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The software keyboard is widely used on digital devices such as smartphones, computers, and tablets. The software keyboard
operates via touch, which is efficient, convenient, and familiar to users. However, some emerging technology devices such as
AR/VR headsets and smart TVs do not support touch-based text entry. In this paper, we present QwertyRing, a technique that
supports text entry on physical surfaces using an IMU (Inertial Measurement Unit) ring. Users wear the ring on the middle
phalanx of the index finger and type on any desk-like surface, as if there is a QWERTY keyboard on the surface. While typing,
users do not focus on monitoring the hand motions. They receive text feedback on a separate screen, e.g., an AR/VR headset
or a digital device display, such as a computer monitor. The basic idea of QwertyRing is to detect touch events and predict
users’ desired words by the orientation of the IMU ring. We evaluate the performance of QwertyRing through a five-day
user study. Participants achieved a speed of 13.74 WPM in the first 40 minutes and reached 20.59 WPM at the end. The speed
outperforms other ring-based techniques [24, 30, 45, 68] and is 86.48% of the speed of typing on a smartphone with an index
finger. The results show that QwertyRing enables efficient touch-based text entry on physical surfaces.

CCS Concepts: - Human-centered computing — Text input; Gestural input.

Additional Key Words and Phrases: smart ring, text entry, touch input

ACM Reference Format:

Yizheng Gu, Chun Yu, Zhipeng Li, Zhaoheng Li, Xiaoying Wei, and Yuanchun Shi. 2020. QwertyRing: Text Entry on Physical
Surfaces Using a Ring. Proc. ACM Meas. Anal. Comput. Syst. 37, 4, Article 111 (August 2020), 29 pages. https://doi.org/10.1145/
1122445.1122456

1 INTRODUCTION

Text entry for head-mounted displays (HMDs), such as AR and VR headsets requires improvement. Existing
approaches for text entry leverage head rotation [73], mid-air gesture [24], or swiping on the headset [20, 74] for
inputting text. However, text entry techniques based on head rotation and mid-air gesture create fatigue, while
swiping on the headset to input text is not efficient enough (<10 WPM). These solutions are not user friendly and
efficient compared to the widely used software keyboard on smartphones, which is based on "touch" - the most
frequently used input method. In our research, we attempted to support touch-based text entry on any physical
surface using a single wearable device.

We present QwertyRing, a text entry technique using a finger-worn 6-axis IMU. QwertyRing enables text
entry on any desk-like surface, which is rigid, flat and spacious enough to accommodate a keyboard. Users enter
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Fig. 1. A user wears the ring on the middle phalanx of the index finger and rests his wrist on a physical surface (Figure
A). He imagines that there is a QWERTY keyboard in the reachable area of his index finger (Figure B~E), and then types.
QwertyRing predicts the user’s desired words according to the motion data. The user receives visual feedback from a digital
device display, such as a computer monitor.

characters and select the desired words from word suggestions. To use QwertyRing, users wear the ring on the
middle phalanx of the index finger and receive visual feedback from an external display, e.g., an AR/VR headset
or a smart TV. Users rest the wrist on the interaction surface and imagine that there is a QWERTY keyboard in
the reachable area of the index finger, and then type. The system detects touch events on the surface and predicts
users’ desired words according to the orientation of the IMU at touch moments.

QwertyRing has multiple inherent advantages. First, QwertyRing gathers data exclusively from an IMU sensor,
which is affordable to produce and low power consumption. Second, QwertyRing is convenient to use. The
device is wearable and can be used on any desk-like surface. Third, typing with QwertyRing requires no visual
attention to the hand. Users can focus on the display, which is important in VR and smart TV scenarios [35].
Finally, QwertyRing is easy to learn: it enables direct touch input on the QWERTY layout, which retains users’
muscle memory based on daily use of smartphone typing.

In literature, the feasibility of typing on physical surfaces using a ring is unexplored. There are some difficulties.
First, 2D finger tracking using only a ring is often not accurate (error > 1 cm), even with personalized calibration
[29]. Second, while accurate detection of touch down on physical surfaces using a ring was proposed recently
[21], the detection of more touch events including touch up, long press and swiping were unexplored. To address
these gaps and build QwertyRing, we conducted three user studies, each contributing to answer one of the three
research questions as follows:

(1) RQ1): how to detect touch events on physical surfaces using a ring? We conducted the first study to collect
users’ data of touch interactions including tapping, long presses and swiping. Using this data, we followed
prior work [21] to detect touch down on physical surfaces and proposed our method to detect touch up
event. The accuracies (F; score) were 99.30% and 99.50% respectively. Based on the sensing of touch down
and touch up, the system can accurately recognize other touch events, including long press, swiping left
and swiping right by threshold methods.

(2) RQ2): what is an optimal design for the text entry decoder? We conducted the second study to collect users’
typing data. Based on the data, we analyzed the user behavior of typing and designed the decoder of
QwertyRing. Combined with a trigram [28] language model, the decoder reached a top-1 accuracy of 79.0%
and a top-5 accuracy of 94.6% in simulation. The result shows that the decoder could support text entry
with word suggestions. Besides, there was a large difference in user behavior, which inspired us to explore
the personalization.

(3) RQ3): how fast can a user type with QwertyRing? We conducted the third study to evaluate the performance
of QwertyRing with the general model and the personal model through a five-day long, between-subject
study. Both the two models (decoders), were fitted by all of the data in the second study. The personal model
updated every day using existing personal data in the third study, while the general model did not change
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over days. The result shows that both of the two models performed well. In average, participants typed at a
speed of 13.74 WPM in the first 40 minutes and reached 20.59 WPM with a five-day training. There was a
trend that the personal model decoded better than the general model from day three on (p = 0.09).

The contributions of this work are three-fold:

(1) We support touch-based and QWERTY-based text entry on any physical surface using a single wearable
device.

(2) We follow prior work [21] to sense touch down on physical surfaces using an IMU ring and supplement it
with the touch up sensing. The accuracies are higher than 99%. We further detect touch events including
long press, swiping left and swiping right.

(3) We empirically demonstrate that QwertyRing is efficient, accurate and easy to use.

2 RELATED WORK
2.1 Wearable Text Entry

There has been a growing interest in wearable text entry, which is useful in multiple use case scenarios such as
AR/VR headsets use [73, 74], large displays use [39, 57], smartwatch use [48, 72] and so on.

2.1.1  Smartwatch Text Entry. Embedding a touch screen on the body is a straightforward way to develop wearable
text entry. The smartwatch is a widely used platform. The "fat finger problem" is a challenge for smartwatch
text entry [71]: given the limited screen space, the individual keys are too small to be touched accurately. For
character-level text entry, some techniques use iterative selection [11, 27, 48] or finger identification [23] to
overcome the "fat finger problem", while others adopt strategies to avoid finger occlusion [34, 59]. Some text
entry techniques offer word suggestions to achieve a faster performance [9, 18, 65]. However, there is a tradeoff
between screen size and speed of inputting text [71]. Moreover, smartwatch text entry based on touch screens,
face the problems of bimanual interaction and affordability.

Some smartwatch text entry techniques do not leverage the touch screen. COMPASS [72] enables text entry
by rotating the bezel of a smartwatch and reports a speed of 12.5 WPM. WrisText [16] enables one-handed text
entry on smartwatches using wrist gestures and reports a speed of 15.2 WPM. These techniques are not easy to
learn and apply because they do not follow widely used configurations (such as QWERTY keyboards and touch
interactions).

2.1.2  Mid-air Text Entry. Most mid-air text entry techniques track hand movement by optical methods. They are
applicable in wearable scenarios, e.g., using front cameras of AR headset for hand tracking. Hand tracking supports
mid-air text entry based on graffiti [43], selection [39], WGK (Word Gesture Keyboard) [31] and handwriting
[57]. QWERTY is the best layout among mid-air selection based text entry, for generating the quickest WPM
(18.9 WPM) [39]. WGK is suitable in mid-air inputting (28.1 WPM) [40]. However, these techniques might lead to
fatigue. Furthermore, prior work needed expensive devices (e.g., Optitrack [52]) for accurate hand tracking. Thus,
it is not practical to support mid-air text entry in commercial AR headsets.

2.1.3  Glove-based Text Entry. Many researchers design digital gloves specifically for text entry. There are two
types of techniques for glove-based text entry, which leverage (1) mid-air handwriting and (2) tapping between
fingers to input text. (1) Techniques based on mid-air handwriting are easy-to-learn [1, 80]. However, they have
problems of fatigue and the upper limitation of 15 WPM in handwriting [13]. (2) Other techniques utilize tapping
between fingers to input characters [6, 15, 51, 55, 58, 66]. Most of them rely on specific inputting rules, so the
learning effect is a big problem. DigiTouch [66] is a clever approach that maps a split-QWERTY keyboard layout
to the users’ fingers and uses thumb-to-finger touch in order to input text. DigiTouch users learned to type
reliably and achieved a mean typing speed of 16.0 WPM after three hours of practice.
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2.1.4 Ring-based Text Entry. Few studies were conducted to explore the effectiveness of ring-based text entry.
Some of the studies use finger-worn sensors to recognize hand gestures for inputting the 26 characters [22, 75, 78].
However, these works focus on the accuracy of hand gesture recognition (none of which are more than 93%
accurate) but did not report text entry speed. ThumbText [30] deploys a small touch screen on the index finger.
Users tap on the touch screen using the thumb in two steps to input a character. The expert speed is 11.4 WPM.
TipText [68] features a miniature QWERTY keyboard residing invisibly on the first phalanx of the index finger.
The keyboard layout was a 2 by 3 grid optimized for eyes-free input. The expert speed is 13.3 WPM. RotoSwype
is a mid-air word-gesture typing based on the orientation of a finger-worn IMU [24]. Users press a button to start
drawing and release to start candidate selection. The speed is 14.8 WPM after a five-day training.

The TypingRing [45] most closely resembles our research. With TypingRing, users type on a surface in a
two-step strategy. TypingRing divides the QWERTY keyboard into nine zones, each of which contains three keys.
Users first select a zone by moving their hand and then identifying the correct key by tapping with the index,
middle or ring finger. The expert speed is 10.0 WPM. However, TypingRing has a number of major limitations.
First, the two-step inputting strategy is not straightforward. Second, there is no experiment details in the paper.
Third, the accuracy of touch detection was only 80%, which is not usable on a larger scale.

2.1.5 Summary. In addition to the studies mentioned above, there are other input modalities that can be utilized
in text entry through wearable devices. For example, head rotation [73], tilting [50], pressure [79], gaze [32, 38, 56]
and 1D touch screen [74] can be used for text entry. However, touch-based and QWERTY-based keyboards are
still the most commonly used text entry system on current smart devices. We attempt to enable this experience
on a physical surface using only a wearable device.

2.2 Ring Interaction

Smart rings are a rapidly growing field in the HCI domain. Digital Digits [60] conducts a comprehensive survey
of finger augmented devices and points out three functions of smart rings. A primary function of smart rings is
to sense beyond what the ordinary human finger senses (e.g., gesture recognition [25, 46, 63, 64, 76, 78]). Second,
smart rings provide information to the wearer (e.g., tactile feedback [53, 61]). Thirdly, smart rings control or
send information via fingers to an external object (e.g., manipulation [3, 8, 26, 42]). Most studies (including
QwertyRing) leverage the ring as a sensing device. In this section, we discuss the sensing ability of smart rings in
two aspects: finger tracking and touch detection.

2.2.1 Finger Tracking. Acoustic sensing [77] and magnetic field (MF) sensing [8, 10, 49] techniques track the
relative position of finger ring to an additional hand-worn device (e.g., microphones in the smartwatch or a
magnet in another ring). The accuracies are 1.3 cm, 2.5 mm, 4.8 mm, and 4.4 mm respectively. AuraRing is the
latest wearable magnetic tracking system designed for tracking finger movement [49]. It has a resolution of 0.1
mm and a dynamic accuracy of 4.4 mm. However, AuraRing consists of not only a ring but also a wristband with
multiple sensor coils, which make it not as practical as a ring-only system. Optical techniques use cameras on the
hand to track the fingers [7, 62, 69]. They are problematic due to occlusion, high power needs and computing
resource consumption. IMU can be integrated into smart rings. Smart rings are low-cost, small and have low
power consumption. MIDS [33] combine a smartwatch with two IMU rings to sense the location of a fingertip on
physical surfaces. LightRing [29] tracks the fingertip on surfaces. The device consists of an infrared proximity
sensor for measuring finger flexion and a gyroscope for measuring finger rotation. However, these works involve
more than a single sensor, have low accuracy and need calibration. In our work, we tried to estimate the flexion
and rotation of fingers using a single 6-axis IMU.

2.2.2  Touch Detection. 1t is straightforward to detect touch on physical surfaces by finger-worn IMU sensors
[33]. Most related works did not focus on touch detection or achieve a satisfying accuracy. They focused on
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finger tracking (relative motion) [47], touch finger identification [41] or touch surface identification [62] instead.
These work used simple threshold methods to sense touch events [33, 44, 47], yielding an accuracy of up to 89.8%.
Recently, researchers proposed a machine learning method to sense touch down on any physical surface with
finger-worn IMU sensor, and reached an accuracy of 98.6% [21]. However, this method can only detect touch
down. The method can not accurately detect touch up, which is an important supplement to touch down that
enables many basic touch gestures such as long-press and swipe. Like many other wearable text entry techniques
[68, 71, 74], QwertyRing needs multiple touch gestures including long-press and swipe to completely support the
text entry application. So in order to build QwertyRing, we need to solve the problem of touch up detection first.

2.2.3  Summary. (1) finger tracking using a single ring is not accurate (error > 1 cm) even with personalized
calibration [29]; (2) Accurate touch down detection was achieved in 2019 [21], while touch up detection was
unexplored. Given these shortcomings, the feasibility of QwertyRing (typing with an IMU ring) was unknown.
We had to solve two problems to build QwertyRing: (1) To predict users’ desired words from inaccurate input
using Bayesian decoder. Like many other text entry techniques with inaccurate input [16, 18, 24, 40], QwertyRing
could not support Out of Vocabulary (OOV) words. (2) To detect touch events on any physical surface, including
touch up, long press and swiping.

2.3 Bayesian Decoder

The Bayesian approach [17] is a widely used text entry decoder. This approach allows users to input words
without aiming carefully. The basic idea is to estimate the probability of each candidate word based on the word
frequency (language model) and the touchpoint distribution (touch model). For the language model, our work
evaluates unigram, bigram, and trigram models [28], which predict a word from previous words in an input
sequence. For the touch model, most text entry techniques assumed that touchpoints on a single key obey a
Gaussian distribution (absolute model) [4, 17]. QwertyRing adopts the absolute model on the mapping from
finger flexion to the Y-axis of the keyboard, because users flex the index finger to input keys on different rows of
the keyboard. BlindType [35] revealed that the vectors between successive touchpoints also obey a Gaussian
distribution (relative model) when users receive text feedback on a separate screen. QwertyRing adopts the
relative model on the X-axis of the keyboard. It leverages the angle difference between successive tapping, which
is suitable for the mental model of eyes-free typing.

3 QWERTYRING

QwertyRing was designed with an iterative process. In this section, we first introduce the setting and usage of
QwertyRing. Then, we share motivations for the design of QwertyRing. The device of QwertyRing is a 6-axis
IMU worn on the middle phalanx of the index finger. As figure 1A shows, the user rests the wrist on the desk and
imagines that there is a QWERTY keyboard within the reachable area of the index finger. Users do not see a
keyboard or an image of one on the physical surface that they type on. To reduce the cognitive load of locating a
key on the keyboard, the 26 keys were designed to occupy the whole reachable area of the index finger. Figures
1B-E show the recommended boundaries of the imaginary keyboard: the first row of keys lies within reach of
finger pulp touches; the third row lies within reach of a fingernail tap; the left and right boundaries are within a
comfortable range of movement.

3.1 Layout

Users receive visual feedback from an external display, e.g., an AR/VR headset, a computer monitor or a smart
TV. Figure 2 shows the keyboard layout displayed on the output device. The keyboard consists of a QWERTY
layout (26 keys) and the candidate selection region. The QWERTY layout reminds the user of the character key
locations. During the text input, the system predicts the top-5 probable words and displays them in a ranked
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Fig. 2. The keyboard displayed on an external output device. Rank-1 represents the most probable candidate word. The
center coordinates of 'Q’, ’A’,’Z’, P’ and M’ are (0,0), (0.2,1), (0.8,2), (9,0) and (6.8,2)

manner: rank-4, rank-2, rank-1, rank-3, and rank-5 candidate words from the left side to the right side on the
candidate selection region. That is, the most probable candidate word is in the middle, while the others are on
both sides of it. This setting is designed to save time while selecting words. During the text entry, users can focus
on the display information instead of the hand movements.

3.2 Usage

Users type on the imaginary keyboard in four steps:

(1) Tap (touching down and up) for every character of the desired word in an orderly fashion.

(2) Long press for 200 ms to trigger candidate selection. A pointer will appear on the rank-1 candidate word.
Do not touch up until step four.

(3) (Optional) If the rank-1 candidate word is not the desired word, swipe left or right to control the cursor.
The cursor move across a candidate word when the IMU ring rotate 7.5° along the vertical axis.

(4) Touch up to pick the candidate word under the cursor.

Users delete a word by swiping left. Like many other text entry techniques with word suggestions [40, 72, 73],
users of QwertyRing type once again if the desired word was not on the candidate list. There is a constraint when
using QwertyRing, which is that the IMU can sense the orientation of the index finger, but can not sense the
translation of the finger. Users should rest the wrist on a fixed place on the surface and rotate the wrist to touch
different keys. Users should not type by moving the whole hand. Only with this constraint, the orientation of the
IMU can be distinguishable when the users type on different keys. Users need training to follow this requirement.
We will discuss the learning effect in the discussion section.

3.3 QwertyRing Design Rationale

In this subsection, we attempt to justify design decisions of QwertyRing. The following discussions may refer to
some results in the second study "DECODER DESIGN", which collected and analyzed users’ typing data. Readers
can find the details later in the study section.
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(1) Why use touch gestures (but not buttons) for word selection and deletion?: The 26 keys occupy the whole
reachable area of the index finger, so we used the long press motion for word selection and used the swipe
left motion for deletion. This design has two advantages. First, it reduces the user’s cognitive load of locating
the desired key. For example, there is no button above the 26 keys, so the user can simply straighten the
finger to type the key on the first row of the invisible keyboard. Second, it improves the accuracy of word
prediction, because there is a tradeoff between the interaction room and the word prediction accuracy [71].

(2) Why do we use five candidate words?: On the one hand, if there are fewer candidate words, the user’s desired
word is less likely to be on the candidate list. According to the simulation in study two (figure 11), the top-5
accuracy of the text entry decoder was 97.5%, while the top-3 accuracy was only 93%. Users had to type
once again if the desired word was not on the candidate list. Though 3-candidate may speed up the word
selection phase, 5-candidate is still a more efficient design according to theoretical simulation. On the other
hand, if there are more candidate words, users may make mistakes in the word selection phase because of
the inaccurate sensing of finger orientation.

(3) Why rotate the hand 7.5° to move the cursor across a candidate word?: In study two, we collected users’
typing data when using QwertyRing. The participants were asked to type within a comfortable range of
movement. The visualization of users’ typing behavior shows that the comfortable range was around 30°
(figure 9). Therefore we mapped the five candidate words to the rotations of —15°, —7.5°, 0°, 7.5°, and 15°.

(4) Why is the ring on the middle phalanx of the finger? Why is there wrist fixing?: First, these design choices
(constraints) are necessary for the decoder of QwertyRing. QwertyRing is based on the mapping from (Yaw,
Pitch) of the ring to (X, Y) on the keyboard. If the ring was on the proximal phalanx, we lost the mapping
from Pitch to Y. If the user moved his wrist to type, we lost the mapping from Yaw to X. QwertyRing
cannot work with any of these signals missing. Second, these choices are acceptable for users. Prior work
[21] shows that the best placement of a ring is the proximal phalanx of the finger, while the second best
placement is the middle phalanx. With the wrist fixing, users rotate the wrist to input. Study two shows
that it is comfortable to rotate the wrist within 30°.

4 STUDY ONE: TOUCH DOWN/UP SENSING

In this study, we collected motion data from participants’ touch on the desk with a finger-worn IMU. The
motivation was to design techniques of sensing touch down and touch up on physical surfaces, based on which
we can further detected touch events including long press, swipe left and swipe right. Touch down refers to the
finger contacting a physical surface. If someone performs a swipe down gesture in the air but does not hit the
surface, the system would not report a touch down event. Touch up refers to the finger leaving the physical
surface. We explored the recognition of touch events in three steps:

(1) For touch down recognition, we followed prior work [21] to implement a method based on SVM.

(2) For touch up recognition, we analyzed the motion data of touch up and proposed our solution.

(3) Based on the recognition of touch down and touch up, we sensed long press, swiping left and right by
threshold methods.

4.1 Design and Procedure

We recruited twelve participants from a college campus (aged from 19 to 25, M = 21.59, SD = 2.02, 4 females). All
the participants were right handed. Figure 3 illustrates the experimental setting. There was a thin rigid touch
screen attached to the wooden desk. Participant touched on the touch screen with the IMU ring worn on the
middle phalanx of the index finger. The experimental task included touching with different gestures according
to the verbal instructions of the researcher. There were four datasets to collect: tapping, long presses, swiping
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Fig. 3. The experimental setting in study one. The subfigure shows the coordinate of the IMU ring.

and mid-air gestures. The tapping, long presses and swiping datasets were to sample touch down and touch up
moments in various conditions. The mid-air gestures served as negative samples of touch.

(1) Tapping Dataset: Participants tapped on the touch screen for 5 blocks X 100 trials = 500 times. They
tapped in their preferred way with arbitrary positions, strengths and angles. We collected 6000 tapping
samples from the twelve participants in total.

(2) Long Press Dataset: Participants long pressed for 5 blocks X 100 trials = 500 times. They could stay
motionless or rub their fingers on the surface during the long press motion.

(3) Swiping Dataset: Participants performed 10 blocks x 100 trials = 1000 times of swiping gesture, including
five blocks of swiping left and five blocks of swiping right. Participants swiped as if they were switching
the screen of a smartphone. Participants kept their wrists on the desk during the collections of tapping,
long presses and swiping.

(4) Mid-air Gestures Dataset: Participants drew mid-air gestures in five blocks of one minute. The gestures
were motionless, swiping, drawing circles and squares, trembling and Hololens gestures respectively [21].
Participants were asked to vary the gestures during the data collection. These mid-air gestures served
as negative samples of touch. Because "touch" refers to the finger contacting a physical surface, all the
possible mid-air gestures belong to negative samples of touch. In this study, we could not enumerate all of
the possible mid-air gestures. Instead, we followed prior work [21] to sample mid-air gestures that were
specially designed for touch detection.

Participants rested for one minute between two blocks to avoid fatigue. The study was generally completed
within one hour.

4.2 Apparatus

As figure 3 shows, the IMU ring was an accelerometer GY-91 attached to a regular finger ring. The IMU connected
to an Arduino Uno R3 with Dupont lines. Participants attached the Dupont lines on the wrist with a velcro strap.
The ring collected 6-axis motion data including raw acceleration and angular velocity. The raw acceleration data
was combined from linear acceleration and gravity. We used Madgwick Filter [37] to split the raw acceleration
into linear acceleration and gravity. We did not collect magnetic force from the IMU, because the raw data of the
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magnetometer can be affected by devices in the environment. There are some sensor fusion algorithms [37] to
stabilize the reading of the magnetometer, but they are not responsive enough (latency > 200 ms) for our project.

The touch screen was a conductive copper sheet connected to the Arduino. The capacitance of the copper
sheet will increase if a finger touches on it. We leveraged this phenomenon to judge the contact [5]. The touch
screen reported the ground truth of touch condition: whether a finger has contacted the surface or not. The
high-speed camera showed that the latency of the touch screen was below 1 ms. The frequencies of the IMU and
the touch screen were 1000 Hz. In total, we had eleven dimensions of motion data: timestamp, 3-axis acceleration,
3-axis angular velocity, 3-axis gravity, and the touch condition.

4.3 Recognition

4.3.1 Touch Down. We followed prior work [21], which senses touch down on physical surfaces using a finger-
worn IMU. In this paper, we placed the ring on the middle phalanx of the index finger, which was unexplored.
We used an IMU with higher frequency and a touch screen with lower latency.

We located touch down moments from the tapping, long presses and swiping datasets according to the ground
truth of the touch condition. We cut time windows [—25ms, 25ms] around touch down moments as positive
samples. We cut time windows [—-75ms, —25ms] as negative samples to avoid reporting the event in advance. Also,
we randomly sampled 100 slices from every minute of mid-air gestures as negative samples. Then, we extracted
features from the samples as follows: for each dimension of the 9-axis IMU data (acceleration, angular velocity
and gravity), we calculated its maximum, minimum, mean, skewness and kurtosis. Then, we concatenated these
values to obtain a feature of 45 dimensions and trained an SVM binary classifier.

Leave one out cross-validation shows that the precision of the classifier was 99.8% (SD=0.2%). The recall rate
was 99.0% (SD=1.4%). We further packed the classifier into a touch down sensing algorithm: (1) The algorithm
do not reports touch down if there has been a touch down in the past 50 ms. (2) The algorithm reports touch
down only if the classifier detects ten consecutive frames of touch down. The two statements above reduced false
positive touch events and reported only one event for each touch down. Then, we simulated the algorithm on
the tapping, long press and swiping datasets. The precision was 99.24% (SD=1.03%). The recall rate was 99.37%
(SD=0.94%). The average delay was 14.04 ms (SD=7.40). We also simulated the negative samples (mid-air gestures).
The algorithm reported only 14 false positive touch events during 60 minutes of mid-air gestures.

4.3.2  Touch Up. To sense touch up, it was not suitable to follow the touch down recognition [21]. Touch down
can be recognized accurately because of the significant vibration at the touch down moment. However, we found
no similar vibration at the touch up moment. Fortunately, the user’s finger does not leave the surface before he
touches up. Thus, the vertical component of the acceleration Ag is a good feature to detect touch up: Ag is small
during the finger tap, but will suddenly increase at the touch up moment. cos6 and G, also help the recognition
of touch up, where 6 is the angle between acceleration and the vertical axis, G, is the angular velocity in yaw.
Figure 4 shows Ag, cosf and G, in four typical conditions. These values are easy to recognize at the touch up
moment. In addition, the elapsed time from the touch down moment T,scq4p. Was considered as a feature, because
the motion data after touch down was unstable for about 20 ms. Tescqpe can reject the false positive caused by
the unstable data. In total, we extracted a feature of 19 dimensions: the escaped time from touch down Tescape,
the minimum, maximum, mean, skewness and kurtosis of Ag, cosf and G,.

Then, we sampled training data of touch up detection from the tapping, long press and swiping datasets.
Positive samples were time windows [—25ms, 25ms] around touch up moments from the three datasets. We had
24000 positive samples. Negative samples were random time windows of 50 ms between touch down and touch
up from the three datasets. We cut three negative samples from each touch, so we had 54000 negative samples.
The number of negative samples was larger because it was important to avoid false positives, which could be
triggered anytime.
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Fig. 4. The motion data between touch down and touch up moments in four typical conditions. The dotted lines indicate the
touch down and touch up moments.

Finally, we used SVM to train a binary classifier of touch up. Leave-one-out cross-validation shows a precision
of 99.87% and a recall rate of 99.03%. In real use, the system reported touch up only if the classifier detected
three consecutive frames of touch up. This statement reduced false positive touch up events. We simulated the
algorithm on the tapping, long press and swiping datasets. The recall rates were 98.61% (SD=1.87%), 99.68%
(SD=1.02%) and 99.53% (SD=1.39%) respectively. The precision rates were 99.82% (SD=0.24%), 99.78% (SD=0.31%)
and 99.65% (SD=0.42%). The delays were 8.55 ms (SD=4.97), 7.83 ms (SD=3.47) and 7.97 ms (SD=3.77).

4.3.3 Long Press. Based on the detection of touch down and touch up, we used a threshold method to recognize
the long press gesture: the system reported a long press when the user touched the surface and stayed for more
than 200 ms. Staying meant that the touch up event was not triggered and the finger was motionless (the angular
velocity was smaller than 0.1 rad/s). The threshold on the angular velocity was an empirical value, which ensured
that most swiping gestures would not be misidentified as a long press. To evaluate the performance of this
threshold method, we used the long press dataset as positive samples and used the tapping and swiping datasets
as negative samples. The recall rate was 98.8%, while the precision was 99.2%. The method also worked without
any problems in the following study.
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Fig. 5. The comparison of swipe rotation (x-axis) and touch duration (y-axis) among tapping, swipe left and swipe right. The
background colors stand for the prediction of the KNN classifier.

4.3.4 Swiping. As we had accurately recognized long press, we only needed to distinguish among tapping as
well as swiping left and right. We designed two features to classify them: the touch duration and the rotation (yaw
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increment) between touch down and touch up. Figure 5 compared the tapping and swiping left and right with
the two features. The touch down and touch up moments here were acquired by the recognition algorithms, but
not the ground truth. A simple threshold method can distinguish the three gestures. The method reports swiping
left when rotation > 0.02 rad and duration > 100 ms, reports swiping right when rotation < -0.02 rad and duration
> 100 ms, and reports tapping otherwise. The accuracy was 97.82%. We trained a ternary KNN classifier (K = 10)
to further improve the performance. Leave-one-out cross-validation shows an accuracy of 99.38% (SD=0.43%). In
real use, the system called the classifier at the touch up moment. It would meanwhile report the swipe left or
swipe right movements if the classifier predicted a swiping gesture.

4.4 Touch Sensing on Different Surfaces

In the aforementioned study, we evaluated our touch sensing algorithm in detecting touches on a wooden desk.
We collected motion data from participants’ touches on a wooden desk with the finger-worn IMU. There was a
thin copper sheet attached to the desk which served as a touch screen to collect the ground truth of the touch
condition. However, with the copper sheet, we could not get the perfect motion data of touching on the desk.
Further, we need to evaluate our algorithm on different surfaces.

(b) Plastic

Fig. 6. The experimental setting.

We conducted an external experiment to evaluate our algorithm on other physical surfaces, including a wooden
desk (without the copper sheet), a plastic desk, and the top of a human lap (figure 6). Twelve participants took
part in the experiment (aged from 20 to 26, M = 22.03, SD = 3.37, 3 females). They did not attend the last study.
The experimental settings are the same as the last study except (1) we collected the tapping, long presses and
swiping datasets on three types of surfaces; (2) there was no copper sheet (touch screen) attached to the surface;
(3) the experiment lasted for three hours, so the participants completed this experiment in three days to avoid
fatigue; (4) the participants pressed the enter key to continue after every five touches.

The challenge of this experiment was that we could not get the ground truth of the touch condition via a
touch screen. To overcome this problem, we learned the pattern of data and labeled the touch down and touch
up events manually. Because the participants pressed the enter key to confirm every five touches, it was easy
to locate the touch moments manually in each segment of data. We were confident that the data was correctly
labeled. We used all the data of the three surfaces to train general models of touch down and touch up sensing.
The two models were supposed to work on different surfaces. We adopted the same methods (the same SVM
features) as the first study to train the models. Then, we used leave-one-out cross-validation to evaluate their
performances through simulations on the tapping, long press and swiping dataset.

Table 1 shows the result. For touch down detection, RM-ANOVA showed a significant effect of surface on the
recall rate (Fz 22 = 25.14,p < .001, qlz, = 0.696). Bonferroni-corrected post-hoc tests showed significant differences
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Touch Down Touch UP

Recall Precision Recall Precision

Wood | 99.54% (SD=0.82%) 99.45% (SD=0.46%) | 99.45% (SD=0.58%) 99.65% (SD=0.23%)
Plastic | 99.67% (SD=0.82%) 99.22% (SD=0.46%) | 99.38% (SD=0.68%) 99.71% (SD=0.23%)
Lap | 97.69% (SD=1.42%) 99.32% (SD=0.76%) | 99.18% (SD=0.68%) 99.66% (SD=0.15%)

Table 1. The accuracy of touch down and touch up sensing on different surfaces.

between the following surface pairs: Wood-Lap (p<.005) and Plastic-Lap (p<.005). The recall rate of sensing touch
down on the lap is significantly lower (97.69%). There is no significant effect of surface on the precision rate.
That is, the touch down sensing algorithm performs well on rigid surfaces (the wooden desk and the plastic
desk). The algorithm missed some touches when the users tapped on the lap surface. For touch up detection,
there is no significant effect of surface on either recall rate nor precision rate. That is, the touch up sensing part
worked well on detecting touches on all the tested surfaces. We asked the participants to try our algorithm with
trained models. Participants reported that they cannot challenge the algorithm when touching on rigid surfaces.
Participants could deliberately perform unrecognized touches on the lap by touching lightly, but the algorithm
worked well if they touched with normal strength.

4.5 Lower Frequency

We used 1000 Hz as a frequency to evaluate the ceiling performance of touch sensing. However, a practical system
may be more optimized by using a lower frequency to save battery life. However, there is a tradeoff between
frequency and sensing accuracy. We evaluated the performance of touch sensing with downsampling (500 Hz,
200 Hz and 100 Hz) to reveal this tradeoff. Figure 7 shows the result in F; score, which is the harmonic mean of
the precision and recall.
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Fig. 7. The accuracies of touch down and touch up sensing over sample frequency. Error bars indicate 95% confidence interval.

For touch down sensing, two-factor RM-ANOVA showed a significant effect of frequency on the performance
(F3,33 = 16.44,p < .001, r]f, = 0.599). Bonferroni-corrected post-hoc tests showed significant differences between
the following surface pairs: 1000Hz-100Hz(p<.001), 500Hz-100Hz(p<.001), 200Hz-100Hz(p<.05). For touch up
sensing, there was also a significant effect of frequency on the performance (F5 33 = 39.94,p < .001, 17[2) = 0.0.784).
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Post-hoc tests showed significant differences between the following surface pairs: 1000Hz-100Hz(p<.001), 500Hz-
100Hz(p<.001), 200Hz-100Hz(p<.001). Results show that there is a tradeoff between the frequency and the
performance, but the accuracy was still high at 200 Hz.

5 STUDY TWO: DECODER DESIGN

The motivation of this study was to obtain users’ typing data to design the text entry decoder. When typing
with QwertyRing, users cannot see the keyboard layout on the physical surface. Instead, users type on an
imaginary keyboard according to the muscle memory of their index fingers. In this study, we determined the
spatial parameters of the imaginary keyboard from users’ typing data. We also wanted to investigate users’ typing
behavior.

5.1 Design and Procedure

We recruited twelve participants from campus (aged from 19 to 29, M = 23.67, SD = 3.14, 4 females). They did
not take part in the first study. There was a training phase before the experiment. We introduced the concept of
an imaginary keyboard. We showed the participants the recommended boundaries of the imaginary keyboard
(figure 1B ~1E). Then, participants typed ’A’ to ’Z’ orderly twice to get familiar with the position of each key in
the imaginary keyboard. It was a common mistake to input text by moving the hand instead of the finger. The
researcher corrected the participant in this case. The training phase lasted for about five minutes. The experiment
consisted of five repeated sessions. In each session, participants transcribed ten phrases, which were randomly
sampled from the MacKenzie phrase set [36].

Fig. 8. The experimental setting of study two. A participant touched on a desk to input.

As figure 8 shows, the participant sat on an adjustable chair. He was able to adjust the chair to a comfortable
position. An external monitor displayed the user interface, which consisted of the QwertyRing keyboard layout,
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a task phrase, and the inputting phrase. Participants wore the IMU ring and typed on a regular desk. They were
asked to transcribe the task phrase as fast and accurately as possible. We did not have a decoding algorithm at
this stage. The system always displayed the correct character no matter how the participant typed. However, the
user should redo the phrase if he found a mistake by himself. A similar experimental design was used to collect
ideal typing data in prior work [4, 14, 35]. Participants were asked to focus on the display information but not
their hand movement. The study lasted for one hour.

5.2 Processing

The basic idea of QwertyRing is to predict users’ desired keys by the orientation of the IMU. We inferred that
the pitch angle and the yaw angle of the IMU is useful for decoding: (1) The pitch angle is the angle between
the forward direction and the horizontal plane. When the user taps on different rows of keys on the imaginary
keyboard, the pitch angles of the IMU are different. (2) The yaw angle is the rotation around the vertical axis.
When the user taps on different columns of keys on the keyboard, the yaw angles are different. We used Madgwick
Filter [37] to obtain the pitch angle of the IMU. However, we can not acquire the yaw angle accurately because
of the drifting issue of the IMU. Instead, we estimated the increment of yaw between two taps (AYaw) by the
integration of the angular velocity in yaw:

AYaw = 3T G,iAt (1)

where T is the number of frames between two taps, G,; is the z-axis of gyroscope data in the ith frame, A¢; is
the duration of the ith frame.

We formulate the concerned data. Suppose that participants typed on the key u for N, times in the experiment,

we donate the pitch angles of the IMU as P, = {Pitchui}f\i"l and the yaw angles of the IMU as Y, = {Yawu,-}f\i“l.

Nu,v

Suppose that participants continuously typed on the keys u and v for N, ., times, we use AY, , = {AYaw, ;};]
to represent the yaw increments. Limited by the sensing ability, the 6-axis IMU only collected the absolute pitch
angles P, and the relative yaw angles AY,, ,,, but no absolute yaw angles Y,. For each P, and AY,,, of each
participant, errors greater than three standard deviations from the mean were removed.

5.3 Results

Users typed on each key u with similar finger orientations. Thus, P, and Y, obey distributions. According to the
relative model in BlindType [35], AY,, ., also obey a distribution. To simply computation, we assume that P, and
AYy, obey two individual normal distributions. Similar assumption was made in prior work [35, 73]. Because P,
and AY,, ., were known, we fitted their distributions (P,, oP,) and (m, 0Y,.»). These distributions were used in
the text entry decoder, which will be introduced in the next section.

Y,, was unknown. We estimated its mean value to understand the imaginary keyboards in the users’ minds. In
detail, we sought all Y_u to minimize the formula as follow:

;;Nu,v«ﬁ—ﬁ) ~ Ao 2)

where we used the steepest descent algorithm to reach minimization.

Figure 9 shows the point cloud (Y,, P,) of all participants. As expected, the yaw and pitch angles can locate
inputted keys in X and Y coordinates respectively. The left and right boundaries of the keyboard lie on *Z’ and 'P’.
The gap in yaw is 32.4°. The upper and lower boundaries of the keyboard lie on ’Q’ and "M’. Their pitch angles
are 24.1° and 62.6°. The gap is 38.4°.

As figure 10 shows, There is a large user difference on the size and the shape of imaginary keyboards. The
biggest keyboard is 40.1° X 45.7° in yaw and pitch (P3), while the smallest is 25.3° X 33.4° (P4). P1 typed the
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Fig. 9. The point cloud of all the participants. Error bars indicate standard deviation of the pitch angles.
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Fig. 10. The point clouds of four typical participants. Error bars indicate standard deviation of the pitch angles.

keys in the same row with similar pitch angles. That is, the keyboard in his mind was fan-shaped. P2 tended
to straighten the finger when typing keys in the upper left corner. We infer that his imaginary keyboard was a
rectangle biased to the left side so that keys in the upper left corner were the farthest.

6 QWERTYRING DECODER

We used the Bayesian approach to develop the QwertyRing decoder. The approach calculates the probability as
follow:

P(WII) « P(I|W) x P(W) 3)

where W is a candidate word in the dictionary and I is a sequence of input touchpoints.
We discuss the design of the decoder with the touch model and the language model. The evaluation in this
section is based on the data in the second study.

6.1 Touch Model
P(I|W) is the touch model part of the bayesian decoder:

paiw) = [ [ paiwy) )
i=1
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where n is the length of W. I; and W; indicate the ith touch point and the ith character respectively.

In practice, researchers calculated P(I;|W;) using a bivariate normal distribution [4, 17]. Prior work found that
vectors between successive touch points also obey a normal distribution [35]. In this paper, we assumed that
the absolute pitch angles P, and the relative yaw angles AY,, ., obey two individual normal distributions. Thus,
P(I|W) was estimated as follow:

n n-1
paiw) = | | P(Pitchi| W) [ [ P(AYaws i1 |Wi i11) )
i=1 i=1
where Pitch; is the pitch angle of the IMU when the participant types W;, AYaw; ;;1 is the increment of yaw
angle between W; and Wi4.
The decoder calculates P(Pitch;|W;) and P(AY aw; ;+1|W;, ;1) with the normal distributions of Py, and Yy, w,,,
introduced in study two.

6.2 Language Model
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Fig. 11. The top-1, top-3 and top-5 accuracies of different language models over dictionary sizes.

P(W) is the language model part. We tested unigram, bigram and trigram models [28] by simulation. Figure
11 shows the prediction accuracy of each model over dictionary sizes. The top-1, top-3 and top-5 accuracies
mean the probability of predicting users’ desired word as the best match, one of the top-3 and top-5 matches
respectively.

Two-factor RM-ANOVA shows a significant effect of language model on top-1 accuracy (F; 22 = 86.53,p < .001).
The trigram model is better than unigram (p < .001) and bigram (p < .001). It achieves a top-1 accuracy of 79.0%
and top-5 accuracy of 94.6% in a dictionary of 5000 words. We used the trigram model in the remainder of this
paper. The effect of dictionary size on top-1 accuracy is only a trend (F5 33 = 2.41, p = .085). We speculate that
this effect occurs because the experimental tasks contain few low-frequency words.

6.3 Personalization

The user difference found in the second study inspired us to explore the personalization of the touch model.
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(1) The general model fits the touch model by all the data in the second study.
(2) The personal model is the same as the general model at first. The personal model updates itself continuously
by processing personal typing data.

In practice, the user can only use the general model at the beginning. The system collects personal data and
tries to update some distributions of P, and AY,, , to obtain the personal model. In detail, when the size of P, or
AYy ., of the user is large enough (>=8), the system replaces the corresponding distribution using personal data.
The threshold (>=8) performed the best in simulation.
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Fig. 12. The prediction accuracies of the general model and the personal model among participants.

Figure 12 compares the performance of the two models by simulation. We used 5-fold cross-validation to
evaluate the personal model. That is, we trained the personal model by four sessions of data (40 transcribed
phrases) and tested on the other 10 phrases. The average accuracy of the personal model is higher. We further
compared the two models through a third study.

7 STUDY THREE: QWERTYRING FIVE-DAY STUDY

The goal of this study was two-fold: first, to evaluate the input rate and the learning effect of QwertyRing text
entry; second, to compare the performance of the general model and the personal model.

7.1 Design and Procedure

We conducted a five-day study to evaluate the performance of QwertyRing. The study followed a between-subject
design to compare the general model and the personal model. We recruited 16 participants from a college campus
(aged from 20 to 27, M = 22.86, SD = 2.09, 6 females). They did not take part in the previous studies. On each
day of the study, participants transcribed 30 phrases. The phrases were randomly sampled from the MacKenzie
phrase set [36].

The experimental apparatus were similar to study 2 (figure 8). Participants sat on an adjustable chair, wore the
IMU ring and typed on a regular desk. They gained visual feedback from an external monitor display. Participants
were asked to transcribe the task phrases as fast as possible. During the text inputting, participants were asked to
focus on the display information but not their hand movements.
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All of the participants used the general model on the first day. The general model used all the data in the second
study to fit the touch model. After the first day, we divided the participants into two groups. Each group had
eight people. The average ages of the two groups were 22.50 (SD = 1.77) and 23.25 (SD = 2.55). The two groups
were well-matched in typing speed. In detail, we ran a program to divide the participants randomly for 1000
times and picked the two groups of which the average performances were closest. The first group of participants
continued to use the general model in the following four-day study. The second group used the personal model
instead. For each participant of the personal model group, we customized the personal touch model based on
existing data from each participant every day.

There was a training phase before the experiment on day 1. The researcher introduced the concept of imaginary
keyboard. With the guidance of the researcher, participants typed ’A’ to °Z’ in order twice to become familiar
with the keyboard. Then, they tried to input five phrases. The training phase lasted for ten minutes in total. For
each day of the study, participants transcribed 30 phrases in three sessions. They rested for five minutes between
two sessions. On average, participants spent half an hour each day.

7.2 Result

A mixed ANOVA was conducted for text entry speed, Uncorrected Error Rate (UER) and Corrected Error Rate
(CER) with model as the between factor and day as the within factor. As UER and CER violated the normalcy, we
used the Aligned Rank Transform [67] for correction. If any independent variable or combinations had significant
effects (p < 0.05), we used Bonferroni-corrected post-hoc tests for pairwise comparisons.

7.2.1 Speed. Text entry speed is measured in Words Per Minute (WPM) with this formula [2]:

Sl—-1 1
151 ><60><g (6)

where |S| is the length of the transcribed string (including blank spaces), and T is the complete time.

WPM =

30
254 T
207 /
E 154 | — - -
= | | :
104 |
54 —— General
Personal
0 T T T T T
Day 1 Day 2 Day 3 Day 4 Day 5

Fig. 13. Text-entry rates of the general model and the personal model over days. Error bars indicate 95% confidence interval.

Figure 13 shows the speeds over five days. The general model starts with a speed of 13.75 WPM (SD =
2.65) on day 1 and ends with a speed of 20.35 WPM (SD = 4.20) on day 5. The personal model starts with
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13.74 WPM (SD = 5.33) and ends with 20.83 WPM (SD = 4.14). There is no significant effect of model on
speed (Fy,14 = 0.09,p = 0.77, qlz, = 0.006). Day has a significant effect on speed for both the general model
(Fa28 = 27.00,p < .001,7; = 0.794) and the personal model (Fy 25 = 41.17,p < .001,7; = 0.855). For the
general model, pair-wise comparisons showed significant differences between the following day pairs: 1-3(p<.05),
1-4(p<.005), 1-5(p<.005), 2-4(p<.05), 2-5(p<.05), 3-5(p<.05), and 4-5(p<.05). For the personal model: 1-3(p<.01),
1-4(p<.005), 1-5(p<.001), 2-3(p<.005), 2-4(p<.005), 2-5(p<.005), 3-5(p<.05). The interaction effect between model
and day was not significant (Fy 56 = 0.60, p = 0.66, 1712, = 0.041). The learning curve seemed not to converge at the
end of the study, so the result does not reflect the ceiling rate.

7.2.2  Error Rate. Two metrics were used to measure text entry accuracy: (1) Uncorrected Error Rate (UER) -
text entry errors which remain in the transcribed string. UER is the number of uncorrected erroneous words
divided by the number of correct and erroneous words. (2) Corrected Error Rate (CER) - text entry errors which
are fixed (e.g., backspaced) during entry. CER is calculated by the number of corrected erroneous words divided
by the number of correct and erroneous words. As UER and VER violated the normalcy, we used the Aligned
Rank Transform for nonparametric factorial analysis [67].

5 UER (%) 15 CER (%)

General General
44 [ Personal 12 [ Personal
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Fig. 14. Uncorrected error rates and Corrected error rates of the two models over days.

Figure 14 shows the UER and the CER over five days. There is no significant effect of model or day on UER. The
average UER was 1.17% (SD = 1.02%) for the general model and 1.50% (SD = 1.40%) for the personal model. There
is no significant effect of the model on CER. The days have a significant effect on CER (Fy 5, = 6.84,p < .005).
Pair-wise comparisons showed significant differences between the following day pairs: 1-3(p<.005), 1-4(p<.05),
1-5(p<.005), 2-3(p<.05) and 2-5(p<.05). On day 5, the average CER was 3.22% (SD = 2.92%) for the general model
and 2.92% (SD = 1.65%) for the personal model. That is, participants made corrections once every 30 words with
both of the models.

7.2.3 Decoder Performance. Figure 15 shows the prediction accuracy of the two models over days. Mixed
ANOVA shows no significant effect of model on top-1, top-3 and top-5 accuracy. The days have no significant
effect on accuracy for the general model. For the personal model, day has a significant effect on top-1 accuracy
(Fa,28 = 3.45,p < .05, 17?, = 0.330). The result shows that the general model did not improve over days, while the
personal model improved. Mixed ANOVA shows a trend that the personal model surpassed the general model on
top-1 accuracy from the third day on (F; 14 = 3.22, p = 0.09, qf, =0.187).

7.2.4  Time Components. To gain deeper insight into performance improvement, we break down the text entry
time into three components: typing time, selecting time and pause time. Typing time is the time spent on typing
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Fig. 15. The top-1, top-3 and top-5 accuracies of the two models over days.

keys. It is calculated by the time from typing the first key to typing the last key. Selecting time refers to the time
from typing the last key to selecting a candidate word. Pause time refers to the time from inputting a word to
starting to type another word.

Figure 16 shows the time components of all the participants over days. ANOVA shows significant effects of day
on typing time (Fy 52 = 8.01,p < .001, 75 = 0.381), selecting time (Fy 52 = 24.80, p < .001, 775 = 0.656) and pause
time (Fy,5, = 18.86,p < .001, 1712, = 0.592). There is no significant effect of the model on these time components.
The result shows that users learned to type and select faster without sacrificing accuracy.

25
—— Typing
—— Selecting
2.0
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@ 1.5 T
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E
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00 T T T T T
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Fig. 16. The time components of inputting a word over days. Error bars indicate 95% confidence interval.

We further analyze the selecting time when the desired word was predicted as different ranks. Figure 17 shows
the selecting time over ranks. The bars in the figure are in the same order on rank as the candidate selection
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(s)
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Fig. 17. The selecting time over prediction ranks. Error bars indicate 95% confidence interval.

region. Participants selected the rank-1 candidate the fastest because the pointer was already placed on it at
the beginning. For other candidates, we found two factors that significantly affect the selecting time. The first
influential factor is the distance to the middle (F; 15 = 69.47, p < .001, r]f, = 0.822). The second influential factor
relies on which side of the middle the word is placed on (F;,15 = 39.76,p < .001, r]f, = 0.726). The factor is
influential due to the asymmetric movement constraints of the wrist [19]. The results support our design of the
candidate selection region, which places the most-probable word in the middle, the rank-2 and rank-4 words in
the left side, and the rank-3 and rank-5 words in the right side.

7.2.5 Subjective Rating and Feedback. Participants rated the subjective speed, accuracy, fatigue, and preference
on a 7-point Likert scale (1 - the worst; 7 - the best) on day 1 and day 5. The ratings are acceptable on day 1
and improves by day 5. For the general model, a Wilcoxon Signed-Rank test shows that the subjective speed
(Z = —2.56,p < .05) and preference (Z = —2.07, p < .05) significantly improves on day 5. For the personal model,
the subjective speed (Z = —2.21,p < .05), accuracy (Z = —2.41,p < .05) and preference (Z = —2.41,p < .05)
significantly improves on day 5. There is no significant effect of the model on all the measurements.

; General Model ; Personal Model
6 I 6
51 51
44 41
34 31
[ Dayl [ Dayl1l
21 B Day 5 21 B Day 5
1

Spped Accuracy Fatigue Preference Spped Accuracy Fatigue Preference

Fig. 18. Subjective ratings (higher is better).
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Two participants reported fatigue after 20 minutes of typing on day 1. However, they felt better over days. The
imaginary keyboards of these fatigued participants were too large. When they learned that the keyboard could
be smaller, they felt the issue of fatigue problem was reduced. The participant with the best performance reached
19.37 WPM on day 1 and 29.12 WPM on day 5. He followed the requirement of typing from the first day on. The
participant with the slowest speed reached 7.54 WPM on day 1 and 16.67 WPM on day 5. Though being trained
on day 1, he still moved his whole hand instead of rotating the wrist to type. QwertyRing could not decode his
desired words well. However, he performed better over the study days and finally reached an acceptable input
rate.

7.3 Comparison to Index Finger Typing on Smartphones

We conducted an external experiment to evaluate index finger typing on smartphones. The motivation was to
compare QwertyRing against a commonly use keyboard. We chose index finger typing on smartphones as a
benchmark because (1) users are familiar with smartphone text entry; (2) both QwertyRing and this setting use
index finger typing. The same 16 participants of the third study took part in the experiment. The task was to
transcribe 30 phrases from the same phrase set as in the third study. Participants used their own smartphones
and inputted the 30 phrases in three blocks. They were encouraged to take a 1-minute break between two blocks.
Before the experiment, participants had ten minutes to practice. The experiment lasted for about 20 minutes.

30
20
a 15+
10+
51 —— Smartphone
QwertyRing (Expert)

Block 1 Block 2 Block 3

Fig. 19. The blue line shows the speed of index finger typing on smartphones. Error bars indicate 95% confidence interval.
The orange dashed line is the expert speed of QwertyRing, which is 86.48% of the blue line.

Figure 19 shows the typing speed over blocks (blue), compared with the expert speed of QwertyRing (orange).
Participants reached an average speed of 23.81 WPM in the three blocks. ANOVA shows no significant effect of
block on speed (F 30 = 0.20,p = .82, 7712, = 0.013), that is, participants might reach their ceiling typing speeds. The
performance of QwertyRing was 86.48% of this result. It shows that QwertyRing provides a wearable text entry
approach without negatively affecting the performance. We acknowledge that this external experiment is informal,
e.g., the duration was shorter than typing with QwertyRing. However, the result of this experiment represents
the typing ability of the participants and helps us to understand how well users perform on QwertyRing, relative
to a commonly use keyboard.
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8 DISCUSSION
8.1 Comparison to Other Techniques

With ten minutes of practice, participants reached a speed of 13.75 WPM, with a UER of 1.5%. After five days of
training, participants reached an expert speed of 20.59 WPM, with a UER of 1.3%. This outperforms existing text
entry techniques using a single ring. The upper half of table 2 compares QwertyRing with existing ring-based
text entry techniques. The novice metrics indicate the performance in the first session of evaluation, while expert
metrics indicate the best performance in the last session. QwertyRing and RotoSwype conducted evaluations
in five days. ThumbText and TipText conducted multi-session experiments with at least 40-minute of typing.
QwertyRing has the best performance on both the novice speed and the expert speed. The lower half of table 2
shows the average typing speeds on smartphones and smartwatch. The performance of QwertyRing is close to
the speed of typing on a smartwatch, and is two thirds of the speed of smartphone typing.

Novice Expert Novice Expert
WPM WPM UER% UER%
QwertyRing (General) | 13.75 20.35 1.03 0.95
QwertyRing (Personal) | 13.74  20.83  1.90 1.63

RotoSwype (Ring) [24] 9.2 14.8 2.4 0.5
ThumbText (Ring) [30] 5.5 114 13.3 9.1
TypingRing (Ring) [45] NA 8.2 NA NA
TipText (Ring) [68] 10.5 13.3 0.3 03
Smartphone [54] 30.3 2.4
Smartwatch [18] 22.0 1.5

Table 2. The comparison between QwertyRing and relevant techniques. We acknowledge that the comparison is not absolutely
fair because the user expertise in different studies varies greatly.

8.2 The Learning Effect

Users of QwertyRing should rest the wrist on a fixed place and rotate the wrist to type. Users need training to
follow this requirement. In study three, there was a training phase of ten minutes: the researcher introduced
the concept of QwertyRiny. Then the participants followed the instructions to practice. After the ten-minute
training, participants typed with a speed of 13.74 WPM. This WPM demonstrated that QwertyRing is easy to
start using. In commercial product, a smartphone application can help users get started. After the five-day study
of 30 minutes, participants reached a speed of 20.59 WPM. The learning curve seems not to converge. It shows
that the expert speed of QwertyRing is fast.

8.3 The General Model or the Personal Model?

We found no significant effect of the model on speed, accuracy, decoder performance, and subjective feedback. The
result remains the same if we exclude the data on day 1, where the personal model has not been trained. We give
two reasons. First, the general model already decoded well. There is less room for the personal model to improve.
Second, the improvement of decoding was not crucial. Participants inputted text faster mainly because they typed
and selected the correct words faster. However, we still recommend the personal model for the current prototype.
The result of the third study shows a trend that the personal model decodes better than the general model from
the third day on (p = 0.09). According to the subjective feedback, participants could feel the improvement of the
personal decoder over days, while they found no improvement of the general decoder.
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8.4 What If the Ring is Worn on the Proximal Phalanx?

As we have discussed before, we placed the ring on the middle phalanx to optimize the performance of the text
entry decoder. However, the proximal phalanx is a placement with better social acceptance [21].

Unfortunately, QwertyRing cannot support text entry if the ring is worn on the proximal phalanx. Specifically,
this setting cannot distinguish between the characters on the second row of the keyboard and those on the third
row, because the motion data is very closed in these two situations. We invited four expert participants (top-4) in
study three to try it, with the personal model updated. They could not finish a sentence as some of the desired
words were not in the candidate list.

The four participants could enter words when we reduced the dictionary size to 100 words. In this situation,
the Bayesian decoder could find the desired word because the possible words were few enough. Thus, it is a good
idea to have QwertyRing worn on the proximal phalanx in some use scenarios. Users can trigger shortcuts on a
smartphone by entering a command with QwertyRing, for example, “music” for playing music.

8.5 What If Typing on Other Surfaces?

The decoding performance of QwertyRing is affected by two factors: (1) touch sensing accuracy, and (2) the
motion data at touch moments. We argue that QwertyRing supports text entry on any desk-like surfaces, which
are rigid, flat and spacious enough for a keyboard. There are two reasons. First, touch sensing works well on
rigid surfaces, such as wooden and plastic desks. Second, the motion data at touch moments is supposed to be
very similar when users type on different flat and spacious enough surfaces.

However, we did not think that QwertyRing could support text entry on the leg, because the top of the leg
is not flat and spacious enough, which significantly affects the motion data of the finger ring. To verify our
hypothesis, we invited four expert participants (top-4) in study three to attend an informal study. The study
evaluated the performance of text entry on the wooden desk, the plastic desk and the top of the lap. The four
expert participants transcribed ten sentences with a speed of 24.68 WPM (SD = 4.13) and 23.96 WPM (SD = 2.42)
on the wooden desk and the plastic desk respectively. However, the users could not finish all the tasks on the top
of thighs, as some of the desired words were not in the candidate list. Thus, we acknowledge that QwertyRing
only supports text entry on desk-like surfaces. QwertyRing enables touch down and touch up sensing on the lap,
but does not support text entry on the lap.

8.6 The Battery Life

In this paper, we used 1000 Hz as a frequency to evaluate the ceiling performance of QwertyRing. We acknowledge
that sending the IMU data at 1000 Hz to a host PC with a wireless connection would drain a ring size battery
fast. There are several approaches to save the battery life. (1) First, QwertyRing can work with a simple-rate of
200 Hz. The simulation in the first study showed that the touch sensing algorithm worked well at 200 Hz. A
sample-rate of 200 Hz is also enough for the text entry decoder, which leverages low frequency signals (Pitch and
Yaw). (2) Second, we can add a physical switch on the ring. Users can turn off the ring when not using it. Ideally,
we should develop an algorithm to turn on and turn off the ring seamlessly. (3) Third, as the prediction phase of a
SVM model is not high computation consumption, we can detect touch events on the ring and send the results to
the host device.

The above approaches will mitigate the power consumption issue. Oura Ring (https://ouraring.com/) is an
example, which contains more sensors including infrared optical pulse measurement, IMU, body temperature
sensor, Bluetooth, and battery. The battery of Oura Ring is 4-6 grams in weight, 7.9mm wide and 2.55mm thick.
The battery life is up to one week. Furthermore, we believe that improvements in hardware will eventually solve
the problem of power consumption.
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9 LIMITATION AND FUTURE WORK

This research has a number of limitations, which suggest new directions for future work:

(1) The decoder of text entry can be improved. We used a simple key-based touch model because of the user
difference and the limited number of participants. More sophisticated language models such as Lattice LSTM
[36] and Bert [12] may further improve the performance. We acknowledge that the obtained performance
does not reflect the ceiling rate of QwertyRing.

(2) QwertyRing supports text entry only on desk-like surfaces currently. In the future, it is valuable for
QwertyRing to support text entry on vertical surfaces and typing on the body, for example, such as the lap
and the palm of the non-dominant hand.

(3) The IMU rings in our experiments were wired and not small enough, which may affect the user performance.
In the experiment, we attached the wires on the user’s wrist with a velcro strap to reduce the influence. In
the future, it is valuable and possible to develop a wireless IMU ring.

(4) In daily use, clapping or using everyday objects might lead to unintentional touches. Researchers can
experiment with a physical button on the ring as the on-off switch.

(5) Like many text entry techniques with inaccurate input [16, 18, 24, 40], QwertyRing does not support OOV
(Out of Vocabulary) words. To enter punctuations and numbers, we can add a swipe down gesture to switch
to punctuation/number mode.

(6) We did not evaluate QwertyRing in a VR setting. VR text entry is a potential use scenario of QwertyRing,
because (1) VR helmets can render the layout as normal displays do, and (2) QwertyRing requires no visual
attention to the hand, which is specially designed for VR text entry [35, 70]. In further studies, an evaluation
in a VR setting will be valuable.

10 CONCLUSION

We present QwertyRing, a text entry technique that uses an IMU ring worn on the middle phalanx of the index
finger. Users type on any physical surface as if there is a QWERTY keyboard in front of them. They receive text
feedback on a separate screen, e.g., an AR/VR headset or an external monitor display. We trained SVM classifiers
to recognize touch down and touch up on physical surfaces using an IMU. The accuracies were 99.30% and 99.50%.
Based on the sensing of touch down and touch up, QwertyRing can recognize multiple touch gestures such as long
presses, swiping and swipe right by using simple rule-based methods. We analyzed the user behavior of typing
through a user study and designed the text entry decoder. We evaluated the performance of QwertyRing with the
general model and the personal model in a five-day study. For the general model, participants reached a speed
of 13.75 WPM in the first 40 minutes and achieved 20.35 WPM at the end. For the personal model, participants
started with 13.74 WPM and ended with 20.83 WPM. Results show that QwertyRing is easy to learn to use and
outperforms other ring-based techniques. QwertyRing enables efficient touch-based text entry on any desk-like
surface, which is valuable in many scenarios such as AR/VR and smart TV.
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