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Abstract

For a subset of physically challenged people, assistive technologies, such as alternative

form of text entry, can be of tremendous benefit. However, speed of text entry with

current methods limits their more widespread adoption. Eye gaze technologies have

potential for text entry, but still tend to be relatively slow. Recently dwell-free eye-typing

systems have been proposed, but can be vulnerable to common text entry problems, such

as selection of the wrong letters. In this paper, we propose a recognition approach for

inferring the words which the user intends to type. The method is robust to missing letters

and even when a neighbouring letter on the keyboard is incorrectly selected. Simulation

and experiments results suggest that our proposed approach has better accuracy and

more resilience to common text entry errors than other currently proposed dwell-free

systems.
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Robust Eye-Based Dwell-Free Typing

INTRODUCTION

In modern society, access to, and communication via the internet is important

for adequate quality of life. However, some people with severe motor disabilities have

difficulty in communicating using their hands for typing, such as people with Amyotrophic

Lateral Sclerosis (ALS) or Locked-in Syndrome, conditions with nearly 120,000 new cases

diagnosed worldwide annually (Majaranta, Aoki, Donegan, Hansen, & Hansen, 2011).

People with these conditions may not be able to use even speech, and control of the eyes

may be the only means to communicate. If eye tracking can be used to achieve text entry,

called eye typing, this could provide a reliable method of communication.

Research on eye tracking dates back to the late 18th century when people’s sac-

cadic eye movements were investigated in a reading task with the first eye tracker (Biswas

& Langdon, 2015; Huey, 1908). For a long time, eye-tracking research was mainly fo-

cused on cognitive analysis (Just & Carpenter, 1976; Monty & Senders, 1976; Rayner,

1977, 1998), exploring what eye movements revealed about perceptual and cognitive pro-

cesses (R. Jacob & Karn, 2003; Ohno, 2007; Underwood, 2005). More recently, with

advances in both eye tracking technology and computer systems, eye tracking research

has gradually focused on human-computer interactions. Eye movements can be an input

source to control electronic devices and applications where eye trackers are used as an in-

teraction device (Murata, 2006; Zander, Gaertner, Kothe, & Vilimek, 2010). This role of

eye tracking started to become significant for people with physical impairment (Adjouadi,

Sesin, Ayala, & Cabrerizo, 2004; Donegan et al., 2009; Kocejko, Bujnowski, & Wtorek,

2009; Su, Wang, & Chen, 2006), and help them conduct a more efficient communica-

tion (Caligari, Godi, Guglielmetti, Franchignoni, & Nardone, 2013; Spataro, Ciriacono,

Manno, & La Bella, 2014). Among communication techniques, eye typing is a very

promising area (San Agustin, Skovsgaard, Hansen, & Hansen, 2009), and achieving text

entry through the focus of the gaze can now provide a means of communication for people

who are only capable of moving their eyes (Majaranta & Räihä, 2002).

Speed of text entry is a crucial limitation to current eye-typing systems (D. W. Hansen,
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Hansen, Nielsen, Johansen, & Stegmann, 2002; Kotani, Yamaguchi, Asao, & Horii, 2010;

MacKenzie & Zhang, 2008; Räihä & Ovaska, 2012). The early eye-typing systems allowed

users to type only two or three words per minute, which is impractical for communication.

Most eye typing systems employ a virtual keyboard on the screen, with the gaze point

of the user on the virtual keyboard being monitored by an eye tracker. Based on the

analysis of gaze behavior, the typing system estimates which letters the user is fixating

on, and infers whether the letter is actually what the user wants to type. With such an

approach, there are two main reasons for slow text entry: 1). Selection method, users need

to fixate their gaze on a key for a minimum interval (the dwell time – typically 200-600

ms (R. J. Jacob, 1995)), which limits the text-entry speed. 2). Text entry method, early

eye-typing systems only supported complete, individual character input, i.e. if a user

wanted to input “hello”, they had to select five separate, individual letters.

In order to increase the speed of text entry, researchers have developed a num-

ber of improvements. To increase typing speed when selecting individual characters,

the dwell time can be reduced or dynamically adjusted (Majaranta, Ahola, & Špakov,

2009), or the keyboard can be modified from the standard QWERTY layout to more

efficient forms (J. P. Hansen, Tørning, Johansen, Itoh, & Aoki, 2004; Sarcar, Panwar,

& Chakraborty, 2013; Urbina & Huckauf, 2010; Ward & MacKay, 2002). However, the

user might get rapidly tired when attempting to fixate for every letter of every word. A

complementary approach is to predict the next letter(s) and/or words based on previous

entries when typing (MacKenzie & Zhang, 2008; Urbina & Huckauf, 2010), enhancing

overall communication rate. Although the speed of text entry is increased, it is still

limited by dwell time which requires the user to fixate at the correct keys.

Recently, the concept of “dwell-free” typing has been proposed (Kristensson & Ver-

tanen, 2012). Dwell-free typing allows the user to type a word by just gazing at letters

sequentially rather than pausing at each individual letter for at least the dwell time. The

basic idea is that such a system should be able to recognize the intended word based

on the user’s gaze trace. Since each word consists of an ordered sequence of letters, the

word can be often be recognized based on the sequential letters detected and extracted
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from user’s gaze trace. For example, a gaze trace of “Hello” in the system as shown in

Figure 1. The user will gaze at “H”, and then saccade through “H”→“E”→“L”→“O”.

(A saccade is the type of eye movement where the gaze rapidly jumps from one point

to another). Note that during the typing period, the user does not need to select the

individual letters with dwell time. Such an approach allows users to focus on the entire

word while typing instead of the individual letters.

Kristensson and Vertanen (2012) investigated the potential of dwell-free eye typing

with a QWERTY-based keyboard layout. They demonstrated that dwell-free eye typing

is theoretically much faster than existing eye-based text entry techniques. However, their

system assumed an ideal case in which the word that the user intends to type is completely

known in advance, and only accepts the input letter corresponding to the next letter in

the word; if the next letter selected does not fit the known word, it intentionally ignores

it. Therefore, words can be written by only accepting correct letters, even if the user

looks at extra letters. While useful as a demonstration, clearly in practice it is impossible

to know what the user wants to input in advance, and such noisy letter sequences with

extra letters must be handled by practical dwell-free techniques in eye typing.

Pedrosa, Pimentel, Wright, and Truong (2015) proposed a filter-based dwell-free

typing system for practical text entry, called Filteryedping, which is able to handle the

“extra letters” error. The system was used to find all possible words formed by filtering

extra letters gazed at by the user. The possible words are subsets of the letter sequence,

which are sorted by their length and occurrence frequency in the dictionary. In their

experiment, their approach enabled participants reach an average of 14.75WPM, com-

paring with AltTyping (10.77WPM), the fastest dwell-based eye typing tool (Majaranta

et al., 2009; Räihä & Ovaska, 2012). After two hours of practice, the fastest participant

typed at 19.28WPM with Filteryedping. Thus it appears that dwell-free systems have

the potential to be much faster than the dwell-based systems in practice.

Although Filteryedping is able to handle the extra letters error, it cannot handle

missing letters errors, i.e. the intended word must be a subset of the letter sequence

gazed by the user. If the user omits gazing at one or two letters of the intended word,
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the system fails to recommend the intended word. In practice, with drift and imperfect

calibration of the eye tracking apparatus, as well as possible overshoot and/or undershoot

of saccades, missing letters must also need to be accounted for.

In order to solve the practical issue, Liu, Zhang, Lee, Lee, and Chen (2015) pro-

posed a dwell-free eye typing system, GazeTry, with the Moving Window String Matching

algorithm (MoWing) which is able to handle missing letters. Although the system out-

performed previous systems in the missing-letter case and overall accuracy improved for

expert users, it sacrifices its performance in the more common scenario of extra-letter

errors, especially for novices. As the number of extra letters increases, its accuracy de-

creases dramatically.

Therefore, in this paper, we propose an “intelligent” dwell-free approach which is

robust to the common errors afflicting eye-typing: extra letters, missing letters, and

incorrect character selection that is a neighbour of the desired letter. Our experimental

results from both simulations and field testing with users suggest that such an approach

results in improved accuracy. We thus develop a dwell-free eye-typing system which

achieves finger-swipe-like typing.

The contributions of the current work are:

1. We investigate common text entry errors in practical eye-typing compared with

traditional finger-typing systems

2. We propose a state transition model recognition approach to infer the word that

the user intends to type

3. We store the word dictionary in a prefix tree structure to accelerate the word

recommendation

DWELL-FREE EYE-TYPING SYSTEMS

In an eye-typing system, there are five steps: calibration, detection, recognition,

prediction, and construction. Compared with traditional finger typing systems, cali-

bration and recognition are two unique steps in an eye-typing system. Although some
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calibration-free gaze estimation systems have been proposed and perform well on saliency

analysis (Alnajar, Gevers, Valenti, & Ghebreab, 2013; Chen & Ji, 2011, 2015; Sugano,

Matsushita, & Sato, 2010; Wolfe & Eichmann, 1997), the reported accuracy is relatively

low compared to commercial eye trackers, thus they are less suitable for eye typing. The

calibration process maps the user’s eye movement to the coordinates on the screen. This

necessitates a personal calibration process with the eye tracker, since each person has

different eye movement characteristics. The eye tracking software models individually-

specific eye movements in order to estimate gaze accurately. Since the calibration process

is hardware-dependent, researchers investigating eye-typing usually assume a prior that

calibration is acceptable, or make it more reliable through periodic re-calibration (e.g.

every 10-15 minutes). Even so, small drifts in calibration can take place, so any practical

pattern recognition system should be robust to this possibility (Zhang & Hornof, 2014).

The recognition step is the key step in an eye-typing system, and is the focus of

our work. Compared with a finger typing system, there are additional challenges, e.g.

inaccurate eye movement or gaze, as well as small calibration drift, and sometimes what

the system detects is not even what the user intends to input. Therefore, the main goal

of the recognition step is to recognize the correct intended words based on a noisy input

from the user. This process does not rely on the context and semantic analysis which can

be applied in subsequent prediction and construction steps.

Due to issues at calibration and detection steps, there are two further problems

that make the intended word recognition challenging in a dwell-free system:

• The Midas Touch problem (R. J. Jacob, 1990); “everywhere you look, the

command will be activated”, that means you cannot look anywhere without

issuing a command. Things might be selected against the user’s

inclination (R. J. Jacob, 1991).

• The low accuracy or drift problem; the fovea, the part of the retina with highest

visual acuity, is restricted to the central 5 degrees, and yet the accuracy of

measured point of gaze is about 0.5 degrees. Also, even if a newly calibrated

device is quite accurate, the calibration may start to drift (Majaranta & Räihä,
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2002).

In practice, the two problems usually occur together, leading to three types of errors:

extra-letter errors, neighbour-letter errors, and missing-letter errors. An extra-letter error

may be caused by The Midas Touch problem. When the user sequentially gazes at letters

of a word, besides the correct letters, the user also gaze at extra letters accidentally which

are also detected. The neighbour-letter error occurs when the user gaze at an adjacent

letter rather than the intended letter. The missing-letter error is that the user does not

gaze at the intended letter nor any neighbour, totally omitting the letter. A practical

dwell-free typing system should be robust to these three types of error.

Previous approaches have assumed the word being typed is known a prior (Kris-

tensson & Vertanen, 2012), have filtered extra letters, but failed to handle neighbour-

letter and missing-letter errors (Pedrosa, Pimentel, & Truong, 2015; Pedrosa, Pimentel,

Wright, & Truong, 2015), or have significantly reduced accuracy in extra-letter errors

(Liu et al., 2015).

Therefore, we propose an approach to solve the practical problems, in which users

do not need to gaze at all letters of an intended word. Although the user does not gaze at

the intended letter but the neighbour of the letter, or even parts of a word are missing, our

approach is still able to recognize and recommend the intended word. Our simulation and

experimental results show that our approach has better accuracy and higher resilience to

text entry errors.

METHODOLOGY

The extra-letter error, neighbour-letter error, and missing-letter error are three main

problems at the recognition step in the dwell-free typing system.

For the extra-letter error caused by The Midas Touch problem, if we do not rely on

other devices (e.g. EEG to detect special event-related potentials (Guan, Thulasidas, &

Wu, 2004; Zander et al., 2010)), the only way to avoid this problem is using dwell time.

However, if dwell time is used, the user has to fixate at a key for a minimum time to

activate/select it, increasing the overall time taken to type a word. However, by analysing
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the gaze trace, we can extract the letters that the user has gazed at, and then obtain

the letter sequence. Based on the duration of gazed letters, we can find the letters that

are dominant for the intended word. Dominant letters are letters where the user spends

more time gazing at during the word entry period. Although there is no fixed dwell time

for selecting an intended letter, the user can gaze at an intended letter for a relatively

longer time (e.g. figure 2 shows the heat map of the gaze while typing “hello”). The

letter is called a dominant letter, because it could be a part of the intended word. Using

the letter sequence and dominant letters, it is possible to find words in the dictionary

with high probability of being correct despite the presence of possibly extraneous letters

in the sequence.

For the neighbour-letter error and missing-letter error caused by the drift problem,

our approach uses a neighbour weight. Once a letter is detected, its neighbours are

also regarded as possible input. For example, when “S” is detected, we also consider its

neighbours, “A”, “W”, “D”, “X” as potential letters. While this can create many more

candidate words, we use a common states mapping score (described below) to restrict

the number of potential words.

Common States Mapping

In the eye-typing system, the actual eye movement is mapped to its relative position

(coordinate x, y) on the virtual keyboard. Through initial data processing, < x, y, l >

tuples can be generated, where x and y indicate the location of the gaze and l indicates the

nearest letter at the location. According to the saccade-fixation model (Salvucci, 1999)

shown in figure 3a, the saccade is the rapid eye movement from one location to another,

and the fixation is stationary pointing over one target. Intuitively, the fixations indicate

the intent of the user while typing words. Therefore, the tuples of fixations are extracted,

in which the saccade-fixation detection algorithm (Kumar, 2007) is implemented in the

paper.

If tuples have the same nearest letter during a period of time, they belong to the

same intended fixation location, thus we assign them into the same state. The state is
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interpreted by a tuple < l, t >, where l indicates the nearest letter at the state, and t

indicates the time interval of the state. Thus, the state is consisting of two elements in

the fixation location domain (l) and time domain (t) respectively. The process of typing

a word is converted into the states transition shown in figure 3b. Since the states directly

indicate the user’s typing, such as which letters the user gazes at sequentially, and how

much time the user spends on each letter, these states are regarded as observable states,

and the states transition is an observable transition which is taken as (possibly noisy)

user input in the recognition step. We then need to recommend the potential words

(including the intended word) through the input.

Every word in a dictionary consists of certain ordered letters. If we regard every

letter inside as a state, the whole word is consisting of states with certain one-direction

transition, and we define potential words as a potential transition while processing the

input. Potential transitions are generated by words from the dictionary, so each word is

corresponding to a potential transition, and each letter indicates a state in the potential

transition, in which there is only the location domain, i.e. the letter itself, but no time

domain like the observable transition. Consecutive same letters are represented by a

state, e.g. “apple” has four states, a, p, l, e.

In the proposed method, drawing on the idea of the longest common subsequence

method, our goal is to find the longest common states between potential transition(s)

and observable transition(s) which reflect their mapping similarity. We take the set

similarity as a simple example. Given two sets, A and B, according to Sorensen-Dice

coefficient, the two sets similarity is measured by 2|A ∩B|/(|A|+ |B|), and the goal is

to find the maximum |A ∩B|, which is the size of the common elements. Although set

elements are non-ordered and non-repeated, the basic idea is similar.

We use a 2-D table to describe the method. The row represents the observable

transition, and the column represents potential transition as shown at Table 1. There

are three conditions as follows to fill in the table:

• If the locations of two transitions are the same, the corresponding cell is filled

with value of the time domain of the observable transition.
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• if the locations are adjacent, i.e. one is a neighbour (up, down, left, right) of the

other, the cell is the value multiplied by a weight (Figure 4 shows preliminary

results on neighbour weight in which the optimal weight is around 0.4).

• Otherwise, the cell is zero.

Algorithm 1 Matrix Generation Algorithm
1: function BuildMatrix(observable, potential)

2: aij is the ith row, jth column cell of Matrix

3: Si is the ith state of observable

4: S
′
j is the jth state of potential

5: if Si.l = S
′
j.l then

6: aij ← Si.t

7: else if Si.l ∈ neighbour(S ′
j.l) then

8: aij ← Si.t ∗ weight

9: else

10: aij ← 0

11: end if

12: return Matrix

13: end function

Finally, a m-by-n matrix is generated (Algorithm 1). The generated matrix based on

a real example of a word entry is shown in Table 2, the observable transition is “SCXAR”

with the corresponding time interval, and the time interval is processed depending on

sampling frequency. the potential transition is a word, “car”.

Instinctively, while the user is typing, each fixation is related to only one intended

letter, but several fixations can be related to the same intended letter which is a cause of

extra-letter errors. Based on this fact, we define the two transitions mapping as a many-

to-one mapping shown in figure 5, and the method in the paper is called the longest

common states mapping method (LCSMapping). As the name suggests, we are trying to

find the most common states between the input stream (the observable transition) and
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each word (the potential transition). One state in the observable transition can only map

to one state in the potential transition. Since the transition is ordered, if an observable

transition S1 is mapping S
′
2 in potential transition, S2 cannot map the S

′
1 which is earlier

than S
′
2. According to the above two constraints, the problem is modelled by the following

mathematical formula 1, which is a dynamic programming problem. The solution is the

longest common states, and we solve it using a recursive formula in algorithm 2 (the

detailed proof is shown in APPENDIX).

Maximize :
n∑
j

aij, i ∈ [1, 2, ...m]

Suject to : ∀ai1j1 , ai2j2 ;

if j1 < j2, then i1 ≤ i2

(1)

Potential Transition Scoring

After common states mapping, we extract the longest common states between

potential transition and observable transition. Then we need to infer the hidden tran-

sition which consists of the next letter of the word that the user intends to type. In our

method, we use a variant of Sorensen-Dice coefficient in the following formula 2.

Score = |A(A∩B)|
|A| + |B(A∩B)|

|B| (2)

where |A(A∩B)| indicates the time interval of the longest common states, and |A| indicates

the overall time interval, thus |A(A∩B)|/|A| is the proportion that the observable transition

maps to the potential transition. |B(A∩B)| indicates the number of states in potential

transition that are mapped by the observable transition, and |B| indicates the number

of states in potential transition, so |B(A∩B)|/|B| is the proportion of potential transitions

mapped by observable transitions. The score range is same as Sorensen-Dice coefficient,

from 0 to 2.

Candidate Ranking

After deriving the potential transition scoring, the score of the potential transition

created by each word in the dictionary is computed. Since the score reflects the similarity
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Algorithm 2 Longest Common States Mapping Algorithm
1: function LCState(Matrix)

2: f (1, j) =
j∑

k=1
a1k

3: f (i, 1) = max(a11, a21, ..., ai1)

4: m, n←Matrix

5: if i, j > 1 then

6: f (i, j) = max (f (i, j − 1) + aij, f (i− 1, j))

7: end if

8: return f (m, n)

9: end function

of the input and each word, it is regarded as a ranking metric. The larger the score, the

higher is the similarity of the input to the word. The observable transition is what

the user inputs, thus potential transition is the word which the user probably intends

to type. According to the score, we rank all words in the dictionary, in the descending

order. The higher the score of a word, the closer to the beginning of the candidate list

it will be. Those words which are at the top positions with the highest scores, are the

most likely word that the user intend to enter. The goal of the text entry system is that

the intended word should be displayed in the first page of the list of possible words, and

the user does not need to scroll the list. Note that in the current approach, we do not

rely on the word occurrence frequency in the dictionary, and only use the score to sort

the candidate words.

DATA STRUCTURE

Individually mapping the potential transitions created by each word in the dictio-

nary is consuming in both time and space, because every time we need to create a new

matrix for each newly-selected word from the dictionary for comparison. The comparison

time is proportional to the size of the total number of characters in the dictionary. From

the Algorithm 2, if we add a new state after the last state of potential transition, the

longest common states of original matrix does not change, and the longest common states
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of new matrix only relates to the last state, which is a 1st-order system. Therefore, it

allows us to create an augmented matrix.

In this work, we apply a prefix tree structure (Trie) to maintain the words of the

dictionary. As shown in figure 6, each node contains a letter, its next node, and a flag

that indicates whether it is able to form a word through the current node and previous

nodes. From the tree, if words have the same prefix, we only operate on them once. In

addition, for one branch of the tree, we only need to build one augmented matrix instead

of building matrices for each word. From our preliminary experiment results, using the

prefix tree structure cuts operation time by nearly half compared to brute force method

mentioned earlier. Compared with the recent dwell-free approaches, Filteryedping (the

execution time of FdpRevised is the same as FdpRevised’s) and MoWing, the execution

time of our approach using the tree structure is reduced by 11% and 46% respectively.

(figure 7).

EVALUATION

In this section, we evaluate four standard dwell-free eye typing approaches, the

proposed LCSMapping approach, Filteryedping (Pedrosa, Pimentel, Wright, & Truong,

2015), a revised version of Filteryedping (FdpReivsed), and MoWing in GazeTry (Liu et

al., 2015).

Filteryepding, FdpRevised and MoWing approaches

The approach in Filteryepding only relies on the sequential gazed letters. The basic

method is to find all possible words which consist of subsequences of the input letter

sequence. If the input sequence contains all letters of the intended word, the word will

be short-listed by the system. Then these possible words in the candidate list are sorted

based on the length and frequency in dictionary using the following formula:

score (word) = log (freq (word)) + w ∗ length (word) (3)
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where freq(word) is the number of times the word appears in the Corpus of Contemporary

American English (COCA) (Davies, 2011), length(word) is the number of letter in the

word, and w is a weight. The higher the score of a word, the closer to the beginning of

the candidate list it will be. In their study, the optimal value of the weight w was found

to be 1.09.

Since the original Filteryedping algorithm fails to solve the neighbour-letter error

and missing-letter error, we simply revise the matching algorithm part in order to handle

the neighbour-letter error (Algorithm 3). The revised one is FpdRevised. The ranking

algorithm is the same as the original Filteryepding using formula 3.

Algorithm 3 The FdpRevised’s Matching Algorithm
1: function match(word, sequence)

2: i, j ← 0

3: while i ≤ word.length do

4: validity ← false

5: while j ≤ sequence.length do

6: if isNeighbour(word[i], sequence[j]) then

7: validity ← true

8: break

9: end if

10: j ← j + 1

11: end while

12: i← i + 1

13: end while

14: return validity

15: end function

The MoWing in GazeTry relies on a cost function which calculates the converting

cost between the input letter sequence and each word, and then sorts the candidates

according to the cost. In this approach, there are two moving windows, one is for the

input letter sequence and the other is for the candidate word, and it calculates the
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converting cost between the two windows while keeping moving the two windows forward

according to corresponding rules, and the summation of the each window converting cost

is taken as the final cost. This approach is greatly affected by extra letters. Although

it focuses on local optimization, as the number of extra letters increases, the total error

rate also increases.

Experiments

Two experiments were carried out. In experiment 1, a simulator was built to simu-

late the user input with different types of errors, i.e. extra-letter errors, neighbour-letter

errors, and missing-letter errors. In experiment 2, ten actual users taking part in the

experiment were instructed to type words into the system.

Experiment 1: Simulation. We built a word generator which generates sets

of words simulating different text entry errors to compare the resilience of the different

algorithms. In the extra-letter error, the simulator created a random noisy input, e.g.

irrelevant letters, into a word which simulated that the user gazed at extra letters acciden-

tally. In addition, for the simulated input, the time interval of intended letter was around

10% to 50% longer than extra irrelevant letters, which was to simulate that the user spent

relatively longer time on the intended letters. In the neighbour-letter error, the simulator

included some neighbour of letters in a word, which simulated that the user gazed at a

neighbour of an intended letter rather than the letter itself. In the missing-letter error,

the input lacked some letters of a word, simulating that the user does not gaze at the

intended locations nor neighbours. The simulation configuration was the same as (Liu et

al., 2015).

For each type of error, the simulator randomly selects one thousand words from the

dictionary to generate one thousand letter sequences, and this operation was repeated

100 times. Thus, a total of 100 thousand letter sequences were generated for each type

of error. The set of simulated letter sequences were used as input to the four algorithms

to establish the recommended words based on the letter sequences.

Figure 8 shows the top-5 rate results with the extra-letter error. The top-5 rate
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is the percentage of the intended words existing at the first five positions of the list

of recommended words, which reflects the accuracy of a typing system. The X axis is

the number of simulated extra letters, which indicates how many irrelevant letters the

simulator generates into the word. From the results, when there was no extra letter

(i.e. the number of the extra letter is 0) the top-5 rates of Filteryedping, MoWing

and LCSMapping were almost the same (approaching 100%), however the top-5 rate of

FdpRevised was only 62.8%. As the number of the extra letter increased, the top-5 rate

of MoWing decreased dramatically. When the number of the extra letters was 1 or 2,

the top-5 rate of Filteryedping was 0.2% higher than LCSMapping, likely because the

LCSMapping algorithm had a bigger search space for possible words. If the score of the

intended word was not ranked in the first five positions in the candidate list, it is flagged as

unsuccessful detection of intended word. When the number of the extra letters was larger

than 2, LCSMapping gradually performed better than Filteryedping, with LCSMapping

performing 20% higher with 10 extra letters. From our preliminary experiment of actual

users, the typical number of extra letters is around 5, and LCSMapping accuracy at this

point is around 4% higher than other algorithms. Statistical analysis showed significant

differences between LCSMapping and Filteryepding (p = 0.0174 < 0.05). However, since

FdpRevised allowed a word to consist of neighbours of the gazed letters, the search space

was much larger than the original Filteryedping approach. When the number of the extra

letters increased, the top-5 rate of FdpRevised exponentially decreased to nearly 0%.

To further understand the accuracy of the different approaches, we were also inter-

ested in the average position of the intended word in the candidate list. Figure 9 shows

the comparison of the average position of the different method, in which the X axis is the

number of simulated extra letters, and the Y axis is the average position. This result also

supports the top-5 rate in figure 8. When the number of the extra letters is 0 to 4, Fil-

teryedping and LCSMapping have the similar results, i.e. the average position is around

1 which means the intended words are always listed in the first position. As the number

of extra letters increases, the average positions of Filteryedping gradually increase and

exceed that of LCSMapping, indicating deteriorating performance. The average position
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of FdpRevised is high even when there is a single extra letter error indicating clearly

that it is unable to cope with the extra letter error. In the case of MoWing, the average

positions increase as the number of extra letter is increasing again showing its inability

to cope with the extra letter error problem.

Figure 10 shows the performance of four algorithms when there are both neighbour-

letter and missing-letter errors. In figure 10a, the X axis is the number of letter which

is replaced by its neighbour. In figure 10b, the X axis is the number of missing letter

in the word. Due to the word length limitation, only parts of the word can be changed

to neighbors or missing, otherwise it is not meaningful if the whole word information is

lost. Thus from our preliminary investigation, we set the neighbor-letter error from 1 to

5, which means that, at most, five letters of the word were changed to their neighbors.

The missing-letter error was set to 1 to 3, which means at most three letters of the word

can be missing.

The results show that LCSMapping is able to handle both neighbor-letter and

missing-letter errors, in which the top-5 rate is still higher than 80% even though the

neighbour-letter error is 5 and missing-letter error is 3, which is better than MoWing

(40.7% and 52.5% respectively). However, although the neighbour-letter and missing-

letter errors are 1, The top-5 rate of Filteryedping is around 12%. Thus Filteryedping

is not suitable for handling text entry with these types of errors. Although the top-5

rate of FdpRevised (37.85%) is much higher that Filteryepding(11.89%), its performance

decreases dramatically once the error increases due to its poor search-space control.

The results of simulation show that LCSMapping outperforms other approaches in

both neighbour-letter and missing-letter errors without sacrificing performance in extra-

letter errors. The Filteryedping approach had a good performance in the extra-letter

error case, while in both neighbour-letter and missing-letter errors cases it had very poor

performance. Although the FdpRevised approach improves the accuracy in the neighbour-

letter error case, its overall performance is relatively low due to its poor search-space

control. While the MoWing approach is able to solve the problem of both neighbour-

letter and missing-letter errors cases, it sacrifices the accuracy in the extra-letter error



ROBUST EYE-BASED DWELL-FREE TYPING 19

case, which, in fact, is the most common error case in practical eye typing environment.

Experiment 2: Actual User. We evaluated the performance of the proposed

approach via actual user experiments. The interface was presented on a Dell P2314H 23-

inch LED-lit monitor with a resolution of 1920 × 1080 at a frame rate of 60Hz, and were

run on a Dell-PC with a Xeon(R) processor at 3.5GHz and 16GB DDR-RAM under 64-bit

WindowsT M 7. We used a low-cost eye tracker (TheEyeTribe1) put under the monitor

shown in figure 11. The eye tracker had a sampling rate of 60Hz. Nine-point calibration

was used in the study. The tracked gaze coordinates data were mapped onto the mouse

cursor using moving average smoothing algorithms provided by the device. A chin rest,

used to help participants understand that doing eye typing they only need to move their

eyes and also help to keep calibration, was placed 50 cm in front of the monitor. The

participants did not need to re-calibrate the tracker unless they were uncomfortable with

the accuracy of the eye tracker, or there is a big drift.

We recruited ten volunteers (7 male, 3 female; 23-35 years) from the local university.

All of them had 4 to 8 hours per day computer usage, and had normal vision. Three

of them had rich prior experience with eye tracking, and seven of them had no such

eye-tracking experience before.

All participants had at least half an hour training to control the cursor using eye

movements, and type letters using gaze. In the experiment, there were five sessions,

but from results the users did not demonstrate significant different performance among

the five sessions. Between sessions, the participants had a five-minute break and then

underwent re-calibration. In each session, each participant needed to type 200 words

using the proposed eye typing system. These words were randomly selected one by one

from the dictionary which has 5000 commonly-used words in the Corpus of Contemporary

American English (COCA) (Davies, 2011).

In the experiment, a random word was selected and displayed at the top of the

screen. The user was required to type the word using eye movement and gaze. Since

the proposed system is a dwell-free typing system, they did not have to spend dwell

1http://theeyetribe.com/
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time typing individual letters of the word. Like the finger swipe-based typing, they

only needed to “swipe” the letters of the word using gaze. Upon completing the word

entry, they had to gaze at the “SPACE” key to indicate the end of entry. The system

then displayed the candidate words at the bottom of the screen. At the bottom of the

screen, there were four rows of the top-5 ranked words recommended by each of the four

algorithms, Filteryedping, FdpReivsed, MoWing, LCSMapping, respectively. The system

simultaneously showed up the top 5 words at the four lists. Since we are evaluating the

performance of four algorithms in typing errors rather the typing performance of the

participants, they did not need to choose the word from candidate words, but they were

encouraged to look at the recommended results, and kept typing the next given random

word. Then a new random word was displayed at the top of the screen.

Figure 12a and figure 12b demonstrate the top-5 rate and the error rate of the ten

participants. The error rate is the percentage of the intended words being out of top 30

in the candidate set, which reflects the robustness of the typing system. As can be seen,

the performance of the three experts was better than seven novices. Figure 13 shows the

average top-5 rate with error bars, where the results of MoWing and Filteryedping were

almost same. This result fully supports our preliminary observations that the extra-letter

error is the most common error, with new users trying to input all letters of the intended

words resulting in more extra letters in their input. Therefore, although the MoWing

approach improves its performance in neighbour-letter and missing-letter errors cases, its

overall performance does not improve with sacrificing the performance in the most com-

mon, extra-letter error case. Among the seven novices, the top-5 rate of LCSMapping was

around 20% higher than Filteryedping and MoWing, and the error rate of LCSMapping

was only half of Filteryedping and MoWing. From the results of the three experts, the

top-5 rate of LCSMapping was around 20% higher than Filteryedping, and the error rate

of LCSMapping was nearly 0%, but the error rate of Filteryedping was higher than 10%.
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DISCUSSION

Through running experiments with simulation and actual users, the proposed LC-

SMapping is a robust approach in the eye-typing system that is able to handle extra

letters, neighbouring and even missing letters, both in terms of accuracy metrics and

error metrics. In the simulation study, we developed a word error generator to simulate

the different types of errors as well as the number of such errors. This is essential for us

to determine the performance of the different algorithms. It helps us collect an amount

of data that could be difficult to obtain with actual users, because in eye-tracking area,

we commonly experience difficulties in finding users for our eye tracking studies (Eraslan,

Yesilada, & Harper, 2016). Therefore, the simulation experiment is able to not only

provide a theoretical testing of the approach, but also allow us to control specific (error)

environment so that we optimize the system before testing on actual users. It is important

for the eye-typing system design or even other HCI systems in some cases, for example,

finding actual users is difficult, requiring repeated practical experiment is expensive, and

quickly testing prototype is necessary.

During our study, we identified several steps in a typical eye-typing system, i.e.

calibration, detection, recognition, prediction, and construction. While calibration and

recognition are unique steps in the eye-typing system compared with a traditional fin-

ger typing system. Specifying the unique parts helps us define the clear purpose/scope

of developing the system. The quality of calibration is hardware-dependent, e.g. the

accuracy of the eye tracker. In general, almost all eye-typing work assumed the per-

fect calibration, i.e. the user most probably fixates on the correct letter directly. In

order to guarantee that, usually the high-quality eye trackers are applied, or users are

required to re-calibrate frequently. However, the high-quality eye trackers usually are

very expensive, which could be one main reason limiting the prevalence of eye-tracking

applications requiring the high tracking accuracy. Nowadays as human-computer in-

teraction tends to be seamless and natural, repeating the calibration process would be

burdensome, even though the eye-tracking devices are non-invasive for users. Therefore,

reducing the calibration is a challenging issue that cannot be ignored when developing the
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eye-typing. Although some automatic re-calibration works have been proposed (Vadillo,

Street, Beesley, & Shanks, 2015; Zhang & Hornof, 2014), they are not suitable for the

real-time eye-typing system, and still contain the error range. Therefore, handling poor

calibration or calibration drift is necessary in the rest of steps, and our system addresses

this problem in the recognition step. The detection step exists in any typing system,

which is basically that the system receives the “operation command” from the human

with some initial processing.

In our study, we distinguished recognition and prediction, even though sometimes

the two terms are interchangeable in typing systems. In this context, recognition is to

process noisy inputs of the user, while prediction is a further process relying on syntac-

tic/semantic analysis. This work is focusing on the recognition step instead of prediction.

The purpose of our work is to efficiently recognize the potential words with high probabil-

ities only based on what the user inputs, i.e. a robust approach handling noisy input. In

recognition approaches, the key algorithm is to define the similarity/dissimilarity between

candidate words in the dictionary and input of the user. In general, they are categorized

into shape-based matching approaches and string-based matching approaches.

Shape-based approaches compare the shape of the path covered by the eye gaze

with shapes stored in a word list (Hoppe, Löchtefeld, & Daiber, 2013; Kristensson &

Zhai, 2004; Wobbrock, Myers, & Kembel, 2003; Zhai & Kristensson, 2003), and these

approaches have been widely used in finger-based typing systems with the touch screen,

such as Swype2 and SwiftKey3 entry system for smart phones. The touch screen has

enabled users to enter text by just dragging their fingers across the screen keyboard.

While in eye-typing system, the shapes of the eye-gaze paths are always sharp (not

smooth as dragging by fingers), and the shape-based approaches are less helpful. Pedrosa

et al. (2015) investigated the shape-based approach in which the error rate is very high

in the eye-typing system, and it is not suitable for practical eye typing.

While string-based approaches usually apply string matching techniques finding

the similarity/dissimilarity of candidate words and converted letter sequence of input
2http://www.swype.com/
3http://swiftkey.com/en/
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stream of the user. Edit distance and longest common subsequence are widely used as

the similarity metrics, and more comprehensive surveys can be found in (Navarro, 2001).

However, the existing string similarity metrics are location-independent (or keyboard-

layout-independent), for example in the edit distance method, the distance between “a”

and “s” is the same as the distance between “a” and “p”, but as we know, they cannot

be regarded as the same distance according to the QWERTY layout. In practice the

location information is very important when low accuracy or calibration draft exists, and

the neighbouring letters of gaze fixations (or gazed letters) should be also taken into

account. In addition, another important factor in the eye typing we mentioned before

is the time duration of gazed letters. The duration factor is able to help us identify

the dominant letters, which improve the recognition accuracy and speed up the system.

Therefore, the proposed LCSMapping is a string-based matching approach with location

and time duration information, i.e. space and time dimensions, which are two intuitive

factors of eye typing.

Although our work is not focusing on prediction and construction steps, we still

discuss the potential research that can be integrated with our system. Our system is

able to allow the user to focus on the entire word entry instead of individual letters.

Furthermore, with syntactic/semantic analysis and even typing behaviours of the user,

it is possible to allow the user to focus on the entire sentence, especially daily sentences.

The recommended words in our system can also be a “coarse” input feeding forward

into the prediction engine, and then the better qualified words would be recommended.

In eye-typing systems, the real-time prediction is seldom used, because it would disturb

the attention of the user, and then the user usually types all letters of the intended

word at once (Trnka, McCaw, Yarrington, McCoy, & Pennington, 2008). In traditional

finger typing systems, input controller (finger) and visual feedback (eye) receiver are

different. While using eye movement as the input controller, the visual feedback cannot

be received in parallel, and then the audio feedback can be a good alternative (Majaranta,

MacKenzie, Aula, & Räihä, 2003). Although candidate words are ranked highly with their

corresponding probabilities, the users still need to select the intended word that requires
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cognitive effort and takes some time. Thus if the intended words are always ranked in the

first position, it could be more portable for practical typing. In our experiment, using

LCSMapping , 87.6% intended words of the three expert users were ranked in the first

position, compared with Filteryedping (61.4%), FdpReivsed(2.5%) and MoWing(76.5%).

We summarize the differences of four algorithms in Table 3. On processing the

gazed letters of a user, Filteryedping and FdpReivsed only extract the ordered letters

that the user has gazed at. MoWing and LCSMapping extract time duration of gazed

letters, besides the letter sequence. The gaze duration provided us with the dominant

letters in the sequence of letters entered. Thus enabling a better decision making by our

algorithm. As for the similarity calculation (string matching), Filteryedping finds the

possible words consisting of the letter sequence. The intended word must be a subset

of the sequence of letters entered, which eliminates many possible words. Thus it is

not able to handle missing-letter errors as well as neighbour-letter errors. FdpRevised

takes letter sequence’ neighbour into account that makes its search space much larger,

which make it fail in controlling the size of candidate words. Therefore, although the

ranking method in Filteryedping and FdpRevised is reasonable, it still cannot recommend

words efficiently. While MoWing uses the a cost function to calculate the converting cost

of the entered letters and the words in the dictionary, which controls the size of the

candidate-word space, but this method searches for the local optimal. As the number

of extra letters increases, the performance deteriorates gradually. LCSMapping finds the

longest mapping states between the letter sequence and each word, and this method is

able to reach the global optimal. From the Simulation and actual users experiments,

Filteryedping is only able to handle the extra-letter error, and FdpRevised has the very

limited ability to handle the neighbour-letter error, while MoWing is able to handle the

small number of the extra-letter error. The proposed LCSMapping is resilient to all of

the three common errors.

In the experiment, the users were not required to select the intended word, but they

were encouraged to look at the candidate list (top-5 words). The purpose of our work is

to understand common text entry errors using gaze and improve accuracy of the work,
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rather than the entry speed, because the speed is not only depending on the proposed

approach, but also other factors, e.g. user proficiency, UI design, even the eye tracker. It is

promising that in the future thorough experiments are carried to control these factor, and

also investigate the usability of the system. From the experiment results, novices show

relatively poor performance where even using our proposed algorithm, LCSMapping, the

top-5 rate is less than 70%. From their experiment records and feedbacks, there are two

main reasons, the first one is that they are not good at controlling the cursor using gaze,

and the other one is that they forget some letters of the word while gazing sequentially.

It can be a guide of subsequent UI and experiment design, such as replacing the cursor,

and allowing the users to memorize the given word carefully first before starting to type

the word.

CONCLUSION AND FUTURE WORK

In order to increase the communication ability of physically challenged people, a

number of eye-based typing systems have been proposed, but most have been plagued by

slow text entry speed. Recently, dwell-free systems have been proposed, but they still are

vulnerable to common text entry errors. The user may gaze at extra irrelevant letters

accidentally, and the Filteryedping (Pedrosa, Pimentel, Wright, & Truong, 2015) method

has overcome this problem by filtering out the extra letters. However, in practice, the low

accuracy or drift problem caused by inaccurate calibration is another critical issue. The

user might only gaze at an adjacent letter (neighbour-letter error), and even might not

gaze at all letters of the word (missing-letter error). Then the MoWing (Liu et al., 2015)

method has been proposed to improve its performance in neighbour-letter and missing-

letter errors cases while sacrificing some degree of performance in extra-letter error case.

However, due to the Midas Touch Problem, the extra-letter error is the most common

error encountered in eye typing, and the overall performance of MoWing is not superior

in practice.

Therefore, in this paper, we have proposed a robust dwell-free recognition approach,

LCSMapping, to handle the neighbour-letter and missing-letter errors without sacrificing
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the performance in the extra-letter error case. Unlike simple filtering and string match-

ing methods, the proposed approach takes the letter location and gaze duration into

account besides the gazed letters, which has made dwell-free typing even more accurate

and more resilient to text entry error, much akin to finger-swipe typing, even using a

low-cost eye-tracking device. Furthermore, implementing the tree structure to process

the recommendation, the operation time of LCSMapping is reduced by 11% and 46%

respectively, compared with Filteryedping (FdpRevised) and MoWing.

However, limitations still exist. First, although the LCSMapping algorithm can

handle slight calibration drift well, it is unable to handle free head motion. Unfortu-

nately, current most low-cost eye trackers do not allow natural head movements. Second,

although we apply the low-cost eye tracker with a relatively simple set-up, the eye tracker

configuration is still a form of extra burden. Therefore, it can be a good future work to

bring the merit of our work to eye-tracking systems using the single normal camera (We-

bcam). Since the Webcam is a standard configuration of PC or even mobile devices, it

would be promising to achieve eye typing using such more flexible devices instead of extra

eye trackers. In addition, another interesting future work is to integrate our eye-typing

system with some popular network applications, e.g. WhatsApp, WeChat to help people

communicate with the outside world.

Due to the policy and location constraints, in the experiment we cannot recruit the

target population, i.e. people with motor disabilities. In order to make the system more

practical, in the future some target people would be invited to participate in our study

and explore new demands/solutions.

APPENDIX

We define f (i, j) is the longest common states of first i states in observable transition

and first j states in potential tranistion.

First given a 1-by-n matrix, in which the potential tranistion contains only one

state, the longest common states in formula 1 is sum of this row:
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f (1, j) =
j∑

k=1
a1k, j ∈ [1, 2, ..., n] (4)

Then given a m-by-1 matrix, in which the observable transition contains only one

state, the longest common states in formula 1 is the row with the maximum value:

f (i, 1) = max(a11, a21, ..., ai1), i ∈ [1, 2, ...m] (5)

Given a m-by-n matrix (m, n > 1), we verify the following equation 6:

f (i, j) = max (f (i, j − 1) + aij, f (i− 1, j)) (6)

We use the mathematical induction proof as follows.

1) When m = 2 and n = 2, f(2, 2) has three combinations with constraints in formula

1, a11 + a12, a11 + a22, a21 + a22, and f(2, 2) = max(a11 + a12, a11 + a22, a21 + a22), in

which a11 + a12 = f(1, 2) (eq.4). According to eq.5, max(a11, a21) = f(2, 1), so

max(a11 + a22, a21 + a22) = f(2, 1) + a22, and then

f(2, 2) = max(f(2, 1) + a22, f(1, 2)) satisfying eq.6

2) when m = 2 and n = 3,

f(2, 3) = max(a11 + a12 + a13, a11 + a12 + a23, a11 + a22 + a23, a21 + a22 + a23), in which

a11 + a12 + a13 = f(1, 3) (eq.4), and max(a11 + a12, a11 + a22, a21 + a22) = f(2, 2) at

the first step. So f(2, 3) = max(f(2, 2) + a23, f(1, 3)) satisfying eq.6.

3) when m = 3 and n = 2,

f(3, 2) = max(a11 + a12, a11 + a22, a11 + a32, a21 + a22, a21 + a32, a31 + a32)), in which

max(a11, a21, a31) = f(3, 1) (eq.5), so

max(a11 + a32, a21 + a32, a31 + a32) = f(3, 1) + a32. According the proof at the first

step, max(a11 + a12, a11 + a22, a21 + a22) = f(2, 2), so

f(3, 2) = max(f(3, 1) + a32, f(2, 2)) satisfying eq.6.

4) when m = 3 and n = 3, f(3, 3) = max(C32 + a33, C23), in which Cij indicates the

possible combinations with constraints at the first i rows and j columns. According
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to the second and third steps, max(C32) = f(3, 2), max(C23) = f(2, 3), so

f(3, 3) = max(f(3, 2) + a33, f(2, 3)) satisfying eq.6.

5) Given f(m, n− 1), f(m− 1, n) satisfying eq.6, there are

f(m, n− 1) = max(Cm,n−1), f(m− 1, n) = max(Cm−1,n). Due to

f(m, n) = max(Cm,n−1 + amn, Cm−1,n), then

f(m, n) = max(f(m, n− 1) + amn, f(m− 1, n)) satisfying eq.6.
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Table 1

S1 S2 S3 ... Sn

S
′
1 a11 a12 a13 ... a1n

S
′
2 a21 a22 a23 ... a2n

S
′
3 a31 a32 a33 ... a3n

... ... ... ... ... ...

S
′
m am1 am2 am3 ... amn
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Table 2

< S, 10 > < C, 20 > < X, 10 > < A, 15 > < R, 15 >

C 0 20 2 0 0

A 2 0 0 15 0

R 0 0 0 0 15
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Table 3

The summary of four algorithms

Filteryedping FdpRevised MoWing LCSMapping

Letter Sequence Only gazed letter sequence Gazed letter sequence with corresponding time duration

String Matching Find words consisting letters
of the sequence

Find words consisting letters
the sequence, or neighbors of
these letters

Calculate the cost from
the sequence to words

Find the longest common
states mapping between
sequence and words

Candidate Ranking log10 (freq (word)) + w ∗ length (word) Sorting by the cost Sorting by the mapping score

Types of Error Solved Extra-letter error Neighbour-letter error (little)
Extra-letter error (little)
Neighbour-letter error
Missing-letter error

Extra-letter error
Neighbour-letter error
Missing-letter error
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Figure 1 . The gaze trace of “Hello”
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Figure 2 . The gaze heat map of “hello”
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Figure 8 . The top-5 rate in extra-letter error
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Figure 9 . Average position of words in the candidate list
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Figure 10 . The top-5 rate in two errors
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Figure 11 . Participant performing experiments
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(b) The error rate

Figure 12 . The results of actual users
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Figure 13 . The average top-5 rate with error bars




