unique to be reliably recognized. For these reasons, we refer to our
approach as Typealike postures. We explore 36 posture variations: left or right hands, open hand or
closed st forms, three wrist rotation angles, and three surface locations on or around the laptop
keyboard where people already place their hands when typing, resting, or when using the touchpad.
Like previous approaches, the goal is to further extend the input space for a physical keyboard. Our
postures can be used to invoke a command or change interaction modes, and they could co-exist
with previously proposed gesture or posture approaches, including those that tie hand posture
actions with a keypress.

We evaluate our approach by answering three questions: Is this style of postures preferable by
users? Can they be recognized reliably? Are they quick and easy to perform? These questions
are answered with a three-step methodology. First, a 30-participant formative study shows all
postures are preferable, with some less so and therefore better suited for less frequent operations.
Next, a large and diverse dataset of hand posture images from the formative study is used to train
a deep learning model, it achieves 97.4% classi cation accuracy. Finally, a second study with 20
participants uses this model to examine posture performance with keyboard shortcuts serving as
a relative performance baseline. The results show the postures are faster than shortcuts in many
cases, especially during mode-in formation. We provide our code, experiment trial data, image
dataset, and trained model for replication and extensior@verall, our work contributes:

A set of near-keyboard hand postures that are acceptable to users, recognized reliably, and fast
to perform.

1Supplementary material available at https://typealike.github.io/
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A dataset of nearly 350K posture images captured under di erent lighting conditions and two
keyboard backgrounds.

2 RELATED WORK

There are many approaches to create an expanded or alternative keyboard input space. Some
look beyond the keyboard, like using other sensors to capture touch and gestures beside the
laptop [15 21, 3§ or methods that expand touchpad interaction, such as gesture typing to trigger
commands §, 9). Others change the fundamental form of the keyboard itself, like replacing a
physical keyboard with a touchscreen, such as TapBoardl@. [Our focus is on previous work that

is conceptually, or literally, tied to using hand gestures (including static hand postures, hand forms,
or hand motions) on or near a physical keyboard.

2.1 Hand Gestures on the Keyboard Surface

Even the act of pressing multiple keys for conventional shortcuts requires speci ¢ hand postures,
though the ngers or hand form used are not directly sensed. A generalized extension of keyboard
shortcuts is Au et al.'s method of pressing and releasing multiple keys to form chords that trigger
commands [2]. Certain hand postures are used, but not explicitly controlled or sensed.

What is more directly related to hand gestures, are techniques to sense larger gestural interactions
across the entire keyboard. Zhang and Li detect spatio-temporal features when multiple keys are
stroked on a physical keyboard, like a touch scre@§][ Taylor et al. [34] detect a large set of
motion gestures interlaced with key presses using a matrix of infrared proximity sensors embedded
between the keys. Touch&Typd ] and FlickBoard B5 instrument the entire physical keyboard
with capacitive sensing to enable pointing operations across multiple keys. Block ed]adufh
keyboard customization even further by adding capacitive touch sensing as well as a display on the
surface of individual keys. The primary goal is to use hand gestures to bring continuous swiping
or pointing-like operations into the keyboard, reminiscent of the motivation behind integrated
isometric joysticks such as IBM Trackpoiri(]. In contrast, our goal is to trigger discrete commands
quickly using static hand postures.

2.2 Hand Gestures Above the Keyboard

Tracking hand movements above the keyboard in mid-air has been a popular approach. Space-Top
[19 detects nger touch and hand gestures above the keyboard using a downward facing depth
camera. AirMouseZ3, Fingermouse 27, and Ramos et al 2§ also use cameras with computer
vision to track a pointing nger above the keyboard, enabling mouse-like interaction. Wilsa§ [
examined a wider set of cursor control and related continuous control interactions using one and
two-handed thumb and nger pinch gestures, also captured using a top-down camera. The goal
of these projects is to bring continuous pointing-like interaction closer to the keyboard. Using
unsupported mid-air gestures for a full range of motion could result in muscle fatigue. Our goal is
to trigger commands with static postures that can be performed very close to the keyboard surface.

2.3 Hand Gestures while Pressing a Key

A general approach is to overload a keypress action by recognizing how one or more keys were
pressed. Additional features of a keypress can be sensed using pressure, touch position, and force
[3, 11, 20 25, for example. These techniques are not explicitly about hand gestures or postures,
but they can be used to detect continuous gestures performed on individual keys. For example,
the PreSense Keypad{ uses touch and pressure sensors to recognize di erent positions and
pressures of the nger contact to change what a keypress means. GestAKgwrflds 2D capacitive
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sensing to each keycap to detect small touch gestures to change or modify a command associated
with pressing a key.

The most related examples are those that either directly or indirectly use di erent hand postures
to press keys in unconventional ways to trigger di erent commands. Finger Aware Shortot(dp [
use di erent ngers, left or right hands, and either an open or closed hand, when pressing a key
to trigger di erent commands. Sensing is done through the built-in laptop camera using a mirror
re ector, but relies on the keypress event to trigger recognition. The recognition method uses
heuristics and the $1 recognize8T] on the hand contour, but only 3 postures are experimentally
tested. No recognition rates are reported. Similarly, FingerAfguses a closed hand with a thumb-
out posture to press keys, but with the purpose of providing interactive visual guidance for learning
posture-to-command mappings. Recognition is based on retro-re ective markers attached to the
hand. Buschek et al. [7] examined a method for adding continuous control to keypress actions by
tracking arm and wrist rotation gestures using IMU sensors. We also incorporate the idea of wrist
rotation in our discrete hand posture set. We adopt the camera and mirror re ector method from
Finger Aware Shortcuts and combine their open and closed hand forms with the thumb-out posture
from FingerArc. We also incorporate the wrist rotation from Buschek et al.. However, we tackle
the di erent problem of designing and recognizing discrete hand postures that do not rely on a
simultaneous keypress.

3 TYPEALIKE POSTURE SET

Our posture set was chosen to support our goal of a discrete command invoking method that aligns
with natural laptop usage. The postures are variations of hand posture styles, all based on three
design considerations:

Recognition without a key pre3sis disentangles command execution from key-press events, so
postures will not con ict with touch-typing hand motor behaviour when pressing keys. Upholding
this design consideration means postures used for commands must be unique from those used
when typing, using the touch-pad, or resting. They should also have distinctive features to delimit
the posture action.

Performed on or near the keyboard surfRosture hand shapes, and any movement to form
postures, should be compatible with maintaining a near-resting arm posture where the wrist is
in constant contact with the laptop case. This should minimize transition time from typing to
command-triggering postures, and be more comfortable than forming postures in mid-air or on
adjacent desk surfaces. This is analogous to the goal of minimizing pointing device homing time by
enabling pointing gestures on the keyboard surface (e.g. [12, 35]).

Simple and easy to perforhile the postures should be close to the keyboard and distinguishable
for detection, they should naturally be comfortable to perform for the user to make them practical.

3.1 Posture Parameters and Variations

With these design considerations in mind, we created a style of postures that use open or closed
hand forms to besimple and fast to perforrbut with a slightly extended thumb to appear unique

for recognition without a keypresEo support a large number of postures, we add two further
characteristics for variations based on wrist rotation angles and the surface location where the
posture is performed. The hand forms, the kinematics of wrist rotation, and the distinct locations
on or near the keyboard, means all postures carpeeformed on or near the keyboard surfaoce
further expand the input space, all postures can be performed with either hand. Our set of 36
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Fig. 2. Posture style and parameters: @)rfacevhere posture is performed (on, below, or beside keyhoard);
(b) Form of hand used in posture (open or closed); (c) Orientation of wrist used in posture®, and 180).
Note all postures use an extended thumb, and can be performed with either hand.

postures are fully de ned by variations along four parameters, illustrated in Figure 2 and described
below:
Hand (dominant, non-dominantill postures can be performed with either hand. This is a
distinguishing feature during recognition and may be used for di erent command mappings.
Form (open, closed)! postures use either a predominantly open or closed hand form. In both
cases the thumb is extended. In practice, these postures can be performed in a relaxed way,
without forcibly clenching the st, forming a fully at hand, or rigidly extending the thumb.
Orientation (0, 90, 180): all postures can be performed with the palmar side of the hand touching
the surface (0), with the side edge of the hand touching the surface (9@r with the dorsal
side touching the surface (180 We chose three orientations over this range for simplicity and
distinguishability for robust recognition.
Surface (on, beside, belopgdstures can be performed on the central keyboard area, beside the
keyboard (either on the left or right side depending on hand used), or immediately below the
keyboard. These correspond to locations where users already place their hands when typing,
resting, or using the touchpad.

While this set of postures was guided by our design considerations, there are variations in the
degree to which these considerations are upheld. For example, a larger orientation requires more
wrist rotation, and therefore deviates more from normal typing postures and may be less preferred
by users. Similarly, a closed form deviates more from normal typing postures than an open hand.
In addition, setting interaction surfaces to be on-keyboard and below-keyboard could introduce
false positives with normal typing or touchpad operation. These aspects are formally tested in the
experiments described below.

4 EXPERIMENT 1: PREFERENCE AND DATA GATHERING

The purpose of this experiment was to identify the most comfortable and preferred postures and
gather training data to create a recognizer. All experiments were approved by our institution's
research ethics board.

4.1 Participants

We recruited 30 participants: 10 female and 20 male; 19 to 31 yearsweld § sd = 2.4; 23 right-
handed. All reported extensive experience with laptop computers with daily usage between 4 to 16
hours (m=7.4 sd = 3.9. A pre-study typing test found a mean typing spe88words-per-minute

(sd = 7.8) with a mean error rate d#8% 6d = 3.4).
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Fig. 3. Experiment apparatus: (a) mirror reflector mounted on built-in laptop camera; (b) approximate hand
capture volume; (c) example camera view; (d) example camera view with green keyboard cover.

4.2 Apparatus

The experiment was performed on a 2018 15-inch Macbook Pro with QWERTY keyboard with
experiment code written in Java using the Processing library. Video of the hands and keyboard was
recorded at 30 FPS in 128120 resolution using the built-in laptop camera and a mirror re ector
(Figure 3a). The video logger was written in Python with the OpenCYV library. Participants were
instructed to avoid tilting the screen during the experiment for consistent data capturing. Note
that a real deployment could use an ultra wide-angle lens, a pop-out mirror, or a rotating camera
like the one used in some laptops (e.g. Lenovo N22).

We captured our data under di erent conditions to account for variations between laptops and
environments and make our recognizer more generalizable. First, we used a green keyboard and
laptop surface coveeover to be replaced with di erent backgrounds via chromakeying when
processing the captured frames. The green keyboard was used for 20 participants, while the
remaining 10 used the laptop without the cover. Second, we changed the lighting conditions for
each of the 3 blocks in the experiment. In one block, an ambient di use light source was used which
resulted in no pronounced shadows. In the other blocks, a light source was placed on the left and
right side of the laptop to create side shadows.

4.3 Task

We create simple game-like tasks representing one of four types of interaction: typing, clicking,
shortcuts, and postures. These various tasks establish a realistic context and meaningful baseline
when rating the comfort and preferences of postures. We need examples of hand postures represent-
ing normal laptop activity to expose these cases to our recognizer in order to avoid false positives.
Each trial lasted a maximum of 6 seconds, with the passing time indicated by a red ball falling
from the top to the bottom of the display. Upon completion of each trial, a sound was played to
indicate either success or failure. Participants were instructed to complete tasks as quickly and
accurately as possible.

Thetyping task displayed a ve-letter English word randomly sampled from the NLTK brown
corpus p]. Participants typed the exact characters and pressed return to complete the trial (Figure
4c). If they made a mistake, the input eld was reset, and they tried again. $hertcuttask
displayed a prompt showing a modi er key, Shift, Ctrl, or Alt and a letter, picked randomly
from a set of prede ned shortcuts. Participants pressed the modi er and letter key to complete the
trial (Figure 4e). Mistakes were handled like for typing. Ttleekingtask displayed a button at a
random location, and participants used the touchpad to move the cursor and click on the target
to complete the trial (Figure 4d). If they missed the target, they had to try again. fdstureask
displayed an image representing one of the 36 postures (Figure 4b). Participants performed the
posture with the required hand, form, orientation, and surface until the 6-second trial ended. In
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Fig. 4. Experiment tasks: (a) full screen view showing falling trial timer ball; (b) close up of a posture task
prompt; (c) close up of a typing task prompt; (d) close up of a clicking task prompt, and (e) close up of a
shortcut task prompt.

order to increase the diversity of posture data for training, we animated the rendered hand in the
prompt to wiggle a small amount. Participants were told to mimic this motion while maintaining
the posture. This increased engagement during the task, but more importantly made sure di erent
variations of the same posture were recorded for our dataset. Experiments were monitored by a
human observer to ensure participants were performing postures correctly given the task prompt.

4.4 Design

The experiment design was within-subject with three blocks of trials. In each block, there were 36
trials of posture tasks, one for each posture in the set. Postures were presented in random order. For
analysis, independent variables represent the posture parametarsed (dominant, non-dominant),
form (open, closedprientation (0, 90, 180), andsurface (on, below, beside). A reference
task (typing or clicking) was included between each posture trial, adding 72 trials for each block.
Shortcuts were considered a di erent form of typing and were included within the typing reference
task. These were selected pseudo randomly to ensure each typefefence task was equally
present.

In summary, there were Blocks 2hands 2forms 3orientations 3surfaces 2
reference tasks per posture = 216 trials per participant.

4.5 Procedure

Each session proceeded as follows. First, participants completed a one-minute typing test on a
35 letter-long pangram with punctuation marks, covering a range of keys. This provided the
typing speed estimates reported above. Next, participants were shown how to perform the di erent
posture variations, and the experiment tasks were explained. Participants completed practice trials
of all tasks for approximately 5 minutes. Then, the main part of the experiment began where
participants performed three blocks of trials where their hands were captured while typing, not
typing, and when performing postures. All input events were logged and video of the entire session
recorded. Participants were given the opportunity to take breaks between blocks. At the end of the
experiment, participants rated each posture for comfort and overall preference. The full procedure
took approximately 25 minutes.
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