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Abstract—The proliferation of wearable devices, e.g., smartwatches and activity trackers, with embedded sensors has already shown its

great potential onmonitoring and inferring human daily activities. This paper reveals a serious security breach of wearable devices in the

context of divulging secret information (i.e., key entries) while people are accessing key-based security systems. Existingmethods of

obtaining such secret information rely on installations of dedicated hardware (e.g., video camera or fake keypad), or training with labeled

data from body sensors, which restrict use cases in practical adversary scenarios. In this work, we show that a wearable device can be

exploited to discriminatemm-level distances and directions of the user’s fine-grained handmovements, which enable attackers to

reproduce the trajectories of the user’s hand and further to recover the secret key entries. In particular, our system confirms the possibility

of using embedded sensors in wearable devices, i.e., accelerometers, gyroscopes, andmagnetometers, to derive themoving distance of

the user’s hand between consecutive key entries regardless of the pose of the hand. Our Backward PIN-Sequence Inference algorithm

exploits the inherent physical constraints between key entries to infer the complete user key entry sequence. Extensive experiments are

conducted with over 7,000 key entry traces collected from 20 adults for key-based security systems (i.e., ATM keypads and regular

keyboards) through testing on different kinds of wearables. Results demonstrate that such a technique can achieve 80 percent accuracy

with only one try andmore than 90 percent accuracy with three tries. Moreover, the performance of our system is consistently good even

under low sampling rate and when inferring long PIN sequences. To the best of our knowledge, this is the first technique that reveals

personal PINs leveraging wearable devices without the need for labeled training data and contextual information.

Index Terms—Privacy leakage, wearable devices, leakage of PIN, hand movement trajectory recovery, PIN sequence inference
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1 INTRODUCTION

THE convenience of wearable devices, such as smart-
watches and fitness bands (e.g., Fitbit and Jawbone), has

greatly stimulated the growth of the market of mobile devices
in recent years; market researchers estimated that 72.1million
wearable devices will be shipped in 2015, which will be about
173 percent from the 26.4million wearable devices shipped in
2014 [8]. Such increasing popularity of wearable devices has
enabled a broad range of useful applications, including fitness
tracking, falling detection, gesture control and user authenti-
cation. Since suchwearable devices have the ability to capture
users’ handmovements andderive humandynamics directly,
a major concern arises on whether a user’s sensitive informa-
tion could be leaked and obtained by adversaries including
the user’s PIN sequence when accessing an ATM machine or
using debit cards for payment.

In this work, we demonstrate that a user’s personal PIN
sequence could be leaked through his wearable devices (e.g,
smartwatch or fitness tracker), when accessing a key-based
security system. Such systems are very common in daily lives.
Examples include accessing ATM cash machines, electronic
door locks, and keypad-controlled enterprise servers. A key-
based security system requires people to enter personal key
combinations on the keypad for identity verification. With
people tending to wear wearable devices around-the-clock,
the movements of their wrists during the key entry process to

a security system (i.e., clicking keys and moving between
clicks) are captured by the sensors on wearable devices. As
such, wearables could cause a new way of sensitive informa-
tion leakage when a user accesses the key-based security sys-
tems. In particular, adversaries can obtain sensor readings of
wearables via sniffing Bluetooth communications [26], [32] or
installing malwares [6] on the devices, and further infer the
user’s PIN sequence (e.g., ATMPIN sequences or key sequen-
ces on access control panels) for his own use.

There has been active study on sensitive information
leakage when using key-based security systems. Traditional
attacks rely on either shoulder surfing or hidden cam-
eras [11], [19]. Such attacks require direct visual contact to
key entry actions and additional installation efforts. Fur-
thermore, Shukla et al. propose a side-channel attack utiliz-
ing a camera-based method to recover smartphone lock
PINs from the user’s spatial-temporal hand dynamics with-
out directly seeing the keypad on screen [31]. The proposed
method has a low inference accuracy and requires cameras
to capture the user’s hand and the back side of the touch
screen. Two recent work [18], [34] propose to utilize sensors
in smartwatches to infer user’s typed words or passwords.
The MoLe [34] system relies on a linguistic model to infer
user’s typed words, which is difficult to work with non-
contextual inputs. Liu et al.[18] devise a system that
requires training of the sensor data to classify user inputs.

In contrast to these prior studies, we develop a training-
free, context-free technique to reveal a user’s private PIN
sequence (to a key-based security system) when a wrist-
wornwearable device is employed. Thewrist-wornwearable
devices could be either smartwatches or fitness trackers.
While the digital smartwatch is designed to be worn on
either hand, the user can wear it on the right hand without
the concern on traditional watch designed to adjust time
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easily when wearing it on the left hand. Additionally, many
people tend to wear fitness tracker on the right hand while
keepingwearing traditional watch on the left hand. The basic
idea is to exploit embedded sensors in wearable devices to
capture dynamics of key entry activities and derive fine-
grained hand movement trajectories traversing secret key
entries. While wearable devices have equipped with various
sensors, it is challenging to accurately recover such fine-
grained hand-movement trajectories that exhibit only mm-
level difference in distance between keys via low-fidelity sen-
sors. In addition, due to hand vibrations and rotations, the
coordinate system of a wearable device is not always aligned
with a fixed reference, which makes it hard to track the hand
movements by using sensor readings directly. Additionally,
in order to obtain a person’s key entries without user cooper-
ation or drawing any attention, the adversary has to achieve
the PIN sequencewith no training or contextual information.

To address these challenges, our approach examines the
inherent physics phenomenon extracted from the user’s key
entry activities via wearable sensors and develops distance
calculation and direction derivation schemes to produce
mm-level accuracy when estimating the moving distance
and angle between two consecutive key entries. To obtain
the complete PIN sequence, our backward PIN-sequence
inference algorithm exploits the physical constraints of dis-
tance between keys and temporal sequence of key entry
activities to construct a tree of candidate key entries for
determining the PIN sequence in a reversedmanner, because
in many practical cases, the “Enter” key is the last key after
the user enters his/her PIN sequence. The mm-level preci-
sion of estimating the fine-grained moving distance and
direction between two keys and the backward PIN-sequence
inference algorithm enable our system to obtain the user’s
PIN sequence without training and contextual information.
Through extensive real experiments, we find that our PIN
sequence inference algorithm can achieve high accuracy
regardless of different types of wearables and layouts of key-
pads. Furthermore, the performance of our system is consis-
tently good even under low sampling rate (e.g., 25 Hz) or
when inferring long PIN sequences. Such a technique can
easily be extended to support password recovery when peo-
ple type on keyboards while wearingwearables.

We summarize our main contributions as follows:

� We demonstrate that a single wrist-worn wearable
device can reveal a user’s PIN sequence to key-based
security systems. We develop a training-free
approach by exploiting the inherent physics mean-
ing extracted from sensor readings on wearables.
Such an approach does not require contextual infor-
mation, allowing it to recover random key entries.

� We develop the distance estimation and direction
derivation schemes that capture the fine-grained
hand movements at mm-level precision.

� We show that it is possible to infer a complete user’s
PIN number via a backward PIN-sequence inference
algorithm. By exploiting spatial and temporal con-
straints of PIN entries and the fine-grained handmove-
ment analysis, our approach can accurately pin-point
the location of each PIN entrywith the right sequence.

� We conduct extensive experiments with 20 partici-
pants wearing two types of smartwatch and a proto-
type of wearable on key-based security systems such
as ATM keypads and keyboards over a thirteen-
month period. We show that our system can achieve

80 percent accuracy of inferring PIN sequences with
only one try and over 90 percent accuracy with three
tries without training and contextual information.

� We evaluate the performance of our system when
inferring the PIN sequenceswith increasedPIN length
and under different sampling rates. We demonstrate
that our system can achieve a good performance
when inferring long PIN sequences (e.g., 6-PIN
sequences) and under low sampling rate (e.g., 25Hz).

The rest of the paper is organized as follows. We first put
our work in the context of related studies in Section 2. In
Section 3, we investigate the feasibility of using wearables to
obtain a user’s PIN sequence of key-based services. We then
describe the design of our PIN-sequence inference frame-
work in Section 4. Next, we present two schemes of distance
estimation and direction derivation to capture fine-grained
hand movements via sensors on wearables in Section 5. The
backward PIN-sequence inference algorithm to recover
the complete user PIN sequence is described in Section 6. We
present the detailed implementation of our framework in
terms of pre-processing of the sensor data and coordinate
alignment in Section 7. In Section 8, we perform extensive
evaluation of our approach involving real key-based security
systems. Finally, we discuss the relative issues and conclude
our work in Sections 9 and 10 respectively.

2 RELATED WORK

Recent studies show that embedded sensors on mobile devi-
ces, such as accelerometers and touch screens, can capture
users’ motion and leak their sensitive information [13], [22],
[25], [28], [29], [36]. Recently, wearable devices, such as smart-
watches and fitness bands, extend the sensing capability to
limbs and enablemany useful applications [15], [17], [24], [38].
These existing studies have shown the sensing capabilities of
up-to-date mobile devices, which inspire us to explore the
potential of using wrist-mounted wearables to recover fine-
grained handmovements, and study towhat extent the user’s
sensitive information could be leaked from their fingers.

Toward this end, we explore the possibility of recovering
people’s private PIN sequences through their wrist-worn
mobile devices when they enter PINs on key-based security
systems. Traditionally, key-based security systems could be
breached by several methods, such as hidden cameras and
skimmers [7], [11], [37]. For example, some ATM machines
are attached by a hidden camera, which was used to record
PIN sequences or body movements of entering PINs [19].
An adversary may also put a skimmer into the ATM
machine card slot. When the customer slides their card, it
will go through the skimmer first and then into the machine.
A chip inside the skimmer device records information about
the account without the knowledge of the customer [1].
These existing methods largely depend on installing dedi-
cated devices in the restricted area.

In addition, researchers show that it is possible to recog-
nize users’ keystrokes by using acoustic approaches. Berger
et al. [12] demonstrate that by using linguistic models and
recorded typing sound on a keyboard, an attacker can suc-
cessfully reconstruct the typed words. Zhu et al. [39] present
a context-free and geometry-based approach to recover key-
strokes by using multiple smartphones to record acoustic
emanations from the keystrokes. Wang et al. [35] develop a
system that extracts and optimizes the location-dependent
multipath fading features from the audio signals and lever-
ages the signal diversity resulted from the dual-microphone
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interface in a mobile device to identify key entries typed on a
keyboard. Along this line, Jian et al. [16] demonstrate that
mobile audio hardware in off-the-shelf mobile devices can
be exploited to discriminate mm-level position differences,
based onwhich they develop a system that can locate the ori-
gin of keystrokes by using only a single phone behind a key-
board [16]. Martinovic et al. demonstrate that the captured
electroencephalography (EEG) signals from head-wearable
EEG devices can reveal whether the presented stimuli (e.g.,
images) are related to the user’s private information such as
bank cards, area of residence and PIN numbers. [21]. Mar-
quardt et al. develop an application that can utilize acceler-
ometers in a smartphone to sense the vibrations caused by
keystrokes from a nearby keyboard and further identify the
keystrokes [20]. Their proposed technique relies on a linguis-
tic model and labeled training data and the system is highly
sensitive to environment noise (e.g., peoplemoving around).

The most related work to ours are two concurrent studies,
which analyze the leak of users’ passwords or typed words
from smartwatches [18], [34]. Wang et al. [34] devise a system
that can infer typed words on a keyboard by utilizing motion
sensors in smartwatches. The system assumes to know the
fixed initial position of the smartwatch and relies on a linguis-
tic model to infer typed words, which makes it hard to deal
with non-contextual inputs, such as passwords and PIN
sequences. Liu et al. [18] apply sensors in a smartwatch to
infer users’ inputs on a keyboard or POS terminal by utilizing
machine-learning based techniques. Their approach requires
training of hand movements between keystrokes, and it is
unclear how the system handles changing positions of the
wrist during typing. Moreover, both of the above work can
only achieve moderate accuracy in deriving the user inputs
given limited number of tries. Different from previous work,
our key entry inference system is training-free, contextual-
free and does not involve additional devices. Furthermore,
our backward PIN-sequence inference framework is not sub-
ject to environmental noises, such as ambient noise, light
interference and peoplewalking around.

3 ATTACK MODEL AND FEASIBILITY STUDY

The positions of wearable devices on human bodies natu-
rally enhance the devices’ capability of the activity recogni-
tion and facilitate many applications based on the context of
activities. However, such strong sensing ability brings up
new security and privacy issues. In this work, we study the
possible personal secret leakage in a very common scenario
that people wear wrist-worn wearable devices while using
key-based security systems, such as ATM machines, pass-
word secured door entries, and keypad-controlled enter-
prise servers. In this section, we describe the attack model
and explore the feasibility of utilizing wearable devices to
recover personal key entries in key-based security systems.

3.1 Attack Model
We consider an adversary aiming at recovering a person’s
secret PIN entries leveraging embedded sensors (e.g., accel-
erometer, gyroscope and magnetometer) in wearable devi-
ces worn on his/her wrist. The adversary has the
knowledge of where the victim visits the key-based security
system and can obtain the layout of the keypad. We assume
that the adversary is able to access the sensor data and com-
municate over networks on the smartphone, but cannot
observe the PIN entry activities visually by any means.
The wearable device is usually paired with the user’s

smartphone via Bluetooth and constantly sends sensor data
to the person’s smartphone for logging purpose. Most wear-
ables are using Bluetooth Low Energy (BLE) to transmit sen-
sor data. With low energy, BLE comes with low security
capability compared with Bluetooth. As a result, for exam-
ple, the sensor data could be sniffed by the adversary by
using Bluetooth sniffing techniques [10], [23].

But the adversary does not have access to training data,
which is specific to a particular key-based security system.
Particularly, we identify two representative attacking sce-
narios as follows:

Sniffing Attacks. An adversary can place a wireless sniffer
close to a key-based security system (e.g., ATM machine or
key-based security door) to eavesdrop sensor data from the
wearable device, which isworn on the victim’swrist when he/
she enters security PINs into the security system. The adver-
sary utilizes the wireless sniffer to capture Bluetooth packets
sent by the wearable device to its associated smartphone [14],
[26], [32], and determines the victim’s PIN sequence based on
the sensor data extracted fromBluetooth packets.

Internal Attacks. An adversary can access the embedded
sensors in the victim’s wrist-worn wearable device by
installing a malware app without the victim’s notice [6].
The malware app waits until the victim accesses the key-
based security system and keeps sending sensor data back
to the adversary’s server through the Internet. The adver-
sary can aggregate the sensor data on the server to deter-
mine the victim’s PIN sequence remotely.

3.2 Intuitions of Hand Movements behind Key Entry
Activities

When accessing a key-based security system, a person’s PIN
sequence is entered through multiple key clicks. During
each key click, there exhibits acceleration and deceleration
of keys when pressed and released by the user. This simple
information can serve as a guideline to discriminate differ-
ent key clicks. The critical question we need to answer is
that whether the sensors on wearable devices can discrimi-
nate between key clicks and capture the fine-grained move-
ments between two consecutive clicks. In particular, we
look for unique sensing patterns inherited from such accel-
eration and deceleration that could be used to facilitate the
discrimination of key clicks and distance estimation of hand
movement between two key clicks.

A key click can be separated into two consecutive timeperi-
ods: key pressing and key releasing periods. The key pressing
period starts when a person’s finger touches the key and ends
when the finger presses the key to the bottom of the keypad
(denoted as pressing point). The key releasing period starts
when the person’s finger releases the key from the bottom of
the keypad and ends when the finger stops moving after it is
detached from the key (denoted as releasing point). Intuitively,
the hand accelerates towards the keypad while pressing the
key before the pressing point, and decelerates and stops
quickly due to the reaction force from the key that touches the
bottom of the keypad.When releasing the key, the hand accel-
erates towards the opposite direction to the keypad and stops
after the finger is detached from the keypad. We illustrate the
hand’s acceleration/deceleration in the Z-axis caused by key
pressing and releasing in Fig. 1. We use the keypad’s coordi-
nate systemwith theZ-axis perpendicular to the keypad plane
and pointing out from the keypad, and the X-axis aligned to
the direction connecting the first and the second key.

Furthermore, in between two consecutive key clicks, the
key entry activity involves the handmovement from one key
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to another. As shown in Fig. 1, the accelerations on theX axis
present an obvious up-and-down trend, while the accelera-
tions on the Z and Y axes remain stable. The intuition behind
this phenomenon is that the hand usually accelerates and
moves relatively in parallel with the keypad on the shortest
trajectory between the first and second keys. After passing
the middle point of the trajectory, the hand decelerates to
stop when it reaches the Key 2’s position. Such unique up-
and-down acceleration trend is very useful to help capturing
the small distance of handmovement between two keys.

Feasibility Study. To study whether the sensors on wear-
ables can capture such detailed acceleration patterns during
key entry activities, we conduct two sets of experiments on
the number pad of a Dell USB wired keyboard L100 with an
Invensense MPU-9150 9-axis motion sensor (i.e., IMU),
which is a prototyping alternative to a wearable device. The
sensor uses a moderate sampling rate of 100 Hz and con-
tains an accelerometer, gyroscope and magnetometer that
are comparable to embedded sensors in wearable devices.
During the experiments, the participant wears the sensor on
his wrist and keeps his hand in parallel to the keypad below
so that the sensor’s Z axis points out and is perpendicular to
the keypad. The first set of experiments moves from keys 4
to 5, which is along the sensor’s X axis, and the second set
of experiments moves from keys 5 to 8 along the sensor’s Y
axis. The distance between keys 4 to 5 is only 1:9 cm, the
same as that between keys 5 to 8. We use a camera on top of
the keyboard to record the moving distance ground truth of
the sensor. We note that these two experiment setups are
special as the sensor’s coordinate system is fully aligned
with the keypad’s coordinate system.

We estimate the sensor’s moving distance by applying the
double integration to the acceleration readings of the X axis
and the Y axis from the accelerometer on the sensor. The
details of the distance estimation scheme are presented in
Section 5. Fig. 2 compares the ground truth and the estimated
distance in 10 runs of aforementioned settings, respectively.
We find that overall the estimation errors are less than 1 cm,
the mean error of the 10 runs of each experimental setting is
as low as 0.27 and 0:24 cm on theX andY axes, respectively.

Additionally, we find that there is an unique up-and-
down acceleration pattern captured by the sensor, which can
be utilized to determine the sensor’s moving direction. Fig. 3
shows that the up-and-down acceleration pattern (like a sine
wave) appears onX and Y axes respectively when the sensor
is moving along X or Y axes. The capability of accurate dis-
tance estimation of the small moving distance between keys
and the moving direction determination are the foundation
for recovering the user’s secret PIN sequence. Thus, these

observations are encouraging as they indicate the sensors on
wearables have the capability to capture the fine-grained
handmovements to facilitate PIN sequence recovery.

4 SYSTEM DESIGN

In this section, we discuss the challenges in our system
design and provide an overview of our system.

4.1 Challenges
The goal of accurately recovering personal PIN sequences
by using the embedded sensor of wearable devices worn on
the victim’s wrist is not trivial. Our system design and
implementation need to overcome the following challenges:

Robust Fine-Grained Hand Movement Tracking. Using
embedded sensors in wrist-worn wearable devices to recon-
struct the trajectories of handmovements in key-entry activi-
ties is challenging since the sensors not only capture the
acceleration patterns of key clicks and movements from key
to key, but also are affected by the users’s unconscious hand
vibration and rotation. Furthermore, due to the limited size
of the keypad, the distance between keys is small, making it
hard to estimate using the low-grade sensors on wearables.
Thus, we need to design distance estimation and direction
derivation schemes to accurately estimate the hand moving
distance between keys and track the direction of fine-grained
handmovements despite various interfering sensing factors.

Training-Free Key Entry Recognition. Considering the
attacking nature of our goal, it would be unlikely for the
adversary to collect any training data (e.g., sensor data of
hand movements) before recovering a user’s PIN sequence.
And it is also unlikely to have the user’s cooperation during
this process. Thus, we aim to infer the user’s secret PIN
sequence leveraging wearables without training efforts
involving target users’ participation.

Recovering PIN Sequence Without Contextual Information.
The target user’s PIN sequences used in key-based security
systems are usually consisted of numbers without contex-
tual information or linguistic meaning. Our developed
method should have the ability to recover sensitive informa-
tion consisting of random combination of numbers. This

Fig. 1. Acceleration patterns inherited from key entry activities, shown in
the readings of a 3-axis accelerometer on IMU.

Fig. 2. Distance estimation of the number pad on the Dell keyboard
based on IMU.

Fig. 3. Accelerometer readings from IMU.
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requires our system to be able to recover PIN sequences
without relying on linguistic model or dictionaries.

Sensing with Single Free-Axis Wearable Device. Using a sin-
gle wearable device to recover PIN sequence is necessary
because usually there is only one wearable device available
on the wrist of the hand that performs key entry activities.
There is no reference point available besides the single
wearable device. Furthermore, sensor readings are with
respect to the wearable device’s coordinate system, which is
not stable and changes often according to the device’s pos-
ture. In order to recognize key entry activities and derive
fine-grained hand movement trajectories, it is important for
our system to translate the sensor readings from the wear-
able device’s coordinate system to a fixed coordinate sys-
tem, such as the keypad’s coordinate system.

4.2 System Overview
The main goal of our work is to demonstrate that using
wearable devices could reveal people’s secret PIN sequence
to key-based security systems such as ATM machines, elec-
tronic-key based door entries, and enterprise servers. We
design and implement a system that has the capability to
reveal target user’s secret PIN sequences through tracking
the fine-grained hand movement trajectories related to key
entry activities. The basic idea is to examine the acceleration
of the user’s hand movements when accessing key entry
based security systems. Based on the feasibility study of
two special cases in Section 3, wrist-worn wearables can
capture the unique patterns of acceleration embedded in
the hand movements caused by entering the secret PINs.
Such unique patterns can be exploited to estimate hand
moving distances and directions during the key-entry activ-
ities, which can be leveraged to reconstruct fine-grained
moving trajectories of the user’s hand and infer the PIN
sequence traversed by the trajectories.

The flow of our system is illustrated in Fig. 4. Our system
takes as input the raw sensor readings, such as acceleration,

rotation rate, and quaternion, from the wearable device
worn on a target user’s wrist. Then the system performs Key
Click Detection and Trace Segmentation to detect each key click
by examining accelerations and separate the sensor read-
ings into segments containing consecutive key entries. The
Data Calibration utilizes Quaternion-based Coordinate Align-
ment and Noise Reduction techniques to translate each seg-
ment of accelerations into the measurements with respect to
the coordinate system of the keypad, and remove noise
from readings by using the Savitzky-Golay filter.

The core of our system consists of two components, Fine-
grained Subpath Recovery and Backward PIN-Sequence Infer-
ence, which first estimate the distance and direction of hand
movements in each segment of acceleration collected
between two consecutive key entries, and then integrate the
estimated distance and direction of each segment to deter-
mine the entire PIN sequence based on the physical con-
straints of the keypad and temporal relationship of the key
entering sequence. We define a subpath as the trajectory of
the user’s hand movement between two consecutive key
clicks inside one segment. As shown in Fig. 4, the Fine-
grained Subpath Recovery consists of two subtasks:Distance
Estimation and Direction Derivation. The Distance Estimation
identifies the unique acceleration patterns embedded in the
key pressing and releasing activities and perform distance
estimation based on such patterns. Additionally, the Direc-
tion Derivation leverages the estimated distance together
with the acceleration patterns caused by the hand move-
ment in each subpath to derive the hand moving direction.

After obtaining the estimated moving distance and direc-
tion in each subpath, the system develops the Backward PIN-
Sequence Inference to recover the user’s PIN sequence. Specif-
ically, our systemfirst applies the Backward Subpath Integration
to combine subpaths in a backward manner in time series.
Then the system performs Point-wise Euclidean Distance Accu-
mulation to calculate the accumulated Euclidean distance for
each candidate of key sequence at each estimated key position
(i.e., point-wise). Last, the Tree based Key Sequence Derivation
generates a tree with the candidates of key sequence and their
accumulated Euclidean distance. The key sequence candidate
with the minimum accumulated Euclidean distance is chosen
to be the output of the system, which is the inferred PIN
sequence that the victim uses in the key-based security sys-
tem. Note that, this work can be extended to identify key-
board typing or keyboard passwords by using the Bayesian
model and dictionaries [34].

5 DISTANCE ESTIMATION AND DIRECTION

DERIVATION SCHEMES

Our system requires tracking hand movement trajectories
on small keypads accurately without training. Inspired by
the basic dead reckoning technique, we seek to derive
such fine-grained trajectories based on hand movement
distances and directions. Particularly, we develop Distance
Estimation and Direction Derivation schemes to estimate the
distances and derive direction for each subpath (i.e.,
between two consecutive key clicks).

5.1 Distance Estimation
In order to accurately estimate the hand movement distance
between two consecutive key clicks, we need to identify the
patterns in the sensor data corresponding to the hand move-
ment precisely. Therefore, our system needs to first search
the starting and ending points of the sensor data caused by

Fig. 4. PIN-sequence inference framework.
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the hand movements based on pressing and releasing
points of key clicks; then calculate the hand moving dis-
tance by utilizing the extracted patterns from the sensor
data. In the rest of the section, we assume the system has
performed the Key-click Detection and segmented the sensor
data to traces that capture hand movements between two
consecutive key clicks. The sensor data in each trace are
translated into keypad coordinate system through Coordi-
nate Alignment. The details of Key-click Detection and Coor-
dinate Alignment will be discussed in Section 7. Fig. 5
illustrates the coordinate system of a typical ATM keypad,
where the center of key 5 is the origin; the directions of posi-
tive X and Y axes are in parallel with the direction from keys
5 to 6 and keys 5 to 2, respectively; and the Z axis is perpen-
dicular to the X-Y plane, pointing out from the surface of
the keypad. The four quadrants of the X-Y plane are defined
as the standard quadrants in a two-dimensional Cartesian
system. Fig. 5 also shows some examples of moving direc-
tions of key clicks, e.g, 13 indicates clicking from keys 1 to 3.

Starting and Ending Points Searching Based on Pressing and
Releasing Points. The hand movements from one key to
another happen after releasing the first key and end when
touching the second key. Ideally, the hand movement dis-
tance can be calculated based on the acceleration (e.g., accel-
eration from the Z-axis) extracted between the releasing
point of the first key click and the pressing point of the sec-
ond key click. However, such coarse segmentation includes
the sensor data resulted from hand vibrations usually result
in large estimation errors. In Section 3, we find that the
acceleration captured during the hand movements between
consecutive key clicks has significant and unique patterns
on X and Y axes (i.e., either up-and-down or down-and-up
shapes due to different moving directions).

Apparently, such unique acceleration patterns include
merely the dynamics of the key-to-key hand movements,
and can be further utilized to facilitate accurate hand mov-
ing distance estimation. In order to determine the right seg-
ment of acceleration data corresponding to the unique
acceleration pattern, we propose to further search the start-
ing and ending points of the pattern based on the segment
of sensor data. Specifically, we define the first zero-crossing
point occurring before and after the unique acceleration pat-
tern as the starting point and ending point, respectively. The
intuition behind this is that when a hand moves from one
key to another, its moving trajectory is mainly in parallel
with the X-Y plane of the keypad. Therefore, the accelera-
tion and deceleration of the hand during such movement
dominates the acceleration on X and Y axes, and results in
the acceleration that always experiences a pattern of
½0; ak;maxðak;minÞ; 0; ak;minðak;maxÞ; 0� as shown in Fig. 6, where

ak;max and ak;min denote local maximum and minimum of
acceleration on X and Y axes with k ¼ x or y.

Thus, we design a strategy to locate the starting and ending
points of the unique acceleration pattern so that we could esti-
mate the distance between two key clicks accurately. Our strat-
egy involves the following steps: 1) extract the acceleration on
X and Y axes between the releasing and pressing points of two
consecutive key clicks respectively; 2) examine the extracted
acceleration to find the ax;max; ax;min; ay;max; ay;min; 3) determine
the dominated axis by choosing the axis has themore significant
unique acceleration pattern (i.e., a larger peak-to-peak value
defined by jak;max� ak;minj; k ¼ x or y ); 4) find the starting
point of the unique pattern on the dominated axis by searching
the first time that acceleration crosses the axis (i.e., zero-cross-
ing point) before ak;max or ak;min, whichever occurs earlier; 5)
similarly, find the ending point of the unique pattern on the
dominated axis by searching the first zero-crossing point after
ak;min or ak;max, whichever occurs later. The accelerations
within the starting and ending points derived above merely
correspond to the hand movements between two consecutive
key clicks and are utilized to calculate the handmovement dis-
tance and direction in our schemes.

Distance Calculation. The distance estimation between
two consecutive key clicks is obtained by considering the
movements in both X and Y axes. To perform accurate esti-
mation, we compute the small movement between two sam-
ples in sensor data and then sum up to produce the distance
estimation in one acceleration segment bounded by the
identified starting and ending points. As the distance is two
times integration of accelerations, we utilize trapezoidal
rule to approximate each integration.

5.2 Direction Derivation
In order to recover the complete PIN sequence, our system
needs to determine the moving direction of each subpath
during the key-entry process in addition to the distance. We
define the moving direction of a subpath as the angle
between the positive X axis and the subpath with counter-
clockwise rotation as shown in Fig. 5. The moving direction
is denoted as # 2 ½0�; 360�Þ. The basic idea is to find the
direction based on the ratio of distances on X and Y axis
derived from hand movement acceleration. In particular,
we design a two-step approach, including the Quadrant
Determination and Slope-based Direction Calculation. The
Quadrant Determination first leverages the unique accelera-
tion patterns to determine which quadrant of X-Y plane that
the hand moving direction belongs to. Then the Slope-based
Direction Calculation examines the slope angle of the mov-
ing direction in a quadrant ranging from 0 to 90 degree
based on the hand movement distances on X and Y axes,
and converts the slope angle to the moving direction #.

Fig. 5. Illustration of the coordinate system on a typical key pad and
examples of moving directions of key clicks, 13, 39, 16, and 68.

Fig. 6. Searching for starting and ending points based on releasing and
pressing points within an acceleration segment.
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Quadrant Determination. Intuitively, the hand movement
acceleration projected on X and Y axes results in different
combinations of the unique acceleration patterns in terms of
the order of ak;max and ak;min on X and Y axes with
k ¼ x or y. For example, when the hand moves towards
45 degree, the acceleration on X and Y axes both experiences
the ak;max before the ak;min, while the acceleration on the
X axis experiences the ax;max after the ax;min and the acceler-
ation on the Y axis experiences the opposite when the hand
moves towards 135 degree. Therefore, we leverage the com-
binations of unique acceleration patterns on X and Y axes to
determine the quadrant that a certain moving direction
should belong to. Specifically, the quadrant of the moving
direction can be determined by the following equation:

Q ¼

1; if Iax;max < Iax;min
&Iay;max < Iay;min

;

2; if Iax;max > Iax;min
&Iay;max < Iay;min

;

3; if Iax;max > Iax;min
&Iay;max > Iay;min

;

4; if Iax;max < Iax;min
&Iay;max > Iay;min

:

8>>><
>>>:

(1)

where Q is the quadrant index, Iaaxe;max and Iaaxe;min
denotes

the index of the local maximum and minimum on X and Y
axes, respectively.

Slope-Based Direction Calculation. After quadrant determi-
nation, we compute the slope angle of the moving direction
within each quadrant based on the ratio of the distance on
X and Y axes by utilizing the following equation:

f ¼ arctan
sy
sx

� �����
����: (2)

Equation (2) returns the relative moving direction defined
in a quadrant ranging from 0 to 90 degree, we further con-
vert the f to an absolute moving direction (i.e., the direction
defined within keypad coordinate ranging from 0 to 360
degree). Given the quadrant index Q, the absolute moving
direction # can be derived as follow:

# ¼

f; if Q ¼ 1;

180� � f; if Q ¼ 2;

180� þ f; if Q ¼ 3;

360� � f; if Q ¼ 4:

8>>><
>>>:

(3)

Once we estimate the distance and derive the direction of
a subpath, the relationship between two consecutive key
clicks in the contained subpath is determined. Therefore, if
the position of either key click is known, we can derive the
position of the other key click according to the derived mov-
ing distance and direction. We show an example of distance
estimation and direction determination for 6 subpaths
f46; 28; 37; 64; 82; 73g. Fig. 7 shows the clustering results in
both distance and direction when treating the first click as
the origin. We observe that each key-click combination is
clustered together around the ground truth (shown as the
red star) based on our distance estimation and direction
determination schemes, indicating that our schemes have
the capability to capture the fine-grained hand movement
trajectories in key entry activities.

6 BACKWARD PIN SEQUENCE INFERENCE
ALGORITHM

After performing Fine-Grained Subpath Recovery grounded
on distance estimation and direction determination, we

next describe how to reconstruct the hand-movement trajec-
tory using the estimated subpaths to infer the target user’s
PIN sequence.

6.1 Backward Subpath Integration
We notice that all key-based security systems require the
user to execute the verification by pressing key Enter or
Confirm, which is at a known position on the keypad. We
can then utilize this information to reconstruct the hand-
movement trajectory on the keypad by examining the sub-
paths in a backward time sequence. That is, the position of
key Enter can be considered as a end of the last subpath,
and the starting of the last subpath indicates the position of
the last key clicked before key Enter.

More generally, we concatenate the estimated end of the
ðj� 1Þth subpath to the starting of the jth subpath and con-
tinue to repeat this step until reaching the starting of the
first subpath. By integrating all the derived subpaths in
such a backward head-tail connecting way, we can obtain a
trajectory roughly matching the hand movements during
the key-entry process, called the Naively Integrated Trajec-
tory. Ideally, the vertices on the Naively Integrated Trajec-
tory should be mapped to real-key positions with the last
vertex mapping to the center of Key Enter.

6.2 Point-Wise Euclidean Distance Accumulation
Although we can recover each individual subpath based on
the estimated distance and derived direction, each subpath
contains small errors and the Naively Integrated Trajectory
inherits and further accumulates such small errors in each
subpath, resulting in mapping to the wrong-key positions on
the keypad. Fig. 8 shows an example that the naively inte-
grated subpaths (i.e., in black dashed lines) cannot recover
the correct target user’s PIN sequence, e.g., “419”, instead,
they return “529” as a result. To reduce cumulative errors,
we propose a Point-wise Euclidean Distance Accumulation
approach. In this approach, instead of matching the Naively
Integrated Trajectory directly to the keys on the keypad, we
consider each subpath separately by comparing the closeness
in terms of the Euclidean distance between the starting point
of the subpath (i.e., point-wisely) and real key positions,
while the ending point of the subpath is fixed on real keys.

In particular, each subpath j contains the estimated dis-
tance (Sj) and direction (#j). Given a real key’s position as
an ending point (assuming this key is clicked at this ending
point), we can estimate the starting point ( exj; eyj) of each sub-
path. We conduct this effort in a backward manner starting
from Enter key because we know the ending point in the

Fig. 7. Illustration of the clustering results of distance estimation and
direction derivation for six different subpaths f46; 28; 19; 64; 82; 91g by
treating the first key click as the origin. The red star is the ground truth.
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last subpath is the Enter key. The estimation of the starting
point in the jth subpath is obtained as following:

exj ¼ cosð#j þ 180Þ � Sj þX ;eyj ¼ sinð#j þ 180Þ � Sj þ Y;
�

(4)

where ðX ;YÞ are the coordinates of ten real number keys
f1; 2; 3; . . . ; 9; 0g on the keypad. Given that there are ten real
number keys in the key pad, there will be ten estimation
results of the starting points in subpath j. We note that, for
the last subpath, ðX ;YÞ is the coordinates of the key Enter.
Once the starting point of the jth subpath is estimated, our
algorithm will recursively move to the previous subpath.
By doing so, we introduce the concept of accumulated
Euclidean distance, which is the sum of the Euclidean distan-
ces between the starting point of a subpath and the coordi-
nate of a real key on the keypad, over all consecutive
subpaths. We can recursively run the following equation to
calculate the accumulated Euclidean distance

Dj ¼ Djþ1 þ dj; (5)

where Dj and Djþ1 denote the accumulated Euclidean dis-
tance of two consecutive subpaths, respectively, and dj is
the Euclidean distance between the estimated starting point
( exj; eyj) of the jth subpath and a real key in the keypad.
The resulted final accumulated Euclidean distance meas-
ures the closeness of the real key combination, defined as
PIN sequence candidate, to the estimated consecutive sub-
paths while leveraging the dimension of the keypad. The
insight is that we would like to explore the possible can-
didate keys leveraging the estimation from each subpath
without fixing to a particular key matching. In this way,
we will not end up with only one Naively Integrated Tra-
jectory, instead, we will obtain multiple key sequences as
the candidates for PIN sequence recovery. Furthermore,
by conducting the point-wise Euclidean distance accumu-
lation for each candidate of PIN sequence, our algorithm
balances the contribution of each estimated subpath and
reduce the accumulated errors that impact the accuracy
of PIN sequence inference.

Example. Fig. 9 shows an example of how the Euclidean dis-
tance is accumulated point-wisely in backward for a spe-
cific candidate PIN sequence “846” (The real PIN entry in
this example is ”419”). In the sequence of Fig. 9, (a) we first
generate the Naively Integrated Trajectory consisted of
three consecutive subpaths, subpath 1, subpath 2, and sub-
path 3, which need to be point-wisely compared with

the candidate subpaths: “84”,“46”, and “6enter” in the can-
didate PIN sequence “846”. The generation of naively inte-
grated trajectory is based on the estimated distances and
derived directions of each subpath. (b) then we start by
mapping the ending point of subpath 3 to the key Enter and
set D4 ¼ 0, and utilize the estimated moving distance and
derived direction in the subpath to estimate its starting
point on the keypad in a backward way. The Euclidean dis-
tance between the estimated starting point of subpath 3 and
key 6 (i.e., the 3rd key entry in the candidate PIN sequence
“846”) is found to be d3 ¼ 1:2 cm, and the accumulated
Euclidean distance for this subpath is D3 ¼ D4 þ d3 ¼
1:2 cm; (c) next, assuming the ending point of subpath 2 is
mapped to key 4, we similarly estimate the starting point of
the subpath and calculate the Euclidean distance between
the estimated starting point and the position of key 4 (i.e.,
d2 ¼ 2:1 cm). The accumulated Euclidean distance for the
previous two supaths is D2 ¼ D3 þ d2 ¼ 3:3 cm; (d) lastly,
we assume the ending point of the subpath 1 to be key 8
and estimate the starting point of the subpath. We find the
Euclidean distance between the estimated starting point
and the position of key 8 to be d1 ¼ 0:8 cm and calculate the
accumulated Euclidean distance for the entire candidate of
PIN sequence “846” as: D1 ¼ D2 þ d1 ¼ 4:1 cm. We note
that our algorithm recursively calculates the accumulated
Euclidean distance for every possible candidate of PIN
sequence based on Equations (4) and (5) and select the can-
didate with the minimum accumulated Euclidean distance
as the final result.

6.3 Tree-Based Key Sequence Inference
To implement the Backward PIN-Sequence Inference algo-
rithm, we develop a tree-based approach for PIN-sequence
inference. Next, we discuss how to build and optimize the
tree in our algorithm.

Building a Tree with PIN Sequence Candidates. In order to
record and compare different candidates of PIN sequence, we
seek to build a decimal tree according to the backward order
of all PIN sequence candidates. Each node is defined as a two-
tuple structure containing its corresponding key entry and
the Euclidean distance accumulated on the path from the root
node to the node, denoted as < NodeKey; AccuDist > .
Because the tree is built based on a backward order, nodes in
the jth level of the tree correspond to the ðN � jÞth key entries
of all candidates of PIN sequences. The root node is always
the last key entry (i.e., key Enter), while the leaf nodes are
always the first key entry of the candidate of PIN sequence
(i.e., number keys on the keypad). Each node (except the leaf
nodes) has 10 child nodes corresponding to keys 0 to 9. The
branches from one parent node to its child nodes represent
the subpaths between the keys corresponding to the parent
and child nodes. The leaves of the tree stores the final accumu-
lated Euclidean distance of each candidate of PIN sequence.
Our algorithm searches for the leaf node having theminimum
accumulated Euclidean distance, and traces back to recover
the path from the leaf node to the root node. The inferred PIN
sequence is generated by recording the key entries corre-
sponding to the nodes on the recovered path.

Fig. 10 shows an example of a tree for inferring a PIN
sequence of “419”, where the accumulated Euclidean dis-
tance for one candidate of PIN sequence “846” is 4:1 cm,
while another candidate of PIN sequence “419” has the accu-
mulated Euclidean distance of 1:6 cm, which is theminimum
over all candidates. Therefore, the candidate of PIN sequence
“419”will be determined to be the inferred PIN sequence.

Fig. 8. Example of the naively integrated trajectory having a large accu-
mulated error cannot correctly map to the key positions of the PIN
sequence ”419” (though the estimation error of distance and direction of
individual subpath is small).
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Subpath Calibration and Tree Pruning. In order to improve
the accuracy of our system, we take the advantage of the key-
pad dimension to calibrate subpaths. Intuitively, the distance
of a subpath should not exceed the dimension of a keypad.
Therefore, if the estimated distance of a subpath exceeds the
dimension of a keypad, our system replaces the estimated dis-
tance of the particular subpath with the possible longest dis-
tance on the keypad. In addition, since every non-leaf node in
a PIN-sequence tree has 10 child nodes, the jth level has 10j

nodes. Apparently, it is not necessary to store and calculate
the Euclidean distance in every node or sort the accumulated
distances of the PIN candidates for the entire PIN space. Our
algorithm prunes the tree by keeping the nodes with the least
m accumulated Euclidean distances for each tree level. In this
way, leaf nodes are largely reduced from 10N to m, where N
is the length of the PIN sequence. In this paper, we set
m ¼ min 10j; 100ð Þ in our algorithm for the tree level j, which
balances the tree size and algorithm performance. Compared
to our algorithm without tree pruning, the running time of
our algorithm with tree pruning is reduced from O 2N

� �
to

O Nð ÞwhenN is greater than 2.
Viterbi and HiddenMarkovModel Based Implementations.We

also study to apply the Viterbi algorithm and the Hidden
Markov Model (HMM) to solve the PIN inference problem.
We implement two methods, Viterbi and HMM-Viterbi to
infer the PIN sequences, both of which also have the running
time O Nð Þ, and we compare their performance with our
algorithm. 1) In particular, by considering each key button
as a state in the trellis diagram and expressing the cost of
the path between any two states as j ~RealKeyDistance�

~EstimatedSubpathj, we can then utilize Viterbi algorithm to
search the shortest path (i.e., the smallest summation of the
path cost for sequential states) in the trellis to infer the PIN
sequence. 2) HiddenMarkovModel can be applied to model
the PIN sequence inference problem, and the dynamic
searching in HMM needs to be implemented by Viterbi
algorithm [30]. The state transition probability between any
two keys can be expressed as expð�j ~RealKeyDistance�

~EstimatedSubpathjÞ, and the PIN sequence decoding prob-
lem becomes searching for the sequential states with the

highest probability (i.e., the greatest multiplication of the
transition probabilities of sequential states). Overall, we
find that through performance evaluation in Section 8.8,
the performances are comparable among the three meth-
ods when attacking with one PIN sequence. And the
original back PIN sequence Inference algorithm outper-
forms the Viterbi and HMM-Viterbi when generating
optimal PIN candidate list. This is because the Backward
PIN Sequence Inference algorithm tests all the most pos-
sible PIN sequences and can reflect the best capability of
the attack, especially when attacking with more than two
PIN sequences on the key-based security system, which
usually tolerates multiple tries.

7 IMPLEMENTATION

7.1 Key-Click Detection
Given embedded sensor data from wearable devices, our
system first performs key-click detection based on accelera-
tion readings to find the key-click events and the number of
keys in a PIN sequence and assist the trace segmentation.
Key clicks usually cause significant changes of acceleration
towards the keypad that has the potential to be distinguished
from other hand movements. In particular, we calculate the
magnitude of the composition of accelerations on three axes
first, and apply a threshold to examine the normalized mag-
nitude of the composed acceleration to detect key clicks. We
empirically determine the threshold to be 0.6 based on our
experiments with 20 participants in this work.

7.2 Key-Click Trace Segmentation
After key-click detection, we roughly segment input sensor
data into small chunks containing the data between two
consecutive detected key clicks. After segmentation, the
resulted small chunks contain the sensor data representing
subpaths, which include the acceleration caused by hand
movements from one key to another. In addition, to mitigate
high frequency noise caused by hand vibration, we apply
the Savitzky�Golayfilter [27] to each chunk of sensor data
respectively.

Fig. 9. Example of point-wise Euclidean distance accumulation for candidate PIN sequence ”846”, where the real PIN is ”419”.

Fig. 10. Illustration of the construction of the backward trajectory inference tree for recovering PIN ”419”.
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7.3 Quaternion-Based Coordinate Alignment
When recovering the user’s PIN sequence from thewearables’
embedded sensors, our system involves three different coor-
dinate systems, namely,wearable coordinate,world coordinate [2]
and keypad coordinate. The sensor readings fromawearable are
defined within the wearable coordinate and thus cannot be
used directly to represent hand movements because of the
rotating wearable coordinate caused by frequently changed
hand position. In this work, we employ quaternion to help
convert sensor readings from the wearable coordinate to key-
pad coordinate for hand trajectory derivation.

Specifically, we first convert the sensor readings from the
wearable coordinate to world coordinate by applying ~aw ¼
qdw~adq

�1
dw , where ~aw and ~ad are the sensor readings in the

world coordinate and werable coordinate, respectively, and
qdw is the quaternion that represents the conversion from the
werable coordinate to world coordinate. Then aw will be fur-
ther converted to the keypad coordinate via ~ak ¼ qwk~awq

�1
wk ,

where ~ak denotes the sensor readings in the keyboad coor-
diante and qwk denotes the quaternion that represents the
conversion from the world coordinate to keypad coordinate.
The quaternion qdw can be extracted from wearables during
hand movements, and qwk can be derived from qwk ¼ q�1

kw ,
where the quaternion qkw can be collected by placing a sensor
(i.e., smartphone, smartwatch, or IMU) aligned with the
coordinate of the target keypad. We note that adversaries
can utilize this method to obtain qkw without attention at a
time other than the user entering the PIN sequence.

8 PERFORMANCE EVALUATION

In this section, we present the experimental methodology
and describe the evaluation metrics. We then present the
most important results of our system with respect to PIN
sequence recovery using the Backward PIN-sequence
Recovery Algorithm. Finally, we show the performance of
two supporting schemes for PIN sequence recovery, dis-
tance estimation and direction derivation schemes.

8.1 Experimental Methodology
Keypads. We evaluate our system with three different kinds
of keypads as shown in Fig. 11: 1) A keypad on ATM
machine (from PNC bank) with the dimension of
108 mm� 76 mm; 2) A real detached ATM keypad with the
dimension of 127 mm� 95 mm, both 1) and 2) representing
the use cases with different ATM pad sizes; and 3) A
number pad of Dell USB wired keyboard L100 with the
dimension of 77 mm� 97 mm, representing the use case of
key-based security access to enterprise servers. The three
keypads have different structures and key depths. It is
important to evaluate their effects on our approach when
capturing fine-grained hand movements. We focus on
experiments on numbers to recover PIN-sequences.

Wearable Devices. In our experiments, we use three
different types of wearable devices, including two smart-
watches (i.e., LG W150 and Moto360) and an IMU (Inven-
sence MPU-9150) [4]. These wearables represent different
achievable maximum sampling rates (i.e., 200, 25 and 100
Hz, respectively). The LG W150 and Moto 360 are two com-
modity smartwatches running on Android Wear OS with
Bluetooth LE. The IMU contains a 9-axismotion tracking sen-
sor designed for consumer electronics. We use it as a proto-
typing alternative to a wearable device with its sampling
rate set to 100 Hz. During key-entry activities, the wearable
devices collect acceleration and quaternion data and send
them to a pre-associated storage device (i.e., smartphone via

Bluetooth and laptop via an USB cable for smartwatches and
IMU respectively). The ground truth of the handmoving dis-
tance and direction is computed through the video recorded
by a camera set on top of the keypad. In particular, we use
AutoCAD to connect two positions of the sensor in two cap-
tured video frames corresponding to the time points when
the finger just leaves the first key and about to touch the sec-
ond key, respectively. The measured distance and angle of
the line (with the positive X axis of the keypad) connecting
these two sensor positions are used as the ground truth of
the distance and direction of the handmovement.

Data Collection. We conduct experiments of various key-
entry activities with three different types of wearables on
three kinds of keypads. 20 volunteers are recruited to perfor-
mance key-entry activities over an 13-month period. The vol-
unteers are asked to enter keys in three ways: 1) 4-digit PIN
sequences consisting of five consecutive key clicks; 2) 6-digit
PIN sequences consisting of seven consecutive key clicks
(with ”Enter” as the last click) and 3) a single subpath consist-
ing of two consecutive key clicks. For each subpath, based on
the keypad layout, we classify different subpath lengths into
three representative scales: short, medium and long. Specifi-
cally, short covers subpaths between two adjacent keys with
no keys in between (e.g., 45, 41 and 75);medium is for horizon-
tal and vertical subpaths between two keys with one key in
between (e.g., 46 and 82); and long contains subpaths of two
keys neither horizontal nor vertical and with one or more
keys in between (e.g., 10, 37 and 29). We collect 7,000 PIN
sequences from three keypads when having 20 volunteers
wear three different kinds of wearables. For single subpath,
we collect 3,000 subpaths from three keypads including long,
medium and short distanceswith volunteerswearing an IMU.

8.2 Evaluation Metrics
We develop the following metrics to evaluate our system
with regard to the accuracy of distance estimation and
direction determination schemes and the performance of
our Backward PIN-sequence Inference Algorithm:

Distance Estimation Error. To evaluate the performance of
our distance estimation scheme, we define the Distance Esti-
mation Error as the difference between the estimated dis-
tance and the ground truth of the hand moving distance.
The ground truth of the hand moving distance is computed
through the recorded video during experiments. We study
the Distance Estimation Error in two ways: mean error and
cumulative distribution function (CDF).

Direction Classification Accuracy. To evaluate the perfor-
mance of our direction derivation scheme, we divide the 360
degree on the X-Y plane into 16 groups (i.e., 5 groups in each
quadrant excluding 4 overlapped groups) and examine
whether the deriveddirection is classified into the same group
as that of the corresponding ground truth. The ground truth of
angles is also computed through the recorded videos. The

Direction Classification Accuracy is
~Nc
Nc
, where ~Nc is the number

of directions have been classified into the same group

Fig. 11. Experiments: Three different kinds of keypads: detachable ATM
pad, keypad on ATM machine, keyboard; and wearable devices.
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containing the corresponding ground-truth direction, and Nc

is the total experimental runs of direction classification.
Top-k Success Rate. Given an experimental run of a key-

entry activity, our algorithm could return multiple top candi-
dates of key-entry sequence in an ascending order of the accu-
mulated Euclidean distance. We define that the inference
algorithm is a Top-k Success Hit if the first k candidates of key-
entry sequence returned from our algorithm contain the tar-
get user’s key-entry sequence. We further define the Top-k

Success Rate as the ratio (
eNk
s

Ns
) of the number of Top-k Success

Hits ( eNk
s ) over the total number of experimental runs (Ns)

when applying key-entry sequence inference to recover the
target user’s PIN sequence. Specially, when k ¼ 1, the ratio
indicates the rate of our algorithm that can successfully deter-
mine the target user’s key-entry sequencewithout ambiguity.

Tries Until Success. Since our system can provide multiple
candidates as the result for key-entry sequence inference,
the adversary has the chance to try out each key sequence
returned in the candidate list to recover the target user’s
PIN sequence. We define the Number of Tries Until Success as
the number of candidate key-entry sequence the adversary
has tried (starting from the candidate with the smallest
accumulated Euclidean distance) until he/she breaks the
key-based security system, suggesting a success recovery of
the target user’s PIN sequence. Thus, the Number of Trails
Until Success indicates the possible efforts that an attack
needs to take to break the key-based security system.

8.3 Performance of Backward PIN-Sequence
Inference

Wearable Devices. We first examine the performance of our
Backward PIN-sequence inference algorithm to infer 4-PIN
sequences on the detachableATMkeypadwith three different
wearable devices. Fig. 12a shows the top-k success rate of our
system from three different types of wearable devices. We
find that our system can effectively recover 4-PIN sequences
from all the three wearables, and higher success rate is
achievedunder higher sampling rates. In particular, by choos-
ing the top-1 choice, our system can achieve over 82 percent
success rate for the LGW150 and IMU, while the success rate
is 67 percent for the Moto 360. Furthermore, the PIN sequen-
ces can be inferred with increasing success rates if the adver-
sary utilizes more choices from the top-k candidate list.
Specifically, when using the top-2 choices, the adversary can
achieve about 94 percent success rate with the LG W150 and
IMU, and the success rate for the Moto 360 is over 80 percent.
Although the Moto 360 achieves lower success rates than the
LG W150 and IMU due to its much lower sampling rate (i.e.,
25 Hz), an adversary can still achieve a high probability to
reveal the PIN sequences based on top-2 or 3 choices. This
indicates that our system can tolerate the insufficient informa-
tion introduced bywearable deviceswith low sampling rates.

Fig. 12b depicts the cumulative distribution of the num-
ber of tries until successfully recovering the user’s 4-PIN
sequence from three wearables. We find that the adversary
can break over 97 percent PIN entries from the LG W150
and IMU within 5 tries, which is usually the maximum PIN
tries on ATM machine. The number of PIN entries revealed
increases to 99 percent, if the attacker conducts 10 tries. For
Moto 360, the attacker can break 90 percent PIN entries
within 5 tries and 96 percent within 10 tries. Therefore,
regardless of the types of wearable, the attacker can break
the user’s PIN sequence with few tries. Although the LG
W150 is set to use 200 Hz sampling rate and generates the
best performance, we find that using 100 Hz sampling rate
is enough to achieve comparable good results. Therefore,
we present the results using the IMU for the rest sections.

ATM Keypads and Keyboard. Fig. 13a shows the top-k
success rate to recover 4-PIN sequences on three keypads.
We observe that our system can achieve around 80 percent
success rate for all three keypads with the top-1 choice.
When using the top-5 choices, our system can achieve over
97 percent success rate with both of the detachable ATM
pad and the number pad on keyboard, while on real ATM
machine, the success rate is over 92.5 percent. Fig. 13b
confirms our observation in Fig. 13a. The results demon-
strate that our Backward PIN-sequence Inference is effective
when applied with keypads of different layouts and coordi-
nates. The success rate is higher with both of the detachable
ATM pad and the number pad on keyboard than that with
the ATM machine. Our results suggests that the electronic
magnetic field and the tilt angle of the ATM machine affect
the PIN entry recovery result on ATMmachine.

8.4 Distance Estimation of Different Kinds of
Keypads

We next study the performance of two supporting schemes.
The study of the distance estimation scheme is described in
this section, and the results of the direction determination
scheme is presented in the next section. We apply our dis-
tance estimation scheme to various subpaths across three dif-
ferent kinds of keypads. We compare the distance difference
between ground truth (i.e., obtained from camera) and the
estimated distance from sensor data. Take ATM machine as
an example, the distances for short,medium and long are 2.5, 5
and 6:4 cm, respectively.

We observe that the mean error is proportional to the dis-
tance scale, i.e., short distance has relative smaller error com-
pared with long distance, as shown in Fig. 14a. In particular,
the mean error of ATMmachine for short, medium and long
distance are 5, 7 and 8:5 mm, respectively. For detachable
ATM pad, the error of long, medium and short distance are
8, 6 and 3:5 mm, respectively. The mean error of long dis-
tance in keyboard number pad experiment is 8 mm, 5 mm
for medium distance and for short distance the error is as

Fig. 12. Performance of Backward PIN-sequence Inference to infer 4-PIN
sequences with three kinds of wearables on detachable ATMKeypad.

Fig. 13. Performance of 4-PIN sequence inference on three different
keypads by using medium sampling rate 100 Hz (IMU).
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low as 3 mm. The experiment results from keyboard shows
relative smaller distance error since the physical layout of
keyboard number pad is smaller than ATMmachine keypad
and detachable ATM pad. We observe that such error differ-
ence is marginal and reveal the effectiveness of our scheme.

Fig. 15a shows the cumulative distributive function of dis-
tance estimation errors. We observe that the 80th percentile
errors are 8, 10 and 12 mm for short, medium and long dis-
tance of ATMmachine, respectively. For detachable ATMpad
the 80th percentile error are 5, 10 and 13 mm, receptively and
the 80th percentile error of number pad experiment are 4, 8
and 13:2 mm respectively. The results also show the effective-
ness and robustness of our schemeunder various keypads.

8.5 Direction Derivation of Different Kinds of
Keypads

Next, we evaluate our slope-based direction derivation
scheme by showing the performance under three different
kinds of keypads. According to the keypad layout, we select
five representative directions in one quadrant. Take ATM
machine as an example, the five directions within the fourth
quadrant are: keys 2 to 8, keys 2 to 9, keys 1 to 9, keys 4 to 9
and keys 4 to 6. The corresponding direction angle for these
subpaths on the keypad are: 270 , 302 , 321, 338 and 360
degree. To evaluate our direction derivation scheme, we
study the direction classification accuracy of classifying the
directions of testing subpaths into the aforementioned 5
groups of directions angles. Fig. 14b shows the direction clas-
sification accuracywith five directions onATMmachine. The
X axis represents the ground truth direction between two
keys on the ATM machine. We find that there are few sub-
paths mistakenly classified as incorrect direction. In particu-
lar, our scheme can achieve 80 percent classification accuracy
for 270 degree and we observe that directions with larger
angles have better accuracy, which is up to 97 percent accu-
racy for 360 degree. This may due to that when user performs
vertical key clicks (e.g., key 2 to 8 with 270 degree on ATM
pad), there might be a small inclined angle between hand
moving direction and wrist moving direction. For keyboard
and ATM pad, we have similar high classification accuracy.
In addition, Fig. 15b shows the cumulative distribution

function of estimated five directions in the fourth quadrant.
We find that all five directions obtained from our scheme
only have small overlap for any two adjacent directions.
Moreover, 90 percent of the derived direction are close to the
ground truth direction within �10�. The above results show
that our system provides effective distance estimation and
direction derivation schemes under various keypads and is
robust in real environments.

8.6 Impact of PIN-Sequence Length
Because longer-PIN-sequence inference is more likely to be
affected by the errors of deriving hand movement trajectory,
we examine the impact of the PIN-sequence length to the per-
formance of the Backward PIN-sequence Inference Algorithm.
Fig. 16a shows the top-k success rate of recovering 6-PIN
sequences on three different kinds of keypads by using the
IMU collecting data at 100 Hz. We find that our system
achieves around 80 percent success rate of revealing 6-PIN
sequences on all three keypads using the top-1 choice. When
trying with the top-5 choices, our system achieves around 93
percent success rate on the three keypads. As we can see that
the results are very similar to those of inferring 4-PIN sequen-
ces in Fig. 13, indicating that the BackwardPIN-sequence Infer-
ence algorithm is robust to different lengths of PIN sequences.

Fig. 16b depicts the cumulative distribution of the number
of tries until successfully recovering the 6-PIN and 4-PIN
sequences on the three keypads, respectively. We observe
that our system can successfully break around 80 percent
6-PIN and 4-PIN sequences with one try and over 96 percent
6-PIN and 4-PIN sequences with 10 tries. The results show
that the PIN inference performance of our system is consis-
tently good for different PIN sequence lengths, because our
Backward PIN-sequence Inference algorithm does not accu-
mulate errors in recovering subpaths.

8.7 Impact of Sampling Rate
We then study the impact of the sampling rate of wearables
to our system. Fig. 17a shows the mean errors of the esti-
mated distances between two consecutive key clicks on the
detachable ATM pad with the IMU sampling at 25, 50 and
100 Hz, respectively. We find that higher sampling rates
generate slightly smaller errors for the short, medium and
long distances. In particular, the mean errors for short,
medium and long distances are 4.3, 8.5 and 13.1 mm when
the sampling rate is 25 Hz, And when the sampling rate is
50 Hz, the mean errors are 4.2, 8.3 and 10 mm, respectively.
In addition, Fig. 17b shows the direction classification
results of our slope-based direction derivation scheme
under various sampling rates. Although lower sampling
rates cause lower accuracy of direction derivation results,
our system still recovers over half of the moving directions
correctly, which indicates that our system can recover hand
trajectories with good performance at lower sampling rates.

Fig. 14. Distance estimationmean error and direction classification results
between two consecutive key clicks under 100 Hz sampling rate (IMU).

Fig. 15. Performance of distance estimation and direction derivation on
three kinds of keypads under 100 Hz sampling rate (IMU).

Fig. 16. Performance of 6-PIN Sequence Inference on three different
keypads by using medium sampling rate 100 Hz (IMU).
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We further evaluate the impact of different sampling
rates to our Backward PIN-sequence Inference algorithm .
Fig. 18a depicts the performance of 4-PIN and 6-PIN
sequence inferences with top-1 choice on the detachable
ATM pad with the IMU sampling at 25, 50 and 100 Hz. We
find that our system can achieve over 70 and 60 percent
accuracy in inferring both 4-PIN and 6-PIN sequences at 50
and 25 Hz sampling rate, respectively. Fig. 18b further con-
firms our observation in Fig. 18a. Moreover, we find that
adversaries can achieve very high accuracy of revealing
PIN sequences when trying more choices under low sam-
pling rates. Specifically, our system can successfully break
over 90 percent 6-PIN and 4-PIN sequences with five tries
under 50 Hz sampling rate and around 80 percent with five
tries under 25 Hz. The results demonstrate that our system
can effectively reveal PIN sequences when using various
sampling rates. Even the sensor data sampled at 25 Hz has
very high probability to leak the user’s PIN sequences.

8.8 Performance Comparison among Three
Algorithms

Finally, we compare the performance of the three methods
Backward PIN Sequence Inference, Viterbi algorithm and
HMM-Viterbi. Fig. 19a shows the top-k success rate of the
three algorithms in revealing 6-PIN sequences. As expected,
Viterbi algorithm and HMM-Viterbi are efficient to find the
optimal PIN sequence (i.e., top-1 candidate) from the esti-
mated PIN entry trajectory. In particular, Viterbi algorithm
and HMM-Viterbi achieve the same accuracy of 82 percent
as the Backward PIN Sequence Inference algorithm in find-
ing the top-1 result. Moreover, the Viterbi algorithm and
HMM-Viterbi have much lower accuracy than the Backward
PIN Sequence Inference algorithm when trying more than
one PIN candidates. The results show that HMM-Viterbi and
Viterbi are not as good as Backward PIN Sequence Inference
algorithm for investigating themulti-try problem in practical
attack, and thus cannot fully reflect the attackers’ capability.
Note that the HMM-Viterbi and Viterbi algorithm have the
similar performance, which is because that Viterbi algorithm
is applied in HMM to solve the decoding problem of

HMM [30]. We further compare the Tries Until Success
among the three algorithms. Fig. 19b shows that Backward
PIN Sequence algorithm outperforms the other two algo-
rithms for both revealing 4-PIN and 6-PIN sequences and
shows much more success rate enhancement to reveal PINs
of longer lengths (e.g., 6-PIN). The above comparisons show
that the Backward PIN Sequence algorithm not only finds
the optimal PIN sequence efficiently but also provides the
optimal candidate list, which provides more comprehensive
understanding of the PIN leakage issues on the key-based
security system fromwearable devices.

9 DISCUSSION

Wearing theWearable Device on the Left Hand or Right Hand.Our
training-free approach does not require mirroring the deriva-
tion from sensor data when applied to either the left-handed
or right-handed user since the inherent physics of key entry
activities will be preserved regardless of either case. We
assume the victim use either hand wearing a wearable (i.e., a
smartwatch or fitness tracker) to access key-based security
systems.While it is very difficult to know the exact number of
how many people sharing this style, we instead discuss the
population of the potential wearable user victims.We take the
right-handed user for discussion as the left-handed user share
the same conclusion. Wearable devices are usually designed
in a way that allows users to comfortably wear them on either
wrist (e.g., smartwatches no longer necessarily have crowns
as traditional watches do). There are many smartwatch
users [5], [9] claiming that they wear smartwatches on their
right wrists. Furthermore, for those wearing traditional watch
on the left wrist, they tend to wear fitness tracker on the right
wrist for health-related applications. Naturally, the right-
handed people use their right hand to perform key entry and
the sensors in their smartwatches or fitness trackers can be uti-
lized by our approach to reveal PINs. Given the growing
cheaper price of these wearable devices, many people wear
both a smartwatch and a fitness tracker on separate hand to
better serve their work and health applications, which further
increases the number of potential victims. Lastly, the increas-
ing popular usage of wearables leaves adversary great chan-
ces to recover the user’s sensitive information, making it
vulnerable irrespective of the hand onwhich it isworn.

Using Sensor Moving Direction as Hand Moving Direction.
We discuss the rationality of using sensor moving direction
as handmoving direction. The current system is designed for
recovering a PIN sequence by reconstructing hand move-
ment trajectories. We leverage embedded sensor readings
from wearable devices on a user’s wrist to determine the
direction.We use the sensormovement to represent the hand
movement since the hand and the wrist are moving together.
During our extensive experimental study, we observe that
sensor movement and handmovement share similar moving
trend. Therefore such a representation is reasonable.

Fig. 17. Distance estimation mean error and direction classification
results between two consecutive key clicks with IMU under 100, 50, and
25 Hz sampling rate.

Fig. 18. Performance of 4-PIN and 6-PIN Sequence Inference on detach-
able ATM pad by using IMU under 100, 50, and 25 Hz sampling rate.

Fig. 19. Performance comparison between different algorithms to infer
PIN sequence with IMU under 100 Hz on detachable ATM Keypad.
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The Trend of Sniffing Attacks. Based on the survey of over 15
wearable devices, we understand that the smartwatches can
transmit raw sensor data to the mobile device. The fitness
trackers transmit aggregated or simplified data to synchro-
nize with mobile devices, because current fitness trackers
only aims at providing coarse-grained information for the
applications, such as step counting and activity tracking. The
findings make the sniffing attack possible to obtain the sen-
sor data directly. Furthermore, with the growing demands
for more powerful body sensors to enable pervasive applica-
tions, such as health care, activity recognition, and human
computer interaction, we envision that the fine-grained sen-
sor data from fitness trackers is both necessary and useful to
support these applications, and the sniffing attacks will
remain as unneglectable threats.

Defending Strategies. Existing studies suggest to decrease
embedded sensors’ sampling rates (e.g., under 50 Hz) to miti-
gate the attack through smartwatches [34]. Our system shows
that users PINs can still be revealed fromwearables with such
low sampling rate (e.g., 50 Hz and lower). The reason is that
the strong distinct motion during the PIN entry can be cap-
tured by the wearable sensor even under low sampling rates.
Moreover, our system can recover the fine-grained PIN input
trajectory to reveal the PIN sequences. Furthermore, we
show that using longer PINs (e.g., 6-PIN sequences compared
to 4-PIN sequences) cannot diminish the possibility of leaking
the PIN information from wearables regardless its greater
password strength [3]. Future countermeasures may aim at
camouflaging the sensitive sensor data transmitted from
wearables to host devices. For instance, a wearable can inject
a certain type of noise to its sensor data (e.g., quaternions and
accelerations) so that the data cannot be used to derive fine-
grained hand movements while still effective for many
common applications (e.g., activity recognition and step
counting). Moreover, more secure schemes can be designed
to protect the access and transmission of sensor data. That is,
advanced encryption schemes are necessary to protect the
raw sensor readings in wireless communication, and the
access to sensor data should be regulated according to differ-
ence scenarios and applications by the wearable or its host
device’s operating system to avoid leakage.

10 CONCLUSION

In this paper, we showed that the embedded sensors on wrist-
wornwearable devices (i.e., smartwatches and fitness trackers)
can be exploited to discriminate mm-level distances of the
user’s fine-grained hand movements during key-entry activi-
ties, exposing the user to a serious security breach. We pre-
sented a PIN-sequence inference framework to recover the
user’s secret key entries when the user accesses key-based
security systems such asATMkeypads and regular keyboards.
The implemented system does not require any training or con-
textual information, which makes it applicable in real world
adversarial contexts. In particular, our system exploited the
physics phenomenon and unique patterns of key entry activi-
ties from the sensor data and developed distance estimation
and slope-based moving direction derivation schemes to cap-
ture the small handmovement between two consecutive keys.
Our system further applied the Backward PIN-sequence Infer-
ence algorithm to reveal the user’s complete PIN sequence,
leveraging both the spatial and temporal constraints of the key
entry to achieve a high success rate. Extensive experiments
involving 20 volunteers on three different types of keypads
over 13months showed that our system can achieve 80 percent

accuracy in revealing the user’s PIN sequences with one try,
and over a 90 percent success rate within three tries, while
recovering the hand movement trajectory has a mean error as
low as 6 mm. Such a technique kept a consistent performance
in revealing long PIN sequences (e.g., 6-PIN sequences) and
could still achieve a very high accuracy under very low sam-
pling rate of embedded sensors(e.g., 25Hz).

ACKNOWLEDGMENTS

Preliminary results of this paper have been presented in part
in ACM ASIACCS 2016 [33]. This work is supported in part
by the US National Science Foundation grants CNS0954020,
CNS1514436, and SES1450091 and Army Research Office
W911NF-13-1-0288. This work was done when Yan Wang
was a student at the Stevens Institute of Technology.

REFERENCES

[1] All about skimmers. (2016). [Online]. Available: http://
krebsonsecurity.com/all-about-skimmers/

[2] Android sensor event. (2016). [Online]. Available: http://developer.
android.com/reference/android /hardware/SensorEvent.html

[3] How strong is your password? (2016). [Online]. Available: https://
www.msecure.com/blog/how-strong-is-your-password/

[4] Invensense motionfit SDK quick start guide. (2016). [Online].
Available: http://store.invensense.com/datasheets/invensense/
AN-MPU-9150IMF.pdf

[5] Is it acceptable to wear a watch on the right wrist? (2016).
[Online]. Available: http://www.askandyaboutclothes.com/
forum/showthread.php?116570-Is-it-acceptable-to-wear-a-
watch-on-the-right-wrist

[6] Malicious cloned games attack Google android market. naked secu-
rity:. (2016). [Online]. Available: http://nakedsecurity.sophos.com/
2011/12/12/malicious-cloned-games-attack-google-android-
market/

[7] Update: Theft devices on Salina ATMs. (2016). [Online]. Available:
http://www.ksal.com/theft-devices-found-on-salina-bank-atms/

[8] Wearable device shipments predicted to surge 173% this year.
(2016). [Online]. Available: http://www.cnet.com/news/shipments-
of-wearable-device-to-surge-173-this-year/

[9] Why wear a watch on the wrist where you’re hand dominant. (2016).
[Online]. Available: http://www.reddit.com/r/Watches/comments/
1wzub5/question_why_wear_a_watch_on_the_wrist_where/

[10] W. Albazrqaoe, J. Huang, and G. Xing, “Practical bluetooth traffic
sniffing: Systems and privacy implications,” in Proc. 14th Annu.
Int. Conf. Mobile Syst. Appl. Services, 2016, pp. 333–345.

[11] D. Balzarotti, M. Cova, and G. Vigna, “ClearShot: Eavesdropping
on keyboard input from video,” in Proc. IEEE Symp. Secur. Privacy,
2008, pp. 170–183.

[12] Y. Berger, A. Wool, and A. Yeredor, “Dictionary attacks using key-
board acoustic emanations,” in Proc. 13th ACM Conf. Comput. Com-
mun. Secur., 2006, pp. 245–254.

[13] L. Cai and H. Chen, “TouchLogger: Inferring keystrokes on touch
screen from smartphone motion,” in Proc. 6th USENIX Conf. Hot
Topics Secur., 2011, pp. 9–9.

[14] S.-Y. Chang, Y.-C. Hu, H. Anderson, T. Fu, and E. Y. L. Huang,
“Body area network security: Robust key establishment using
human body channel,” in Proc. 3rd USENIX Conf. Health Secur. Pri-
vacy, 2012, pp. 5–5.

[15] S. Jain, C. Borgiattino, Y. Ren, M. Gruteser, Y. Chen, and
C. F. Chiasserini, “LookUp: Enabling pedestrian safety services
via shoe sensing,” in Proc. 13th Annu. Int. Conf. Mobile Syst. Appl.
Services, 2015, pp. 257–271.

[16] J. Liu, Y.Wang,K.Kar, Y. Chen, J. Yang, andM.Gruteser, “Snooping
keystrokes withmm-level audio ranging on a single phone,” in Proc.
21st Annu. Int. Conf. Mobile Comput. Netw., 2015, pp. 142–154.

[17] L. Liu, et al., “Toward detection of unsafe driving with wear-
ables,” in Proc. Workshop Wearable Syst. Appl., 2015, pp. 27–32.

[18] X. Liu, Z. Zhou, W. Diao, Z. Li, and K. Zhang, “When good
becomes evil: Keystroke inference with smartwatch,” in Proc. 22nd
ACM Conf. Comput. Commun. Secur., 2015, pp. 1273–1285.

[19] F. Maggi, S. Gasparini, and G. Boracchi, “A fast eavesdropping
attack against touchscreens,” in Proc. 7th Int. Conf. Inf. Assurance
Secur., 2011, pp. 320–325.

WANG ET AL.: PERSONAL PIN LEAKAGE FROMWEARABLE DEVICES 659

http://krebsonsecurity.com/all-about-skimmers/
http://krebsonsecurity.com/all-about-skimmers/
http://developer.android.com/reference/android /hardware/SensorEvent.html
http://developer.android.com/reference/android /hardware/SensorEvent.html
https://www.msecure.com/blog/how-strong-is-your-password/
https://www.msecure.com/blog/how-strong-is-your-password/
http://store.invensense.com/datasheets/invensense/AN-MPU-9150IMF.pdf
http://store.invensense.com/datasheets/invensense/AN-MPU-9150IMF.pdf
http://www.askandyaboutclothes.com/forum/showthread.php?116570-Is-it-acceptable-to-wear-a-watch-on-the-right-wrist
http://www.askandyaboutclothes.com/forum/showthread.php?116570-Is-it-acceptable-to-wear-a-watch-on-the-right-wrist
http://www.askandyaboutclothes.com/forum/showthread.php?116570-Is-it-acceptable-to-wear-a-watch-on-the-right-wrist
http://nakedsecurity.sophos.com/2011/12/12/malicious-cloned-games-attack-google-android-market/
http://nakedsecurity.sophos.com/2011/12/12/malicious-cloned-games-attack-google-android-market/
http://nakedsecurity.sophos.com/2011/12/12/malicious-cloned-games-attack-google-android-market/
http://www.ksal.com/theft-devices-found-on-salina-bank-atms/
http://www.cnet.com/news/shipments-of-wearable-device-to-surge-173-this-year/
http://www.cnet.com/news/shipments-of-wearable-device-to-surge-173-this-year/
http://www.reddit.com/r/Watches/comments/1wzub5/question_why_wear_a_watch_on_the_wrist_where/
http://www.reddit.com/r/Watches/comments/1wzub5/question_why_wear_a_watch_on_the_wrist_where/


[20] P. Marquardt, A. Verma, H. Carter, and P. Traynor, “(sp)iPhone:
Decoding vibrations from nearby keyboards using mobile phone
accelerometers,” in Proc. 18th ACM Conf. Comput. Commun. Secur.,
2011, pp. 551–562.

[21] I. Martinovic, D. Davies, M. Frank, D. Perito, T. Ros, and D. Song,
“On the feasibility of side-channel attacks with brain-computer
interfaces,” in Proc. 21st USENIX Secur. Symp., 2012, pp. 143–158.

[22] E. Miluzzo, A. Varshavsky, S. Balakrishnan, and R. R. Choudhury,
“TapPrints: Your finger taps have fingerprints,” in Proc. 10th
Annu. Int. Conf. Mobile Syst. Appl. Services, 2012, pp. 323–336.

[23] X. Pan, Z. Ling, A. Pingley, W. Yu, N. Zhang, and X. Fu, “How
privacy leaks from bluetooth mouse?” in Proc. ACM Conf. Comput.
Commun. Secur., 2012, pp. 1013–1015.

[24] A. Parate,M.-C. Chiu, C. Chadowitz, D. Ganesan, and E. Kalogeraki,
“RisQ: Recognizing smoking gestures with inertial sensors on a
wristband,” in Proc. 12th Annu. Int. Conf. Mobile Syst. Appl. Services,
2014, pp. 149–161.

[25] Y. Ren, Y. Chen, M. C. Chuah, and J. Yang, “User verification
leveraging gait recognition for smartphone enabled mobile health-
care systems,” IEEE Trans. Mobile Comput., vol. 14, no. 9, pp. 1961–
1974, Sep. 2015.

[26] M. Ryan, “Bluetooth: With low energy comes low security,” in
Proc. 7th USENIXWorkshop Offensive Technol., 2013, pp. 4–4.

[27] A. Savitzky and M. J. E. Golay, “Smoothing and differentiation of
data by simplified least squares procedures,” Analytical Chemistry,
vol. 36, no. 8, pp. 1627–1639, 1964.

[28] M. Shahzad, A. X. Liu, and A. Samuel, “Secure unlocking of
mobile touch screen devices by simple gestures: You can see it but
you can not do it,” in Proc. Annu. Int. Conf. Mobile Comput. Netw.,
2013, pp. 39–50.

[29] M. Sherman, et al., “User-generated free-form gestures for authen-
tication: Security and memorability,” in Proc. 13th Annu. Int. Conf.
Mobile Syst. Appl. Services, 2014, pp. 176–189.

[30] N. Shokhirev, “HiddenMarkov models,” (2017). [Online]. Available:
http://www.shokhirev.com/nikolai/abc/alg/hmm/hmm.html

[31] D. Shukla, R. Kumar, A. Serwadda, and V. V. Phoha, “Beware,
your hands reveal your secrets!” in Proc. ACM Conf. Comput. Com-
mun. Secur., 2014, pp. 904–917.

[32] D. Spill and A. Bittau, “BlueSniff: Eve meets alice and bluetooth,”
in Proc. 1st USENIXWorkshop Offensive Technol., 2007, pp. 5:1–5:10.

[33] C. Wang, X. Guo, Y. Wang, Y. Chen, and B. Liu, “Friend or foe?:
Your wearable devices reveal your personal pin,” in Proc. 11th
ACM Symp. Inf. Comput. Commun. Secur., 2016, pp. 189–200.

[34] H. Wang, T. T.-T. Lai, and R. Roy Choudhury, “MoLe: Motion
leaks through smartwatch sensors,” in Proc. Annu. Int. Conf. Mobile
Comput. Netw., 2015, pp. 155–166.

[35] J. Wang, K. Zhao, X. Zhang, and C. Peng, “Ubiquitous keyboard
for small mobile devices: Harnessing multipath fading for fine-
grained keystroke localization,” in Proc. 12th Annu. Int. Conf.
Mobile Syst. Appl. Services, 2014, pp. 14–27.

[36] L. Wu, B. Brandt, X. Du, and B. Ji, “Analysis of clickjacking attacks
and an effective defense scheme for android devices,” in Proc.
IEEE Conf. Commun. Netw. Secur., 2016, pp. 55–63.

[37] L. Wu, X. Du, and X. Fu, “Security threats to mobile multimedia
applications: Camera-based attacks on mobile phones,” IEEE
Commun. Mag., vol. 52, no. 3, pp. 80–87, Mar. 2014.

[38] Z. Xu, K. Bai, and S. Zhu, “TapLogger: Inferring user inputs on
smartphone touchscreens using on-board motion sensors,” in Proc.
5th ACMConf. Secur. PrivacyWirelessMobile Netw., 2012, pp. 113–124.

[39] T. Zhu, Q. Ma, S. Zhang, and Y. Liu, “Context-free attacks using
keyboard acoustic emanations,” in Proc. ACM SIGSAC Conf. Com-
put. Commun. Secur., 2014, pp. 453–464.

Chen Wang received the BS and MS degrees
from the University of Electronic Science and
Technology of China, in 2009 and 2012. He is cur-
rently working toward the PhD degree in the Elec-
trical and Computer Engineering Department,
Stevens Institute of Technology under the super-
vision of Prof. Yingying Chen. His research inter-
ests include mobile computing, cyber security and
privacy, and smart healthcare. He received the
Best Paper Award from the ACM Conference
on Information, Computer, and Communications

Security (ASIACCS) 2016 and the Best Paper Award from the IEEE Con-
ference on Communications and Network Security (CNS) 2014. He is a
student member of the IEEE.

Xiaonan Guo received the PhD degree in com-
puter science and engineering from the Hong
Kong University of Science and Technology,
Hong Kong, in 2013. He is currently a research
associate working with Prof. Yingying Chen in the
Electrical andComputer Engineering Department,
Stevens Institute of Technology. Prior to joining
Stevens, he was a research fellow in the School of
Information Systems, Singapore Management
University. His research interests include perva-
sive computing, mobile computing, cyber security

and privacy, and social networks. He received the Best Paper Award from
the ACM Conference on Information, Computer, and Communications
Security (ASIACCS) 2016. He is amember of the IEEE.

Yingying Chen received the PhD degree in com-
puter science from Rutgers University. She is a
professor in the Department of Electrical and
Computer Engineering, Stevens Institute of Tech-
nology. Her research interests include cyber
security and privacy, mobile healthcare, IoT, and
mobile and pervasive computing. She has pub-
lished more than 100 journals and referred con-
ference papers in these areas. Prior to joining
Stevens, she was with Alcatel-Lucent. She is the
recipient of the NSF CAREER Award and Google

Faculty Research Award. She also received the NJ Inventors Hall of
Fame Innovator Award. She is the recipient of the Best Paper Awards
from ACM AsiaCCS 2016, IEEE CNS 2014, and ACM MobiCom 2011.
She also received the IEEE Outstanding Contribution Award from the
IEEE New Jersey Coast Section each year from 2005 - 2009. Her
research has been reported in numerous media outlets including MIT
Technology Review, Fox News Channel, Wall Street Journal, and
National Public Radio. She serves on the editorial boards of the IEEE
Transactions on Mobile Computing, the IEEE Transactions on Wireless
Communications, and the IEEE Network Magazine. She is a senior
member of the IEEE.

YanWang has been an assistant professor in the
Department of Computer Science, SUNY, Bing-
hamton University, since August 2015. His
research interests include mobile and pervasive
computing, cybersecurity and privacy, and smart
healthcare. His work has been published in many
top conferences, including ACM MobiCom, ACM
MobiHoc, ACM MobiSys, IEEE InfoCom, ACM
CCS, IEEE CNS, etc., and peer-reviewed journal
articles. Prior to joining Binghamton University,
he was advised by Prof. Yingying Chen in the

Department of Electrical and Computer Engineering, Stevens Institute of
Technology. He worked on this project during the PhD study at the Ste-
vens Institute of Technology. He is a member of the IEEE.

Bo Liu received the BS degree from the Nanjing
University of Information and Technology, in
2011 and the MS degree from the Stevens Insti-
tute of Technology, in 2013. He is currently work-
ing toward the PhD degree in the Electrical and
Computer Engineering Department, Stevens
Institute of Technology, under the supervision of
Prof. Yingying Chen. His research interests
include mobile computing, wireless security and
privacy, and visible light communication. He
received the Best Paper Award from the ACM

Conference on Information, Computer, and Communications Security
(ASIACCS) 2016. He is a student member of the IEEE.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/publications/dlib.

660 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 17, NO. 3, MARCH 2018

http://www.shokhirev.com/nikolai/abc/alg/hmm/hmm.html


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /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 /sRGB
  /DoThumbnails true
  /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 true
  /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
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /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 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /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 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /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 "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


