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Fig. 1. PrinType enables rich text input for (a) VR HMDs by using (b) a small thumb-worn sensor to recognize different finger
regions assigned to different keys, and (c) a virtual keyboard with highlighted keys via the display of HMDs.

We present PrinType, a fingerprint recognition based typing technique for virtual reality. Different regions of fingers covered
by friction ridges are assigned to different keys (i.e. letters, numbers, punctuation, or functions). Once the thumb-worn
fingerprint sensor touches a finger, the contact region (and its key) is recognized by matching the current image with registered
templates. Using only a small sensor, PrinType turns each segment of all fingers into a touchable key. We designed keyboard
layouts corresponding to three interaction sub-spaces: whole finger keyboard, fingertip keyboard, and single-handed keyboard.

“Corresponding author

Authors’ addresses: Zongjian Liu, liu-zj20@mails.tsinghua.edu.cn, Department of Automation, BNRist, Tsinghua University, Beijing, China;
Jieling He, hejl19@mails.tsinghua.edu.cn, Department of Automation, BNRist, Tsinghua University, Beijing, China; Jianjiang Feng, jfeng@
tsinghua.edu.cn, Department of Automation, BNRist, Tsinghua University, Beijing, China; Jie Zhou, jzhou@tsinghua.edu.cn, Department of
Automation, BNRist, Tsinghua University, Beijing, China.

Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that
copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first
page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy
otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from
permissions@acm.org.

© 2022 Association for Computing Machinery.

2474-9567/2022/12-ART174

https://doi.org/10.1145/3569491

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 6, No. 4, Article 174. Publication date: December 2022.



HTTPS://ORCID.ORG/0000-0002-4129-3028
HTTPS://ORCID.ORG/0000-0001-6606-8882
HTTPS://ORCID.ORG/0000-0003-4971-6707
HTTPS://ORCID.ORG/0000-0001-7701-234X
https://orcid.org/0000-0002-4129-3028
https://orcid.org/0000-0001-6606-8882
https://orcid.org/0000-0003-4971-6707
https://orcid.org/0000-0001-7701-234X
https://doi.org/10.1145/3569491

174:2 « Liuetal.

A 12-person user study was conducted to evaluate the performance of different strategies. Our user evaluation showed that
participants achieved an average of 29.56, 32.38, and 34.22 WPM with 0.79%, 0.20%, and 0.21% not corrected error rate in the
three strategies. In addition, we provided a detailed analysis of various micro metrics to further understand user performance
and technical characteristics. Overall, PrinType is favored by users for its usability, efficiency, and novelty.

CCS Concepts: « Human-centered computing — Text input; Virtual reality.
Additional Key Words and Phrases: finger touch input, ridge-based interaction, text entry, wearable devices
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1 INTRODUCTION

With the increasing popularity of Virtual Reality (VR) Head-Mounted Displays (HMDs), interest in using VR for
remote work and office work is growing [54]. Compared with traditional 2D monitors, VR HMDs are a big leap
with respect to display and are considered to be the ultimate display devices. However, input devices for VR still
lag far behind in terms of efficiency and flexibility [12]. Existing consumer-grade immersive HMD VR systems
often rely on indirect control of a virtual pointer using handheld controllers [51, 66, 80]. While it is sufficient for
occasional input (such as user names, passwords), it is far from convenient for heavy text entry required in office
and communication applications [20].

Physical keyboards are natural solutions for heavy text input in VR, which have been widely studied in VR
to bank on their familiarity [6, 21, 22, 32, 38, 49]. Unable to see the keyboard and hands, some researchers [49]
proposed blending video of the keyboard and hands into VR, while others chose to track the keyboard and/or
hands with various techniques to display their virtual representations in VR. These methods generally support
fast and rich text input, however, physical keyboards require a flat surface as support and are too bulky to carry
around, limiting the scenarios of VR text input. Imagine a possible scenario where a VR user lying on the couch
or sitting on the bus has to reply to a message. Some researchers explored mid-air typing on a virtual QWERTY
keyboard enabled by hand tracking techniques [13, 22, 78]. However mid-air typing may cause fatigue [31] and
seem obtrusive in the public [33]. In addition, precise marker-based hand tracking techniques are expensive and
not mobile [13, 22], while bare hand tracking methods are not sufficiently robust or accurate due to occlusion
and unideal illumination [78]. Therefore, physical keyboards or virtual keyboards enabled by external tracking
devices may not be the optimal choice for text entry in various VR scenarios.

In contrast, hand-worn devices implemented by various sensors do not need supporting surface or bulky
external devices, and have received much attention of text entry researchers. A popular interaction method is
thumb-to-finger tapping at different locations of the fingers that serve as virtual keyboards [9, 35, 36, 40, 59, 75, 77].
This interaction method does not require visual attention thanks to human natural perception of the relative
position between the thumb and other fingers. Based on the positions where the sensors are placed, hand-worn
typing methods can be divided into finger-worn devices or wrist-worn devices. Finger-worn devices are mostly
capacitive sensors, covering one finger [36, 77] or more [35, 40, 76]. Tiny sensors with small area are preferred
due to good portability, but it is easy to mistype due to high-density keys. Hence, statistical language models
are usually needed to reduce word ambiguity in these methods. Wrist-worn sensors mostly detect the positions
where the thumb taps, which have larger input area and do not affect the freedom of other fingers. But it is still
challenging to ensure accurate finger tracking in fast finger typing [58, 73].

In this paper, we present PrinType, a fingerprint recognition based typing technique for virtual reality. With a
miniature fingerprint sensor attached to the user’s thumb finger, as shown in Figure 1, PrinType can identify
the position where the sensor touches by matching current image with registered templates. Different regions
of fingers are assigned to different keys, constituting a fully-functional keyboard in virtual reality. Thanks to
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the flexibility of the fingers and the robustness of fingerprint recognition technology, almost all the palmar
side of fingers can be touched and recognized, which is important for accommodating the large number of
keys contained in a typical physical keyboard. Because the small sensor is mounted only on one thumb, the
contradiction between performance and convenience faced by capacitive touch typing method is avoided [40, 77].
With the sensitive perception of fingertips and real-time feedback in VR, the problem of keyboard invisibility is
alleviated.

Based on the recognition results in a pilot study, we validate that the recognizable finger regions of different
participants are similar, which constitute the available keys for keyboard layout design. In terms of these regions,
we designed a fully-functional virtual keyboard for interaction along with three alternative text entry strategies.
The strategies are divided into three interaction sub-spaces [41]: hand-to-hand interaction, fingertip interaction
of two hands, and finger interaction on the same-sided hand (SSH) [75]. All strategies employed layouts based
on alphabetical order for the main keyboard, supplemented by two switching keyboards, flexibly adjusted by
two shift keys. In addition to uppercase and lowercase letters, our keyboards also support numbers, punctuation,
symbols, and common function keys, e.g. space, backspace, enter, and four arrow keys. The first strategy is a
full keyboard, while the latter two strategies reduce the number of keys sharply. A statistical decoder is used to
predict the target word efficiently in all strategies.

We conducted a 12-person user study to evaluate the performance of PrinType and compared it with a baseline
method, the physical keyboard. Simple sentences and complex sentences (not just lowercase letters) were used to
test the overall performance of PrinType across the three strategies and the baseline method. The learnability
and robustness of PrinType were also tested in the user study. Study results showed that participants achieved
29.56, 32.38, and 34.22 words per minute using PrinType with different strategies for the simple sentence test. The
typing performance in different humidity conditions demonstrated the robustness of the recognition algorithm.
In terms of user preference, most of the participants preferred the third strategy. In addition to investigating
entry speed and error rates in different strategies, the detailed recording data allows us to explore micro metrics
of performance in virtual reality.

The main contributions of our work are three-fold:

(1) We propose and implement PrinType, which uses fingers as the interactive surface and fingerprint recogni-
tion as sensing technique, to enable efficient typing in virtual reality.

(2) We design three alternative typing strategies and realize rich text entry functionality with switching
keyboards.

(3) We evaluate the performance of PrinType through user study with both simple and complex sentences to
simulate typing in VR office. We also analyze underlying micro metrics of performance among different users
and typing strategies to further explore the performance potential.

2 RELATED WORK

Most typing methods in VR are hand-based and the rest are based on head pointing, eye gazing, voice transcription,
etc. Hand-based methods are divided into typing with hand-worn devices and external devices. Since PrinType
enables typing with a hand-worn device, hand-based typing methods are mainly reviewed in this section. Table 1
summarizes hand-based typing methods in VR with their entry performance. The table also includes information
about the decoder, the supported character set, and visual feedback. Note that only methods with quantitative
experiments are summarized in the table.

2.1 Hand-based Typing with Hand-worn Devices
2.1.1  Glove-based Devices. Using gloves as interactive sensing techniques is a feasible way to realize text input.

Rosenberg and Slater [62] proposed a chording-based glove with finger sensors and shift buttons, designing it as
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Table 1. Hand-based text entry methods in VR with their sensing techniques, entry speed in words per minute (WPM), and
error rate (%). ('~ in Performance represents the approximate value, due to different measurement indicators in the paper.)
Information about the decoder, supported character set and visual feedback is also included.

Visual Entr
. Method Support Feedback Perform};nce
S . ° Employ Full . . Entry Error
Technique Authors Year Abbreviation Decoder Chasracter ?VISPIBY ]l;eal-tlnla(e Speed Rate
et ayout eystroke (WPM) @
Kuester et al. 2005 KITTY [39] X v X 4 18-5 57
Glove
Whitmire et al. 2017 DigiTouch [74] X X v v 16 0.85
Pratorius et al. 2014 DigiTap [58] X X X X ~10 6.3
Wrist-worn Wang et al. 2015 PalmType [73] X X v v 10.01 1.58
Device Streli et al. 2022 TapType [68] v X X X 17.1/18.0/19.2 0.5/0.3/0.6
Xu et al. 2019 TipText [77] 4 X X X 133 0.30
Gupta et al. 2019 RotoSwype [27] X X v v 14 ~1
Finger-worn Jiang et al. 2019 HiFinger [35] X v v v 9.82 4.14-7.48
Device Xu et al. 2020 BiTipText [76] v X X X 23.4 0.03
Lee et al. 2021 FingerText [40] X X v v 2238 -313 3-12
Zhang et al. 2022 TypeAnywhere [85] v X v X 41.6-70.6 0.95-1.71
Physical Gruber et al. 2018 - [21] X v v v ~36 5-15
Keyboard Otte et al. 2019 - [55] X 4 4 v ~32 ~15
Gugenheimer etal. 2016 FaceTouch [25] X v v 4 ~10 0.5
Touchscreen Lu et al. 2017 BlindType [44] v X v X 17-23 ~1.7
or Touchpad Boustila et al. 2019 - [5] X X v v 8.98/12.10/2142  1.90/1.12/2.30
Bai et al. 2021 -[2] X v v v ~10 ~20
VR Controller Yu et al. 2018 Circular PizzaText [80] X X v v 8.59 - 15.85 1.59
External Hoppe et al. 2018 qVRty [32] X v v v ~31 12.03
Camera Fashimpaur et al. 2020 PinchType [15] X X v v 12.54 ~15

a text entry device with full ASCII character set input. Bowman et al. [7] detected finger pinch on Pinch Gloves
with conductive cloth sewn into the tips of each of the fingers to achieve typing. KITTY [39] and DigiTouch [74]
utilize electronic touch points or partially conductive fabric strips on the gloves to detect finger touch events,
enabling complex finger typing interactions. Mobile Lorm Glove [18] translates the hand-touch alphabet Lorm
into text for the deafblind. Argot [56] is a one-handed wearable glove with 15 buttons, enabling text-entry with
weak magnetic interaction as haptic feedback. However, these typing modalities require users to wear gloves,
affecting how they interact with everyday objects, which is not ideal in terms of flexibility and comfortableness.

2.1.2  Wrist-worn Devices. Another wearable text entry methods are wrist-worn devices equipped with various
sensors. PalmType [73] uses a wrist-worn IR sensor to detect users’ finger position and enables typing by tapping
on the palm. BlueTap [11] and DigiTap [58] map the letters onto the fingers in an alphabetic order, and use a
wrist-worn camera to detect the taps. Accurate detection of tapping position using wrist-worn cameras is difficult
due to occlusion and fast movement of fingers.

ViFin [10] is a mid-air continuous micro finger writing method using a wrist-worn smartwatch with the Inertial
measurement unit (IMU) to detect vibration from the movement of users’ index fingers. Deep network and spell
check are exploited to decode continuous characters of index finger writing, which is computationally complex.
Besides, the recognition accuracy of ViFin [10] is relatively low. TapType [68] uses two wireless wristbands with
accelerometers, first introduced in TapID [50], to sense mechanical vibrations arising from finger taps on flat
surfaces. Bayesian tap classification and probabilistic text entry decoder are employed to estimate the character
sequences of ten-finger typing. As a learning-based tapping finger identification approach, TapType [68] needs to
train the classifier in a supervised manner, which may have problem with generalization on different users and
surface materials. In addition, the input process is slow for out-of-vocabulary words.

2.1.3  Finger-worn Devices. Finger-worn devices are flexible and lightweight, enabling expressive text input
interaction by sensing rotation/touching events [17, 24, 27, 30, 35, 36, 40, 52, 75-77] and recognizing hand gestures
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[26, 82, 83]. For example, FingeRing [17] generates key code based on the combination of tapping events of fingers
with accelerometers and enables typing on any surface such as the waist or thigh. Similarly, TypingRing [52]
and QwertyRing [24] measure the movement of fingers by different sensors and identify the selected keys of an
invisible keyboard on any desk-like surface. TypeAnywhere [85] uses two Tap Straps and an accelerometer-based
finger-worn device for tap detection on any surface and it exploits deep network to decode typing sequences
based on finger-tap sequences outputted by Tap Straps. TapGazer [30] detects tapping fingers in ten-finger typing
on any surface using various sensors and then disambiguates by letting users select target words with gaze.
RotoSwype [27] uses a 6-axis motion-tracking sensor and a velcro ring with a physical button for word-gesture
typing. Users rotate the hand so that the pointer traces a path over letters and click the ring’s button to end input,
and then the top predicted word will be outputted. It is also possible to type simple words by gesture recognition
with finger-worn sensors like accelerometer, gyroscope, and microphone [26, 82, 83].

Methods based on hand gestures [26, 82, 83] do not have sufficient keys for fast typing, so these methods
are not suitable for complex text input. Ring-form devices that sense key events based on acceleration motion
information [17, 24, 30, 52] or hand rotation ranges [27] typically require auxiliary sensing information to ensure
accurate typing. The operation of text input in these methods needs to be very precise, which is not intuitive and
hard to learn for beginners in a VR setting. TapGazer [30] combines finger taps and gaze to type in VR, which
requires extra attention and may lead to fatigue after extended use. In addition, most of the above techniques
employ statistical decoder for improving typing speed and lack efficient input method for large symbol set and
out-of-vocabulary words.

Besides typing by detecting motion information of fingers, text input methods by sensing on-body touch
events are widely studied, especially in VR. TipText [77], BiTipText [76] and ThumbText [36] feature a miniature
touch-sensitive keyboard on fingers and input a character after a two-step touch event. FingerText [40] and
FingerT9 [75] explore one-handed text entry by intra-hand touches between the thumb and fingers with capacitive
sensing technique.

In the above touch sensor based techniques, keys are mapped to different regions on fingers, palms, or
fingernails. These methods take full advantage of the flexibility of fingers [34]. However, the input area of finger
typing is usually significantly restricted (otherwise it will have the drawback of gloves), thus limiting the number
of keys [36, 40, 77], which will result in inefficienct typing. In fact, few of them support full character set input. To
this end, we utilize fingerprint sensors amounted to a thumb to identify different regions of fingers, significantly
expanding the input space and meanwhile not affecting fingers to perform other tasks.

2.2 Hand-based Typing with External Devices

2.2.1 Physical Keyboards. Physical QWERTY keyboards or its variants were adapted to VR to take advantage of
their familiarity and suitability for heavy text input tasks [6, 21, 22, 32, 38, 49, 57, 71]. Various forms of feedback
have been studied to lower error rates and to improve entry speed. Optical tracking techniques are used to track
physical keyboards and hands for providing informative feedback in [6, 13, 22, 32, 38, 47, 49, 67]. Less informative
feedback, such as highlighting pressed keys, was also found useful for improving typing performance [21, 71].
Keypads and chording keyboards with fewer keys were tested in VR [19], achieving relatively low typing speeds.

Physical keyboards are too bulky to carry around and typically require a flat surface, which is not always
available or convenient in VR scenarios. In addition, many of these studies require keyboard and hand tracking
techniques for better typing performance, which can be expensive, hard to install, or not reliable.

2.2.2  Touchscreen or Touchpad. Text entry on touchscreen or touchpad brings familiar mobile phone interaction
into virtual reality [2]. BlindType [44] explores eyes-free typing on a touchpad using one thumb, wherein a
user taps on an imaginary QWERTY keyboard while receiving text feedback on a separate screen. Bai et al. [2],
Boustila et al. [5], and Kim et al. [37] track the hands on smartphones and enable the users to type in VR by
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aligning the virtual interface with their own smartphones. Gugenheimer et al. [25] leverage the backside of the
HMD as a touch-sensitive surface and users can type on a split QWERTY virtual keyboard by selecting the target
that is touched when lifting the finger from the surface.

However, these methods often require additional large size touchscreen or touchpad as input devices, which
will lead to inconvenience in VR applications. PrinType uses fingers as a natural virtual keyboard, detaching the
layout from the screens. Besides, typing methods on touchscreen or touchpad are based on visual feedback, so
they require extra attention to keep track of the current state, which are not intuitive and effective compared to
haptic feedback between fingers in PrinType.

2.2.3 Handheld Controller. Hand-held controllers are used for text entry in many consumer-grade virtual reality
systems. Speicher et al. [66] compared typing with handheld controller pointing, controller tapping, freehand and
head pointing. Some methods divide the virtual keyboard into multiple regions in order to facilitate multi-key
selection. For example, PizzaText [80] used a circular layout for VR using the two thumbsticks of a game controller,
while Min [51] presented a text input tool for immersive VR by exploiting 3x3 screen cells and users can point the
key indirectly by pointing its corresponding cell. Typing with handheld controllers is popular since the controller
is always available and it is easy to learn. However, handheld controller is not suitable for long-term text input in
office applications.

2.24 External Camera. Some methods use body-worn or external cameras to recognize the movements or
gestures of the hands, so as to realize typing in VR. TypeNet [46] realized fast typing on a flat surface in front of
a camera. Yi et al. [78] and Dudley et al. [13] evaluated ten-finger freehand mid-air typing using leap motion
and optical tracking, respectively, and empirically investigated users’ mid-air typing behavior. These methods
[13, 46, 78] require two or ten fingers to type on a virtual QWERTY keyboard, continuing the users’ typing habits.
OmniTouch [29] is a shoulder-worn depth-sensing and projection system that enables interactive text entry on
everyday surfaces like palms.

Sridhar et al. [67] and Fashimpaur et al. [15] explored text entry in mid-air by recognizing different gestures
of the hands, which rely on leap motion and Optitrack motion capture system to track the fingers. In these
methods, each hand gesture will be recognized as one or multiple letters. Inspired by word-gesture keyboard in
smartphones [81], Markussen et al. [47] proposed Vulture, a mid-air word gesture typing technique, where a
marker-based optical tracking system is used to track hands and fingers. In Vulture, the best matching word is
outputted based on the trace of the pinch in the air.

The aforementioned typing methods make text entry more flexible by removing physical keyboards. Nev-
ertheless, it is demonstrated that (1) users are possibly limited in their speed by errors in tracking under fast
motion [67], and (2) mid-air typing usually results in fatigue after extended use [31, 74]. Since camera based
finger tracking is still a challenging problem, most of these studies used expensive optical tracking techniques,
making them impractical. In contrast, our typing technique recognizes the character based on analyzing the high
resolution contact image captured by a cheap fingerprint sensor, which is more robust and efficient.

2.3 Others

Various sensors embedded in typical HMDs can measure the movement of head and eyes and record voice.
Recent advances in speech recognition have increased the popularity of voice transcription as a text entry
method in different computing platforms, which however is inconvenient or socially inappropriate on certain
occasions [63]. Yu et al. [79] and Speicher et al. [66] compared head-pointing based text input technique with
other selection-based techniques, and Ma et al. [45] and Rajanna et al. [61] studied gaze typing in VR. In these
methods [45, 61, 66, 79], however, the user needs to move the cursor to the target position, and then select the
character by dwelling on it for a predetermined amount of time, resulting in fatigue when typing.
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Fig. 2. The overall workflow of PrinType. The control end of PrinType includes the central module, the matching module, and
the VR display module. Users can type in the selected layout of PrinType after registration, during which the central module
will receive the input fingerprint image from the sensor in real time. Matching commands are then sent to the matching
module to complete 1:N searching, which returns with the best matching index. The index, the keyboard layout, along with
mapping table of characters is transmitted to the VR display module to update the display of characters, and provide visual
feedback through HMD simultaneously.

3 PRINTYPE: HARDWARE AND ALGORITHM

In this section, we describe the technical details of PrinType, including the hardware and software implementation
of the system.

3.1 Technical Overview

The overall workflow is shown in Figure 2. PrinType consists of a fingerprint sensor worn on the thumb and
a head-mounted display (HMD) for typing task in the VR system. The control end of PrinType includes three
modules: the central module, the matching module, and the VR display module.

In order to type in PrinType, a user needs to first select a keyboard layout and then register one’s specified
fingerprints according to the keyboard with the sensor in the central module. Fingerprint templates registered
in sequence are stored in the local space exclusive to the user for matching with the input fingerprints during
typing. The selected keyboard layout, along with information of each successful match will be transmitted to the
Unity script in the VR display module. The total data transmission time is within 10 ms to ensure fast typing.
Finally, the mapped characters from the fingerprint matching module will be displayed through HMD, and the
corresponding keys of the specific layout in the scene will also be highlighted as visual feedback. The following
technical details are divided into four dimensions: hardware system, fingerprint recognition algorithm, statistical
language decoder and VR interface display.
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Fig. 3. Recognition process of PrinType. The process consists of two steps: registration and testing. The core recognition
module, SIFT matching, is used to mosaic templates during registration, and calculate matching scores during testing.

3.2 Hardware System

The hardware system of PrinType mainly consists of VR HMD and capacitive fingerprint sensor. In addition,
recognizable patterns distributed in different regions of user’s fingers and palms will naturally form the virtual
keyboard of PrinType.

The prototype of PrinType uses HTC Vive Pro [60] as VR device for Unity development. We embed 3D hand
models and different keyboard layouts into the view of HMD to provide a complete typing system without
affecting users’ VR interaction.

The sensor is developed based on FPC1020AM, which can provide 500 ppi fingerprint images in real time. The
active sensing size of the FPC1020AM is less than 1 cm? and weighs less than 1 gram, making it a lightweight
sensor. Its module package mainly includes a transient voltage suppressor (TVS) for electrostatic discharge (ESD)
protection purposes, and RC filters. In addition, the sensor is easily integrated using a few simple software
commands sent through the high-speed Serial Peripheral Interface (SPI). The fingerprint image is delivered from
the sensor in a raw unprocessed format, giving the user the opportunity to further process the image. Only a
few additional low-cost, passive components are necessary to integrate the FPC1020AM sensor into a system,
so it is ideal for mobile device development and optimization. The sensor can work properly in a wide range
of temperature and humidity, and stably deliver high quality fingerprint images, which provides a basis for the
robustness research of our typing system. This particular issue is investigated in more detail later in section 5.2.

3.3 Fingerprint Recognition Algorithm

Due to the requirement of typing characters accurately in real time, the fingerprint recognition algorithm should
be able to recognize small fingerprint images as quickly and accurately as possible. We compared several keypoint
extraction and matching methods using a small dataset of fingerprint images collected by PrinType [4, 8, 42, 43],
and finally adopted the SIFT matching algorithm, which can meet the basic requirements of accurate real-time
output. The SIFT algorithm detects blob-like keypoints instead of fingerprint minutiae and extracts gradient
information around keypoints as descriptors. For this reason, almost every region of the hands, including even
the joints, can be efficiently distinguished and recognized, providing more options for layout design. We designed
three default layouts, as discussed in section 4, from which users need to select one before the registration.
The recognition process is shown in Figure 3. During the registration phase, the users are required to register
each region three times. The preprocessing of enrolled templates consists of four consecutive steps: (1) Original
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SIFT is used to detect feature points, and then match them in pairs into m pairs. (2) Ratio test [43] is first applied
to filter the matching points. It will reject the matches in which the distance ratio of closest to second-closest
neighbors is greater than 0.8. (3) Then random sample consensus (RANSAC) [16] is adopted to further remove the
false matching points, which is an iterative method to estimate parameters of a spatial transformation model. (4)
Suppose there are n matching pairs in the end, the matching score is computed as . If the matching score exceeds
the threshold, a simple fingerprint image mosaic is performed based on the transformation matrix calculated by
the matching of SIFT feature points. Eventually, each finger region generates a mosaicked registration template
for subsequent fingerprint matching. The template, which has been mosaicked twice, has larger area and more
features. Therefore, fingerprints can be accurately matched when typing even if the pressed regions only partially
overlap with the registration regions.

Once the templates are registered under the selected layout, users can flexibly modify the default mapping
output for each template, as shown in Figure 2. For example, users can adjust their frequently used punctuation
to more comfortable and recognizable finger regions, forming a personalized keyboard.

When typing in a specific layout, the input will be matched with every registered template in the gallery. A
simple algorithm for searching an ideal matching index is to sort all the matching scores, and compare the top
two most similar scores. If (1) the difference between the top two scores is large enough, and (2) the absolute
value of the top score is above the threshold i, the template index corresponding to the top score will be output;
otherwise, there will be no output. More formally, the k-th highest matching score si in the registered template
gallery G for an input fingerprint I is formulated as:

sk(I,G) = Ranky ({s (I.C,) | C, € G}), (1)

where C, is the candidate template index in the gallery G, s (I, Cy) returns the matching score with template C,,
and Ranky (-) returns the k-th highest score in the set. The output template index O(I), if any, can be simplified
as:

. { C(s (LG)), if j;g;g; > Jand s (1G) > o
-1, otherwise
where C (s) is the candidate template index corresponding to the score s.

The selection of parameters A (1 > 1) and p (p > 0) is equivalent to a problem of expected risk minimization.
As displayed in Equation (3), we measured the time cost of different choices with the possibility of P (-), assuming
that the corrected error rate is zero: (1) If the output conditions are satisfied and the result is correct, the time
cost is the minimum, which is the unit time of one pressing. (2) If the output conditions are satisfied but the
result is wrong, the user needs to press backspace and type again with time costing to the maximum of 3 units.
(3) If the system rejects to output, the user needs to retype regardless of true negative or false negative, so it costs

2 units of time. To sum up, the expected risk of typing time R is calculated as:

LG
R (A, ) = P(correct, 2 EL G; > A1 (I,G) > p)
S1 (I, G)
2%« P(| ——= < A|U LG) < 3
2ok <) UG 6 < ©
LG
+ 3 * P(incorrect, 2 EL G; > A 51 (LG) > p),
and the ideal parameters are selected as:

A,y =argmin R (A, p) . (4)

A
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Table 2. Mean recognition Precision, Recall and F1-score of all participants in different finger regions.

Recall (%) Precision (%) F1-score (%)

Fingertip 96.35 92.34 94.30
Belly 97.46 90.61 93.91

Sides of fingers 91.27 88.81 90.02
DIP 92.22 91.65 91.93
Second phalange 93.45 91.49 92.46
PIP 83.93 88.97 86.38
Others 83.44 91.45 87.26

Based on the analysis of prior studies, we selected A as 1.152, y as 0.0348. We expect that through the reasonable
selection of threshold values, the False Acceptance Rates (FAR) and the False Rejection Rates (FRR) of the
fingerprint recognition can be best balanced.

3.4 Statistical Language Decoder

In order to reduce the error rate and improve the typing speed, a statistical language decoder is used to auto-
correct the input sequence at the character level and provide a list of words for users to select. The statistical
decoder in PrinType is modified according to the decoder in TapType [68]. The simplified decoder in PrinType
does not use an additional word-level n-gram model because the raw recognition rate using fingerprints alone is
already high enough (around 95% Rank 1 recognition rate in Figure 11). See Appendix A for a detailed description
of the decoder.

3.5 VR Interface Display

On the user end, HTC Vive Pro hosts a complete VR scene of an interactive typing system. Specifically, we
developed scenes based on Unity3D on SteamVR platform to achieve interactive virtual reality experience. In
the 3D scene with HMD perspective as Main Camera, as shown in Figure 2, we embedded two 3D hand models
as 3D Sprites to provide visual feedback of PrinType. The InputField on the Canvas behind the hand models is
used for character input and display. Sprite elements labeled with characters are pre-created on all available
positions of the 3D hands. Once the VR Display Module receives the keyboard layout information and mapping
table of characters, the valid positions in the layout and the Sprite elements of the corresponding characters
will be initialized to display. During the testing phase, words, phrases, or sentences to be typed are displayed in
sequence on the Canvas. When the user presses a region on one’s hand, the Sprite element of the corresponding
position will change its color to provide real-time feedback. When typing words, candidate words are displayed
on the Canvas in real time and users select the target word by pressing the space key continuously.

4 KEYBOARD DESIGN

In this section, we discuss the layout design and rich typing function design of the virtual keyboard. We expect
the keyboard design to be convenient, flexible, and suitable for people with different typing habits. Considering
the differences in recognition, we designed a pilot study to better understand the design of the keyboard layouts.
Based on the results of the pilot study and user survey, typing strategies are divided into three interaction
sub-spaces, and all strategies employ layouts based on alphabetical order. Besides, we introduce rich typing
function design in detail, such as continuous pressing function and switching keyboards function.
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Fig. 4. Visualization of mean Rank 1 recognition rate in different Fig. 5. Boxplot of mean Rank 1 recognition rate in
regions of hands. The fingerprint sensor is attached to the left thumb. different regions. In this boxplot, the dots indicate
Fingers are divided into 65 fine-grained regions and the index of outliers based on Q1/3+1.5X(Q3—Q1). Compared
the top score is considered as the test output. Regions with higher with fingertips and bellies, PIP and other regions
recognition rates are rendered in darker colors. Rank 1 recognition have lower recognition rates, and the performance
rates of fingertips and finger bellies are generally over 95%, which in these finger regions varies greatly across differ-
will be used as an important reference for layout design. ent users.

4.1 Pilot Study

On the premise that the sensor is attached to the left thumb of the participant, we selected 65 fine-grained divided
candidate regions of the hands by taking into account the convenience of pressing and quality of ridge pattern,
as displayed in Figure 4. We conducted a pilot study with 8 participants (4 females) to understand the effect of
recognition performance on the layout design. Firstly, we asked each participant to register three times with
the sensor in all 65 regions. Secondly, participants were instructed to press on each region in succession for five
times. Finally, we surveyed participants about their preferences for typing layouts. The entire pilot study lasted
less than 15 minutes for each participant.

During the test, an input fingerprint of a participant will only be compared to one’s own fingerprint templates,
and 65 matching scores are outputted. Assuming that the index of the top score is taken as the predicted result
of each recognition, and the recognition Recall, Precision and F1-score of all finger regions of each participant
can be obtained. Suppose region a is pressed n times, then the times of correct Rank 1 recognition is TP, and
FN = n — TP. The times of other regions incorrectly recognized as region a is FP. Thus the evaluation metrics of
region a are calculated as:

Recall = Rank 1 R ition Rate = P (5)
ecall = Ran ecognition Rate = TP FN’
.. TP
Precision = ———, 6)
TP + FP
2 X Precision X Recall
F1= (7)

Precision + Recall
among which Rank 1 recognition rate directly reflects the overall recognition performance of one region. By
visualizing the average Rank 1 recognition rate of all participants in each region, as shown in Figure 4, it
can be seen that regions with high recognition rates usually include the fingertip, the finger belly, DIP (distal
interphalangeal point), and the second phalange, possibly due to more feature information in these finger regions.
In addition, regions where users cannot press fully will generate templates with large blank area, leading to poor
recognition performance. Mean recognition results of different evaluation metrics in different finger regions are
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Fig. 6. Cumulative Match Characteristic (CMC) curves of
the participant with highest Rank 1 recognition rate, and
the participant with lowest Rank 1 recognition rate. The
results show that all participants have good recognition
performance and there is no significant difference among
all participants. The mean Rank 1 recognition rate for all
regions of all users is more than 0.88.
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Fig. 7. Line charts of feature points, true matching scores
and Rank 1 recognition rates varying with regions. Phalange
1 includes the tips and bellies of the finger (region a and b
in Figure 4), and Phalange 2 refers to region e. Regions with
more matching features during registration usually have
better recognition rates and higher true matching scores
during test.

summarized in Table 2, from which we noticed that the fingertip and the belly have good recognition performance
in all evaluation metrics. As demonstrated in Figure 5, it can be concluded that finger regions with high Rank 1
recognition rates are similar across participants.

To compare the recognition performance across participants, we analyzed the recognition results of the
participant with highest Rank 1 recognition rate, and the participant with lowest rate. Figure 6 compares the total
CMC curves of the two participants. Cumulative Match Characteristic (CMC) curve is an indicator to evaluate
pattern recognition system. Rank N recognition accuracy refers to the proportion of query fingerprints that have
true matching in the N highest matching scores of all registration templates in the gallery. Slight differences
across participants, not significantly, can be noticed in overall finger recognition from these curves.

During registration, if the matching scores of the fingerprints on the same position are lower than the threshold,
the system will reject to generate templates and prompt the user to register again. One of the purposes of repeated
registration is to reject fingerprints of poor quality and register fingerprints of good quality. Since the number of
matching features between registered fingerprints can reflect the quality of fingerprints to a certain extent, it can
also predict the recognition performance in typing test. We compared the number of matching features during
registration, the average true matching scores and the Rank 1 recognition rates in the pilot study in Figure 7.
The curve further verified the significant positive correlation between the three indicators, which will help us
understand the typing system better.

Obviously, the system should not always output the index with the highest score when typing digits and
punctuation marks, during which the statistical decoder is not applied. Significantly low matching scores even at
Rank 1 are likely to result in false matches, and users need at least two more editing commands to correct the
possible mistakes. We conducted an analysis to determine when to reject the recognition. As discussed in section
3.3, we will accept the recognition if the top score s; (I, G) > p, and ;gg; > A, (A = 1) . We analyzed the results
of all users in the pilot study and calculated the expected risk of each typing time in Equation (3), as shown in
Figure 8. When p is greater than 0.06, the expected risk of one pressing time R hardly changes with A. Because s;
is generally true matching score when it is large enough, and s; is usually much smaller at this point, which will
however lead to rather high false rejection. The time cost will reach the minimum value when A is 1.152, and p
is 0.0348. We finally chose the output condition as displayed in Equation (2). Based on the optimized rejection
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Fig. 8. 3D heat map of how choices of rejection affect ~ Fig. 9. The mechanism of keyboard state switching. There are
typing efficiency. As the parameters increase, it’s eas- two switching modes between the three keyboards, continuous
ier to reject recognition, which will lead to a higher  pressing and brief pressing. If pressing shift continuously, the
false rejection rate. On the contrary, if the parameters  output will remain in the switched keyboard state. If pressing shift
are very low, the false recognition rate will increase. briefly, the keyboard will be in the new state for the next character,
We found the parameters corresponding to the mini- but then it goes back to the original keyboard state. The two modes
mum expected risk of one pressing time by approxi- are designed to adapt to different typing needs.

mation methods.

parameters, the false rejection rate of all 65 regions in the pilot study is 0.73%, and the mean rejection rate is
9.23%, slightly higher than mean recognition error rate of 8.78%.

When asked about their preferred typing layout, 75% of the participants chose the alphabetical layout, because
they are more familiar with the alphabetical order. In fact, the experience for QWERTY layout cannot be easily
transferred to virtual keyboards. Considering the user experience during the test, participants were asked to
select 10-30 preferred regions, which will be used as an reference for layout designs. There is little difference in
the region selection of users, which are highly consistent with the regions with high recognition rates.

4.2 Rich Typing Function Design

Besides basic letter typing, we also designed richer typing function which includes most of the function keys
implemented on physical keyboards. Richer function includes space, backspace, enter, four arrow keys, two shift
keys and continuous pressing function. Shift keys and continuous pressing function can provide more typing
possibilities in limited input area, which will be described in details.

4.2.1 Switching Keyboards Function. In addition to the main keyboard, two switching keyboards, including
uppercase keyboard and digits/punctuation keyboard, are enabled to expand the input symbol set. Figure 9 shows
how the switching keyboards work. One brief pressing on shift keys will temporarily switch the keyboard, that is,
it will return to the original keyboard after typing one character. Continuous pressing on shift keys will switch the
keyboard permanently, and the subsequent typing will always apply to the switched keyboard, unless pressing
shift keys continuously again to return to the original keyboard. The switching between the three keyboards and
the design of two switching modes make it possible to type complex sentences including various symbols in a
relatively simple way and a fast entry speed.

4.2.2  Continuous Pressing Function. Continuous pressing function is used for switching keyboards, switching
characters, or typing the same character continually. It can effectively enrich the keyboard function and speed
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up the input speed. When pressed continuously, the system will only perform the recognition once. After one
successful fingerprint recognition, a cyclical function is enabled to detect whether the finger exists, and the
detecting time is negligible compared with fingerprint recognition time. If the pressing time is detected to exceed
the threshold, the typing system will output the same character with reasonable intervals. Moreover, continuous
pressing on the space key is used for selecting target words from the candidate set. Parameters like sleep time
were reasonably adjusted during the test for the best user experience.

4.3 Design Space

There are plentiful possible layout designs by the arrangement and combination of keys and finger regions. Based
on the pilot study discussed in section 4.1, we designed three typing strategies, which are divided into three
interaction sub-spaces. The default layout in each of the three strategies can be modified by the users in real
applications. The user needs to adjust the mapping between keys and finger regions in the central module and
then the mapping is transmitted to the VR display module to update the display of layout. Therefore, PrinType
can realize the mapping from any position to any character in theory and meet the needs of individuation.
But usually it is not necessary to modify the default layouts. Moreover, unfixed layouts will make quantitative
experiments difficult. The default layouts are mainly based on the recognition performance in the pilot study,
while considering the symmetry and space utilization of the overall design.

4.3.1 Hand-to-hand Interaction. According to the recognition performance and practicality, we selected 26
symmetrical regions on both hands for letter entry in this strategy, and arranged them alphabetically, as shown
in Figure 10(a). On the virtual keyboard shown in Figure 4, the second phalange, the DIP, the finger belly, and
the fingertip are chosen as the regions for inputting letters. Except for the little fingers, the rest of the 6 fingers
each corresponds to 8 letters. The backspace key and the space key lie on the sides of the two index fingers
respectively, and the two shift keys on the sides of the two middle fingers. These four keys are placed in regions
that are easy to press, because they will be used frequently. Layouts of the uppercase keyboard correspond
to the main keyboard, while 10 digits and commonly used punctuation symbols are placed successively on
the digits/punctuation keyboard. Furthermore, the region in the right thumb can be divided into four regions,
corresponding to four arrow keys.

4.3.2  Fingertip Interaction of Two Hands. The second strategy considers the possible poor recognition rate of
some users’ joints and the inconvenient interaction between hands. We further simplified the layouts and reduced
the complexity of interaction using a statistical language model. Compared to the first strategy, only 7 finger
regions are required to type letters, that is, the keys of each finger are compressed into one, as shown in Figure
10(b). When typing words, the language model is enabled to predict each word based on the recognition sequence,
and then users select the target word from the candidate words by pressing the space key continuously. When
typing punctuation marks, the language model is not applied and the characters on the same position can be
quickly switched and selected by pressing continuously. As described in 4.2.2, continuous pressing function
only performs the fingerprint recognition once, and switching is performed by detecting the existence of the
fingerprint pressing, so the time cost is negligible. We adjusted the threshold of the switching time to the most
comfortable control state for the users. This strategy will significantly reduce the quantity of registered finger
regions and improve the recognition rate.

4.3.3  Finger Interaction on the Same-sided Hand. The third strategy is basically the same as the second, but is
optimized from the perspective of application scenarios. It is possible to type with one hand by placing all 7
finger regions of the letters in one hand, as illustrated in Figure 10(c). These regions include bellies of the fingers
and the second phalanges. The shift keys, space and backspace will be placed on the four sides of the index and
middle fingers.
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Fig. 10. The default layouts in the three typing strategies. The mapping between digits/punctuation and letters in the latter
two layouts is consistent with the first layout.
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Fig. 11. CMC curves of different typing strategies. Recognition performance on 26 regions and 7 regions are much better than
the recognition on all 65 finger regions, because the size of gallery is smaller and regions with bad recognition performance
are excluded.

4.3.4 Discussion. We will analyze the above three interactive typing strategies from perspective of recognition
performance. By comparing the CMC curves of the 26 and 7 regions in Figure 11, it can be seen that, at the
expense of pressing time, Rank 1 recognition rate of 7 regions is higher without considering the recognition
rejection. It can be inferred that the latter two strategies have fewer registration templates, and therefore have
better recognition performance. Rank 1 recognition rate of both 7 and 26 regions testing is over 95%, which
indicates good recognition performance in the small-scale gallery. It can be noticed that the variation between
Rank 1 and Rank 2 is large in all CMC curves. Errors occur when users press the regions inaccurately, or the input
fingerprints are of poor quality, which usually leads to low Rank 1 matching scores. In fact, when the recognition
fails, the true matching score is usually close to Rank 1 matching score. Therefore, rejecting recognition by
comparing the top two scores is an effective way to reduce the error rate. By setting thresholds of rejecting
recognition, higher recognition rates will be achieved, especially for typing punctuation marks. Although this
increases the frequency of key pressing, correcting the error itself will take more typing time due to pressing the
backspace key.

5 SYSTEM EVALUATION

The goals of our controlled evaluation are: (1) to assess the overall typing performance of participants enabled
by PrinType; (2) to observe the differences in typing performance of different participants in different input
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Fig. 12. The images show a user typing a simple sentence in VR with a physical keyboard and with PrinType (Strategy 2)
respectively.

strategies and different humidity conditions; (3) to investigate the learnability of each input strategy and the
preference of participants; and (4) to explore the empirical human performance potential of the particular text
entry strategy with the micro metrics of performance in virtual reality.

5.1 Study Design

We recruited 12 participants (6 males, 6 females) between ages of 18 and 25. Participants were required to wear the
Vive Pro HMD during the test and wear the fingerprint sensor on one’s thumb which will record each pressing
duration, interval duration, and the fingerprint images. The user study was a six-day longitudinal study, lasting
about 40 minutes each day with three phases: preparation phase, testing phase, and feedback phase.

5.1.1  Preparation Phase. In the first day of preparation phase, participants were guided to familiarize themselves
with the typing system, and they will follow the prompts to select the layout and register their fingerprints.
Participants will be given 10 minutes to practice typing based on visual feedback from the HMD, during which
they can adjust their layouts if they find particular regions are not well-recognized. We recorded the three layouts
of each participant before testing.

5.1.2 Testing Phase. We used a within subjects 4x2 factorial design with two independent variables: input
method (typing in VR with a physical keyboard, hand-to-hand interaction, finger interaction of two hands, and
finger interaction within one hand) and input task (simple sentence and complex sentence). Furthermore, the
learnability of an input method is reflected by observing how one learns the typing technique and how typing
performance progressed as the testing days increase. The main purpose of the design is to compare the typing
performance of the baseline method (physical keyboard) and three different strategies of PrinType in a fair way.
The experiment setup of typing with a physical keyboard and with PrinType is shown in Figure 12. Participants
could not see the keyboard or their hands directly in all four methods, and only static layouts were shown in
the display during test to remind them of where the keys are. It is very likely that using a video passthrough
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or tracked keyboard and hands in VR [3] would improve the performance of the baseline method, from which
PrinType would also benefit. To make the setup simple and fair, our experiments did not rely on video passthrough
or keyboard and hand tracking.

Participants can see the prompt sentence they need to type in the HMD, and start or stop a timer for each entry
by pressing the enter key. Participants were allowed to correct the current character by using the backspace key,
and they were told in advance to balance typing accuracy and speed. Each participant needed to input a total of
4Xx12=48 simple sentences and 4x12=48 complex sentences with four different input methods each day. Simple
sentences were selected from a public database [84], which do not contain uppercase letters, digits, or punctuation
marks. A language model is used in the simple sentence test of PrinType, and participants can select the target
word from the candidate words by pressing the space key continuously. Complex sentences were selected from a
self-created database (see the supplemental material), and they involve lowercase and uppercase letters, digits,
punctuation, special symbols, etc., so as to simulate rich text entry in VR office. The statistical decoder is not
applied in the complex sentence test. It is worth noting that the typing test with a physical keyboard does not
use a language model (following the conventions of previous studies in [49] and [21]).

PrinType will automatically record press duration, the captured fingerprint image, each matching result, each
output character, and the times of deleting. These data will help us measure the typing performance of each
user under different layouts of PrinType. The main evaluation metrics include Words Per Minute (WPM), Not
Corrected Error Rate, and Corrected Error Rate.

The input speed of sentences is calculated as:

L] +1 1

WPM="— x60X - , )
T 5

where \I:\ + 1 is the average length of characters in each input plus the enter character at the end, and T is the
average typing time recorded in seconds in each input. The average length of the word in WPM is assumed to be
5 characters.

The error rates are defined based on character level without taking editing commands into account:

INF
Not Corrected Error Rate = ~ 9)

IF
Corrected Error Rate = N (10)

where IF is the average number of characters typed incorrectly but fixed, INF is the average number of substitu-
tions, insertions or deletions required to align the observation sequence with the target sequence in each input,
and N is the average number of characters to be typed.

We test the robustness of recognition under wet and dry conditions in the first day of the user study. Since the
image quality of fingerprints is easily affected by humidity conditions, we need to verify the reliability of the
typing methods through controlled experiments. We sprayed water droplets on the hands of 12 participants to
simulate high-humidity samples, and then we performed another complex sentence test of Strategy 1. Repeated
recognition test was operated after generating dry fingerprints with a hair dryer. The results were compared
with the full-keyboard recognition in the complex sentence test under normal condition.

5.1.3 Feedback Phase. Participants were asked to rate their dependence on the visual feedback from layouts
under each strategy every day. Lower rating means they rely less on the feedback. And in the last day, participants
rated each strategy with level of learnability, accuracy, speed, convenience, and overall preference on a scale of
1-5. Higher rating means a better experience.
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5.2 Text Entry Results

In this section, we analyze the macroscopic typing performance in the baseline method and three typing strategies
of PrinType. Different typing tasks are evaluated in terms of typing speed and error rate, and the robustness is
tested under different humidity. We also summarize the rating under different subjective measures.

5.2.1 Entry speed and error rate. As shown in Figure 13, we compare the mean entry speed and not corrected
error rate of simple sentences in different strategies. Note that the user had only 10 minutes of training before
the test. All three strategies of PrinType achieve average entry speed of above 29 WPM and not corrected error
rate of less than 0.8%, among which the first strategy has the worst performance, possibly due to participants’
unfamiliarity with the layout with more keys and higher recognition error compared with Strategy 2 and 3.
Typing in VR using the physical keyboard, no language model though, is the fastest among four strategies (similar
to the results in [49] and [21]), but its not corrected error rate is the highest. Moreover, some participants have
significantly faster typing speed or higher error rate in the baseline method. One important reason of high not
corrected error rate is that users did not choose to correct these characters considering the balance between
typing time and error rate. Therefore, not corrected error rate is not able to fully reveal the overall accuracy
performance of the keyboards. Combining it with micro metrics, we will further explore the differences between
keyboards and evaluate underlying user performance in the next section.

For comparison, PrinType’s entry speed and error rate compares favourably to other thumb-to-finger interaction
methods, as shown in Table 3, revealing that PrinType is easier to type compared to other similar typing methods.
For a more comprehensive comparison, Table 3 also shows three key features of these typing techniques: use
of statistical decoder, support of full character set, and real-time visual feedback of keystrokes. Methods like
TipText [77] place multiple keys in a very small finger region, so a statistical decoder is a must to assist in typing
accurately. In PrinType, it is possible to type without a statistical decoder (in the complex sentence test), and if
the decoder is used, users can type each word faster by choosing the target word before typing the whole word.
In addition, most of the other methods in Table 3 do not support full character set because the number of keys is
greatly limited by the size of the sensor in thumb-to-finger interaction methods. It is also worth noting that the
virtual keyboard of PrinType is displayed in VR as visual feedback because the symbol set is very large and the
layouts of PrinType are different from the familiar QWERTY layout.

In terms of typing complex sentences, entry speed of all strategies decrease greatly, as shown in Figure 14.
Complex sentences have special symbols, digits and uppercase letters, which require more pressing for one
character, leading to longer typing time for each character compared with simple sentence test. In addition, the
statistical decoder is not applied in the complex sentence test, which affects Strategy 2 and 3 most, because users
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Table 3. Comparison of typing speed and error rate of different methods.

Employ .
WPM Error Rate (%)  Statistical gﬁg f;:)cl;tefggt FZ:;E:ik
Decoder

TipText [77] 11.9 0.3 v X X
BiTipText [76] 23.4 0.03 v X X
FingerText [40]  27.9/30.9/30.4/33.1 4.10/2.87/1.44/0.79 X X v
FingerT9 [75] 3.43 11.14 v X v
RotoSwype [27] ~12 ~1 X X v
HiFinger [35] ~8 ~5 X v v
Ours 1 29.56 0.79 v v v
Ours 2 32.38 0.20 v v v
Ours 3 34.22 0.21 v v v
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Words per minute (WPM)
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Fig. 15. The average input speed (WPM) and not corrected  Fig. 16. The average input speed (WPM) and not corrected
error rate (%) in the simple sentence test. error rate (%) in the complex sentence test.

need to choose each character precisely by continuous pressing. Higher error rates in PrinType are mainly due to
participants’ unfamiliarity with using shift keys and the larger symbol set. For the baseline method, although we
provide a QWERTY layout for users, it is not always easy to find the accurate positions of punctuation marks
intuitively. In general, using the physical keyboard is faster in both typing tasks in VR, however, it is not accurate
enough. Since other typing methods using thumb-to-finger interaction do not support full character set, there is
no previously reported performance for comparison.

We summarized the average input speed and not corrected error rate in the simple and complex sentence
test in Figures 15 and 16, where Strategy 2 and 3 are combined because their results are very close. Participants
achieve entry speed of 31.47, 35.96, and 36.87 WPM with about 0.1% not corrected error rate in the last trial of
the simple sentence test of PrinType. Strategies of PrinType show a continuous increasing input speed, which
suggests that PrinType involves more finger interaction compared to typing with a physical keyboard, and users
need to take more time to learn to type efficiently. Not corrected error rates decrease greatly on the second day
in all test, because participants may re-register part of their finger regions or adjust their layouts after the first
trial so that they ensure all the keys are well-recognized. At the end of the simple sentence test, not corrected
error rates of all strategies are close, which indicates that after becoming familiar with the exact position of each
key, participants have the same probability of refusing to correct errors. Based on this error rate, the highest
entry speed of each participant reflects his/her potential typing speed. The current study shows that the entry
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Table 4. Robustness test of typing system in different humidity conditions.

Error (%) Reject (%)

Normal Humidity 1.63 4.66
High Humidity 1.76 4.82
Low Humidity 1.66 4.71
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Fig. 17. The rating of dependence on the visual Fig. 18. Mean of subjective rating on learnability, accuracy, speed, con-
feedback of PrinType. venience, and overall preference, using a scale of 1-5. Higher rating is
better (bars represent standard deviation).

speed limit of PrinType is slower than the physical keyboard. However, thanks to better feedback of PrinType,
which leverages innate proprioceptive ability of their own fingers, PrinType is superior to physical keyboards in
accuracy in VR scenarios.

5.2.2 Robustness. Fingerprint recognition is susceptible to humidity of skin, so it is necessary to evaluate the
robustness of typing under different humidity conditions. By creating dry and wet conditions, recognition
performance in typing tests (no statistical decoder) is assessed. Table 4 shows the ratio of recognition error and
rejection under different humidity conditions. The recognition error rate and rejection rate increase by 7.39% and
3.32% respectively in high humidity, 1.81% and 1.06% in low humidity. The test reveals that typing performance is
hardly affected by low humidity, while high humidity has a slight effect on the results. Considering the extreme
humidity we simulated, the robustness of the typing system will be guaranteed in normal weather conditions.

5.2.3 Subjective Measures. We can notice from Figure 17 that users generally became more familiar with PrinType
and relied less on visual feedback from layouts with the testing days increasing. In the feedback phase, participants
rated each strategy with different levels on a scale of 1-5, as shown in Figure 18. The ratings on accuracy and
speed of the three strategies are consistent with the test results, that is, Strategy 2 has the highest accuracy rating
and physical keyboards have the highest speed rating. The third strategy has the highest mean and low standard
deviation in convenience and overall preference rating, suggesting that single-handed typing is favored by users
in overall.

5.3  Micro Metrics

In this section, we analyze metrics including times of different steps and patterns of errors. These micro metrics
will assist us in better understanding PrinType in three ways: (1) The comparison of metrics among different
strategies indicates the strengths and weaknesses of each strategy, thus giving us directions to ameliorate the
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Table 5. Time waste comparison across three strategies and participants.

MeaTl, Mean Press Mean Total False
Recognition Waste (ms) Interval Waste (ms)
Time (ms) Waste (ms)
All participants 72.3 33.9 211.6 5253.7
Group A 69.4 19.3 182.1 4621.6
Strategy 1 Group B 74.6 42.1 283.4 5321.6
Rate of Increase 7.0% 54.2% 35.7% 13.2%
All participants 23.5 86.9 2425 7853.8
Group A 22.6 62.8 163.8 7254.7
Strategy 2 Group B 23.9 118.3 294.1 9537.2
Rate of Increase 5.4% 46.9% 44.3% 23.9%
All participants 23.9 82.1 216.7 8368.3
Group A 23.1 57.9 148.6 7574.2
Strategy 3 Group B 24.2 103.7 258.5 10035.8
Rate of Increase 4.5% 44.2% 42.5% 24.5%

typing system. (2) We are enabled to measure users’ typing habits and fingerprint quality, leading us to design a
more suitable keyboard layout for each user. (3) By comparing performances among users, we can identify the
key underlying metrics affecting typing efficiency, and guide users to make better use of PrinType. Furthermore,
it is possible to explore the empirical human performance potential of a particular text entry strategy.

5.3.1 Time Analysis. We analyze the typing time under each strategy of PrinType for the complex sentence test,
which does not include the language model. As shown in Figure 19, we delineate the micro composition of single
typing duration and total typing duration respectively. The total typing duration is made up of pressing duration
and interval duration for correct typing, and wasted time caused by incorrect or invalid input. We compare three
time consuming variables of PrinType: Press Waste, Interval Waste and False Waste. Press Waste is the pressing
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Table 6. Mean Press Waste and mean Interval Waste across three strategies in the last trial.

Mean Press Mean Interval
Waste (ms) Waste (ms)

Strategy 1 23.6 173.7
Strategy 2 47.8 151.8
Strategy 3 43.0 139.4

duration minus sensing time and recognition time, Interval Waste is the inter-key interval duration, and False
Waste is the difference between the total typing duration and typing duration for correct input.

We divide the participants into three groups: the three with the best typing performance are Group A, the
three with the worst typing performance are Group B, and the rest are Group C. We compare various indicators
between them, as shown in Table 5. In the table, rate of increase is the increase ratio of Group B to Group A.
It can be seen that Interval Waste takes the most time in all strategies and all groups. Recognition time of the
latter two strategies is significantly lower than that of the first strategy because of the smaller gallery, and an
one-way ANOVA test shows no significant difference among groups (F(2,9) = 2.153 for Strategy 1, F(2,9) = 1.932
for Strategy 2, and F(2,9) = 1.573 for Strategy 3).

In all three strategies, Press Waste has the highest rate of increase. However, an one-way ANOVA shows that
the group has the most significant effect on Interval Waste in all strategies (F(2,9) = 44.211, p < 0.001 for Strategy
1, F(2,9) = 17.214, p < 0.005 for Strategy 2, and F(2,9) = 20.892, p < 0.001 for Strategy 3). The difference in user
performance is mainly due to the interval time in all strategies. Long inter-key interval duration may be due to
the users’ unfamiliarity with the keyboard layout.

In addition to the significant difference in interval time, the waste of time caused by false recognition is also
an important factor among groups (F(2,9) = 12.352, p < 0.005 for Strategy 1, F(2,9) = 11.463, p < 0.005 for Strategy
2, and F(2,9) = 14.785, p < 0.005 for Strategy 3). Although the layouts with fewer keys improve the recognition
rate and shorten the recognition time, some participants are not familiar with the mode of switching characters
by pressing continuously in the complex sentence test. As a result, users may miss the best timing to release their
fingers, or even result in incorrect output. Therefore, the corrected error rate of the latter two strategies is higher,
which also explains why Press Waste and False Waste in the latter two strategies are significantly higher than
Strategy 1.

As shown in Table 6, the mean Press Waste and the mean Interval Waste of three strategies in the last trial
decrease significantly. The participants may even have situations where Press Waste is less than 0, because they
have learned to quickly release their fingers at the beginning of sensing. When users are more familiar with each
keyboard layout of PrinType, they usually do not wait for the recognition result to come out and can reach the
next finger region during recognition. It can be summarized that participants are able to improve typing speed by
reducing the pressing duration and the interval duration.

In order to study the influence of finger interaction on typing speed, we compare the interval time of Strategy
2 and Strategy 3 in the last trial. After using PrinType for 5 days, the users are familiar with the finger region of
each letter and interval time is not interfered by factors such as fingerprint recognition. An one-way repeated
measures ANOVA shows that typing strategies have a significant effect on interval time (F(1,11) = 10.318, p <
0.01), which proves that if users are familiar enough with PrinType, one-handed typing (Strategy 3) is faster than
typing with both hands (Strategy 2) because of more efficient finger interaction.

5.3.2  Error Analysis. The mean corrected error rates under the three strategies of the complex sentence test are
3.104%, 4.054%, and 4.216% respectively, while the corrected error rate reaches 28.385% in the baseline method.
Although a QWERTY layout is displayed when typing with a physical keyboard, users are still prone to mistype
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Fig. 20. Confusion matrixes showing the probability of produced vs intended characters under the three strategies. Each plot
is ordered by the placement of keys along the finger so that the relationship between the most confused characters and their
spatial positions can be easily found. The scale is set as logarithmic to better highlight the confusions, otherwise the errors
are hard to discern due to very low error rates.
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Fig. 21. Visualization of mistyping patterns with the highest error probability on each key (red arrows) or each finger (yellow
arrows in Strategy 1). Among them, the typing error of letter y and z in Strategy 1 is mainly caused by recognition error, so
the highest error rates of them are not high and there is no obvious pattern among different participants.

in the complex sentence test, which leads to slow entry speed. In PrinType, higher corrected error rate will
directly lead to more False Waste time. Although Strategy 1 has the highest uncorrected error rate (0.79% in Table
3), its corrected error rate is the lowest, which indicates that entry errors of Strategy 1 are usually due to failed
recognition of particular finger regions and users usually have to give up correcting them. Better recognition
performance of the latter two strategies can ensure that errors are corrected as much as possible, which leads to
lower uncorrected error rate but slower typing speed.

Confusion matrixes in Figure 20 visualize the pattern of mistypes under the three strategies. Horizontal and
vertical thick lines are drawn to divide different fingers (Strategies 1 and 2) or different finger segments (Strategy
3). Since the plots are ordered according to the layouts, the most confused characters gather closer to the diagonal
in all three strategies. Specifically, mistyping in Strategy 1 is usually caused by false pressing between adjacent
keys on the same finger (a—b, b—a/c, c—b/d, d—c, etc.), as shown in Figure 21(a), while the errors in the latter
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two strategies are mostly from bad timing of releasing fingers during continuously pressing (a—b, b—a/c, c—b/d,
d—c/a, etc.).

Furthermore, two regularly arranged diagonal lines can be seen in the confusion matrix of Strategy 1 in Figure
20 (i—a/q, j—b/r, k—c/s, etc.), which is mainly because the symmetrical layout of Strategy 1 results in users
having fixed and similar mistyping patterns (right segments but wrong fingers), as shown in Figure 21(a). In
general, pressing errors in Strategy 1 are usually presented as regular diagonal lines in the confusion matrix, while
recognition errors have no obvious pattern. Nevertheless, the regions with higher recognition errors in Strategy
1(,j, q, 1, w, etc.) are consistent with the results in Figure 4. High probability of errors often appear beneath the
horizontal thick lines in Strategy 2 and 3 (i—a/e/m/q/u/x, etc.), which is due to false finger recognition or users
pressing the wrong key, as shown in Figures 21(b) and 21(c).

Most of the errors mentioned above are auto-corrected by the statistical decoder in the simple sentence test.
With matching scores as the input, the decoder will auto-correct the mistyped letter by predicting the input
sequence as a reasonable word in the dictionary. It is possible to further improve the typing performance by
introducing the above error patterns related to the keyboard layout into the statistical decoder.

6 DISCUSSION, LIMITATIONS, AND FUTURE WORK
6.1 Discussion

Text entry in virtual reality presents three major challenges: (1) Studies have shown that typists need to look
down at the keyboard to verify their hand position, regardless of their degree of familiarity with the keyboard
[64]. Since the hands are invisible to users wearing HMDs, it is almost impossible for them to input text as fast
and accurate as usual [12]. (2) There are usually rich interactions in VR with different typing requirements. How
to maintain a free and convenient user interaction experience while typing efficiently is a major challenge. (3)
On-body virtual keyboards usually have limited input space constrained by the size of sensor. How to map the
discrete high-density keys to the hands within limited area is a topic worth studying.

In terms of the first challenge, PrinType offers real-time visual feedback in virtual reality when touching fingers
that serve as the virtual keyboard, eliminating the need for users to memorize complex keyboard layouts. In
addition, research showed that people can accurately touch their finger segments with their thumbs, and thumb-
to-finger interfaces support effective eyes-free interaction [34]. Eyes-free interfaces located on skin outperform
interfaces on physical devices, which suggests that palm-based imaginary interfaces may have benefits for visually
impaired users, potentially outperforming the touchscreen-based devices they use today [28]. In PrinType, all
three strategies fully leverage users’ innate proprioceptive ability of their own fingers [73, 74], and users can
theoretically type without any visual feedback.

Secondly, the three strategies are suitable for people with different habits in different scenarios. For example, the
first strategy is similar to full keyboard typing, while the latter two strategies are enlightened by nine-key typing.
The layout of the first strategy is more intuitive, and its larger input space will provide richer typing function. The
third strategy, which achieves same-sided hand (SSH) typing, has greater application value in other scenarios. SSH
interaction can offer benefits by freeing the other hand for tasks like carrying a bag. PrinType makes full use of
the uniqueness and accuracy of the patterns on fingers, practically independent of the external environment and
the positions of other mobile devices, enabling a private keyboard space. Moreover, the keyboards can be flexibly
customized in PrinType when certain fingers are injured or hard to recognize, without the need to redesign
the keyboard layout completely or to modify hardware devices, making it a flexible and user-friendly typing
interaction.

Thirdly, PrinType first leverages fingerprint recognition technique to realize an effective, flexible, and fully
functional interactive typing system. Thanks to the robust pattern matching algorithm, almost all the touchable
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finger regions can be endowed with symbols or functions. Key sharing can be conveniently realized by shift keys
to further expand the symbol set and thereby enrich the possible functionality of the keyboard.

In addition to applications in VR/AR, our typing method has potential in smartwatches. PrinType does not rely
on the touch of the screen, saving the valuable screen real estate. Furthermore, besides being used for typing,
different functions can be assigned to different regions of fingers to enable a variety of applications like drawing
and gaming.

6.2 Limitations and Future Work

While results from our evaluation show the usability of PrinType, the current technique has several limitations:
e Registration in PrinType is unavoidable for a new user. Fortunately, the registration time is within 2
minutes in Strategy 1 (the most time consuming strategy) and it is performed only once. This also means
that PrinType can only be used by registered users, which is good for continuous and seamless user
authentication [48], but may be inconvenient in situations where the device needs to be shared with others.
Fortunately, it can be used by multiple people (such as family members) as long as their fingerprints are all
registered in PrinType. Since fingerprints of different people are recorded with person identity, this does

not affect the performance of typing.

o We exploited a language model for disambiguation, which will predict the intended input and automatically
correct the mistyping characters. By considering both language model and error patterns specific to
PrinType, faster typing speed and lower error rate are achieved. However, the decoder we designed is
not powerful enough to correct all kinds of mistyping. Specifically, we mainly solve the false pattern of
substitutions, without taking other patterns into account and we have to inform participants of how to
type efficiently in PrinType before testing.

o Fingerprint recognition is more computationally complex than physical keyboards or touch-based typing
techniques. In the case of a large number of keys (Strategy 1), the time of fingerprint recognition cannot be
ignored. The speed of fingerprint recognition is critical for users who tend to confirm the character being
typed before typing the next character. It is worth further study to improve the efficiency of fingerprint
feature extraction and recognition algorithm.

o Skin quality may change with weather and physical condition, which has an adverse effect on fingerprint
recognition. Although recognition under different humidity conditions was tested in our study, other
factors have not yet be considered. To improve the performance for fingerprints of low quality, template
update [70] and more powerful fingerprint processing and matching algorithms using deep learning [14, 69]
should be explored.

o So far, the participants in our user study are young students with good fingerprint quality and fast learning
of new techniques. The fingerprint recognition performance of elderly people is usually worse, and their
learning of new keyboards may be slower. Therefore, fingerprint typing technology suitable for the elderly
is a topic worth studying in the future.

o Because participants are not familiar enough with keyboard layouts of PrinType, especially due to their large
symbol set, the virtual keyboard is displayed in VR as visual feedback currently. The typing performance
without keyboard feedback can be studied in the future when users are familiar with PrinType or only
letters are considered.

e There is a wide range of layout design based on recognition of different regions of hands, and we have
only explored a small part of it. Other keyboard layouts adopted in [39, 74] can be combined with PrinType
seamlessly. Besides finger patterns, the patterns on palm can also be recognized based on fingerprint sensor
and integrated in future keyboard design. Moreover, a bimanual text input method can be developed by
attaching fingerprint sensors to both thumbs, as demonstrated in [76]. Although this will increase the
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hardware cost and may cause inconvenience, it can further improve the typing efficiency and enrich the
functions of PrinType by identifying multi-touch events. The keyboard design and user performance with
the fingerprint sensor attached to other fingers besides the thumb are also worth studying.

e The hardware of PrinType is unshaped with a large fingerprint sensor (1 cm?) and an exposed processing
board. The current processing board is large because it is a complete fingerprint recognition system
including sensor, storage, processing, and communication unit. In fact, we just need the sensor and
communication module, which will be much smaller. In the future work, we plan to simplify the fingerprint
sensor module (removing unnecessary parts) and test the performance of fingerprint sensor with a smaller
area. Furthermore, flexible fingerprint sensor may become commercially available in the future which will
be more suitable as wearable devices [72].

e Fingerprints are sensitive personal information because they are already widely used for identification.
When PrinType is used for large-scale practical applications, the protection of fingerprint data is a problem
that must be solved. The solution could be similar to the way smartphones protect fingerprint data [1].

o PrinType is currently only used for typing, but the technique can easily be extended to other applications,
such as mapping different regions of fingers to different APPs, control keys for a specific APP, etc. A large
number of APPs and control keys can be supported by switching the panel with shift keys. This could
make computing systems more accessible for people with visual impairments [23].

7 CONCLUSION

While it is not a new concept of using hands as a virtual keyboard, in order for this concept to become a widely
used typing method, techniques that balance performance, functionality, portability, and cost are required. We
presented PrinType, which uses fingerprint recognition to enable intuitive and efficient text entry for virtual
reality. We conducted a pilot study to test the performance of our fingerprint recognition technique in different
regions of fingers. Three alternative typing strategies were designed and evaluated through a 12-participants
user study to demonstrate the feasibility of PrinType. Our study showed that PrinType’s three layouts all have
fast entry speed of over 29 WPM on average and over 31 WPM in the last trial. In general, the third strategy is
most favored by users for its convenience. We also analyzed micro metrics of PrinType across different strategies
and participants, which point out potential problems in typing method of users and current technique.
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STATISTICAL LANGUAGE DECODER

Suppose that users press on the regions of fingers Z; = [zi, 22, ..., z;] to type the character sequence j; =
[y1, Y2, ..., y1]. We set Z as the set of all used finger regions, and z, is the region of character y;, Y, is the set of
characters of region z;. After typing the character sequence, the recognition algorithm outputs a sequence of

matching scores X; = [¥1, Xa, ..., X]. X;, with the length of |Z|, consists of the unnormalized matching scores of
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the i-th input and all used finger regions. Then the purpose of the decoder is to estimate the most likely hidden
state sequence 7 from the observed sequence X;:

él = arg max P(Q’ll)_fl) = arg mﬁaxP(Ql,)zl). (11)
b 3

Based on the assumption of the hidden Markov model, Equation (11) can be rewritten as:

y; = arg max P(;_jl,)_fl)
Yr

1
= argmax | | P(yilfi1) P(&ili1, 52)

yroim

I
arg mgax 1_[ P(yi|ji-1) P(ilys)
1 i=1

(12)
= argmax 1_[ P(yilfii-1) ) P(%ilz)P(zily:)
Z; €L
P(z;|x;)P(x;) P(y;|z:)P(z;)
=argmax P(y;i|gi-1)
1_[ ZZEZ P(z) P(yi)
P 1 13
- argmaxl_[ (IZ(W) 1) > P(yilz) P(zil%).
b i=1 Yi z;€Z
Consider that .
=, Zi = 2Zy,
Plu:lz:) = [Yz, > ~F Yi 13
(ilz:) { 0, otherwise ~ (13)
S0
! .
5 P(yilyi-1) oy 1
| = arg max ————"P(zy,|%) ——. (14)
g ey l_[ Py) VT,

In Equation (14), |Y,, | is 1 for the full keyboard, and is 3 or 4 for the keyboards of Strategy 2 and 3. We used
an n-gram model to estimate P(y;|g;-1), a unigram model to estimate P(y;), and normalized matching scores to
estimate P(zy,|X;):
> exp(7X;)
P(zy,|x;) = S exp(xy)” (15)

Then we applied a beam search to find the top k most likely sequences according to the sum of the log probabilities
and we further expended them based on the dictionary.

The parameter 7 in Equation (15) is set to be 100 to smooth the probability and the parameter n in the model is
7. The training dataset is derived from 1/3 million most frequent English words collected by Peter Norvig [53].
The dictionary consists of 12,131 English words, which are selected from [53] based on a frequency test [65]. In
order to support typing out-of-vocabulary words, the uncorrected sequence is inserted in the second place of the
candidate list. These sequences are displayed on Canvas in real time as candidate words for users to select.
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