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WiMorse: A Contactless Morse Code Text Input
System Using Ambient WiFi Signals
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Abstract—Recent years have witnessed advances of Internet
of Things (IoT) technologies and their applications to enable
contactless sensing and human–computer interaction in smart
homes. For people with motor neurone disease (MND), their
motion capabilities are severely impaired and they have difficul-
ties interacting with IoT devices and even communicating with
other people. As the disease progresses, most patients lose their
speech function eventually which makes the widely adopted voice-
based solutions fail. In contrast, most of the patients can still
move their fingers slightly even after they have lost the control of
their arms and hands. Thus, we propose to develop a Morse code-
based text input system, called WiMorse, which allows patients
with minimal single-finger control to input and communicate
with other people without attaching any sensor to their fingers.
WiMorse leverages ubiquitous commodity WiFi devices to track
subtle finger movements contactlessly and encode them as Morse
code input. In order to sense the very subtle finger movements,
we propose to employ the ratio of the channel state information
(CSI) between two antennas to enhance the signal to noise ratio.
To address the severe location dependency issue in wireless sens-
ing with accurate theoretical underpinning and experiments, we
propose a signal transformation mechanism to automatically
convert signals based on the input position, achieving stable sens-
ing performance. Comprehensive experiments demonstrate that
WiMorse can achieve higher than 95% recognition accuracy for
finger generated Morse code, and is robust against input position,
environment changes, and user diversity.
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I. INTRODUCTION

INTERNET of Things (IoT) technologies have attracted sig-
nificant attention in recent years, playing an important role

in the development of various applications, such as activity and
gesture recognition [1]–[3] and human–computer interaction.
To support these applications, the capabilities of contactless
sensing have been explored in various smart IoT devices,
such as smartphone [4], WiFi device [5], [6], and smart
speaker [7]. For patients with motor neurone disease (MND),
they have difficulty moving their arms or hands, and even their
speech function is severely affected, hindering their commu-
nication with these IoT devices and other people. Worldwide,
around half million people suffer from MND, including more
than 12 000 living in the U.S. [8]. For example, Stephen
Hawking had an early onset slow-progressing form of MND,
and he could only move three of his fingers for a long period of
time. The very essential communication need becomes a lux-
ury for patients with MND and there is a desperate demand
from these patients to have some means of communication
with other people. Traditional communication means, such as
speech and gesture do not work for MND patients. However,
it is noticed that even a patient in the later-stage of MND can
still slightly move his/her fingers and eyeballs [9]. An eye-
ball tracking system was designed to help Stephen Hawking
to interact with computer and communicate with people. But
vision-based eyeball tracking systems are usually complex and
expensive. In this article, inspired by the tiny movement char-
acteristic of Morse code, we propose a contactless Morse
code-based text input system named WiMorse to help MND
patients communicate with other people through single-finger
movement. Morse code is an ideal candidate for MND patients
as it requires very small movements. Given recent advances in
IoT technologies and wireless sensing, we propose to employ
the pervasive WiFi signals to track finger movement with-
out a camera or a dedicated sensor attached to the finger for
input, which has the advantages of being both nonintrusive
and privacy preserving.

In the past few years, WiFi signals have been exploited
for localization [10]–[14], activity tracking [5], [6], [15]–[19],
gesture recognition [20]–[23] and recently more fine-grained
respiration monitoring [23]–[26] and material sensing [27].
Even though nonperiodical fine-grained activities, such as
keystrokes, finger gestures, and mouth speaking have been
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reported to be sensed using WiFi channel state information
(CSI), they all rely on one assumption that the position of
the moving target relative to the WiFi transceivers is fixed
such that the same movement would lead to similar signal
change patterns in different rounds. These systems collect
training data and conduct sensing experiments with the sub-
jects located at exactly the same positions. However, such
fixed-position assumption is not practical in real-world appli-
cations, since it is very difficult to ensure the same relative
position between the tracking target and the WiFi transceivers.
In real life, a small change in the transceivers’ or target’s
location would lead to a change of the received signal pat-
tern, making the collected training data inconsistent with the
test data. This problem is referred to as the location depen-
dency issue. Another big challenge lies in sensing the subtle
movement of a small target such as a finger. The reflection area
of a finger is very small and thus the finger-reflected signal
is very weak, making finger tracking even more challenging
than fine-grained respiration sensing. The movement-induced
signal change can be easily buried in noise and we name it
signal to noise ratio (SNR) issue.

This article addresses the above two key challenges and
prototypes WiMorse, a real-time Morse code-based text input
system. WiMorse allows a user to type Morse code at any place
within the sensing area without the need of tedious offline data
collection and training.

First, to capture the very small signal variation induced
by a finger gesture, we propose to employ the ratio of the
CSI between two antennas at the same WiFi receiver (Rx)
to enhance SNR, which effectively eliminates signal noise
because the two antennas on the same hardware share very
similar hardware noise and phase offsets. Second, to deal
with the location dependency issue, we analyze the underly-
ing reason and propose a signal transformation mechanism to
rotate the original signal space by automatically determining
the optimal transformation vector based on the initial input
position. As a result, WiMorse can be robust against input
position, environment changes, and user diversity.

We have conducted comprehensive experiments to evaluate
WiMorse in different environments (home, office, and meet-
ing room) with different users. Our results demonstrate that
WiMorse achieves an overall accuracy of over 95% and is
robust against input position, environment changes, and user
diversity. We also show that supporting abbreviations of Morse
code can significantly improve the input speed of WiMorse,
making it feasible for real-world use. A demo video is avail-
able at: https://youtu.be/xGOdSJS2dWk. The contributions of
this article are summarized as follows.

1) We propose WiMorse, a Morse code-based text input
system for MND patients, which only requires sub-
tle single-finger movement. By combining Morse code
with contactless WiFi sensing, WiMorse can accurately
recognize finger input of letters, numbers, words, and
sentences without attaching any sensor to the finger.

2) We propose to employ the ratio of the CSI between
two antennas on the same WiFi card to enhance the
SNR, which can sense subtle finger movements that
are otherwise impossible when using a single antenna.

We empirically study and verify the properties of CSI
ratio and employ them to guide the Morse code sensing
design.

3) We propose a signal transformation mechanism to tackle
the location dependency issue, rectifying the induced
signal patterns such that they are unique and stable for
the same finger gesture, independent of the input posi-
tion. We verify this mechanism through both theoretical
analysis and benchmark experiments.

4) We prototype WiMorse using commodity WiFi devices
and evaluate it in different environments with differ-
ent users. The extensive experimental results show that
the proposed transformation mechanism can signifi-
cantly increase the recognition accuracy from 48% to
over 95%. The text input speed can reach 2.94 words
per minute (WPM) on average, which is comparable to
other Morse code-based input system.

II. FINGER GESTURE DESIGN FOR MORSE CODE

In this section, we first introduce the basics of Morse code
and its applications, especially in assisting patients with speech
and motion impairments. Then, leveraging the unique char-
acteristics of Morse code and finger gestures are carefully
designed to enable efficient input of letters, numbers, and
punctuation marks. To verify the feasibility of recognizing
subtle finger gestures using commodity WiFi hardware, we
conduct extensive experiments empirically and summarize our
observations.

A. Getting Started With Morse Code

Morse code is one of the simplest and most versatile char-
acter encoding scheme used in telecommunication. It encodes
text characters as standardized sequences of just two signal
durations called dot (·) and dash (-). The dot duration is the
basic unit of time measurement in Morse code. The dura-
tion of a dash is three times the duration of a dot. Each
dot or dash within a character is followed by a period of
input absence, called a space, equal to one dot duration. Two
adjacent letters in a word are separated by a longer space
of duration equal to three dots, and two adjacent words are
separated by a space duration of seven dots. Morse code
has been developed and used for many languages, such as
English, Greek, and so on. Fig. 1 shows the International
Morse Code, which encodes the International Organization
for Standardization (ISO) basic Latin alphabet and Arabic-
numerals. Morse code can be memorized in a few hours for
most people [28] and trained personnel can accurately interpret
the signaling of Morse code.

Morse code can be easily transmitted by any on-off keying
of an information carrying medium, such as electric current,
radio waves, visible light, and sound waves. It has been widely
used in a lot of applications. In aviation, the station usually
transmits a unique set of identification letters in Morse code
through radio wave to ensure that the station is available for
the pilots. Another application of Morse code in daily life is
signaling “SOS” for help with simple three dots, three dashes,
and three dots as regulated in international treaties.
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Fig. 1. International Morse code.

Fig. 2. Finger gesture design for Morse code. (a) up: start character
input. (b) down-up: corresponds to Dot in Morse code. (c) down-up-down-up:
corresponds to Dash in Morse code. (d) down: end character input.

Morse code has also been employed to help people with
speech and motion impairments to communicate. One big
advantage of Morse code is that it requires minimal amount of
motion control. It was reported that a shipboard radio operator
who had a stroke and lost the ability to speak or write is still
able to communicate with his physician through Morse code
by blinking his eyes [29]. Recently, Google cooperates with
Morse code expert Tania Finlayson to develop Gboard [30],
which allows users to input text using Morse Code as an
alternative to keypad and handwriting recognition.

B. WiFi-Based Finger Gesture Design for Morse Code Input

CSI is traditionally used to quantify the wireless channel
between the transmitter–receiver (Tx–Rx) pair. Compared with
received signal strength (RSS), subcarrier-based CSI readings
are more sensitive to small movements which result in changes
of CSI amplitude and phase. In this article, we carefully design
the finger gestures based on the characteristics of Morse code
to further reduce the amount of finger movements for MND
patients.

As described in Section II-A, the basic elements of Morse
code are dot and dash with different time durations. We notice
that for a finger to perform the dash operation, the whole hand
needs to slightly move horizontally, which is challenging for
MND patients. We thus modify the Morse code gesture to
avoid hand movement and only require one finger to move
up and down. As shown in Fig. 2, the finger gesture down-
up corresponds to dot [Fig. 2(b)], while the finger gesture
down-up-down-up corresponds to dash [Fig. 2(c)]. Different
from the original Morse code design which separates letters
and words by different periods of time that requires longer
pause time, we design the up finger gesture [Fig. 2(a)] as

Fig. 3. Finger gestures for the International Morse code which encodes
letters, numbers, punctuations, and general-use Morse code abbreviations. Pre:
Preamble to start and end inputting numbers, GM: Good Morning, GN: Good
Night, IM: I’m/I am, TS: Thanks/Thank you, EM: Excuse Me, IS: I’m Sorry,
NM: Never Mind, NP: NO Problem, WA: What are, HA: How are, WD: What
do/does, HD: How do/does, IN: I’m not/I do not understand, WU: Where are
you from, WM: What do/does mean, IW: I am/will be with. “↑” and “↓”
mean Start and End finger gestures, while “V” with arrow and “W” with
arrow mean Dot and Dash finger gestures. “_” means pause between finger
gestures.

Start and the down finger gesture [Fig. 2(d)] as End. This
design properly utilizes the natural finger actions for users, as
the finger movements “up” and “down” correspond directly to
the “Start” and “End” operations. With these four basic finger
gestures, we can easily input letters, numbers, and punctuation
marks using Morse code.

We apply our finger gesture design to encode the ISO basic
Latin letters, the Arabic numerals, and a small set of punc-
tuation marks. The full list of designed finger gestures are
shown in Fig. 3. To increase the speed of text input, we adopt
the following two schemes. First, we employ shorter-length
gestures to represent those more frequently used letters. For
instance, “E” is the most frequently used letter in English [31]
and has the shortest finger gesture in our design: up-down-up-
down. Second, frequently used abbreviations (shown in Fig. 3)
are applied to accelerate the input speed. For example, “GM”
means “Good Morning.” Specifically, for inputting numbers,
we also design the short codes with a preamble to start and
end inputting numbers.

C. Empirical Study

Now, we verify with benchmark experiments the feasibility
of recognizing the four basic finger gestures (shown in Fig. 2)
with WiFi signals from commodity WiFi devices.

1) Experimental Setup: We employ commodity WiFi router
and Gigabyte Mini-PC equipped with the Intel 5300 802.11n
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Fig. 4. Experimental setup.

Fig. 5. Signal for gesture “A” (↑ _ ↓↑ _ ↓↑↓↑ _ ↓) is submerged by noise
and not easy to detect, especially when the finger is further away from the
transceivers. (a) Close to the transceivers. (b) Far from the transceivers.

Network Interface Card (NIC) to collect CSI readings [32].
The experiments were conducted in an ordinary home envi-
ronment with a Wi-Fi access point (AP) (e.g., TP-Link router)
as shown in Fig. 4. The user sits in her wheelchair with one
WiFi Rx (Mini-PC) placed on the tray table in front of her.
The Rx is equipped with two commonly used vertically polar-
ized antennas and receives packets from the router. The central
carrier frequency is set as 5.24 GHz. The user performs the
four basic finger gestures on the desk surface at different loca-
tions.1 We monitor the CSI amplitude variation during the
process. We notice that when there is no finger movement,
the CSI amplitude is relatively steady. When a user performs
finger gestures, the finger movements result in CSI amplitude
variations.

2) Results Analysis: In this section, we analyze the sig-
nal variation patterns induced by the finger gestures and
identify the practical issues which affect the performance of
recognition.

Observation 1: The small signal variation induced by subtle
finger movements can be easily buried in noise. As shown in
Fig. 5, the finger movement induced signal variation is small
while the noise level of the CSI readings is high. When the
Rx is close to the transmitter (Tx) (e.g., 1 m), the gesture-
induced signal pattern could be (roughly) observed, as shown
in Fig. 5(a). However, when the Rx moves further away from
the Tx (e.g., 2 m), the signal pattern can hardly be detected,
as shown in Fig. 5(b).

Observation 2: The signal pattern for the same finger ges-
ture is inconsistent at different locations. When the finger is
close to the transceivers, at one particular location, the sig-
nal patterns for Start, End, “Dot,” and “Dash” are unique and

1Our system does not require the finger to touch a surface, which can be
useful in certain scenarios, e.g., hand hanging from an armrest.

Fig. 6. Signal patterns for the same finger gesture are inconsistent at different
locations (left column versus right column). (a) Start signal at location 1.
(b) Start signal at location 2. (c) Dot signal at location 1. (d) Dot signal at
location 2. (e) Dash signal at location 1. (f) Dash signal at location 2. (g) End
signal at location 1. (h) End signal at location 2.

stable as shown in Fig. 6(a)–(g), which can be accurately iden-
tified. However, when we perform these gestures at different
locations, we observe that the signal patterns for the same ges-
ture are inconsistent. As shown in Fig. 6(c), the same Dot input
induces a signal pattern that is dramatically different from that
in Fig. 6(d) when the input location is changed.

D. Challenges

To accurately recognize the fine-grained finger gestures
for Morse code input using commodity WiFi devices, we
must overcome the following challenges in the design and
implementation of our system.

How to detect subtle finger movements accurately amid
large hardware and environmental noises? As shown
previously, the signal variations introduced by subtle finger
movements are very small. As such, the finger movement-
induced signal variations can be easily buried in noise and
become undetectable. To sense such small signal variations
with high accuracy, the noise issue needs to be carefully
addressed.

How to handle the signal pattern inconsistency caused by
location difference? To accurately recognize each finger ges-
ture, the signal variation pattern should be consistent for the
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same gesture at various input locations. And the above con-
sistency should also be maintained for different users without
requiring user-specific calibration.

III. WIMORSE SYSTEM DESIGN AND IMPLEMENTATION

In this section, we present in detail how we address the
challenges identified in Section II-D. We first propose the use
of CSI ratio between two antennas in the same WiFi card,
analyze its properties, and verify that it provides better signal
measurement than the amplitude of CSI. We also propose a
signal transformation mechanism to rectify inconsistent signal
patterns due to location variations and verify its effectiveness.
Finally, we present the overall design and implementation of
WiMorse, a real-time contactless Morse code input system
using commodity WiFi devices.

A. CSI Ratio: Better Base Signal

As noted earlier, commodity WiFi devices have large CSI
amplitude noises, which can easily mask the signal induced by
fine-grained finger gestures. Therefore, a better base signal is
needed in order to adequately capture subtle finger movements.
Here, we first give a quick introduction of CSI, then analyze
in detail the proposed CSI ratio as a better base signal.

1) Channel State Information: CSI describes properties of
a wireless communication link. It characterizes how a signal
propagates from the Tx to the Rx and captures the combined
effects of reflecting, scattering, and fading with distance. The
complex valued CSI H(f , t) of a carrier with frequency f at
time t satisfies the relationship Y(f , t) = H(f , t) × X(f , t),
where X(f , t) and Y(f , t) are the frequency domain represen-
tations of the transmitted and received signals, respectively.
Specifically, a WiFi signal transmits from Tx to Rx through
multiple paths, which can be grouped into static paths and
dynamic paths [25], [33]. The static paths are composed of the
line of sight (LoS) path and reflected paths from the walls and
static objects in the environment, which do not change with
time. While the dynamic paths are the signal paths induced
by the moving targets, we assume there is only one reflection
path corresponding to human target’s movement. Furthermore,
due to the fact that Tx and Rx are not clock-synchronized, the
received CSI can be denoted as

H(f , t) = e−i·(2π�ft+θl+θs+θd)(Hs(f , t) + Hd(f , t))

= e−i·(2π�ft+θl+θs+θd)
(

Hs(f , t) + �a(f , t) · e−i2π
d(t)
λ

)

(1)

where �f is central frequency offset (CFO), θl, θs and θd are
phase errors introduced by phase-locked loop (PLL), sampling
frequency offset (SFO), and packet boundary detection (PBD)
uncertainty, respectively. Hs(f , t) is the static path component
which is the sum of static paths, while �a(f , t) is the complex
valued representation of attenuation and initial phase offset
of the dynamic path component Hd(f , t) which varies with
dynamic path length d(t). λ is the wavelength for the carrier
with frequency f .

The amplitude of CSI |H(f , t)| fluctuates due to phase
offsets caused by CFO, PLL, SFO, and PBD. Among all

the random phase offsets, the CFO phase offset caused by
unsynchronized clocks of Tx and Rx has the most serious
influence on CSI phase. Due to the frame aggregation mech-
anism in 802.11n, commercial WiFi devices can continuously
transmit at most 4000 frames/s. Even with the highest trans-
mission rate, the CFO phase offset can be as large as 50π

between consecutive CSI values [33]. The PLL phase off-
set θl is fixed after the devices are started. The SFO phase
offset θs is caused by the offset of the sampling frequencies
of Tx and Rx [34]. The PBD phase offset is caused by the
time shift from the packet boundary uncertainty and follows
a Gaussian distribution with the zero mean. To obtain a clear
signal induced by fine-grained finger movements, we need to
effectively eliminate these phase offsets.

2) CSI Ratio: Modern WiFi devices that support
IEEE 802.11n/ac standards typically consist of multiple
transmitting and receiving antennas, thus supporting multiple-
input–multiple-output (MIMO). Since the different antennas
in the same WiFi NIC adapter share the same clock, they
have the same CFO, PLL, SFO, and PBD phase offsets. This
offers us an opportunity to eliminate the influence of various
CSI phase offsets. Based on this key observation, we propose
the use of CSI ratio between two antennas, which is defined
as follows:

QCSI = Hant1(f , t)

Hant2(f , t)

= Hs1(f , t) + �a1(f , t) · e−i2π
d(t)
λ

Hs2(f , t) + �a2(f , t) · e−i2π
d(t)+�d

λ

(2)

where Hant1(f , t) and Hant2(f , t) are the CSIs received by
two different antennas in the same NIC adapter, respectively.
Hs1(f , t) and Hs2(f , t) are the static path components of these
antennas, while �a1(f , t) and �a2(f , t) are the attenuation and
initial phase offsets of the antennas’ dynamic path compo-
nents. �d is the dynamic path length difference between the
two antennas due to their different physical locations. Please
note that for a small-scale movement, �d can be considered
as a constant.

In (2), each part of QCSI is a complex valued representa-
tion. As such, QCSI satisfies the linear fractional transformation
form [35], also referred to as Möbius transformation, which
has the conformal property (i.e., linear fractional transforma-
tion can preserve angles and generalized circles). Based on
these properties, we can rewrite QCSI in (2) as follows:

QCSI = F(z) + �a (3)

where z = e−i2π(d(t)/λ), F(◦) is a linear fractional transfor-
mation function, its domain z is a unit circle and its range is
also a circle. �a is the static component of QCSI and is a con-
stant complex value. When the dynamic path length changes
continuously (e.g., due to finger movement), the phase of z
also changes continuously. As such, vector z rotates, and F(z)
rotates with respect to �a.F(z) is thus the dynamic component
of QCSI. As illustrated in Fig. 7, the green line is the static
component �a, the (dashed) red line is the dynamic component
F(z), and the (dashed) blue line is the combined CSI ratio
QCSI. Given a small-scale movement, QCSI has roughly fixed
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Fig. 7. Vector representation of CSI ratio.

Fig. 8. Experimental setup to verify CSI ratio. The transceivers are equipped
with Intel-5300 NIC adapter. The size of the metal plate is 35 cm × 40 cm.

amplitude with varying phase. Then the amplitude of CSI ratio
can be calculated as follows:

|QCSI| =
√

|F(z)|2 + |�a|2 + 2|F(z)||�a| cos α (4)

where α is the phase difference between F(z) and �a.
3) Understanding CSI Ratio With Benchmark Experiments:

As shown in Fig. 8, we use a metal plate (the ideal signal
reflector) as the moving target to reveal the properties of CSI
ratio in a meeting room. The WiFi transceivers are placed 1 m
apart and the antennas are positioned at 20 cm above the table.
The Tx is equipped with one omni-directional antenna while
the Rx is equipped with two omni-directional antennas that are
5 cm apart. The metal plate has a size of 35 cm × 40 cm and
moves along the perpendicular bisector of the two transceivers
on top of a 1.5 m-long sliding track which is controlled by
Raspberry Pi 3 Model B. The WiFi signal is transmitted in the
5.24-GHz frequency band with a channel bandwidth of 40 Hz.

Experiment 1 (Verify That the Amplitude of CSI Ratio Is a
Better Base Signal): We move the metal plate from 105 cm
to 125 cm2 at a speed of 2 cm/s. As can be seen in Fig. 9(a)
and (b), both the amplitude of CSI ratio and the ampli-
tude of CSI show clean patterns. And the amplitude of CSI
ratio has smaller noise. When we move the metal plate from
610 to 630 cm at the same speed, Fig. 9(c) and (d) show the

2The distance is measured from the metal plate to the LoS path of the
transceiver pair.

Fig. 9. Comparison between amplitude of CSI and amplitude of CSI ratio.
The latter shows smaller noise and cleaner pattern. (a) Amplitude of CSI
(105 to 125 cm). (b) Amplitude of CSI ratio (105 to 125 cm). (c) Amplitude
of CSI (610 to 630 cm). (d) Amplitude of CSI ratio (610 to 630 cm).

Fig. 10. Verification experiment showing that (a) dynamic component (red
line) rotates (three circles) clockwise with respect to the static component and
(b) amplitude of CSI ratio is a sinusoidal-like wave.

corresponding raw CSI amplitude and the amplitude of the
CSI ratio, respectively. Note that the raw CSI amplitude is
noisy and cannot identify the target movements from a long
distance. Whereas the amplitude of the CSI ratio still shows
the periodic variations clearly. Besides, we observe that the
phase of raw CSI is random, while the phase of CSI ratio has
similar patterns as shown in Fig. 9(d). In summary, compared
with the raw CSI signal, the CSI ratio is a better base signal
for capturing fine-grained movements.

Experiment 2 (Verify That the Dynamic Component of CSI
Ratio Rotates With Respect to the Static Component): We
move the metal plate from 105 to 114.4 cm away from LoS
at a speed of 2 cm/s. According to the vector representation
model described in Section III-A2, the dynamic component
rotates with the static component. When the dynamic path
length changes by λ, the dynamic component rotates 360◦,
corresponding to a complete sinusoidal cycle. The results are
shown in Fig. 10, and we can see that the dynamic component
generates close to perfect circles, demonstrating the correct-
ness of the property. In Fig. 10(a), the red dot is the origin of
the coordinates. We can see that the dynamic component (red
line) rotates clockwise with respect to the static component
(green line), and the rotation phase exactly matches the theo-
retical rotation phase 1080◦ (3 circles), corresponding to three
complete sinusoidal cycles in Fig. 10(b). Furthermore, the
magnitude of the dynamic component remains approximately
the same within a short movement distance. In Fig. 10(b), the
blue line is the raw signal, and the red line is the filtered signal

Authorized licensed use limited to: Peking University. Downloaded on February 21,2020 at 14:18:46 UTC from IEEE Xplore.  Restrictions apply. 



NIU et al.: WiMORSE: CONTACTLESS MORSE CODE TEXT INPUT SYSTEM USING AMBIENT WiFi SIGNALS 9999

Fig. 11. Verification experiment showing that when the dynamic path length
change is less than λ. (a) Dynamic component (red line) rotates with respect
to the static component (green line) in less than a circle. (b) Amplitude of CSI
ratio (top) induced by fine-grained movement is a fragment of the complete
sinusoidal cycle (bottom).

(using Savitzky–Golay filter which will be explained in detail
in Section III-C).

Experiment 3 (Verify That Fine-Grained Movements Result
in Signal Variations Corresponding to a Fragment of a
Sinusoidal Cycle): In this experiment, the metal plate repet-
itively moves along the sliding track at a small scale (1-cm
forward and then 1-cm backward) to mimic tiny movements
of a human body. The initial position is at 51 cm from the
LoS path. The metal plate performs two repetitive cycles of
movements. In Fig. 11(a), we can see that the dynamic com-
ponent (red line) rotates with respect to the static component
(green line) in less than a circle. Therefore, the generated
amplitude of CSI ratio signal in top figure of Fig. 11(b) is
a fragment of the complete sinusoidal cycle in bottom figure
of Fig. 11(b).

4) Key Properties of CSI Ratio: Based on the above obser-
vations, we highlight the key properties of CSI ratio as
follows.

1) The amplitude of CSI ratio removes the random phase
offsets of CSI signal by using two different antennas in
the same NIC adapter, resulting in a better base signal
than the amplitude of CSI.

2) When an object moves along the same direction, the
dynamic component of CSI ratio rotates with respect
to the static component. As such, the amplitude of CSI
ratio shows a continuous sinusoidal-like wave.

3) The moving object induces path length change of the
reflection signal. When the length of the dynamic path
changes by λ, the phase of the dynamic component of
CSI ratio will change by 2π , generating a complete sinu-
soidal cycle in the amplitude signal. If the dynamic path
length change is less than λ, then the generated CSI ratio
amplitude signal represents a fragment of the complete
sinusoidal cycle.

B. Signal Transformation: Addressing Inconsistent Pattern
Due to Location Variation

As discussed in Section III-A, the dynamic component of
CSI ratio rotates with respect to the static component and for
fine-grained movements, the rotation is less than a full circle.

Fig. 12. Ideal signal pattern for the Dot finger gesture.

As a result, the induced amplitude of CSI ratio is only a frag-
ment of the complete sinusoidal cycle. Depending on where
the finger is positioned relative to the Tx and Rx, the frag-
mented cycle will induce different signal patterns. Recognizing
each gesture with very different signal patterns is infeasible
for practical use. Instead, an automated signal transformation
mechanism is needed to convert different signal patterns of
the same gesture to one waveform.

1) Signal Pattern Inconsistency: Let us first analyze why
the same gesture may induce inconsistent signal patterns.
Consider for example the Dot finger gesture. When the fin-
ger moves “down-up,” the ideal signal pattern is shown in
Fig. 12. Specifically, as illustrated in Fig. 13(b), when the fin-
ger moves down, the dynamic component F(z) rotates from
the solid red arrow position to the dashed arrow one, scan-
ning a sector area with angle β; and F(z) rotates back from
the dashed arrow position to the solid one when the finger
moves up. As a result, we observe one valley of the signal for
the Dot finger gesture.

However, when the finger gesture is performed at different
positions, the fragments may be extracted from different parts
of the circle, as shown in Fig. 13. Essentially, the specific
signal pattern is determined by the phase difference α between
the average dynamic component3 and the static component
�a. When α = 0◦ [Fig. 13(a)], the fragment appears at the
top portion of the circle and the observed signal pattern has
two peaks. If the finger is positioned slightly to the right and
α = 90◦ [Fig. 13(b)], we can observe the signal pattern with
one valley. If the finger is positioned further to the right, the
dynamic component continues to rotate to the right, arriving
at α = 180◦ [Fig. 13(c)]. Then the observed signal pattern
has two valleys. Finally, when the dynamic component rotates
to α = 270◦, the signal pattern has one peak. This explains
why the same finger movement may induce different signal
patterns at different positions.

2) Signal Transformation-Key Idea: Requesting users to
position their fingers precisely at certain locations are incon-
venient and even infeasible in real-world usage scenarios.
Instead, an automated signal transformation mechanism is
essential in order to rectify the inconsistent signal patterns rel-
ative to their positions and map them to the true finger gesture.
Intuitively, since the signal pattern inconsistence is caused by

3Since the dynamic component F(z) has a starting point and an ending
point, we use the average of the two points to represent the sector.
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Fig. 13. Inconsistent signal patterns (amplitude of CSI ratio) for the same Dot finger gesture at different locations. (a) Two peaks. (b) One valley. (c) Two
valleys. (d) One peak.

Fig. 14. Key idea of the proposed signal transformation mechanism.
(a) Original IQ vector space. (b) New I’Q’ vector space after transformation
by introducing a static component �e.

the relative position of the dynamic component and the static
component in the original IQ space, the key is to identify that
relative position and rotate the original IQ space accordingly to
match the ideal case. This can be accomplished by introducing
a static component that is determined by the initial position of
the finger relative to the transceivers. As illustrated in Fig. 14,
when a static component �e is introduced, the original IQ vec-
tor space transforms to the new I’Q’ vector space. When the
original static component is rotated by η phase, from �a to �anew,
the vector space also rotates by η phase. We want to choose
η such that the signal pattern matches the ideal finger gesture
movement in the new vector space.

3) Signal Transformation-The Design: Based on the anal-
ysis above, we propose an automated signal transformation
mechanism to determine the static component to add and trans-
form IQ to a new vector space. As illustrated in Fig. 14(b), we
construct a triangle (shown in purple) to calculate the added
static component �e. Mathematically, the CSI ratio in the new
vector space can be denoted as

Q̂CSI = F(z) + �a + �e (5)

where �e is the newly added static component, which is rep-
resented as a complex value. For a given phase shift η, the
amplitude of the added static component �e can be calculated
using the law of cosines as follows:

|�e| =
√

|�a|2 + |�anew|2 − 2|�a||�anew| cos η. (6)

To obtain the phase of the added static component �e, we
employ the theorem [(|�e|)/(sin η)] = [(|�anew|)/(sin ρ)]. The
phase between the original static component and the added
static component ρ is calculated as arcsin [(sin η|�anew|)/(|�e|)].
Thus, the phase of the added static component is calculated
as follows:

θ�e = θ�a + arcsin
sin η|�anew|

|�e| − π. (7)

Given a sequence of original CSI ratio values Q =
{CSI1, CSI2, . . . , CSIL}, the original static component �a can
be roughly estimated using the average CSI ratio, i.e., �a =
mean{CSI1, CSI2, . . . , CSIL}. To maintain the comparability
of the original vector space and the new vector space, we
keep the amplitude of the new static component �anew to be
the same as the amplitude of the original static component �a,
i.e., |�anew| = |�a|.

Now, for a given phase shift η, we can compute the added
static component using the formulas above. To determine the
optimal �e, we utilize a searching scheme to transverse all pos-
sible phase shifts η. Let phase shift η vary from 0 to 2π with
a fixed step size, e.g., (π/180), then the phase difference α

also varies between 0 and 2π . For each η, we compute the
corresponding �e, and use it to transform the CSI ratio signal.
The optimal transformation is obtained when the transformed
signal matches the ideal case (e.g., Fig. 12 for the Dot finger
gesture). Since each character begins with the Start gesture
(Fig. 2) and the finger position is relatively stable during the
input of each character, we use the ideal signal of the Start
gesture (referred to as the “reference signal”) to choose the
optimal �e for signal transformation.

4) Signal Transformation-Verification: To verify the effec-
tiveness of our proposed signal transformation mechanism, we
performed two different finger gestures (Dot and Dash) at dif-
ferent locations. The results are shown in Fig. 15. For the Dot
finger gesture, the original signal pattern at location 1 is not
clear [Fig. 15(a)]. After transformation, the down-up signal
pattern becomes clear in the new vector space [Fig. 15(b)].
For location 2, the original signal pattern of the Dot finger
gesture was flipped [Fig. 15(c)], and our transformation mech-
anism can also correct it to the right signal pattern down-up
[Fig. 15(d)]. For the Dash finger gesture, the transformation
mechanism also works well, correcting inconsistent signal
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Fig. 15. Comparison of CSI ratio amplitude before and after signal trans-
formation for two different finger gestures (Dot and Dash) at two different
locations. (a) Dot, location 1, original. (b) Dot, location 1, transform. (c) Dot,
location 2, original. (d) Dot, location 2, transform. (e) Dash, location 1, orig-
inal. (f) Dash, location 1, transform. (g) Dash, location 2, original. (h) Dash,
location 2, transform.

patterns in Fig. 15(e) and (g) into the right signal patterns
in Fig. 15(f) and (h), respectively.

C. System Implementation

Fig. 16 gives an overview of the WiMorse system, which
consists of four core modules: 1) real-time data acquisition;
2) data preprocessing; 3) pattern transformation; and 4) ges-
ture identification and decoding. We have also developed a
Web-based user interface to show the signals, text input along
with real-time video as shown in Fig. 17. A real-time demo
video is provided together with this article and also at link:
https://youtu.be/xGOdSJS2dWk.

1) Real-Time Data Acquisition: In WiMorse, the Tx is a
wireless AP, e.g., a router or a laptop. The Rx can be a
smart device, e.g., a laptop or a mobile phone. In our system
implementation, we employ a TP-Link router as Tx and one
Gigabyte MiniPC equipped with Intel 5300-NIC adapter as
the Rx. The Rx is equipped with two omni-directional anten-
nas (5 cm apart) for the purpose of obtaining CSI ratio. The
antennas run on the 5.24-GHz channel with a 40-MHz chan-
nel bandwidth in an IEEE 802.11n WiFi network. When using
the system, the MiniPC continuously receives wireless pack-
ets from the router. These packets are sampled at the Rx side

to extract CSI values. We collect CSI readings from the WiFi
adapter using the CSI-tools [32]. The packet transmission rate
is 100 packets per second. A Dell laptop (Precision 5520) with
Xeon CPU and 16 GB RAM is connected to the Rx via an
Ethernet cable to collect CSI packet samples (20 packets every
0.2 s) and process the data in real time.

2) Data Preprocessing: From each sampled packet, we can
obtain two CSI streams simultaneously (one from each receiv-
ing antenna) to calculate CSI ratio. To refine the CSI stream for
fine-grained finger gesture recognition, WiMorse first denoises
the raw amplitude of the CSI ratio signal using a least-square
smoothing filter named Savitzky–Golay filter, which fits suc-
cessive subset of adjacent data points with a polynomial by
the linear least square method [36]. Fig. 15 shows the raw CSI
ratio amplitude signal (blue line) and the smoothed signal after
applying the filter (red line). We can see that the filter effec-
tively removes the small random variations while maintaining
the large signal variations caused by finger movements.

3) Pattern Transformation: As mentioned in Section III-B,
the signal patterns are inconsistent when performing the same
finger gesture at different locations, and we propose a sig-
nal transformation mechanism to convert the signal patterns
at different locations to one waveform. To segment finger ges-
tures in the character after transformation, we detect the pause
between consecutive finger gestures by leveraging the vari-
ance of CSI ratio amplitude, which is very sensitive to subtle
movements. As shown in Fig. 18, the top subfigure shows
amplitude of CSI ratio for finger gestures of character “G,”
while the bottom subfigure shows the difference between the
maximum and minimum amplitude of the CSI ratio signal in
each 0.7-s sliding window with a step size of 0.35 s.4 As we
can see in the figure, the difference between the maximum and
minimum amplitude within the pause period is very small. We
thus employ a threshold-based method to detect the pause and
accordingly segment the finger gestures. The threshold is set
to 0.045 in our experiments, and is denoted as the horizontal
red line in the bottom subfigure of Fig. 18. The state transi-
tion of the movements is utilized as a parameter to identify
the starting and ending points of the finger gestures, shown by
the purple circled numbers and arrows in Fig. 18. Specifically,
the first finger gesture (purple circled number 1) and the last
finger gesture (purple circled number 5) are the Start finger
gesture and End finger gesture to segment characters, respec-
tively. The second and third finger gestures are Dash finger
gestures in character “G,” while the fourth finger gesture is
Dot finger gesture.

Based on the observation that the optimal vector space of
one finger gesture should work for all finger gestures per-
formed at the same location, we employ the Start finger gesture
as the reference gesture to compute the optimal static vector
to add for signal transformation. The Start gesture is the first
gesture for each character, so the optimal vector space for
the Start gesture can be used by other finger gestures in the
same character at the same location. By comparing the seg-
mented signal with the reference signal of the Start gesture

4The window size and step size are carefully selected to capture individual
finger gestures.
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Fig. 16. Overview of the WiMorse system.

Fig. 17. Web-based user interface for WiMorse: (top-left) original and trans-
formed signals (amplitudes of CSI ratio) and (top-right) real-time video of
finger gestures.

Fig. 18. Determining the starting and ending time points of each finger
gesture. The top figure shows the signal of finger gestures, while the bottom
figure shows the amplitude difference and threshold for segmenting the finger
gestures.

[Fig. 19(a)], the optimal vector space can be determined. To
unify the signal patterns, both the segmented signal and the
reference signal are normalized to the range of 0 to 1.

4) Gesture Identification and Decoding: Using the
proposed signal transformation mechanism, we can guaran-
tee that: 1) the same finger gestures performed at different
locations have a consistent signal pattern and 2) different fin-
ger gestures performed at the same location have unique signal
patterns. In WiMorse, the segmented signal for each finger ges-
ture is first normalized to the range of 0 to 1. We then employ
the dynamic time warping (DTW) algorithm to calculate the
similarity between the normalized segmented signal and the
normalized reference signals (some examples are shown in
Fig. 19). The best-matching (i.e., highest similarity) reference
signal pattern is selected as the finger gesture performed. If

Fig. 19. Signal patterns for four different finger gestures. (a) up signal pattern
for the Start gesture. (b) down-up signal pattern for the Dot gesture. (c) down-
up-down-up signal pattern for the Dash gesture. (d) down signal pattern for
the End gesture.

the finger gesture is the Start gesture, then Morse code encod-
ing is started. For the Dot and Dash finger gestures, they are
encoded to Morse code, respectively. When the End finger
gesture is detected, the cumulative Morse code is mapped to
the corresponding input character.

IV. EVALUATION

To evaluate the performance of WiMorse, we have imple-
mented the real-time Morse code input system using com-
modity WiFi devices and conducted comprehensive experi-
ments to demonstrate the capability of WiMorse in various
environments with multiple participants. In this section, we
first present the experimental setup, then report the over-
all performance and discuss the factors that may impact the
performance of WiMorse.

A. Experimental Setup

We have conducted experiments in three practical scenar-
ios: 1) home; 2) office; and 3) meeting room, as shown in
Fig. 20. We have recruited seven volunteers (one female and
six male) to perform the Morse code finger gestures for all the
54 characters (26 letters, 10 numbers, and 18 punctuations).
Each volunteer performed each finger gesture 9 times, result-
ing in 63 instances for each finger gesture and 3402 instances
in total. We also generated 30 daily expressions with varying
length sentences,5 and each user chose five sentences to input.

5The daily expressions were generated using website
https://www.fluentu.com/blog/english/basic-english-phrases/.
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Fig. 20. Three different experimental environments. (a) Home has a size of
about 4 m × 6 m with two sofas, one table, and a Tv. (b) Office has a size
of 4 m × 4.5 m with one sofa, two tables, and one bookcase. (c) Meeting
room has a size of 5.1 m ×6.9 m with three tables and several chairs.

WiMorse captures the CSI streams in real time and decodes
them into corresponding Morse code text.

We use the following metrics to evaluate the performance
of WiMorse.

Recognition Accuracy: It is the percentage of basic finger
gestures (Start, Dot, Dash, and End) or characters that are
correctly identified by our system.

Input Speed: It is the Morse code text input speed, which
can be measured as characters per minute (CPM) and WPM.
Since characters vary by length (i.e., numbers of dots and
dashes), we present statistics on the mean time and time
distribution when users input sentences. Words also vary in
length, even when they contain the same number of charac-
ters. Following previous practice [37], we employ two methods
to calculate WPM. The first method assumes that all charac-
ters occur with the same probability in each word and WPM
is calculated as follows:

WPM1 = S

T
× 60 × 1

Navg
(8)

where S is the length of all characters and T is the time in
seconds to finish inputting all the characters. Sixty refers to the
number of seconds in a minute. Navg is the average length of a
word, and is typically set to 5. In reality, different characters
occur with different probabilities in each word. Taking this
into consideration, we consider the length of each character
to be approximately inverse to the frequency of that character
occurring in English text. Then, WPM is computed as follows:

WPM2 = 60∑
c∈C pcTc

× 1

Navg
(9)

where C is the set of all characters, pc is the probability of
character c(c ∈ C) occurring in English text, and Tc is the time
duration in seconds to enter character c. Navg is the average
length of a word, and is typically set to 5.

B. Overall Performance

1) Character Recognition Accuracy: Fig. 21 shows the
recognition accuracy for all letters before and after signal
transformation. We can see that WiMorse achieves high accu-
racy for all letters, and our proposed signal transformation
mechanism significantly improves the recognition accuracy
from 48% to 96.6%. Furthermore, Fig. 22 shows the confusion
matrix for all 54 characters, where the dark blue color indi-
cates higher recognition accuracy while the white color means
(close to) zero misclassification. We observe that WiMorse
achieves an overall recognition accuracy of more than 95%
with a standard deviation of around 2%.

Fig. 21. Recognition accuracy for letters.

Fig. 22. Confusion matrix showing high average accuracy per character and
low misclassification rates.

Fig. 23. Confusion matrix of four basic finger gestures.

2) Gesture Recognition Accuracy: Since each character is
entered using a combination of the four basic finger gestures
(Start, Dot, Dash, and End), we also evaluate the recognition
accuracy of these basic gestures. Fig. 23 shows the confu-
sion matrix of the four basic finger gestures. We can see
that WiMorse performs well for all four basic finger gestures,
achieving 99%, 98%, 96%, and 99% recognition accuracy for
Start, Dot, Dash, and End, respectively.

3) Effectiveness of CSI Ratio and Signal
Transformation: WiMorse has two key design innovations: 1)
CSI ratio and 2) signal transformation. To evaluate the effec-
tiveness of each mechanism, we compare WiMorse with two
baseline methods: 1) amplitude of CSI, which directly uses
the amplitude of CSI as the base signal and 2) amplitude of
CSI ratio, which uses the proposed amplitude of CSI ratio as
the base signal but does not use the proposed signal transfor-
mation mechanism. Fig. 24 compares the recognition accuracy
of the four basic finger gestures using each of the three meth-
ods. We see that each method performs consistently across
all four gestures. The amplitude of CSI method achieves the
lowest recognition accuracy (18%), which is improved to 34%
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Fig. 24. Comparison of gesture recognition accuracy using different methods.

Fig. 25. Character recognition for different sentences.

Fig. 26. Text input speed for (a) characters and (b) words.

when using the amplitude of CSI ratio method, while WiMorse
achieves more than 96% accuracy. These results demonstrate
the effectiveness of both CSI ratio and signal transformation,
as proposed in Section III.

4) Recognition Accuracy in Sentences: To evaluate
WiMorse in real-world sentences input, we collected CSI data
for six different sentences from previous literatures [38], [39]:
S1 =“the quick brown fox jumps over the lazy dog,” S2 =
“nobody knew why the candles blew out,” S3 =“the autumn
leaves look like golden snow,” S4 =“nothing is as profound as
the imagination,” S5 =“my small pet mouse escaped from his
cage,” and S6 = “the most profound technologies are those that
disappear.” Each sentence is typed three times without spaces.
As shown in Fig. 25, WiMorse achieves an average char-
acter recognition accuracy is 94.66% in continuously typed
sentences. Thus, we conclude that there is no significant dif-
ference in character recognition accuracy between character
input and sentence input.

5) Text Input Speed: To evaluate the speed of continuous
text input using WiMorse, we collected CSI values for the
daily expressions performed by different users as described
in Section IV-A. Fig. 26(a) shows the min, average, and max
input time for each individual character across different users.
Fig. 26(b) shows the text input speed for words when consider-
ing different metrics (WPM1 using equal character probability
and WPM2 using statistical probability) and Abbr. that lever-
ages abbreviations (e.g., input GM for Good morning) and
is measured using WPM2. As shown in the figure, the word
input speed is only 1.38 WPM when using the WPM1 met-
ric and 2.3 WPM when using the WPM2 metric. WiMorse

Fig. 27. Speed comparison with other Morse code input systems. (a) Morse
Code UI. (b) Gboard UI. (c) Word input speed.

Fig. 28. Impact of location on character accuracy and effectiveness of
WiMorse in addressing such location dependency. (a) Experiments at six
different locations. (b) Character recognition accuracy by location.

also supports abbreviations for common phrases, which further
increases the word input speed to 2.94 WPM.

We also compare the input speed of WiMorse with exist-
ing Morse code-based input systems hosted on mobile devices
(e.g., mobile phone and tablet). Two popular systems are
selected: 1) Morse Code APP and 2) Gboard. As shown in
Fig. 27, Morse Code APP [Fig. 27(a)] employs only one but-
ton to input dot and dash with different press time in Morse
code, and another button to input space. Fig. 27(b) shows the
user interface of Gboard developed by Google, which employs
one dot button and one dash button to input dot and dash in
Morse code. Fig. 27(c) shows the speed of Morse Code APP
and Gboard are 4.07 WPM and 5.16 WPM, respectively. Note
that both these systems require the users to slightly move their
hands. On the other hand, the MND patients have difficul-
ties moving their hands. Without a need of hand movement,
WiMorse is able to achieve 2.94 WPM for MND patients.

C. Factors Impacting the WiMorse System Performance

In real-world usage scenarios, the performance of WiMorse
may be impacted by multiple factors, such as location, user
diversity, environments, and other factors. Therefore, we con-
duct various experiments to evaluate the impact of these factors
on WiMorse.

1) Impact of Location: Fig. 28 shows the character recog-
nition accuracy at six different locations [Fig. 28(a)] before
and after applying the proposed signal transformation mecha-
nism. We observe that WiMorse can achieve high recognition
accuracy at all six locations. Furthermore, using the original
CSI ratio (before transformation) resulted in different recog-
nition accuracies at different locations (varying from 38%
to 78%), because the original CSI ratio induces inconsistent
signal patterns at different locations. However, our proposed
signal transformation mechanism can effectively address such
location-dependency and improve the character recognition
accuracy from 49.7% to 94.1%, nearly doubling the recog-
nition performance.
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Fig. 29. Evaluation of different impact factors for the WiMorse system.
(a) Impact of user diversity. (b) Impact of environment. (c) Impact of LoS.
(d) Impact of height.

2) Impact of User Diversity: As mentioned earlier, we
have recruited seven volunteers to perform all the characters
(9 times by each volunteer to get 63 instances per character).
Based on our results, there is no obvious difference among
the character recognition accuracies for different volunteers.
However, the users do vary in terms of text input speed. As
shown in Fig. 29(a), volunteer 1 has the highest input speed,
since he knows Morse code and has a bit more experience
inputting Morse code than others. For other volunteers, the
speed is more than 1.6 WPM without any training, and Morse
code can be memorized through training, resulting in higher
input speed.

3) Impact of Environment: Fig. 29(b) shows the character
recognition accuracy in three different environments, including
home, office, and meeting room. While the environments are
different in terms of layouts and setup, WiMorse is able to
achieve similarly high accuracy across all three environments,
ranging between 92% and 96%. This indicates that WiMorse
is robust against environments.

4) Impact of LoS and Height: We also evaluate the impact
of LoS and the height of transceivers on the performance of
WiMorse. Fig. 29(c) shows the character recognition accu-
racy under different LoS distances. We see that the accuracy
dropped slightly when LoS increases from 1 to 1.5 m, and
there is a bigger drop when LoS is set to 2 m. Fig. 29(d)
shows the character recognition accuracy when the transceivers
are positioned at different heights above the table. Again, the
performance dropped slighted when the height increases from
20 to 30 cm, and there is a bigger drop when the height is set
to 40 cm. These results indicate that smaller LoS and height
are needed to detect fine-grained finger gestures.

D. Discussion

In this article, we have designed WiMorse, a WiFi-based
contactless text input system using Morse code for MND
patients, which requires only subtle movement of a single
finger. Our evaluations show that WiMorse is able to detect

fine-grained finger gestures with high accuracy under various
environments and with multiple participants. Still, there are
several practical issues which need to be addressed in our
future work.

1) Interference From Surrounding People: In real-world
usage scenarios, there may be other people in the surrounding
area, which introduces interference for WiFi sensing. Note that
the received signal is affected by the target and surrounding
objects. Thus, whether the finger movements can be sensed
depends on the SNR, which means the surrounding objects’
distance and their motion displacements are not compara-
ble with target movement we are interested. We observe that
the interference caused by surrounding people’s movements
is quite limited if the target is close to the transceiver pair.
Our experimental results show that surrounding interference
is minimum beyond a distance of 1.5 m, which is reasonable
for MND patients.

2) Leveraging Surrounding WiFi Devices: Although the
proposed use of CSI ratio significantly improves the SNR,
fine-grained finger movement cannot be well sensed when the
transceiver pair is placed far apart. Our experiments show that
the performance drops when the LoS is longer than 2 m or the
height is above 40 cm. Thus, a dedicated pair of WiFi devices
are needed to support the application. Actually the proposed
approach can be applied to a 4/5G enabled mobile device with
two antennas, where only the device needs to be placed near
user’s hands to achieve the goal of WiMorse.

V. RELATED WORK

The research problem and methodologies presented in this
article are closely related to the following three research areas:
1) traditional text input methods; 2) text input for people with
disabilities; and 3) WiFi-based fine-grained activity sensing.

1) Traditional Text Input Methods: Traditional text input
is usually based on either typing or handwriting. For typing-
based text input, users type on a real or virtual keyboard,
and the keyboard allows users to type in letters and dig-
its [40]–[42]. For handwriting-based text input, users utilize
a pen or touch interface to input text [43], [44]. The recent
work RF-Copybook proposes a Chinese calligraphy recogni-
tion system [45]. Using two RFID tags attached to the brush
pen and three antennas equipped at the RFID reader, RF-
Copybook can track the pen’s movement and monitor the
handwriting process. These text input methods described above
typically require users to move their hands and arms, which
are not feasible for patients with MND.

2) Text Input for People With Disabilities: For people who
cannot speak or write, they could still communicate through
Morse code by blinking their eyes or moving their heads [46].
However, vision-based eyeball tracking systems are usually
complex and expensive and the head tracking method works
with an extra head touch sensor. When inputting text, patients
are required to shake their heads left or right all the time.6

SpeechTexter [47] is a voice-based text input system developed
to type with voice. However, the recognition accuracy is not
high enough, and people with MND will lose their speech

6https://vimeo.com/269745382
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function eventually. Meanwhile, Google brings Morse code to
Gboard [30], which uses two buttons: a dot “.” and a dash
“−” on the phone and allows users to customize the keyboard
to their unique input needs. Besides requiring the operation of
a mobile phone, constantly shifting finger between the two
buttons and touching the screen may be cumbersome and
even infeasible for MND patients. A promising approach for
MND patients is contactless text input, which does not require
patients to carry or wear any device. To facilitate text input
for people with MND, this article proposes Morse code-based
text input via contactless WiFi sensing, which exhibits clear
advantages in terms of cost and the amount of finger motion
required.

3) WiFi-Based Fine-Grained Activities Sensing: With
the availability of CSI readings from commodity WiFi
devices [32], significant progresses have been made for con-
tactless sensing, enabling new fine-grained activity sensing
applications, such as keystroke identification [48], hand ges-
ture recognition [20], [21], [49], [50], vital sign monitor-
ing [24], [25], [51]–[55], and speaking tracking [56]. For
nonperiodical activity recognition, WiHear was developed as
a lip-reading system that uses WiFi CSI to recognize lip
movements, which requires directional antennas and is very
sensitive to environment changes [56]. WiKey utilizes WiFi
CSI readings to recognize finger keystrokes, while WiSee is
a gesture recognition system that exploits the Doppler shift
in narrow bands extracted from wide-band OFDM transmis-
sions to recognize nine human gestures [57]. WiFinger aims to
recognize finger gestures (e.g., digits 1−9 in ASL or specific
eight finger gestures) using WiFi signals [20], [22]. Due to the
location dependency issue, these activity recognition systems
need to fix the positions of the transceivers and can only rec-
ognize the activities under the same setting when training data
are collecting. However, in reality, the location and environ-
ment changes would lead to a change in the received signal
patterns, making the collected training data inconsistent with
the test data. In contrast, WiMorse leverages a novel signal
transformation mechanism to automatically address the loca-
tion dependent issue without training, which makes accurate
and robust fine-grained finger-tracking feasible in a real-world
application.

VI. CONCLUSION

In this article, we have designed a WiFi-based contactless
text input system using Morse code for MND patients, which
allows patients with minimal finger control to input and thus
communicate with other people without attaching any sensor
to the finger. Through an in-depth analysis and understand-
ing of the drawbacks of CSI readings provided by existing
commodity WiFi devices for sensing, we identify the CSI
ratio of two antennas as a better base signal than the CSI
from any single antenna in terms of motion capture, espe-
cially for sensing the subtle motion of finger gestures. In order
to address the challenging issue that the same finger gesture
may induce different signal patterns at distinct input locations,
we propose a training-free signal transformation mechanism
to automatically map very different signal patterns due to

location variation to the same gesture pattern for accurate
gesture recognition. Extensive experiments in different envi-
ronments with different users demonstrate that WiMorse works
effectively for Morse code-based finger gesture recognition,
achieving over 95% character recognition accuracy for all the
subjects. We further show that WiMorse could enable reason-
able text input speed with abbreviations of Morse code, and a
single 4/5G mobile device could be placed near user’s hands
to achieve the same functionality.

ACKNOWLEDGMENT

The authors would like to thank the anonymous reviewers
for their valuable suggestions.

REFERENCES

[1] J. Wu and R. Jafari, “Orientation independent activity/gesture recogni-
tion using wearable motion sensors,” IEEE Internet Things J., vol. 6,
no. 2, pp. 1427–1437, Apr. 2019.

[2] W. Lu, F. Fan, J. Chu, P. Jing, and S. Yuting, “Wearable computing
for Internet of Things: A discriminant approach for human activity
recognition,” IEEE Internet Things J., vol. 6, no. 2, pp. 2749–2759,
Apr. 2019.

[3] J. Qi, P. Yang, M. Hanneghan, S. Tang, and B. Zhou, “A hybrid
hierarchical framework for gym physical activity recognition and mea-
surement using wearable sensors,” IEEE Internet Things J., vol. 6, no. 2,
pp. 1384–1393, Apr. 2019.

[4] M. S. Mahmud, H. Wang, A. M. Esfar-E-Alam, and H. Fang, “A wire-
less health monitoring system using mobile phone accessories,” IEEE
Internet Things J., vol. 4, no. 6, pp. 2009–2018, Dec. 2017.

[5] Y. Gu, F. Ren, and J. Li, “PAWS: Passive human activity recognition
based on WiFi ambient signals,” IEEE Internet Things J., vol. 3, no. 5,
pp. 796–805, Oct. 2016.

[6] Y. Gu, J. Zhan, Y. Ji, J. Li, F. Ren, and S. Gao, “Mosense: An RF-based
motion detection system via off-the-shelf WiFi devices,” IEEE Internet
Things J., vol. 4, no. 6, pp. 2326–2341, Dec. 2017.

[7] T. Wang et al., “Contactless respiration monitoring using ultrasound
signal with off-the-shelf audio devices,” IEEE Internet Things J., vol. 6,
no. 2, pp. 2959–2973, Apr. 2019.

[8] J. M. Statland, R. J. Barohn, A. L. McVey, J. S. Katz, and
M. M. Dimachkie, “Patterns of weakness, classification of motor neuron
disease, and clinical diagnosis of sporadic amyotrophic lateral sclerosis,”
Neurol. Clin., vol. 33, no. 4, pp. 735–748, 2015.

[9] Umeå Universitet. (Jan. 26, 2017). Eye Muscles Are Resilient
to ALS. Accessed: Feb. 9, 2019. [Online]. Available:
https://www.sciencedaily.com/releases/2017/01/170126093252.html

[10] C. Chen, Y. Chen, Y. Han, H.-Q. Lai, and K. J. R. Liu, “Achieving
centimeter-accuracy indoor localization on WiFi platforms: A frequency
hopping approach,” IEEE Internet Things J., vol. 4, no. 1, pp. 111–121,
Feb. 2017.

[11] C. Chen, Y. Chen, Y. Han, H.-Q. Lai, F. Zhang, and K. J. R. Liu,
“Achieving centimeter-accuracy indoor localization on WiFi platforms:
A multi-antenna approach,” IEEE Internet Things J., vol. 4, no. 1,
pp. 122–134, Feb. 2017.

[12] J. Xiong, K. Sundaresan, and K. Jamieson, “ToneTrack:
Leveraging frequency-agile radios for time-based indoor wire-
less localization,” in Proc. 21st Annu. Int. Conf. Mobile Comput.
Netw. (MobiCom), 2015, pp. 537–549. [Online]. Available:
http://doi.acm.org/10.1145/2789168.2790125

[13] H. Wang et al., “MFDL: A multicarrier fresnel penetration model
based device-free localization system leveraging commodity Wi-Fi
cards,” CoRR J., vol. arXiv:1707.07514, 2017. [Online]. Available:
http://arxiv.org/abs/1707.07514

[14] X. Li, S. Li, D. Zhang, J. Xiong, Y. Wang, and H. Mei,
“Dynamic-MUSIC: Accurate device-free indoor localiza-
tion,” in Proc. ACM Int. Joint Conf. Pervasive Ubiquitous
Comput. (UbiComp), 2016, pp. 196–207. [Online]. Available:
http://doi.acm.org/10.1145/2971648.2971665

[15] F. Zhang, C. Chen, B. Wang, and K. J. R. Liu, “Wispeed: A statistical
electromagnetic approach for device-free indoor speed estimation,” IEEE
Internet Things J., vol. 5, no. 3, pp. 2163–2177, Jun. 2018.

Authorized licensed use limited to: Peking University. Downloaded on February 21,2020 at 14:18:46 UTC from IEEE Xplore.  Restrictions apply. 



NIU et al.: WiMORSE: CONTACTLESS MORSE CODE TEXT INPUT SYSTEM USING AMBIENT WiFi SIGNALS 10007

[16] X. Li et al., “Indotrack: Device-free indoor human tracking with
commodity Wi-Fi,” Proc. ACM Interact. Mobile Wearable Ubiquitous
Technol., vol. 1, no. 3, pp. 1–22, Sep. 2017. [Online]. Available:
http://doi.acm.org/10.1145/3130940

[17] K. Qian, C. Wu, Z. Zhou, Y. Zheng, Z. Yang, and Y. Liu, “Inferring
motion direction using commodity Wi-Fi for interactive exergames,” in
Proc. CHI Conf. Human Factors Comput. Syst., 2017, pp. 1961–1972.
[Online]. Available: http://doi.acm.org/10.1145/3025453.3025678

[18] Y. Wang, J. Liu, Y. Chen, M. Gruteser, J. Yang, and H. Liu,
“E-eyes: Device-free location-oriented activity identification using fine-
grained WiFi signatures,” in Proc. 20th Annu. Int. Conf. Mobile
Comput. Netw. (MobiCom), 2014, pp. 617–628. [Online]. Available:
http://doi.acm.org/10.1145/2639108.2639143

[19] X. Li et al., “Training-free human vitality monitoring using commod-
ity Wi-Fi devices,” Proc. ACM Interact. Mobile Wearable Ubiquitous
Technol., vol. 2, no. 3, pp. 1–25, Sep. 2018. [Online]. Available:
http://doi.acm.org/10.1145/3264931

[20] H. Li, W. Yang, J. Wang, Y. Xu, and L. Huang, “WiFinger: Talk to
your smart devices with finger-grained gesture,” in Proc. ACM Int. Joint
Conf. Pervasive Ubiquitous Comput. (UbiComp), 2016, pp. 250–261.
[Online]. Available: http://doi.acm.org/10.1145/2971648.2971738

[21] P. Melgarejo, X. Zhang, P. Ramanathan, and D. Chu, “Leveraging
directional antenna capabilities for fine-grained gesture recog-
nition,” in Proc. ACM Int. Joint Conf. Pervasive Ubiquitous
Comput. (UbiComp), 2014, pp. 541–551. [Online]. Available:
http://doi.acm.org/10.1145/2632048.2632095

[22] S. Tan and J. Yang, “WiFinger: Leveraging commodity WiFi for fine-
grained finger gesture recognition,” in Proc. 17th ACM Int. Symp.
Mobile Ad Hoc Netw. Comput., 2016, pp. 201–210. [Online]. Available:
http://doi.acm.org/10.1145/2942358.2942393

[23] K. Niu, F. Zhang, J. Xiong, X. Li, E. Yi, and D. Zhang,
“Boosting fine-grained activity sensing by embracing wireless multipath
effects,” in Proc. 14th Int. Conf. Emerg. Netw. Exp. Technol.
(CoNEXT), 2018, pp. 139–151. [Online]. Available: http://doi.acm.org/
10.1145/3281411.3281425

[24] X. Liu, J. Cao, S. Tang, and J. Wen, “Wi-Sleep: Contactless sleep
monitoring via WiFi signals,” in Proc. IEEE Real Time Syst. Symp.,
Dec. 2014, pp. 346–355.

[25] H. Wang et al., “Human respiration detection with commod-
ity WiFi devices: Do user location and body orientation mat-
ter?” in Proc. ACM Int. Joint Conf. Pervasive Ubiquitous Comput.
(UbiComp), 2016, pp. 25–36. [Online]. Available: http://doi.acm.org/
10.1145/2971648.2971744

[26] Y. Zeng, D. Wu, R. Gao, T. Gu, and D. Zhang, “FullBreathe: Full
human respiration detection exploiting complementarity of CSI phase
and amplitude of WiFi signals,” Proc. ACM Interact. Mobile Wearable
Ubiquitous Technol., vol. 2, no. 3, pp. 1–19, Sep. 2018. [Online].
Available: http://doi.acm.org/10.1145/3264958

[27] C. Feng et al., “Material identification with commodity
Wi-Fi devices,” in Proc. 16th ACM Conf. Embedded Netw.
Sensor Syst. (SenSys), 2018, pp. 382–383. [Online]. Available:
http://doi.acm.org/10.1145/3274783.3275194

[28] D. Finley, Morse Code: Breaking the Barrier, MFJ Enterprises Inc.,
Starkville, MS, USA, 1998, pp. 1–88.

[29] D. W. Ross, Morse Code: A Place in the Mind, QST, Chicago, IL, USA,
p. 51, 1992.

[30] T. Finlayson. (Jul. 11, 2018). Making Morse Code Available to More
People on Gboard. Accessed: Feb. 11, 2019. [Online]. Available:
https://www.blog.google/products/search/making-morse-code-available-
more-people-gboard/

[31] What Is the Frequency of the Letters of the Alphabet in English, Oxford
Dictionary, Oxford, U.K., 2010.

[32] D. Halperin, W. Hu, A. Sheth, and D. Wetherall, “Tool release: Gathering
802.11n traces with channel state information,” SIGCOMM Comput.
Commun. Rev., vol. 41, no. 1, p. 53, Jan. 2011. [Online]. Available:
http://doi.acm.org/10.1145/1925861.1925870

[33] W. Wang, A. X. Liu, M. Shahzad, K. Ling, and S. Lu,
“Understanding and modeling of WiFi signal based human
activity recognition,” in Proc. 21st Annu. Int. Conf. Mobile
Comput. Netw. (MobiCom), 2015, pp. 65–76. [Online]. Available:
http://doi.acm.org/10.1145/2789168.2790093

[34] Y. Xie, Z. Li, and M. Li, “Precise power delay profiling with commodity
Wi-Fi,” IEEE Trans. Mobile Comput., vol. 18, no. 6, pp. 1342–1355,
Jun. 2019.

[35] N. J. Young, “Linear fractional transformations in rings
and modules,” Linear Algebra Appl., vol. 56, pp. 251–290,
Jan. 1984. [Online]. Available: http://www.sciencedirect.com/science/
article/pii/0024379584901319

[36] R. W. Schafer, “What is a Savitzky–Golay filter? [Lecture notes],” IEEE
Signal Process. Mag., vol. 28, no. 4, pp. 111–117, Jul. 2011.

[37] I. S. Mackenzie. (2002). A Note on Calculating Text Entry
Speed. [Online]. Available: http://www.yorku.ca/mack/RN-
TextEntrySpeed.html

[38] K. Ali, A. X. Liu, W. Wang, and M. Shahzad, “Recognizing keystrokes
using WiFi devices,” IEEE J. Sel. Areas Commun., vol. 35, no. 5,
pp. 1175–1190, May 2017.

[39] H. Wang, T. T.-T. Lai, and R. R. Choudhury, “MoLe: Motion leaks
through smartwatch sensors,” in Proc. 21st Annu. Int. Conf. Mobile
Comput. Netw. (MobiCom), 2015, pp. 155–166. [Online]. Available:
http://doi.acm.org/10.1145/2789168.2790121

[40] U. Mishra, “Inventions on computer keyboard—A TRIZ based anal-
ysis,” TRIZ J., vol. 11, pp. 1–10, Nov. 2003. [Online]. Available:
https://ssrn.com/abstract=2430303

[41] S. Reyal, S. Zhai, and P. O. Kristensson, “Performance and user
experience of touchscreen and gesture keyboards in a lab set-
ting and in the wild,” in Proc. 33rd Annu. ACM Conf. Human
Factors Comput. Syst. (CHI), 2015, pp. 679–688. [Online]. Available:
http://doi.acm.org/10.1145/2702123.2702597

[42] X. Yi, C. Yu, W. Shi, and Y. Shi, “Is it too small? Investigating
the performances and preferences of users when typing on tiny
qwerty keyboards,” Int. J. Human–Comput. Stud., vol. 106, pp. 44–62,
Oct. 2017. [Online]. Available: http://www.sciencedirect.com/science/
article/pii/S1071581917300654

[43] A. Bharath and S. Madhvanath, “FreePad: A novel handwriting-based
text input for pen and touch interfaces,” in Proc. 13th Int. Conf.
Intell. User Interfaces (IUI), 2008, pp. 297–300. [Online]. Available:
http://doi.acm.org/10.1145/1378773.1378814

[44] C. Yu, K. Sun, M. Zhong, X. Li, P. Zhao, and Y. Shi, “One-dimensional
handwriting: Inputting letters and words on smart glasses,” in Proc.
CHI Conf. Human Factors Comput. Syst., 2016, pp. 71–82. [Online].
Available: http://doi.acm.org/10.1145/2858036.2858542

[45] L. Chang et al., “RF-copybook: A millimeter level calligraphy copy-
book based on commodity RFID,” Proc. ACM Interact. Mobile Wearable
Ubiquitous Technol., vol. 1, no. 4, pp. 1–19, Jan. 2018. [Online].
Available: http://doi.acm.org/10.1145/3161191

[46] Google. (Jul. 11, 2018). Hello Morse. Accessed: Feb. 11, 2019. [Online].
Available: https://experiments.withgoogle.com/collection/morse

[47] T. Finlayson, Speechtexter, Google, Mountain View, CA,
USA, Jul. 2018. Accessed: Feb. 11, 2019. [Online]. Available:
https://www.speechtexter.com/

[48] M. Li et al., “When CSI meets public WiFi: Inferring your mobile
phone password via WiFi signals,” in Proc. ACM SIGSAC Conf. Comput.
Commun. Security (CCS), 2016, pp. 1068–1079. [Online]. Available:
http://doi.acm.org/10.1145/2976749.2978397

[49] L. Shangguan, Z. Zhou, and K. Jamieson, “Enabling gesture-based
interactions with objects,” in Proc. 15th Annu. Int. Conf. Mobile
Syst. Appl. Services (MobiSys), 2017, pp. 239–251. [Online]. Available:
http://doi.acm.org/10.1145/3081333.3081364

[50] A. Virmani and M. Shahzad, “Position and orientation agnostic ges-
ture recognition using WiFi,” in Proc. 15th Annu. Int. Conf. Mobile
Syst. Appl. Services (MobiSys), 2017, pp. 252–264. [Online]. Available:
http://doi.acm.org/10.1145/3081333.3081340

[51] F. Adib, H. Mao, Z. Kabelac, D. Katabi, and R. C. Miller, “Smart
homes that monitor breathing and heart rate,” in Proc. 33rd Annu. ACM
Conf. Human Factors Comput. Syst. (CHI), 2015, pp. 837–846. [Online].
Available: http://doi.acm.org/10.1145/2702123.2702200

[52] C.-Y. Hsu, A. Ahuja, S. Yue, R. Hristov, Z. Kabelac, and
D. Katabi, “Zero-effort in-home sleep and insomnia monitoring using
radio signals,” Proc. ACM Interact. Mobile Wearable Ubiquitous
Technol., vol. 1, no. 3, pp. 1–18, Sep. 2017. [Online]. Available:
http://doi.acm.org/10.1145/3130924

[53] J. Liu, Y. Wang, Y. Chen, J. Yang, X. Chen, and J. Cheng, “Tracking vital
signs during sleep leveraging off-the-shelf WiFi,” in Proc. 16th ACM Int.
Symp. Mobile Ad Hoc Netw. Comput. (MobiHoc), 2015, pp. 267–276.
[Online]. Available: http://doi.acm.org/10.1145/2746285.2746303

[54] F. Zhang et al., “From fresnel diffraction model to fine-grained human
respiration sensing with commodity Wi-Fi devices,” Proc. ACM Interact.
Mobile Wearable Ubiquitous Technol., vol. 2, no. 1, pp. 1–23, Mar. 2018.
[Online]. Available: http://doi.acm.org/10.1145/3191785

[55] M. Zhao, S. Yue, D. Katabi, T. S. Jaakkola, and M. T. Bianchi,
“Learning sleep stages from radio signals: A conditional adver-
sarial architecture,” in Proc. 34th Int. Conf. Mach. Learn.
(ICML), vol. 70, 2017, pp. 4100–4109. [Online]. Available:
http://dl.acm.org/citation.cfm?id=3305890.3306105

Authorized licensed use limited to: Peking University. Downloaded on February 21,2020 at 14:18:46 UTC from IEEE Xplore.  Restrictions apply. 



10008 IEEE INTERNET OF THINGS JOURNAL, VOL. 6, NO. 6, DECEMBER 2019

[56] G. Wang, Y. Zou, Z. Zhou, K. Wu, and L. M. Ni, “We can hear you with
Wi-Fi!” IEEE Trans. Mobile Comput., vol. 15, no. 11, pp. 2907–2920,
Nov. 2016.

[57] Q. Pu, S. Gupta, S. Gollakota, and S. Patel, “Whole-home ges-
ture recognition using wireless signals,” in Proc. 19th Annu. Int.
Conf. Mobile Comput. Netw. (MobiCom), 2013, pp. 27–38. [Online].
Available: http://doi.acm.org/10.1145/2500423.2500436

Kai Niu received the M.S. degree in computer
technology from the School of Electronic and
Information Engineering, Xi’an Jiaotong University,
Xi’an, China, in 2016. He is currently pursuing the
Ph.D. degree in computer science with the School
of Electronics Engineering and Computer Science,
Peking University, Beijing, China.

His current research interests include ubiquitous
computing and mobile computing.

Fusang Zhang received the M.S. and Ph.D. degrees
in computer science from the Institute of Software,
Chinese Academy of Sciences, Beijing, China, in
2013 and 2017, respectively.

He is currently an Assistant Professor with the
Institute of Software, Chinese Academy of Sciences,
and Peking University. His current research interests
include mobile and pervasive computing, ad hoc
network, and wireless contactless sensing.

Yuhang Jiang is currently pursuing the bache-
lor’s degree in computer science from the School
of Electronics Engineering and Computer Science,
Peking University, Beijing, China.

His current research interests include ubiqui-
tous computing, mobile computing, and machine
learning.

Jie Xiong received the Ph.D. degree in computer
science from University College London, U.K., in
2015.

He is currently an Assistant Professor with the
College of Information and Computer Sciences,
University of Massachusetts, Amherst, MA, USA.
His current research interests include wireless sens-
ing and mobile computing.

Dr. Xiong was a recipient of the Google European
Doctoral Fellowship and the British Computer
Society Distinguished Dissertation Award Runner-

Up. His recent work appeared at MobiCom, UbiComp, SenSys, CoNEXT,
INFOCOM, NSDI, and won the CoNEXT 2014 Best Paper Award.

Qin Lv received the Ph.D. degree from Princeton
University, Princeton, NJ, USA.

She is an Associate Professor with the Department
of Computer Science, University of Colorado
Boulder, Boulder, CO, USA. She has published over
70 peer-reviewed papers with over 5000 citations.
Her research integrates systems, algorithms, and
applications for effective and efficient data analyt-
ics in ubiquitous computing and scientific discovery.
Her research is interdisciplinary in nature and inter-
acts closely with a variety of application domains,

including environmental research, earth sciences, renewable and sustain-
able energy, materials science, as well as the information needs in people’s
daily lives, such as mobile environmental sensing, indoor localization, driv-
ing behavior analysis, user profiling, and cybersafety. Her current research
interests include mobile/wearable/Internet of Things computing, online social
networks, spatial–temporal data, anomaly detection, recommender systems,
and multimodal data fusion.

Dr. Lv was a recipient of the SenSys 2018 Best Paper Runner-Up Award, the
2017 Google Faculty Research Award, the VLDB 2017 Ten Year Best Paper
Award, the ICTAI 2017 Best Student Paper Award, two Best Paper Award
nominations, and the Pervasive 2012 Computational Sustainability Award.
She is an Associate Editor of PACM IMWUT and has served on the tech-
nical program committee and organizing committee of many international
conferences.

Youwei Zeng received the B.E. degree in software
engineering from Zhejiang University, Hangzhou,
China, in 2016. He is currently pursuing the Ph.D.
degree in computer science with the School of
Electronics Engineering and Computer Science,
Peking University, Beijing, China.

His current research interests include ubiquitous
computing and mobile computing.

Daqing Zhang (F’19) received the Ph.D. degree
from the University of Rome “La Sapienza,” Rome,
Italy, in 1996.

He is a Chair Professor with the School
of Electrical Engineering and Computer Science,
Peking University, Beijing, China, and Telecom
SudParis, Palaiseau, France. His current research
interests include context-aware computing, urban
computing, mobile computing, big data analytics,
and pervasive elderly care. He has published over
280 technical papers in leading conferences and

journals.
Dr. Zhang was a recipient of the Ten-Years CoMoRea impact Paper Award

at IEEE PerCom 2013, the Honorable Mention Award at ACM UbiComp
2015 and 2016, the Best Paper Award at IEEE UIC 2015 and 2012. He
served as the General or Program Chair for over 17 international confer-
ences, giving keynote talks at more than 20 international conferences. He
is an Associate Editor for the IEEE PERVASIVE COMPUTING, the ACM
Transactions on Intelligent Systems and Technology, and the Proceeding of
ACM on Interactive, Mobile, Wearable and Ubiquitous Technologies.

Authorized licensed use limited to: Peking University. Downloaded on February 21,2020 at 14:18:46 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


