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Designing and Evaluating Hand-to-Hand Gestures with Dual
Commodity Wrist-Worn Devices

YIQIN LU, BINGJIANHUANG, CHUN YU∗, GUAHONG LIU, and YUANCHUN SHI†, Tsinghua
University, China

Hand gestures provide a natural and easy-to-use way to input commands. However, few works have studied the design
space of bimanual hand gestures or attempted to infer gestures that involve devices on both hands. We explore the design
space of hand-to-hand gestures, a group of gestures that are performed by touching one hand with the other hand. Hand-to-
hand gestures are easy to perform and provide haptic feedback on both hands. Moreover, hand-to-hand gestures generate
simultaneous vibration on two hands that can be sensed by dual off-the-shelf wrist-worn devices. In this work, we derive a
hand-to-hand gesture vocabulary with subjective ratings from users and select gesture sets for real-life scenarios. We also take
advantage of devices on both wrists to demonstrate their gesture-sensing capability. Our results show that the recognition
accuracy for fourteen gestures is 94.6% when the user is stationary, and the accuracy for five gestures is 98.4% or 96.3% when
the user is walking or running, respectively. This is significantly more accurate than a single device worn on either wrist.
Our further evaluation also validates that users can easily remember hand-to-hand gestures and use our technique to invoke
commands in real-life contexts.
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1 INTRODUCTION
Demand for easy-to-use input technologies in mobile scenarios has risen along side the popularization of smart
phones and wearables. Traditional input methods are inhibited by mobility constraints. Previous works show
that using such methods in mobile scenarios can increase user task load and lead to potential injuries or input
errors [35, 54]. For example, when running, constant movement prevents runners from tapping and swiping on
smartphones and smartwatches accurately. Thus, researchers are actively seeking supplementary input methods
that are compatible with a larger breadth of scenarios.
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Hand gestures, including unimanual gestures [9, 25, 34, 62, 69], mid-air bimanual gestures [17, 45, 48, 55, 58]
and on-skin gestures [6, 19, 61], do not require tangible input devices and have low cognitive loads, which
are considered as supplementary options for command input. The growing requirements in more ubiquitous
scenarios continuously motivate researchers to design easy-to-use hand gestures and develop advanced sensing
technologies.
Wrist-worn devices (e.g., smartwatches, smart bands) have become increasingly mainstream. The mount

location of these devices provides instantaneous command input, and their continuous contact with the user’s
skin allows embedded sensors (e.g., IMU, microphone and pulse sensors, etc.) to record users’ daily activities and
monitor their health [50].
Previous works have investigated the feasibility of using these devices to sense hand gestures. The device

is usually worn on one hand, either the dominant hand, for tracking hand movements [7, 31, 66, 74] or the
non-dominant hand, for detecting touch events [70, 72, 73]. However, few works have investigated potential
bimanual gestures or improvements in gesture inference that are created by combining the sensing capabilities
from devices worn on the user’s dominant and non-dominant hands.

Fig. 1. Interaction using hand-to-hand gestures with two off-the-shelf wrist-worn devices. The user touches his left palm with
his right fist, generating distinct signals from both hands which can be detected by the two smart bands on his wrists. The
smart bands transfer the data to the user’s smartphone via Bluetooth. The smartphone then recognizes the hand-to-hand
gesture, and triggers a corresponding command.

We explore gestures that involve touching one hand with the other, which we refer to as “hand-to-hand
gestures”. These gestures vary by the point of contact on each hand (e.g., the palm, the back of the hand) and the
contact type (e.g., tap, swipe). Hand-to-hand gestures have the following advantages for universal command
input: 1) Unlike bimanual gestures in which the user’s hands do not touch, hand-to-hand gestures have mutual
haptic feedback on both hands. This feedback not only facilitates the self-awareness of gestures so that users
will perceive the contact parts of hands and the quality of execution, but also helps users perform continuous
gestures in scenarios where motor control is limited (e.g., running). 2) Hand-to-hand gestures are proprioceptive,
meaning the user can execute them without visual interfaces. This is especially important when the user’s hands
are outside their field of view (e.g., VR/AR, walking on the street). Also, anatomical landmarks on hands (e.g.,
joints, gaps) can help users perform hand-to-hand gestures more easily [5, 64].
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When the user performs hand-to-hand gestures, the vibration generated by the contact of their hands can be
sensed by two sensors worn on the user’s left and right wrists (Fig. 1). We also explore the feasibility of employing
two off-the-shelf wrist-worn devices to sense hand-to-hand gestures. Our approach has the following advantages:
1) We use two off-the-shelf commercial smart wrist-worn devices without adding or modifying the hardware,
which are not only lightweight and easy to implement, but have also been socially normalized. Moreover, both
devices only work as data receivers connecting to the central smartphone, which consume little computing
resources and battery power. 2) Dual wrist-worn devices can provide rich information on hand-to-hand gestures,
including relative hand orientations and correlated motion directions. Sensing with two devices is more accurate
than sensing with a single one and can remain effective even when the user is moving (e.g., running).
We conduct three user studies to explore and evaluate hand-to-hand gestures. In the first study, we explore

a hand-to-hand gesture vocabulary according to users’ preferences and derive 56 tap and swipe gestures. We
also recruit users to rate gestures on four measures to provide guidance for gesture selection. In the second
study, based on the data we collected from users in the first study, we derive gesture sets for different scenarios
and collect sensor data in each scenario for recognition. Our results show that sensing with dual devices has a
higher recognition performance than that with only a single one. In the third study, we evaluate hand-to-hand
gestures and our gesture sensing system in different contexts and demonstrate their potential usability. Our
major contributions are three-fold:
(1) We preliminarily explore the design space of hand-to-hand gestures and derive the gesture vocabulary

with usable gesture sets in real scenarios.
(2) We study the sensing capability of dual wrist-worn devices and analyze cross-device features for more

accurate gesture inference.
(3) We provide empirical results for gesture detection and recognition to demonstrate the superiority of using

two devices in conjunction, as opposed to a single device.

2 RELATED WORK
We present related works in three aspects: First, we review previous work on bimanual hand gesture designs
to show the variety and versatility of different types of hand gestures. We then summarize previous technical
approaches on hand gesture sensing and recognition and discuss their pros and cons. Finally, we introduce works
relevant to our sensing approach, which combine data from multiple sensors.

2.1 Bimanual Gesture Design
Gestures involving two hands include more degrees of freedom and are more efficient [8] than one-handed
gestures in many interaction tasks. Although bimanual gestures can be derived from the combination of two
simultaneous unimanual gestures, few of them are natural or ergonomic, because the motions of both hands tend
to be constrained by the human body’s kinematic system [16]. We summarize two categories of bimanual hand
gestures and introduce related works focused on gesture design in each category.

2.1.1 Non-Touch Bimanual Gestures. Gestures that require both hands to cooperate with no contact are often
customized for specific input vocabularies, such as graphical user interfaces (e.g., pan and zoom gestures [45, 55,
58, 67]), object manipulation (e.g., rotating and scaling in AR [48]) and mid-air drawing [17]. These gestures are
usually axisymmetric or centrosymmetric, following humans’ natural motor behavior and have been assigned
conventional semantics in daily life (e.g., zoom in/out).

2.1.2 On-Skin Finger Gestures. In order to utilize the mutual control and bidirectional haptic feedback between
two hands, many previous works have studied bimanual gestures which allow two hands to come into contact
with one another. One idea is to treat the region on/around the non-dominant hand (e.g., palm [6, 18, 20, 61],
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back of the hand [56, 70, 73, 77, 78], forearm [20, 53, 68]) as a touchable surface and allow the dominant hand
to perform on-skin gestures (e.g., tap, draw, pinch, etc.). Some researches have also studied touch accuracy and
learnability on different locations of the hand [5, 19] and pointed out that landmarks on the hand (e.g., fingertips,
metacarpal bones) are easy to touch and remember [19, 64].

Hand-to-hand gestures represent a kind of touch-based gestures that requires two hands to touch one another.
Some of our hand-to-hand gestures have been mentioned in previous work, including in the context of on-skin
finger gestures that we discussed above, clapping [26], forming an X-shape with two hands [6] and so on. To
the best of our knowledge, the concept and design space of hand-to-hand gestures have not been explored
independently and comprehensively. In this paper, we contribute to an understanding, design and evaluation of
motion-based hand-to-hand gestures to enrich the vocabulary of bimanual input.

2.2 Hand Gesture Sensing and Recognition
We summarize related works by their sensing and recognition approaches. We also focus on the interaction
techniques involving wrist-worn wearable devices in related works.

2.2.1 Inertial Sensing. The inertial sensor, also referred to as the inertial measurement unit (IMU), including the
accelerometer (3-axes acceleration), gyroscope (3-axis rotation velocity) and magnetic sensor (3-axes orientation),
are embedded in many consumer devices like smartphones and smartwatches. In previous work, wrist-worn
inertial sensors have proven to be reliable in inferring hand postures using the orientation [28, 57] and hand
motions using acceleration and rotation [7, 31, 59, 62, 66]. However, inertial signals from wrist-worn devices are
better at detecting hand gestures with large-scale hand motions (e.g., hand waving [11, 59], rotating [7]) and
general contact (e.g., clapping) [72] but weaker in sensing micro finger gestures (e.g., pinching, mid-air swiping)
from ambient hand motions. In this paper, we rely on inertial sensing to recognize hand-to-hand gestures.

2.2.2 Acoustic Sensing. Sounds produced by hand movements [3, 20, 22, 62] or hand contact [70, 73] can be
easily captured by wrist-worn microphones through bone conduction. Acoustic sensing has a high sample rate
and provides rich signatures in both time and frequency domains to help recognize different hand gestures.
Acoustic sensing can also be used for static hand posture inference by sweeping frequency signals between
speakers and receivers [71] or by ultrasound imaging [40]. However, because the quality of acoustic signatures
may be diminished by incidental ambient noise, it is often combined with other approaches (e.g., inertial sensing
[62, 70, 73]) to compensate for its weakness.

2.2.3 Other Sensing Approaches. Computer vision technologies, including RGB cameras [17] or depth cameras
(e.g., Kinect, Leap Motion) [18, 27, 34, 49, 56], can easily capture intuitive hand postures and motions as humans
see them. In the past, researchers often mounted cameras on users’ wrists to get a better field of view around
the user’s hands. While this might increase the system’s accuracy in recognizing gestures, it also restricts the
movement of the user’s hands. Photoplethysmography (PPG) detects blood volume changes via a pulse oximeter
and has been used for hand and finger motion detection [57, 74]. However, the signal is sensitive and noisy,
which makes gesture recognition more challenging. A sensor array mounted on or around the wrist can infer
hand gestures by sensing the deformation of the skin or the change of muscle distribution, including infrared
proximity sensors [15, 39], EMG [21, 41], piezo/pressure sensors [12, 15, 41], capacitive sensors [51], tomography
[75, 76] and electric fields [78]. However, these approaches require additional hardware.

2.3 Fusion from Multiple Sensors
In this work, we use two smartwatches to sense hand-to-hand gestures. After synchronization, the correlation of
sensor signals between the two devices helps us better infer hand gestures. Some previous works have explored
analyzing the correlation of data from multiple sensors in a hand motion event to enable detection in many
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scenarios. Device-to-device connection [24], authentication [37], or synchronization [23] can be achieved by
shaking or bumping these devices and generating similar motion patterns in embedded sensors, which is robust
enough to be separated from other concurrent motions [38]. A handshake [4, 65] or “High Five” gesture [29]
between two people can be detected by the connected devices mounted on their wrists. The sensing of users’
hands on many other devices can be augmented by wearing a smartwatch to allow for cross-device interaction
with smartphones [10], identification of individual users on large multi-person touchscreens [63], and user
authentication on smart devices [33].

3 TECHNICAL OVERVIEW: SENSING WITH DUAL OFF-THE-SHELF WRIST-WORN DEVICES
In this section, we introduce our hardware devices and sensing approaches. We introduce how we synchronize
and align the two devices’ signals and illustrate how pairing the signals enables several kinds of features that can
be used for gesture inference, such as device orientation, motion correlation, and acoustic signals.

3.1 Apparatus
The scenario we envision is: the user wears a device on each wrist and invokes commands by performing
hand-to-hand gestures. We use these wrist-worn devices as data receivers which consume little power for on-chip
computation and a persistent Bluetooth connection with a smartphone for data analysis and command execution.
In the following implementation, we use two off-the-shelf smartwatches as our hardware. We do not have specific
requirements with regard to the computing power or interaction methods of smartwatches (smartwatches and
smart bands can be used interchangeably).

We used two Apple Watch Series 4 devices as our hardware. On these devices, the sample rate of inertial data
was 100Hz and the sampling interval was stable: the SD of the timestamp intervals was less than 1ms. The sample
rate of the microphone was 44.1kHz. We developed a watch app using Objective-C and installed it on both Apple
Watches (running WatchOS 5.1) for data collection. The two watch apps were connected to an iPhone X (running
iOS 12.1) using Bluetooth. We obtained acceleration (3 axes), rotation velocity (3 axes), device orientation (Euler
angle or quaternion) and microphone WAV data from the WatchKit interface in WatchOS. Other raw signals
were inaccessible due to the lack of relevant WatchOS interfaces.

3.2 Synchronization and Aligning
The system timestamps for the sensor data collected from the smartwatches were inconsistent at first, and the
delay of data transferred from the smartwatches to the smartphone via Bluetooth was unpredictable. Hence, it
was necessary for the smartphone to synchronize two independent data streams from the smartwatches in the
time domain. We designed a process to ensure synchronization (Fig. 2):
(1) When the app is launched, the smartphone is receiving independent data streams from each device with

unaligned timestamps. To synchronize the streams, the user taps the “Sync.” button on the iPhone app and
keeps his or her hands still.

(2) The smartphone begins monitoring the inertial data and detects obvious signal perturbation. When the
user performs a symmetric clapping gesture, the smartphone will observe significant motion peaks on in
the acceleration data from both devices.

(3) The smartphone extracts the timestamp of the highest/lowest peak/valley as the reference timestamp for
each wrist-worn device individually. Then, the smartphone issues a synchronization command to each
wrist-worn device with a corresponding reference timestamp.

(4) Each wrist-worn device receives the synchronization command and starts to send data streams with the
time relative to the reference timestamp (the original timestamp minus the reference timestamp). From this
point on, the smartphone receives two data streams with consistent timestamps.
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(a) (b) (c)

Fig. 2. Synchronizing the timestamps on both wrist-worn devices. (a) The timestamps t1 and t2 of two devices are not
synchronized, and the user starts by press the “Sync.” button. (b) The user claps, the smartphone synchronizes the timestamps
of the two wrist-worn devices by aligning a single peak and valley interval in the signals and sends the information to the
phone. (c) Both wrist-worn devices are synchronized with the aligned timestamp ∆t relative to the clapping time.

After synchronization, however, the inertial data from the smartwatches is still not perfectly aligned, due to
the instability of the interval between successive timestamps. Hence, we resample the inertial data using linear
interpolation with the frequency of 100Hz. Two inertial data streams are synchronized and aligned with the
pairwise discrete data points, which benefits the following analysis. The timestamp synchronization will persist
until the user closes the app, which means he or she only needs to synchronize once in the beginning.

3.3 Device Orientation
Previous studies in the fields of ergonomics and biomechanics [46] show the limitations of human wrist rotation.
For example, when fixing the forearm, the wrist can only rotate about 180◦ between palm-up and back-up hand
postures (the back of the hand is referred to as “back” throughout the remainder of this paper). Therefore, the hand
orientation and wrist orientation are relatively similar for most people when performing the same hand-to-hand
gesture.

(a) Palm-to-Palm (b) Palm-to-Back (c) Palm-to-Fist (d) Back-to-Fist

Fig. 3. Two wrists show different orientations in different hand-to-hand gestures. Red arrows indicate the normal vector of
the back. Green arrows indicate the direction of the outside of the body. Blue arrows indicate the direction of the fingers.
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Wrist orientation differs in many different hand postures in terms of the different contact areas between the
two hands. Fig. 3 shows the wrist’s different orientations in different hand-to-hand gestures. Hence, two device
orientations can be employed to infer hand postures.
Wrist orientation is affected by the body’s orientation. However, when performing the same gesture, the

relative orientation between the two wrist-worn devices remains the same no matter what the orientation of hand
or body is. That is, there will be a constant rotation between both devices. Using relative rotation to recognize
gestures has also been employed in previous research [1] . We denote the orientations of left and right wrist-worn
devices as qL and qR , respectively, in quaternion form. Then, we can derive the constant rotation ∆q by observing
two device orientations in real time as follows:

qR = ∆q ∗ qL (1)

∆q = qRq
−1
L (2)

Equation (1) can also be expressed as: qL rotates ∆q then becomes qR .
The orientation of both wrists will be affected by performing gestures. The wrists will move a little due to

the motion produced by the gesture and generate turbulence in the orientation data (Fig. 4a), which makes the
device orientations inconsistent during the gesture. To eliminate this turbulence’s influence and make the devices’
orientation data more stable for further analysis, we smooth the values of four quaternion components of the
devices’ orientation data respectively with a sliding window of 1000ms. Because the rotation angle between two
successive frames is small due to the high sample rate, we simply use median filtering to smooth the signals,
and the normalization is done after filtering for the quaternion computation. After smoothing, both devices’
orientations are stable over time even when hand-to-hand gestures are performed (Fig. 4b).

(a) Before smoothing (b) After smoothing

Fig. 4. Smoothing the device orientations over four components of the quaternion to eliminate the turbulence brought about
when the user performs hand-to-hand gestures. (a) Before smoothing, the gestures will generate turbulence in the orientation
data. (b) After smoothing, the orientation data is stable, allowing for more accurate inference of hand postures.

Analyzing the relative rotation between the two devices’ orientations is a powerful tool in recognizing hand-
to-hand gestures. Nevertheless, the devices’ orientations are not able to capture the full range of possible hand
postures (e.g., some hand-to-hand gestures may have similar wrist orientations but different contact points on
the hands).

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 4, No. 1, Article 20. Publication date: March 2020.



20:8 • Lu et al.

3.4 Motion Direction and Correlation
When two hands come into contact, there is a pair of simultaneous and opposite motions on two hands. So, in
theory, when the user performs hand-to-hand gestures, the wrist-worn devices on the left and right will sense a
pair of motions that are equal in amplitude but opposite in direction at the same time. (Fig. 5).

Fig. 5. A Palm-to-Fist gesture generates a pair of opposite motions M and −M on the left and right hands, while the left and
right wrist-worn devices sense a pair of motionsmL andmR .

We denote the motions generated by the hand-to-hand gesture on the left and right hands as M and −M ,
respectively, in 3D vector form. We denote the observed motions from left and right wrist-worn devices asmL
andmR , respectively, both in their own coordinate systems and in terms of their wrist orientation. The motionM
can be related by the equation:

M = q−1L mLqL = −q−1R mRqR (3)
where qL and qR denote orientations of the left and right wrists, respectively, in quaternion form as above.
Equation (3) indicates that the motion can be recreated by inverse rotation, as shown in the following equation:

qRq
−1
L mLqLq

−1
R = −mR (4)

According to Equation (2), Equation (4) can be rewritten as

m̃L = (∆q)mL(∆q)
−1 = −mR (5)

where m̃L denotes the representation of the left wrist’s motion in the coordinate system of the right wrist.
In practice, the hands’ motions are not perfectly transferred to wrist-worn devices. This is due to multiple

factors: 1) The hand is not a rigid body, so the motion will be buffered by the deformation of muscle. 2) The
wrist has some flexural degrees of freedom, so the motion changes when it is conducted through the wrist. To
quantitatively evaluate the correlation of observed motion pairs from wrist-worn devices, we define the dot
product of m̃L and −mR to measure the matching level of two opposite motion vectors:

Cor (m̃L,mR ) = ⟨m̃L,−mR⟩ (6)

= −(m̃X
Lm

X
R + m̃

Y
Lm

Y
R + m̃

Z
Lm

Z
R ) (7)

where ⟨a,b⟩ denotes the dot product of a and b,mX
R ,m

Y
R andmZ

R denote the components of motionmR on X-, Y-,
and Z-axes in the coordinate system of right wrist, the same as m̃L . The benefits of this dot product definition
are two-fold: 1) It considers the angle between a pair of opposite motions: The closer the angle is to 180◦, the
higher the correlation between the pair of motions. 2) It merges the energy of the motion on three axes, which is
equivalent to rotating the motions into one dimension and calculating the product.
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In our work, we chose the acceleration as measured by the smartwatches to represent motion. The acceleration
data from two wrists can not only be employed to help infer hand-to-hand gestures (as they are in recogniz-
ing unimanual gestures [7, 31, 59, 62, 66]), but can also distinguish hand-to-hand gestures from natural hand
movements in daily activities. Previous works have also studied the feasibility of using dual origin signals and
their correlation to detect the interaction between hands [33], devices [23], or between hand and device [63]. In
our work, although hands may generate large motion in many activities, the special characteristics of motions
between two hands help us to distinguish hand-to-hand gestures from natural hand movements.

Fig. 6. An example of raw acceleration data (mL andmR ,m/s2), the accelerations rotated in the same coordinate system
(m̃L andmR ,m/s2) of two hands on three axes, and the correlation of the accelerations. In each of the stationary, walking,
running, and jumping conditions, a hand-to-hand gesture (e.g., Bottom-to-Palm in this figure) is performed five times. In
the hand moving condition, two hands are free to move without touching each other. In the unimanual motion condition,
the right hand taps on the table five times, while the left is motionless. The correlation helps to distinguish hand-to-hand
gestures from other natural hand movements: hand-to-hand gestures generate positive values in correlation, while other
motions like running, jumping, waving hands, or unimanual touching generate zero or negative values.

We show an example of how the correlation of two hands enhances the sensing of hand-to-hand gestures.
Fig. 6 shows the raw motion data (mL andmR ,m/s2) and the motions rotated in the same coordinate system
(m̃L andmR ,m/s2) of two hands on three axes as well as the correlation of motions in different conditions. The
same hand-to-hand gesture is performed five times in each of the stationary, walking, running, and jumping
conditions, where the motion can be observed from the peaks on three axes, while no touch occurs in the hand
moving condition and only the right hand touches the table five times in the unimanual motion condition. As we
anticipated, walking and general hand motions generated small noise in the motion data, while running and
jumping generated larger noise. When using acceleration signals, the noise generated by daily activities may
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interfere with the detection of gestures. However, when observing correlations, we can discover that hand-to-
hand gestures will always produce significant positive correlation, while there will be no correlation or negative
correlation (e.g., running or jumping) in non-hand-to-hand motion activities. Therefore, the correlation of motion
from two smartwatches can be employed to distinguish hand-to-hand gestures from general hand movements,
even when the user is running or jumping.

3.5 The Sound of Gestures
Device orientations and motion directions are effective in detecting and recognizing gestures. However, prob-
lems remain in distinguishing gestures with similar orientations and motions. For example, Palm-to-Back and
IndexFinger-to-Back have similar motion characteristics because the relative orientations and contact areas of
these two gestures are similar, which will generate similar signals in inertial data.
Thus, we apply microphone data and extract acoustic features to distinguish gestures with similar motions.

Acoustic analysis is normally conducted in time and frequency domains, and features in both domains have been
well explored. Since the sounds of gestures are relatively small and can be drowned out by ambient noises, we
sought to recognize gesture patterns in the frequency domain.

Short-Time Fourier Transform (STFT) [2] is a typical algorithm to analyze non-stationary signals and extract
both frequency and time features. By using STFT, we converted the audio time series of gestures into a 2-dimension
time-frequency image, as shown in Fig. 7. The series reveals that different gestures may resemble each other
in the time domain, but have distinguishable distributions in frequency domain. Therefore, we suggest that in
addition to orientations and motions directions, deploying frequency features in classification can also help
differentiate gestures.

(a) STFT of gesture Palm-to-Back (b) STFT of gesture IndexFinger-to-Back

Fig. 7. An example of the Short-Time Fourier Transform (STFT) difference of gestures similar in IMU data.

We also implemented another widely used feature: Mel-Frequency Cepstral Coefficients (MFCCs) [44]. MFCCs
are derived from a non-linear type of cepstral representation of microphone data, which are able to approximate
human auditory features. The original process of MFCCs consists of five steps and the final result is in the time
domain. In order to derive features in the frequency domain, we collect the generated sub-process features and
combine them with inertial features to improve gesture detection and recognition.

3.6 Summary
In this section, we describe the technical implementation, including key features and the analysis of dual signals.
We discuss using devices’ orientations for gesture recognition, analyzing correlation of motions for hand-to-hand
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detection, and leveraging acoustics to improve gesture inference. More sensing capabilities are enabled by wearing
two devices as opposed to a single device, and we validate the improved performance in Section 5. On the other
hand, we found that it is hard to sense finger states using wrist-worn devices and must consider this limitation in
our gesture design.

4 HAND-TO-HAND GESTURE DESIGN
In this section, we conducted interviews to collect users’ comments on hand-to-hand gesture designs. Based
on our findings, we present a representative gesture vocabulary in the hand-to-hand design space. We then
collected users’ subjective feedback for gestures in different measures. The goal of our study is to understand
users’ preferences with regard to hand-to-hand gestures and derive a gesture vocabulary.

4.1 Understanding Users’ Preferences
Before designing gestures, we first conducted a preliminary interview to collect users’ opinions on hand-to-hand
gestures.

4.1.1 Participants and Interview Procedure. We recruited ten participants (five male and five female), all right-
handed with an average age of 25.8 (from 19 to 47, SD=2.77). In the interview, we first introduced the definition of
hand-to-hand gestures, and then encouraged participants to propose as many gestures as possible and demonstrate
gestures with their hands. We asked users to verbalize their thought process throughout the exercise.

We also considered gestures related to a set of predefined keywords, such as clap, swipe, finger tap, etc. When
participants mentioned one of these keywords, we would ask them a question about their preferences with regard
to the characteristics. To avoid bias from experimenters, we would not ask any questions unless participants
explicitly mentioned the target keyword.

4.1.2 Findings. Nine participants proposed gestures including open hand, closed fist, and fist with one finger
extended, and all participants agreed that these hand states should be differentiated for different gestures. With
regard to the open hand posture, seven participants agreed that touching the palm and back of the hand should
be regarded as two gestures, and two said it depended on the scenario. When we asked participants which finger
or group of fingers they preferred in hand-to-hand gestures, all of them preferred the index finger.

(a) Right hand on top (b) Symmetric (c) Left hand on top

Fig. 8. Different forms of Palm-to-Palm gestures.

Gestures should not be distinguished in some conditions. In discussing gestures that share the same contact
area, seven participants agreed that gestures only different in hand directions should be regarded as the same
gesture. For example, similar Palm-to-Palm gestures, regardless of symmetry (Fig. 8a vs. Fig. 8b) and handedness
(Fig. 8a vs. Fig. 8c), should be considered as one gesture. Moreover, eight participants preferred asymmetric
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gestures (Fig. 8a and Fig. 8c) because they felt more natural to perform. As for other factors, all participants
unanimously agreed that the finger state should not be differentiated (i.e., flexion vs. relaxation). Eight participants
agreed that tapping with different intensities should not be defined as different gestures because this could cause
confusion.

Participants also proposed uncommon touch areas that could complement gestures. Five participants suggested
that the narrow sides of the hand could be possible contact areas. Moreover, five participants mentioned that the
knuckles and gaps between fingers could be used as reference points [64] used to position a touch. Participants also
provided gestures beyond simple taps. Nine participants mentioned swipe gestures between hands and fingers, as
they noted that swipe gestures enable bidirectional (e.g., volume up and volume down) or quad-directional (e.g.,
grid menu selection) gestural input. Six participants considered double tap and long press as possible semantic
complements for single tap gestures (e.g., single tap to turn on and double tap to turn off).

4.1.3 Discussion. Participants proposed a total of 35 different hand-to-hand gestures, which were limited for
the following reasons: 1) Unlike elicitation experiments [9, 14, 30, 32, 67], we did not provide specific referents
for participants to design gestures. 2) Participants’ gesture proposals were constrained by their experience with
prior interfaces and technologies due to legacy bias [43]. Nonetheless, these interviews still provided us with
valuable insights. In the next subsection, we explore a gesture vocabulary based on these findings and attempt to
simplify the design space.

4.2 Gesture Vocabulary
We are mainly concerned about three factors in our gesture design: the contact area of the dominant hand, the
contact area of the non-dominant hand, and the motion type. To facilitate more concise illustrations, we set the
right hand as the dominant by default.

Contact areas of the dominant (right) hand and the non-dominant (left) hand describe the location of motion
and the relative orientation between hands. The contact areas we consider are shown in Fig. 9. Based on our
interview findings, we only consider three hand states: open hand, closed fist, and single extended index finger.
In open hand state (Fig. 9a), to avoid confusion, we selected five areas according to users’ feedback: palm, back,
top side, bottom side and gap. In closed fist state (Fig. 9b), we select four areas: top side, bottom side, front side
and knuckle.

(a) Contact areas of open hand. (b) Contact areas of closed fist

Fig. 9. Contact areas we considered in the gesture design.

We consider two motion types in this work: tap and swipe. These gestures, mapped from graphical user
interfaces (e.g., tap for clicking an icon and swipe for scrolling pages), were both widely mentioned by participants

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 4, No. 1, Article 20. Publication date: March 2020.



Designing and Evaluating Hand-to-Hand Gestures with Dual Commodity Wrist-Worn Devices • 20:13

in our interviews. Tap gestures generally represent individual input commands, while swipe gestures represent
multi-directional input commands. Double tap, long press or other tap-based gestures are not specially separated
from tap gestures in terms of their similarity to corresponding single tap gestures. We will revisit this point later
in our discussion.
The general design space of hand-to-hand gestures consists of thousands of gesture instances, which is too

large to be studied. However, not every combination of contact and motion constitute a usable gesture. In this
work, we derive a gesture vocabulary with 56 candidate gestures (41 tap gestures and 15 swipe gestures) based
on our technical overview, user interviews, and fundamentals of ergonomic theory. Fig. 10 shows the gesture
vocabulary arranged by relevance and named by design factors.

4.3 Subjective Evaluation
After deriving the gesture vocabulary, we sought to find out which gestures were most suited for real-life
interactions. As there is a lack of quantitative metrics to measure hand gestures, we asked users to score each
gesture as in previous works [6, 13, 14] to provide subjective evidence for the selection of usable gestures.

We recruited eighteen participants (eight male and ten female) for our subjective evaluation, with an average
age of 23.7 (from 19 to 47, SD=6.2). All of participants were right-handed. We considered four measures in our
evaluation:

• Usability [6, 13] measured ergonomics to reflect comfort of the gesture. The participants are required to
consider the gesture not only in stationary conditions (e.g., sitting) but also under moving conditions (e.g.,
running). The higher the score, the easier the gesture is to perform.

• Memorability [6, 14, 30] measures the intuitiveness and learnability as a function of how long the gesture
can be remembered. The higher the score, the easier the gesture is to memorize.

• Social Acceptance [6, 13, 32] measures if the user will feel uncomfortable or embarrassed, or if performing
the gesture will disturb others in public settings. The higher the score, the more acceptable the gesture is in
social environments.

• Disambiguity measures the difficulty of confusing the gesture with daily hand movements or with other
gestures. The higher the score, the less ambiguous the gesture is.

At the beginning of the evaluation, we explained each measure to the participant. All gestures were shown on
a web page with descriptions and example videos. The participants could rate gestures in any order. We divided
gestures into groups, where similar or related gestures were put in the same group to facilitate comparison. For
example, we placed Palm-to-Palm, Palm-to-Back, Back-to-Palm and Back-to-Back in the same group. We required
the participants to view all gestures and practice them with their hands. Then, we asked participants to rate
each gesture on a 7-point Likert scale for each of the four measures. After scoring the gestures, we also required
the participants to revisit all gestures and encouraged them to adjust their scores so as to focus on the relative
score among gestures. The whole subjective evaluation lasted for thirty to sixty minutes. Participants’ scores are
shown in Fig. 10.
The average scores of hand-to-hand gestures on Usability, Memorability, Social Acceptance and Disambiguity

were 5.51 (4.28-6.83, SD=0.67), 5.31 (3.83-6.72, SD=0.71), 5.30 (4.11-6.72, SD=0.62) and 5.34 (4.16-6.00, SD=0.42),
respectively. The results also showed some interesting correlations: 1) Some gestures with very high Usability
were rated low on Disambiguity, such as Palm-to-Palm and FistFront-to-Palm, which were not suitable for real
scenarios due to the high rate of false positives by the recognition system. 2) Gestures in which bones of the hands
make contact with one another, such as FistFront-to-Back and FistFront-to-Top, were less preferred. Similarly,
top/bottom gestures were rated lower than fist top/bottom gestures. 3) For swipe gestures, index finger on the
dominant hand was more preferred than palm, back or bottom.
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Fig. 10. Gesture vocabulary with 41 tap gestures and 15 swipe gestures arranged in terms of the relevance. Each gesture
is named as [Contact Area of Right Hand]-[Motion Type: to/swipe]-[Contact Area of Left Hand]. The mean±sd. of users’
subjective scores (1-7, the higher the better) on Usability (U), Memorability (M), Social Acceptance (S) and Disambiguity (D) is
also shown. Scores are highlighted if they are no less than 6.
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5 HAND-TO-HAND GESTURE RECOGNITION
The goal of this study is to verify the recognition capability of dual wrist-worn devices for hand-to-hand gestures.
We consider the ergonomic constraints for a set of scenarios and select corresponding gesture sets. We then
collect data from our recognition system and report the results for each gesture set.

5.1 Gesture Sets in Real Scenarios
Based on users’ feedback in the subjective evaluation, we reviewed the pros and cons of each gesture on four
measures. After the review, we sought to derive useful gesture sets for real-life scenarios. We consider two motor
conditions in this study as informed by our users’ feedback:

• Stationary condition: Typical scenarios are indoor and in-office environments, including remote control,
VR/AR, etc. Under this condition, users sit or stand with their bodies relatively still and perform hand-to-
hand gestures without motor restrictions.

• Moving condition: Typical scenarios include inputting a smartphone command input while walking or
running. Under this condition, users’ bodies are continuously moving, and the quality of performing hand
gestures is limited by incidental arm swing.

From a technical perspective, the motion generated by hand contact under the stationary condition is high-
quality and clear, while the motion data from the moving condition will contain more noises. From the user’s
perspective, the user’s input ability is more limited under the moving condition as they have to be aware of their
surroundings, and there will be fewer input requirements when walking or running, such as answering and
hanging up the call or controlling music players. On the other hand, the input requirements (i.e., task complexity)
for the number of gestures in the stationary condition is higher, such as controlling various electronic devices. For
the sake of balancing the usability and memorability [42], we selected ten gestures for the stationary condition
and five gestures for the moving condition from the gesture vocabulary with high scores on all measures (shown
in Table. 1).

Table 1. Gesture sets selected for evaluation. The subjective scores for gestures on Usability (U),Memorability (M), Social
Acceptance (S) and Disambiguity (D) are also shown.

(a) Gesture set for the stationary condition.

Gesture Name U M S D

Index-to-Palm 6.83 6.72 6.72 5.22
Index-to-Back 6.33 6.33 6.22 5.28
Index-to-Index 6.33 6.33 6.06 5.33

Index-to-FistTop 6.17 5.78 5.83 5.61
FistBottom-to-Palm 6.33 6.11 6.44 5.22

Palm-to-FistTop 6.39 5.83 6.06 5.78
FistBottom-to-FistTop 6.50 6.33 6.22 5.78

FistTop-to-FistTop 5.61 6.00 5.67 5.94
Index-swipe-Palm ↕↔ 6.39 6.22 6.22 5.11
Index-swipe-Top ↔ 5.94 5.72 5.83 5.72

Average 6.28 6.14 6.13 5.50

(b) Gesture set for the moving condition.

Gesture Name U M S D

Index-to-Palm 6.83 6.72 6.72 5.22
Index-to-Back 6.33 6.33 6.22 5.28

FistBottom-to-Palm 6.33 6.11 6.44 5.22
Palm-to-FistTop 6.39 5.83 6.06 5.78

FistBottom-to-FistTop 6.50 6.33 6.22 5.78

Average 6.58 6.27 6.33 5.46
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Under the stationary condition, we chose eight tap gestures and two swipe gestures with high scores in all
measures. The average scores of Usability, Memorability, Social Acceptance and Disambiguity of the gesture set
are 6.28 (5.61-6.83, SD=0.33), 6.14 (5.72-6.72, SD=0.31), 6.13 (5.67-6.72, SD=0.31) and 5.50 (5.11-5.94, SD=0.30),
respectively, which are 115%, 117%, 134% and 39% standard deviations higher than the mean scores of the gesture
vocabulary, respectively. We involve one bi-directional swipe gesture (Index-swipe-Top, left/right) and one
quad-directional swipe gesture (Index-swipe-Palm, left/right/up/down) with high scores.

Under the moving condition, we are more concerned about the usability than other measures due to the user’s
motor limitations. We selected five easy-to-perform tap gestures from the stationary condition’s gesture set.
The average scores of Usability, Memorability, Social Acceptance and Disambiguity of the gesture set are 6.48
(6.33-6.83, SD=0.21), 6.27 (5.83-6.72, SD=0.33), 6.33 (6.06-6.72, SD=0.26) and 5.46 (5.22-5.78, SD=0.30), respectively,
which are 144%, 135%, 167% and 28% standard deviation higher than the mean scores, respectively. Fig. 11 shows
the statistical differences of gesture sets.

Fig. 11. The boxplot of scores of evaluated gesture sets on four measures.

5.2 Data Collection Procedure
We conducted two user experiments to collect sensor data from hand-to-hand gestures in real-life scenarios. We
recruited nineteen participants, and all of them were right-handed.

5.2.1 Stationary Condition. Nine participants (six male and three female) were recruited in the data collection
for the stationary condition, with an average age of 23.7 (from 19 to 28, SD=1.6). The tap gestures and swipe
gestures were collected separately. We first collected the data for tap gestures. The experiment was divided into
ten sessions. In each session, we required the participants to perform all eight tap gestures five times each, for a
total of 50 samples for each tap gesture. We then collected the data from two swipe gestures, which consist of
six swipe sub-gestures, including Index-swipe-Palm (left/right/up/down) and Index-swipe-Top (left/right). The
swipe sub-gestures were collected using the same procedure as the tap gestures, with 50 samples for each swipe
sub-gesture.

At the beginning of the experiment, we introduced the goal and the procedure. We required participants to sit
still in front of a display in the lab office with the sound level of about 50dB. We required participants to wear
two smartwatches at a relatively tight setting, (i.e., users did not report feeling uncomfortable and no slippage
between watch straps and wrists). Next, we introduced eight tap gestures under the stationary condition and
required the participants to practice these gestures to warm up. After the participants understood and were
familiar with the gestures, the data-gathering sessions portion of the experiment began. At the beginning of
this portion, the participants were first required to synchronize the two smartwatches using the “Sync.” button
on the app (for timestamp synchronization in data collection, as Fig. 2). Then, in each session, eight gestures
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were presented in a random order for counterbalancing. We showed a photo and description of each gesture to
inform the participants about the current gesture that he or she should perform. The participants had a half to
one minute break between every three sessions.
We also collected ambient data under the stationary condition. The participants were required to complete

three tasks: 1) on-body interaction, including but not limited to touching different parts of the body, wearing
and removing glasses, and adjusting their hair; 2) on-table interaction, including but not limited to operating
devices like keyboards, mouses and phones, grabbing and dropping objects like cups, phones and books; 3) social
interaction, including but not limited to waving and shaking hands, stand up and sit down, and hand moving
during speech. The ambient data were collected for 2 minutes. The whole experiment lasted for about 45 minutes.

5.2.2 Moving Condition. The other ten participants (six male and four female) were recruited in the data collection
for the moving condition, with an average age of 22.3 (from 19 to 25, SD=1.8). We collected data under two
sub-conditions: walking and running. In each sub-condition, the experiment was also divided into ten sessions.
In each session, the participants were required to perform all gestures five times each, with a total of 50 samples
for each gesture in each sub-condition.

The experiments under the moving conditions were conducted in the hall corridor outside the lab. The walking
and running sub-conditions were presented in a random order for counterbalancing. The procedure for each sub-
condition was similar to the stationary condition. First, we required the participants to wear two smartwatches
at a relatively tight setting, and we introduced the gestures. After the participants had practiced the gestures
and warmed up, the experiment started and the participants were required to synchronize the watches. In each
session, they started walking/running and performing gestures. The gestures were also presented in a random
order, and we informed the participants about the current gesture using audio feedback. The participants had a
one to two minute break between every three sessions in the walking sub-condition and every session in the
running sub-condition.
We also collected ambient data under the moving condition. We required participants to walk or run with

natural hand movements, including incidental arm swing, touching the body and clothes, and waving hands at
bystanders. The whole experiment lasted for about 30 minutes.

5.3 Recognition Method and Results
We segmented sensor data from gestures using a 500ms window as positive samples. In total, we collected 14
(gestures) × 9 (participants) × 50 (times) = 6300 positive samples in the stationary condition and 2 (sub-conditions)
× 5 (gestures) × 10 (participants) × 50 (times) = 5000 positive samples in moving conditions. We also randomly
segmented from ambient data using a 500ms window and collected 63000, 25000, and 25000 negative samples
under the stationary condition, walking sub-condition and running sub-condition, respectively. The window size
of 500ms was used for all samples in feature extraction.

We report both detection and recognition results. With regards to detection, we used a Support Vector Machine
(SVM) with Radial Based Function (RBF) kernel to classify hand-to-hand gestures and ambient hand movements.
Because the ambient data has significantly more samples in real use, we balanced the training data of positive and
negative samples to 1:10 to avoid negatively skewing our classification model in each of the stationary condition,
walking sub-condition, and running sub-condition. The features we used in the classification model were derived
from the IMU data of both devices, including statistics (min/max/mean/sd.) of the acceleration, rotation velocity
and the correlation.
For recognition, we also used a SVM with an RBF kernel to classify the gestures. In the stationary condition,

features could be divided into two categories: inertial features and acoustic features. Inertial features consisted of
statistics (min/max/mean/sd.) of the acceleration, rotation velocity, and orientation (including relative rotation
between two devices in quaternion, and pitch and roll angles. Yaw angle was not considered in order to exclude
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the effect of the body’s direction). For acoustic features, we applied an MFCC feature extraction sub-process
in frequency domain (26 features on each hand in total). In moving conditions, however, we only used inertial
features, because we thought acoustic signals would become unreliable outdoors.

We uniformly used leave-one-out cross validation to report all classification results. That is, we tested the data
from each participant with the model trained by the data from other participants, then averaged the results.

Fig. 12. Accuracy of gesture recognition using different configurations of features.

5.3.1 Stationary Condition. We first report the detection accuracy, which reflects the performance of extracting
hand-to-hand gestures from ambient noise. During our analysis, we discovered that occasionally swipe gestures
can be overwhelmed by ambient noise because the motions of swipe gestures are subtle and noises in the
stationary condition are widely varied. So we believe it is necessary to apply a mode switch for the use of swipe
gestures (i.e., perform a preceding tap gesture to notify the detector of the swipe input, then perform swipe
gestures in a noiseless environment). Therefore, the detection reported here only includes tap gestures and
ambient noises. The detection accuracy was 99.5%, with 96.6% precision and a 94.1% recall of positive samples.

We then reported the recognition performance of gestures in different configurations of sensors. The recognition
accuracy for all fourteen gestures (eight tap gestures and six swipe sub-gestures) with dual wrist-worn devices
using only inertial features was 94.6%. The confusion matrix of gestures is shown in Fig. 13a.
We also report the performance using only single wrist-worn device to illustrate the benefit of using two

devices. The recognition accuracy with the left or right wrist-worn device using inertial features was 75.3% and
63.6%, respectively. RM-ANOVA showed the accuracy with two devices was significantly higher than the left
(F1,8 = 91.1, p < .001) and right (F1,8 = 428, p < .001) device. This demonstrates that motion-based bimanual
gesture detection can be improved by the use of two devices.

The recognition accuracy using only acoustic features of two devices was 43.7%, and RM-ANOVA showed that
it was significantly lower than using inertial features (F1,8 = 181, p < .001). We also evaluated the performance
using both inertial and acoustic features. However, the overall accuracy with both inertial and acoustic features
was not higher than that with only inertial features (as shown in Fig. 12), and RM-ANOVA showed that the
difference was not significant (F1,8 = 2.54, p = .149). We speculate this is because the gesture set did not contain
multiple gestures with similar hand orientations and motion directions, and inertial features already had good
performance for classification.

5.3.2 Moving Condition. The detection accuracy of hand-to-hand gestures in the walking and running sub-
conditions was 99.8% and 99.6%, respectively. The precision and recall of positive samples were 99.8% and 99.9%
under the walking sub-condition, while they were 100% and 99.6% under the running condition. The results show
the performance of detecting hand-to-hand gestures from natural hand movements in moving conditions is very
high (all greater than 99%), which indicates dual wrist-worn devices are reliable when the body is moving.
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(a) Stationary

(b) Walking

(c) Running

Fig. 13. Confusion matrices for gesture recognition using dual inertial sensors in all conditions. The gesture is annotated as
the abbreviation of the gesture name in Table 1.

The recognition accuracy of five gestures in walking and running sub-conditions was 98.4% and 96.3%,
respectively. The confusion matrices of gestures are shown in Fig. 13b and Fig. 13c. Results showed hand-to-hand
gestures could be also well used under moving conditions, which might enrich the interaction in outdoor and
sports scenarios.
We also evaluated the performance of a single wrist-worn device. The recognition accuracy in the walking

sub-condition using only the left or right wrist-worn devices was 86.3% and 63.8% (shown in Fig. 12), respectively,
and in the running sub-condition was 81.2% and 62.7%, respectively. RM-ANOVA showed the accuracy with dual
wrist-worn devices was significantly higher than the left (F1,9 = 34.5, p < .001) or right (F1,9 = 151, p < .001)
device in the walking sub-condition, and also higher than the left (F1,9 = 129, p < .001) or right (F1,9 = 185,
p < .001) device in the running sub-condition. This result was in line with that of the stationary condition, and
demonstrates the superiority of sensing with two wrist-worn devices as opposed to one.

6 USING HAND-TO-HAND GESTURES IN REAL CONTEXTS
In this section, we validate the usability of hand-to-hand gestures and our gesture inference system in real-life
contexts with smartphone applications and tasks.
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6.1 Apparatus and Participants
We used the same hardware platform as in the previous studies. We introduced the configuration of the hardware
and how we built the real-time sensing system in Section 3. We used the classification models (i.e., detection and
recognition models) trained in Section 5 for real-time gesture inference. In summary, we used two smartwatches
to record sensor data and transmit the data to the smartphone. The smartphone synchronizes two data streams
and segments a 500ms window at 4Hz. The smartphone uses the detection model to check if a hand-to-hand
gesture occurs in the window, if so, the smartphone then uses the recognition model to obtain the gesture type
and invoke the corresponding command.

We recruited ten participants (seven male and three female) with an average age of 24.1 (from 21 to 28, SD=1.5),
all right-handed.

6.2 Tasks and Procedure
In this study, we evaluated our system in a phone-in-pocket scenario. Users triggered a smartphone function by
performing a hand-to-hand gesture without taking the phone out of their pocket. We chose Phone Call, Music
Player and Message as typical applications and mapped each smartphone command with a gesture selected from
gesture sets in Table 1 in Section 5. The mapping between gestures and commands, which was informed by the
results of our pilot study, is shown in Table 2 below.

Table 2. Mapping between commands and gestures

Application Command Gesture

Phone Call
Answer Call Index-to-Back
Reject Call Index-to-Palm

Music Player
Play/Pause FistBottom-to-FistTop
Next Music FistBottom-to-Palm

Previous Music Palm-to-FistTop

Message
Read Message Index-to-FistTop
Delete Message Index-to-Index
Reply Message FistTop-to-FistTop

We evaluated hand-to-hand gestures under stationary, walking, and running conditions. In the stationary
condition, we required the participants to invoke all eight commands. We did not involve swipe gestures in this
study because of the difficulty of distinguishing the swipe motion from natural hand movements according to
our results in Section 5. In the walking and running conditions, the participants were only required to invoke
commands of Phone Call and Music Player applications.

In this experiment, the participants wore one smartwatch on each wrist and wore earphones to receive audio
notifications. When the experimenter issued a command, the participants would receive an audio stimulus telling
them to perform the corresponding gesture. For example, if the participants heard “Message received from Alice”,
he or she would then perform an Index-to-FistTop gesture to read the message. After the system recognized a
gesture, the participants would receive audio feedback. If the system did not detect the gesture, the participants
were allowed to repeat the gesture, otherwise, the system moved on to the next command.

We compared hand-to-hand gesture interaction with the traditional method, in which a user took the phone
out of their pocket and tapped a button on the screen to invoke the command, after receiving audio stimulus.

Before the experiment, we introduced hand-to-hand gestures to the participants and required them to remember
the mapping. Next, the participant had 5-10 minutes to get familiar with the gestures and commands as well
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as the experiment procedure. Then, the experiment started, and the participant was required to finish twenty
commands under each of the stationary, walking, and running conditions. The presented order of conditions was
counterbalanced. The requirements of the conditions were the same as those in Section 5, and the participants
were allowed to move their hands freely during idle time between the two commands. After the gesture session,
the participants were required to complete the same tasks by taking the phone out of their pocket. We also asked
participants for comments on hand-to-hand gestures in real-life use cases.

6.3 Results
We reported four types of errors: 1) User error : participant performed the wrong gesture. 2) Recognition error:
system mistakenly recognizes a gesture as another. When the participant invoked an incorrect command, the
experimenter would confirm whether the participant did a correct gesture (yes: recognition error; no: user error)
and recorded the type. 3) False positive: system detected a gesture when the participant did not perform it. The
system could automatically log these errors. 4) False negative: participant performed a gesture but the system
failed to detect it. The experimenter manually recorded these errors. Task success rates and error rates in all
conditions are shown in Fig. 14.

Fig. 14. Task success rates and error rates in all conditions.

Task success rates were over 89% under real-life use scenarios, which suggests that this interaction method is
viable outside of the lab. User error rates were low, which indicated that the mapping between hand-to-hand
gestures and commands was easy to remember in 5-10 minutes. The recognition error, false positive, and false
negative rates were a little higher than the results reported in Section 5. Based on our observations, we speculated
more errors were caused by users’ incidental movements of their wrists when lifting their hands or putting hands
down. Sometimes the participants performed gestures while lifting their hands or started putting their hands
down before completing the gestures. These cases were not emphasized in our classification model training,
which is the limitation of our system and can be improved by collecting more targeted training data.

We also examined the task completion time, which we computed as the interval from a command being issued
to the user to the system successfully recognizing the input. The average task completion time was 3.76s (SD=1.57),
4.27s (SD=1.77) and 3.90s (SD=2.07) under the stationary, walking, and running conditions, respectively, while
that of taking the phone out of the pocket was 6.68s (SD=2.32). This result showed that using hand-to-hand
gestures was 36% faster than the out-of-the-pocket interaction under the walking condition.

We asked the participants about the advantages and disadvantages of hand-to-hand gesture input. Participants
generally provided positive comments with regard to this form of interaction: “When running, my hands are
exactly in that place for gestures”, “I can control my smartphone without looking at the screen and my hands”, “It
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is acceptable for me to try again if a gesture does not respond”. Participants also raised some concerns of gestures:
“Palm-to-FistTop is sometimes loud, whichmakes me feel embarrassed”, “FistTop-to-FistTop is sometimes painful”.

7 DISCUSSION

7.1 Expanding Gesture Vocabulary for Dual Wrist-Worn Devices
We leverage the correlation of the motion generated by the hand contact on both left and right wrists to design
and recognize hand-to-hand gestures. We show several gestures without hand contact in Fig. 15 that generate
special and correlative motion. For example, bimanual simultaneous wrist twist (Fig. 15b) generates a pair of
homodromous motions with large rotation velocity, which can be easily sensed by dual wrist-worn gyroscopes.
This gesture is distinct from natural hand movements and has been used as a delimiter in previous work [20].
Bearing this in mind, gesture design for dual wrist-worn devices is not limited by hand-to-hand contact. Any
hand gesture with correlative motion can also be considered.

(a) Simultaneous fist swing (b) Simultaneous wrists twist (c) Finger circles

Fig. 15. Other bimanual gestures which can also be sensed by the correlative motions using dual wrist-worn devices.

We could also enrich the gesture set by introducing a temporal element. In our interviews, some participants
mentioned that double tap or long press could be variants of the single tap gesture. These variants can be used to
supplement multi-level commands, for example, single tap to turn on and double tap to turn off. In our work, we
did not evaluate these form factors in subjective scoring, but we think single tap gestures and their variants may
have similar scores in all measures, especially in Usability and Social Acceptance.
The contact area of bimanual gestures can be also extended beyond the hand. Previous works have explored

touch interactions on the forearm [53] or on the wrist-worn device itself [47]. To leverage the correlation between
the inertial data collected by two wrist-worn devices, unimanual on-body gestures [36, 51, 52, 60] can be also
extended as symmetric touch gestures with two hands. For example, left and right hands tap on the chest at the
same time.

7.2 Sensing Capability & Hand-to-Hand Gesture Design Space
We do not explore the full design space of hand-to-hand gestures in this paper due to the limited sensing capability.
As we mentioned in Section 3, we use off-the-shelf smartwatches as sensing devices, and the wrist-worn sensors
cannot directly sense finger states, such as fist clenching, finger pinch, etc. In addition, current built-in sensors on
commercial wrist-worn devices are not so reliable in all conditions: features derived by microphone sensors may
be influenced by ambient noise; PPG sensors (measuring heart rate) are error prone during hand movements, etc.

We coupled our gesture vocabulary with a sensing capability. According to our results in Section 4, the users
generally agreed that states of open hand and fist should be considered as two different gestures. If sensing hand
states is possible, for example, adding EMG [41, 41], pressure [12, 41, 47] or infrared sensors [39] to wrist-worn
devices, we can involve this factor in the design space and consider more finger gestures.
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We also do not subdivide the contact areas in one gesture. For example, some of the participants we interviewed
could distinguish several locations when touching fingers on the palm with the help of hand edges or reference
points, even while running. In the stationary condition, users’ accuracy can be much higher. Previous works
[70, 73] have explored recognizing touch locations of a dial layout on the back of the hand with wrist-worn
devices. However, the resolution in real-life contexts has not been investigated.

7.3 Limitations
First, our gesture design procedure is preliminary. We only considered limited design factors and motion types
in the design space. Proposed gestures were only evaluated in the stationary condition, and require further
investigation under mobile conditions. Second, we did not consider different preferences for tightness of the
smartwatch. In our work, we required the participants to wear the watches in a relatively tight way. However, the
tightness might affect the sensitivity of sensors and influence the system’s recognition performance [74]. Also, we
did not study the effect of gloves. Third, we did not study gesture-command mapping. We did not followWobbrock
et al’s work [67] to conduct user elicitation studies to design gestures in particular scenarios [9, 14, 30, 32], instead,
the mapping of real tasks was pre-defined by the experimenters. How to design easy-to-remember mappings
between commands and gestures needs to be further investigated in future works.

8 CONCLUSION
In this work, we preliminarily explore the design space of hand-to-hand gestures and the ability to recognize
them using dual off-the-shelf wrist-worn devices. We come up with three design factors and design 56 candidate
hand-to-hand gestures based on user interviews. We selected gesture sets for a stationary condition with fourteen
gestures and moving conditions with five gestures based on subjective feedback from participants. We also
present a sensing technique with dual consumer wrist-worn devices, including useful features like relative device
orientation and motion correlation, and examine the performance of gesture inference. The detection accuracy
of hand-to-hand gestures in the context of users’ natural hand movements is over 99% under both stationary
and moving conditions. The recognition accuracy of fourteen gestures in the stationary condition is 94.6%, and
the accuracy of five gestures in walking and running conditions is 98.4% and 96.3%, respectively. Our evaluation
in real-life task-driven contexts shows that our system is practical and yields a high success rate. We conclude
that dual off-the-shelf wrist-worn devices are effective tools in sensing touch-based hand gestures. Our results
suggest that hand-to-hand gestures have the potential to be used in people’s daily lives to enrich interactions in
many scenarios.
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