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ABSTRACT
In this paper we provide a system for using in-air interaction
techniques for eyes-free text entry. We show that complex
tasks as text entry can be performed using a mix of simple
pinching gestures, which provides the user with a feedback
from his or her own sense of touch, compensating for lack of
feedback in many touch and in-air interaction techniques.
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INTRODUCTION AND BACKGROUND
Much research has been performed on different text entry
methods. The area was especially motivated by the advent
of new small devices, such as mobile phones, as well as no-
keyboard touch-based technologies such as smart phones and
tablets. These new interfaces required new efficient text entry
methods, in order to cope with the lack of classic hardware
keyboards. As a result, different hardware interfaces, algo-
rithms and virtual keyboards have been developed to improve
the situation. LetterWise [8], for example, offers a predic-
tive text entry method, which uses probabilities of letter se-
quences to enhance the performance of text entry. WordWise
[4], a commercial technology for text-entry on small key-
boards, predicts the entered word by looking at the sequence
of pressed keys, which avoids the user from pressing a key
multiple times. Such methods require the user to get a con-
tinuous visual feedback through the screen, as dealing with
ambiguous predictions is up to the user. Perkinput [5] on the
other hand offers a nonvisual text entry on touch screens by
detecting user’s input fingers and assigning each finger to a
Braille bit, hence enabling blind and visually impaired users
to enter text on touch screens. It though requires a rather large
interaction area, since both of user’s hands should be on the
screen. Escape-Keyboard [6] is another eyes-free text entry
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technologies, which recognizes user input based on the area
of screen being touched as well as the flicking gestures per-
formed by the user afterwards. Tapulator [10] also allows
for nonvisual input, but it can only be used for number entry.
Table 1 shows a summary of the mentioned technologies.

Technology Eyes-Free Mid-air Input Type
WordWise No No Word
LetterWise No No Character
Perkinput Yes No Character

EscapeKeyboard Yes No Character
Tapulator Yes No Number
Table 1. Comparing different text entry technologies

As using in-air gestures is starting to become established as a
form of interaction, in-air text entry can be potentially a new
form on interaction. This is mainly due to advent of advanced
depth-sensing cameras such as Kinect [2] and Leap Motion
[1]. These technologies enable affordable in-air hand and fin-
ger interaction, which allows the users to give inputs without
touching any surface or button. This minimal interaction ex-
perience comes with its own problems. Apart from fatigue,
which is one of the main problems experienced by majority
of users, lack of haptic feedback is a major challenge, which
makes the users dependent on some sort of visual feedback.
This in turn makes eyes-free [9] interaction impossible.

While we do not expect such text entry methods to perform
better in terms of speed or accuracy, the fact that such meth-
ods do not require any visual representation enables us to in-
teract with small screens more efficiently, since there is no
need anymore to display a soft keyboard on the screen.

Even more important, blind and visually impaired users will
be able to type without the use of a keyboard or speech-to-text
program, hence enabling them to use their voice for purposes
other than text entry, e.g. speaking or chatting with other peo-
ple, while entering a text on their devices.

SYSTEM DESIGN
Since our text entry method relies on detecting in-air hand
pose and gesture, we need a sensor system to recognize users’
hands. Over the past couple of years, we evidenced an in-
crease in such sensors, particularly vision based ones. Hence,
while developing this research, we assume the skeletal model
of the hand as a given. In other words, how this skeletal model
is produced is not our concern. Hence, we can use this sys-
tem with any sensor, as long as it can provide a skeletal model
of the hand. Currently, for practical purposes and due to its
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wide availability, we use a Leap Motion sensor which pro-
vides such a model (Figure 1).

Figure 1. Skeletal model of the hand provided by Leap Motion [3]

System setup
In our setup, the Leap Motion sensor is put on a desk, and the
user can interact with it in the area above it. The orientation
and exact location of the sensor is not important, as long as it
is able to see both hands.

Gesture selection and recognition
Our gesture selection approach has two steps. Firstly, we
select a set of gestures which are easy for users to perform
eyes-free. We call such gestures basic gestures. Since the
set of such gestures is rather small, we cannot correlate them
directly to English alphabet. Hence, a combination of these
gestures are defined to get a larger set of gestures (Figure 4).
We call these gestures complex gestures.

The basic gesture recognizer recognizes five different ges-
tures per hand: one open hand gesture, and four different
pinching gestures: pinching index finger, middle finger, ring
finger and little finger. The corresponding skeletal model of
these gestures can be seen in figure 2. We omit showing right
hand gestures for brevity.

(a) Index pinch (b) Middle pinch (c) Ring pinch

(d) Little pinch (e) Open hand

Figure 2. Left hand gestures as seen by the sensor

These gestures are recognized by looking at the distance be-
tween thumb and other fingers, and if the distance between tip
of thumb and another finger tip is below a certain threshold,

a pinching gesture is recognized (in case of multiple fingers
fitting into this criterion, we take the finger that has the min-
imum distance with thumb). The output from this gesture
recognizer is a stream of symbols, each corresponding to a
basic gesture, as shown in table 2.

Pose Symbol
Right hand Open o
Right index finger i

Right middle finger m
Right ring finger r
Right little finger l
Left hand Open O
Left index finger I

Left middle finger M
Left ring finger R
Left little finger L

Table 2. List of gestures and their corresponding symbols

Left hand and right hand gestures are always emitted in pairs,
as in the following example:

oOiIoOmM...

Such streaming output is used as the input of a complex ges-
ture recognizer, which tests the stream against a set of criteria,
each indicating a complex gesture. This check is performed
using one Finite State Machine per complex gesture. For ex-
ample, we can define a complex gesture for entering letter A
with the following sequence:

oOiOiMoO

That is, in order to enter an ”A” letter, the user should start
with open hands, then pinch her left hand and then, while
keeping that pinch, pinches her right middle finger, and then
should release both pinches. Since we are streaming the
gestures on a fixed time basis (every 100 milliseconds), our
stream will generate more than one symbol per gesture, i.e.
if a user keeps his hand open for one second, the system will
stream out 10 oO symbols. This will later help us to deter-
mine gestures based on their temporal characteristics. But in
order to determine corresponding gesture for letter A, as men-
tioned above, we need to disregard repetitive gestures. This
can be better described by a Finite State Machine (FSM) (see
Figure 3).

Figure 3. A finite state machine for describing a complex gesture

Looking at complex gestures in form of a finite state machine
of basic gestures has four major benefits:

1. Since we have a small set of basic gestures, it would be
easy for the users to learn how to interact with the system.

2. Developing a gesture recognizer for a small set of basic
gestures takes little effort.
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3. Defining complex gestures as a formal automata enables us
to quickly define a large number of new gestures.

4. We can systematically find conflicts among different ges-
tures, by calculating their intersection automaton.

In practice, we define such formal automata using regular ex-
pressions [11], i.e. we define the above-mentioned state ma-
chine using the following regular expression:

(Oo)+ (iO)+ (iM)+ (oO)+

Since we can define a large number of conflict-free complex
gestures, we define a one-to-one relation between gestures
and English letters, i.e. each complex gestures correlates to a
letter of English alphabet.

Figure 4. An overview of the system

Dealing with uncertainty
Despite significant improvement in sensory technology, the
output of all of these sensors has a level of uncertainty (due to
noise, occlusion, inherent system errors, ...). Since we do not
want to deal with sensory technology in this research, we con-
sider uncertainty as an input to our system. This uncertainty
affects our basic gesture recognizer, as any error in skeletal
model of the hand can directly affect our interpretation of
gestures. The degree of such errors varies with the type of
gestures (presumably due to occlusion, asymmetric relative
position of hand and sensors, and so on). Figure 5 shows an
example of these measurement errors, in an experiment with
only one user, with 58 repetition for each gesture.

Figure 5. Correct measurement of pinching gestures. 0: Left Index, 1:
Left Middle, 2: Left Ring, 3: Left little, 4: Right Index, 5: Right Middle,
6: Right Ring, 7: Right little

We try to address this issue by converting the problem to a
bigram model. We assign each state to a basic gesture. Since
each letter is represented by a sequence of symbols (complex
gestures), the state transition probability of the model can be
inferred from two known parameters: transition probability of
basic gestures in the set of complex gestures, and frequency
of English letters. We can then marginalize the English let-
ter’s frequency probability out to get bigram probability of
basic gestures, which is the transition matrix of our bigram
Hidden Markov Model (Figure 7).

P (si|sj) =
∑

l

P ((si|sj), l) =
∑

l

P ((si|sj)|l)P (l)

Finally, the observation probability matrix of the model,
P (si|oi), is measured by an experiment. In this experiment,
we measure the observation rate of different gestures when a
specific gesture is expected. In figure 6, we see the observa-
tion probability of different gestures when the user performs
an oR gesture.

Figure 6. Observation probability of different gestures when basic ges-
ture oR is performed. Unobserved gestures not shown.

CONCLUSION AND FUTURE WORK
In this paper, we described a new technique for in-air eyes-
free text entry. We managed to define a set of gestures which
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Figure 7. A partial representation of the Hidden Markov Model. si
and sj represent states (hence basic gestures), and oi and oj represent
observations. Tij = P (si|sj) and Oij = P (si|oj)

could be performed eyes-free, and systematically defined a
larger set of gestures based on those basic gestures. Our fu-
ture work will focus on testing the effectiveness of the system,
particularly for accessibility use cases. Moreover, our basic
gesture recognizer is a very naive one, and we are working on
extending it by using a programming by demonstration [7]
approach, where users can define their own set of basic ges-
tures in a more efficient way. Finally, comparing this method
of text entry with other methods will conclude this research.
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