Improving the Robustness to Input Errors on Touch-
based Self-Service Kiosks and Transportation Apps

Frode Eika Sandnes'*®

"Department of Computer Science, Oslo Metropolitan University, Oslo, Norway
2Faculty of Technology, Kristiania University College, Oslo, Norway
frodes@oslomet.no

Abstract. Text input is cumbersome on public self-service kiosks and apps.
Applications often provide prefix-based text suggestions to speed up input, but
the input must be correct. However, application specific lists are usually limited
in size. For example, the Norwegian rail network comprise 324 stations. This
can be exploited in the input process. Several approaches are explored herein
for more flexible text input that are robust to errors.
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1 Introduction

Public self-service kiosks have become an important part of the transport infrastruc-
ture in large cities allowing unmanned service of stations. Apps have also emerged as
an alternative [1] and the two often coexist side by side. One common step is the input
of destination names using text entry.

Moderate use of text input is a useful principle applicable to both touch-based self-
service kiosks and smartphone apps. In some situations, one may avoid the problem
altogether by other means such as QR-codes [2]. When selecting from a small list of
items, such ten station names, the interface can rely on recognition and selection (see
Fig. 1 (a)). However, with larger item lists that cannot be fitted on a simple screenful,
such as a few hundred station names, it may be impractical to perform interaction
through recognition. In these instances, the relevant item can be recalled through text
input (see Fig. 1 (c) and (d)). However, text input on public self-service kiosks can be
challenging for some users if they have limited experience using the system and feel
pressure from being observed by onlookers. Also, often public kiosks have low-
quality displays, dated technology or damaged displays making it hard to hit the exact
targets. Visitors such as tourists may not have the local knowledge needed to select
destinations with unintuitive names such as “Gardemoen” to get “Oslo Aiport”.

The input of text via smartphone apps is also challenging for many users due to
the small screen real-estate with small virtual keys, making it challenging to hit the
targets (see Fig. 1 (b)).



Fra: Oslo S

a dr

Stasjaner

Drammen

Drangedal

Drevvatn
alwlelrlt|ylulilo|p|a

sldftlan]ifxfi]e]=

o NYDALEN

Reise til:

(c) NSB ticket kiosk (alphabetical, 2006). (d) NSB ticket kiosk (QWERTY,
2016).
Fig. 1. Selecting travel destination.

Public kiosks and smartphone can display a similar amount of information on a
single screen. Although the kiosk displays are larger than smartphone displays they
are viewed from longer distances. Also, one must prevent information overload.

Text input can be challenging for individuals with disabilities. With reduced vi-
sion one may not be able to perceive the information. With motor disabilities such as
tremor one may hit incorrect targets. Fitts’ law explains the relationship between the
time to hit a target, the distance to a target and the size of the target [3]. Users with
cognitive disabilities, such as dyslexia, may have problems both decoding and encod-
ing text [4, 5], and thus benefit from query-building aids [6].

Although the item lists are too large to be displayed on one screen, the lists can
still be relatively small. When a list contains few textual elements (a few hundred)
one may exploit the fact that the limitations allow fewer valid choices and hence pro-
vide stronger error correcting power than is possible with full dictionaries.

This study explored several strategies for exploiting small language models with
the overall goal of achieving universal accessibility [7]. Four methods are investigat-
ed, namely how to compensate for (a) motor input error due to accidentally hitting
neighboring targets, (b) the effort needed to input long words, (c) cognitive disabili-
ties causing incorrect letter orderings and (d) a mixture of motor input error and cog-
nitive errors. The methods are enhancements of the prefix method and users without
reduced motor or cognitive function should not notice the added functionality. The
issue of low vision is not addressed although transportation is a major challenge for



individuals with reduced vision [8]. Kiosk interfaces targeted at users with low vision
can for instance employ gestures with audio feedback to facilitate input [9, 10].
Moreover, gestures are usually relative movements and hence the problem of hitting
absolute targets is avoided altogether. Alternatively, tactile feedback can be used [11].

2 Background

There has been much research into various aspects of self-service kiosks such as read-
iness for the technology [12], accessibility issues [13], ergonomic issues [14], service
design [15], prototyping [16], evaluation techniques [17], etc. Serf-service kiosks
spans a range of areas such as food and catering [18], ATMs [19], healthcare [20],
navigation in hospitals [21], vending machines [22], interactive public displays [23]
and for public transport and ticket purchase [24]. A self-service kiosk is usually
placed in a public space [25] and is meant to be usable by all and there has thus been
some focus on the universal accessibility of such kiosks [26].

In previous work we have focused on making kiosks accessible to blind users, es-
pecially given the task of selecting stations [10] and adapting dynamically to the
needs of the user [27]. We have also explored the effect of keyboard layout for the
same task, whereby presenting the users with a familiar layout is less likely to impose
unnecessary stress [28]. There is a vast literature on text entry in general [29, 30, 31].

There is a long history of research into spell checking and correcting from the
more classic methods using dictionaries [32] to newer methods using Hidden Markov
Models [33] and online texts [34]. Attempts have also been made to study the mis-
takes made by dyslexic users [35] and users with reduced motor function [36]. Geo-
metric models have been used to relax the need to hit targets exactly [37].

3 Method

The language model comprises a list of 324 train stations acquired from timetables.
The station names were converted to lowercase to simplify processing.

3.1  Motor Errors: Fuzzy Keys

To compensate for motor input errors, it is assumed that the user is using a virtual
QWERTY keyboard. Moreover, it is assumed that simple motor errors are caused by
missing the target, that is, the user hits one of the neighboring keys. For simplicity, it
is assumed that horizontal errors are more frequent than vertical errors, especially as
virtual smartphone keyboards in portrait mode have tall and narrow keys (see Fig. 1
(©).

For each keypress the two horizontally neighboring keys are considered as alterna-
tive intended keystrokes. For example, if the user enters the character C, the character
X on the left and character V on the right are included into the set of potential input
characters. Next, all combinations of the three possibilities for each keypress are
combined and each combination is checked against the list of words. All the words
with matching prefixes are added to the word suggestion list. Clearly, with one-



character input there are 3 possibilities, with two input characters there are 9 possibili-
ties, with 3, 4, 5, 6, 7 and 8 characters there are 27, 81, 243, 729, 2187 and 6561 pos-
sibilities, respectively. Imagine the user intends to write “Oslo”, but starts with the
right hand in a wrong position and writes “Iski”. The four characters give 81 possibili-
ties including “Uiau”, “Uiai”, “Uiao”, “Uisu” and also the correct word “Oslo”. The
correct string is selected when correctly identified in the list of words.

3.2 Reducing Input Effort: Abbreviations

Prefix-based input works well with the English language where most words are not
combined with other words. In other languages, such as Norwegian, compound words
are built by combining words, and more words thereby share the same prefix. The
user must enter long prefixes before a reliable suggestion can be made. To solve this
problem abbreviation input was proposed [38]. With abbreviation-based input the user
only inputs selected characters at various positions in the word. This was implement-
ed by using the least common subsequence (LCS) algorithm.

Imagine we want to input “Lundamo”. There are four words that share the same 3
letter prefix, namely Lundamo, Lunde, Lunden and Lunner. Three of these also share
the same 4 letter prefix “Lund”. With abbreviation-based input the user may enter the
four consonants “Indm” to retrieve “LuNDaMo”.

3.3 Cognitive Errors: Bag-of-letters

Cognitive errors can cause characters to appear in the wrong sequence. To recover
from such input errors the following strategy was performed. An entered prefix is
matched against all the words in the list of words. A count of matching characters is
maintained. If the number of matching characters equal the length of the prefix the
associated word is included in the list of suggestions. Imagine the user intends to in-
put “Oslo”, but accidentally inputs “Olso”. Since all the characters in Olso also are in
Oslo the word is correctly identified.

3.4 Motor and Cognitive Errors: Fuzzy-bag

An attempt was made to combine fuzzy-key and bag-of-letters. This was achieved by
generating the set of potential input characters sequences using fuzzy key. Next, each
of the contenders were matched against the entries in wordlist using bag-of-letters.
Imagine we wish to input “Oslo”, but we accidentally place the right hand incorrectly,
and also accidentally swaps the two middle characters, and thus input “Tksi”.

3.5 Measurements

The four methods described herein were evaluated according to the number of availa-
ble suggestions at each step of the input process. The average and the maximum num-
ber of suggestions were recorded by systematically inputting the list to the system one
character at a time in offline mode while recording the suggestions at each step.



Table 1. Mean and maximum number of suggestions (M = mean, mx = maximum).

prefix abbreviation fuzzy key Bag-of-letters fuzzy bag Levenshtein
N M mx M mx M mx M mx M mx M mx
1 23 50 98 202 81 322 98 202 0 0 0 0
2 5 14 24 86 24 322 36 123 0 2 5 14
3 2 4 6 32 7 71 16 65 0 4 9 24
4 1 4 2 10 3 71 8 42 1 9 14 33
5 1 3 1 4 1 23 4 26 2 20 23 50
6 1 2 1 2 1 7 3 16 5 28 7 18
7 1 1 1 1 1 2 2 9 7 42 3 7
8 1 2 1 7 7 63 2 4
9 1 1 1 3 10 43 1 3
10 1 3 7 19 1 2
11 1 2 8 19 1 1
12 1 1 5 7
13 6 7
14 7 7
15 7 7
4 Results

Table 1 presents the results. The data shows that the prefix method leads to the fewest
suggestions. When only one key is pressed there are on average 23.4 suggestions
(maximum 50). With two characters the maximum is reduced to 14 suggestions with a
mean of 4.7. With three characters there is a maximum of 4 suggestions and a mean of
1.7 suggestions. In other words, the prefix method allows most stations to be entered
with three keystrokes or less, although with no tolerance for errors.

Abbreviations result in more than twice as many suggestions with one key com-
pared to the prefix method, and with three characters the mean number of suggestions
is reduced to a manageable 6.1 (maximum 32). With four keystrokes this is reduced to
a maximum of 10 suggestions with a mean of 2.1 suggestions. The freedom to con-
struct a word from abbreviations comes at the expense of more suggestions.

Compensating for motor errors by incorporating neighboring keys gives a maxi-
mum of 322 suggestions (mean 81) with just one keypress. One needs to enter six
characters to safely arrive at a maximum of 7 suggestions (mean of 1.2). This ap-
proach requires a larger keystroke sample to determine the word. Thus, the number of
keystrokes is traded for decreased precision requirement.

With cognitive error compensation the number of alternatives with one input char-
acter gives a maximum of 202 suggestions (mean 97). This method converges slower
and 7 keystrokes are needed to achieve a maximum of 9 suggestions (mean 1.8).

The combined method is different from the other methods in that it requires all the
characters in the word to be entered. There are no entries for one keystroke since there
are no one-letter station names, but there are a couple of two-letter stations. The mean
number of suggestions is largest for words with 9 characters, although this mean is
less than 10. The maximum number of suggestions of 63 is associated with 8 key-
stroke sequences.

An approach based on Levenshtein distances were included for completeness,
where the string was compared to the prefixes of all words with the same length and
all words with a Levenshtein distance less than 4 were included in the suggestion list.
The levenshtein distance incorporates insertions, deletions and insertions and can thus
compensate for both motor and cognitive errors. The Levenshtein approach works
well with short distances but gives many suggestions for 4 and 5 keystrokes (maxi-



mum of 33 and 50 suggestions, respectively). However, users probably expect to have
a reliable suggestion by the third keystroke and this approach appears to be quite a
good balance as well as its simple implementation.

The robustness to both motor error and cognitive errors comes at the expense of
longer suggestion lists. However, for someone who is very uncertain about how to
input a word may find this method useful.

5 Conclusions

Several strategies for making the input of destinations on self-service kiosks and mo-
bile apps have been discussed, namely fuzzy key, abbreviations, bag-of-letters, fuzzy
bag and Levenshtein distances. The flexibility and robustness to input errors comes at
the expense of more input in terms of keystrokes. Overall, suggestions based on Le-
venshtein differences appears to provide a good balance of simplicity, few keystrokes
and robustness to errors.
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