
Copyright

by

Sangki Yun

2016



The Dissertation Committee for Sangki Yun
certifies that this is the approved version of the following dissertation:

Towards Accurate Object Tracking using Acoustic

Signal

Committee:

Lili Qiu, Supervisor

Aloysius Mok

Mohamed G. Gouda

Gustavo de Veciana



Towards Accurate Object Tracking using Acoustic

Signal

by

Sangki Yun, B.E., M.S.

DISSERTATION

Presented to the Faculty of the Graduate School of

The University of Texas at Austin

in Partial Fulfillment

of the Requirements

for the Degree of

DOCTOR OF PHILOSOPHY

THE UNIVERSITY OF TEXAS AT AUSTIN

August 2016



Towards Accurate Object Tracking using Acoustic

Signal

Publication No.

Sangki Yun, Ph.D.

The University of Texas at Austin, 2016

Supervisor: Lili Qiu

We are living in the era of mobile computing where people are sur-

rounded by many smart devices such as smartphone, smart watch, smart TV,

and Virtual Reality (VR) headsets. For them, providing intuitive user inter-

face is crucial to satisfy the needs of the users, but their limited form-factor

makes them difficult to support natural user interface. Object tracking can

provide new opportunity to design intuitive gesture based user interface. First,

it can provide more convenient User interface (UI) than traditional controllers

and can be used to control a wide variety of Internet of Things devices. For

example, it is difficult to use button based controller in VR headsets because

users may not see the controller. By tracking the position of the controller or

hand, it can control VR applications more intuitively. Second, it can be used

to support motion based gaming, which is getting increasingly popular.
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In this dissertation, we provide accurate object tracking methods that

are useful to design intuitive user interface for mobile systems. In particular,

we focus on exploiting the acoustic signal to track the movement of the object.

While the vision based and the RF signal based object tracking have been

extensively investigated, acoustic signal based tracking has not been under

explored. The advantage of the acoustic signal based tracking is that it can be

enabled by widely available speakers and microphones and can be processed in

software without any extra hardware. Using the acoustic signal, we provide two

different ways of tracking: 1) tracking mobile devices such as smartphone and

smart watch, and 2) device-free tracking that tracks a hand without wearing

a device that exploits the reflected signal from the moving hand. In both

scenarios, we provide sufficient tracking accuracy so that the mobile or the

hand is used as a mouse in the air.

First, we develop a system that can accurately track the movement of a

mobile device using the acoustic signal. The device to be controlled (e.g., smart

TVs) sends the acoustic signal using its speaker, and the mobile device tracks

the movement. More specifically, the tracker sends inaudible sound pulses at

a few selected frequencies, and uses the frequency shifts to estimate the speed

and distance traveled. we then develop techniques to quickly calibrate the

distance between speakers and narrow down the devices initial position using

its movement trajectory. Based on the information, we continuously track

the devices new position in real time. This is feasible because many devices,

such as smart TVs, PCs, and laptops, already have multiple speakers. Our
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evaluation and user study demonstrate that our system achieves high tracking

accuracy (e.g., median error of around 1.4 cm) and ease of use.

Next, we provide a device-free motion tracking system. It tracks the

movement of the hand relying the reflected acoustic signal, which is more

challenging. To realize it, we propose a novel approach that can estimate the

distance and velocity using a single chirp signal and combine both information

to accurately locate the moving hand. Through micro-benchmarks and user

studies, we show our system achieves the medium tracking error of 1.94 cm

using 2 speakers and 2 microphones on the same computer.

Finally, we improve the accuracy of the device-free tracking so that

it is applicable for gesture based user interface for smart watches and VR

headsets. We design single carrier based data communication system over

acoustic channel and observe the channel impulse responses of the reflected

signal. By observing the phase change, we can track the movement of the

finger accurately. In our experiments using the speaker and the microphones

of the commercial mobile device, we show that the finger movement can be

tracked very accurately with the tracking error less than 1 centimeter.
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Chapter 1

Introduction

1.1 Overview

With the proliferation of mobile and smart devices such as smart phone,

smart appliances, tablets and smart TVs, we are living in the era of ubiquitous

and pervasive computing where devices ceaselessly interact with each other and

human. In mobile and ubiquitous computing, object tracking has been con-

sidered as an important issue. Using the location and movement information

of the object, we can recognize the context of the user and provide a service

accordingly. For example, having the location of the user in a shopping mall,

we can provide an information specific to the location (e.g., advertisement or

coupon) to the user without user intervention. Also, by accurately tracking

the movement of mobile devices or user body parts, we can enable gesture and

motion recognition based user interface (UI). Due to the enormous amount of

applications, object tracking has received significant research attention over

last few decades. However, the existing solutions still do not satisfy the needs

of the users and the application. Moreover, fine grained object tracking that is

useful for motion based UI design is more challenging, because it requires very

accurate tracking to meet the needs of the applications. The existing solutions

use extra hardware (e.g., camera or antenna array) to achieve it, or provide
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insufficient accuracy.

Our goal is enabling accurate object tracking only relying on existing

hardware in smart devices. To achieve it, this dissertation explores the acous-

tic signal for the purpose of tracking. A unique advantage of it is that the

speakers and microphones available in smart device can be used to transmit

and receive the acoustic signal. Using the acoustic signals transmitted in the

inaudible frequency range, (i.e., 16 KHz to 24 KHz), we continuously track

the movement of the object in real-time. This dissertation demonstrates that

the acoustic signal based object tracking can provide high tracking accuracy

in both 1) mobile device tracking that tracks the position of the mobile device

with microphone while the speakers in fixed location are emitting the acous-

tic signal, and 2) device-free tracking that tracks the location of the moving

object while the speakers and the microphones are fixed.

1.2 Mobile Device Tracking

A mouse has been one of the most successful technologies for controlling

the graphic user interface due to its ease of use. Its attraction will soon

penetrate well beyond just computers. There already have been mice designed

for game consoles and smart TVs. A smart TV allows a user to run popular

computer programs and smartphone applications. For example, a smart TV

user may want to use a Web browser and click on a certain URL or some part

of a map using a mouse. A traditional remote controller, which uses buttons

for user input, is no longer sufficient to exploit full functionalities offered by
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the smart TV. On the other hand, a traditional mouse, which requires a flat

and smooth surface to operate, cannot satisfy many new usage scenarios. A

user may want to interact with the remote device while on the move. For

example, a speaker wants to freely move around and click on different objects

in his slide; a smart TV user wants to watch TV in any part of a room; a

Google Glass user wants to query about objects while he is touring around.

Wouldn’t it be nice if a user can simply turn his smartphone or smart watch

into a mouse by moving it in the air?

However, there are many challenges to achieve these goals. First of

all, in order to enable the air mouse capability using the device, the device

movement should be tracked very accurately, within a few centimeters. Exist-

ing indoor localization that provides meter-level accuracy cannot achieve this

goal. Many smart TV and set-top box manufacturers provide advanced re-

mote controllers [56]. Some of them even provides motion control and gesture

recognition using inertial sensors, such as accelerometer and gyroscope [51, 52].

Existing accelerometer is well known for their significant measurement errors,

and cannot provide accurate tracking. We further confirm this using our mea-

surement studies. Gyroscopes achieve better accuracy in tracking rotation.

However, a user has to learn to how to rotate in order to control the displace-

ment in a 2-D space. This is not intuitive, and is especially hard for moving

in a diagonal direction, thereby degrading user experience and speed of con-

trol. Accelerometer based approach also fails due to significant noise in the

measured acceleration.
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Figure 1.1: Acoustic signal based device tracking.

We propose Accurate Air Mouse (AAMouse) that accurately tracks

device movement in real time. It enables any mobile device with a microphone,

such as a smart phone and smart watch, to serve as a mouse to control an

electronic device with speakers. A unique feature of our approach is that it

uses existing hardware in mobile and electronic devices. Figure 4.2 shows an

example of our system, where a mobile device with a microphone serves as

a mouse for a smart TV with two speakers. The smart TV emits inaudible

acoustic signals, and the mobile device records and feeds it back to the smart

TV, which estimates the device position based on the Doppler shift.

While there are some existing work that leverages the Doppler shift

for gesture recognition, tracking is more challenging since gesture recognition

only requires matching against one of the training patterns whereas tracking

requires accurate positioning of the device. This not only requires accurate

estimation of frequency shift, but also translating the frequency shift into a

position involves significant additional research issues, such as how to estimate

the distance between the speakers, the device’s initial device position, and its

new position based on the frequency shift.
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We first estimate frequency shift and use it to position the device as-

suming that the distance between the speakers and the device’s initial position

are both known. Then we develop techniques to quickly calibrate the distance

between the speakers using the Doppler shift. To address the device’s unknown

initial position, we employ particle filter, which generates many particles cor-

responding to the device’s possible positions and filters the particles whose

locations are inconsistent with the measured frequency shifts. The device’s

position is estimated as the centroid of the remaining particles. To further en-

hance robustness, we transmit signals at multiple frequencies, perform outlier

removal, and combine the remaining estimations.

1.3 Device-Free Tracking

Device-free motion tracking enables a new way for users to interact with

the world by simply moving their hands. Recently, Virtual Reality (VR) and

Augmented Reality (AR) are all taking off, where the availability of easy-to-

use user interface is the key to their success. VR and AR are expected to hit

$150 billion by 2020. They provide immersed experience, and open the doors

to new ways of training, education, meeting, advertising, travel, health care,

emergency responses, and scientific experiments. However, the current user

interfaces of VR/AR are rather limited: they rely on tapping, swiping, voice

recognition, or steering the camera towards the hand to make sure the hand is

within the view and line-of-sight of the camera while wearing the headset. Our

vision is to develop a device-free user interface (UI) so that a user can freely
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move his or her hand to control game console, VR, AR, and smart appliances.

Motivated by this vision, we develop novel device-free tracking systems

to accurately track a hands movement. In our system, a device to be controlled

(e.g., game console, VR/AR headset, smart appliance) emits audio signals

through its speakers. The audio signals are reflected by a users hand as well

as other nearby objects and then received by the microphones on the same

device. The device uses the reflected audio signal to continuously track the

hand in real-time.

We use audio signals for tracking due to its slow propagation speed,

which makes it possible to achieve high accuracy. Moreover, it can be gener-

ated and received by widely available speakers and microphones and can be

processed in software without any extra hardware. It also works in a wide

range of scenarios, such as non line-of-sight and different lighting conditions.

We introduce two approaches to achieve the acoustic signal based device-

free tracking. The first one is Frequency Modulated ContinuousWaves (FMCW)

based tracking. Here, the speakers transmit FMCW. Upon receiving the au-

dio signals, the microphones extract distance and velocity with respect to the

speakers, and then derives its coordinates based on the estimated distance and

velocity.

There are several challenges in achieving this goal. First, it is common

to have more than one object around the speakers and they all reflect the

signals. How to distinguish which one corresponds to the reflection from the
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hand? Second, the frequency shift is caused by both propagation delay and

velocity. The receiver can only measure the overall frequency change, and

should decompose it to the change caused by the propagation delay and the

one caused by movement. To address them, we introduce novel algorithms to

filter out the reflections from static objects and separate the frequency shift

by Doppler and the delay from observed frequency shift in FMCW.

Next, we introduce Acoustic Phase Tracking (APT) that tracks the

movement of the finger using the acoustic signal in close proximity. We observe

the phase change of the acoustic signal for tracking. The wavelength of the

acoustic signal is very short in inaudible frequency range (e.g., 1.7 cm in for

20 KHz signal). Considering that the phase of the signal rotates 2π when the

travel distance changes as much as the wavelength, observing the phase allows

us to track the movement in fine resolution.

The challenge is how to distinguish the phase change of the signal re-

flected from the finger from those of all other signals. In the received au-

dio signal recorded by the microphone, the reflected signal from the finger

is merged with many other reflected signals as well as the directly received

signal. As a consequence, the phase tracking is affected by the movement

of the surrounding objects besides the target movement. We address this by

observing the phase change of the channel impulse response (CIR). In CIR,

each channel tap value corresponds to the signal path with specific delay. By

observing the phase change of certain taps, we can ignore the phase change

incurred by the paths that are not related to the target movement. For the
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channel estimation, we design our own acoustic communication channel that

sends and receives training sequence frames in inaudible frequency band. From

the received signal, we estimate the channel, observe the phase change, and

eventually track the finger movement. The whole process is implemented in

software and can be processed in real-time.

1.4 Summary of Contributions

In summary, the followings are the major contributions of the disserta-

tion:

• We propose a novel device tracking mechanism that enables air mouse

capability using existing hardware in mobile and electronic devices. It

accurately estimates frequency shift and uses it to position the device

when the distance between speakers and initial position of the device

are both known. Then we develop techniques to estimate the distance

between speakers and the device initial position. To further enhance

robustness, we transmit signals at multiple frequencies, perform outlier

removal, and combine the remaining estimations. We show AAMouse

can track the trajectory of the device movement with a median trajectory

error of 1.4 cm. This is comparable to RF-IDraw [63] that requires

multiple antenna arrays of 4 antennas. Compared to Tagoram [72] with

unknown track, it is 7 times more accurate.

• We propose a device-free hand tracking mechanism that accurately track
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the movement of the hand. We estimate the distance and the velocity

using a single chirp signal and combine both information to accurately

locate the moving hand. Our evaluation shows that it achieves the me-

dian tracking error of 1.94 cm using 2 speakers and 2 microphones on

the same computer without extra hardware.

• We provide a fine-grained finger tracking that tracks the movement of

the finger in close proximity. It tracks the object by observing the phase

change cause by the movement from the estimated channel impulse re-

sponse. From the experiment using a mobile phone with one speaker

and two microphones, we show it can accurately track the movement of

finger with the median tracking error 1.1 cm.

1.5 Dissertation Outline

Chapter 2 overviews the related work. Chapter 3 shows how to track

the mobile device, and Chapter 4 presents device-free tracking using the acous-

tic signal. Chapter 5 introduces fine-grained finger tracking, and Chapter 6

concludes the dissertation.
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Chapter 2

Related Work

This chapter presents related work. Section 2.1 presents the work re-

lated to mobile device tracking, and Section 2.2 describes the work in related

to device-free tracking.

2.1 Mobile Device Tracking

Localization and device tracking: Localization has received significant re-

search attention over the last few decades. However, most of the previous works

achieve coarse grained localization, and do not satisfy our goal of achieving

centimeter-level accuracy. There are a few ranging-based localization papers

that use acoustic signals to estimate the distance based on time-of-arrival (e.g.,

[43, 74, 46]). Different from these ranging based works, we focus on continuous

trajectory tracking to enable mouse functionalities. [57] uses 6 beacon nodes

as transmitters to achieve a median error of 12 cm under the line-of-sight. To

achieve such an accuracy, it requires special hardware, dense deployment, and

line-of-sight, which may not be feasible in many cases. Another fine grained

indoor localizations is ArrayTrack [71], but its median error is still 23 cm.

Recently, there have been a few works that track the trajectory of RFID tags
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in centimeter-level [62, 63, 72]. They require special RFID readers with many

antennas. RF-IDraw [63] uses two RFID readers, each with 4 antennas, and

Tagoram [72] uses four readers, each equipped with 4 antennas. In home en-

vironment, it is difficult to imagine that people deploy RFID readers to track

their devices. We achieve comparable accuracy by exploiting two speakers that

are available in most TVs, PCs, and laptops. Moreover, although Tagoram

achieves millimeter-level accuracy when the target moves along a known track,

in an unknown track their median error is 12 cm, well above our error (i.e.,

1.4 cm).

Using inertial sensors: [29] uses the acceleration measured from the ac-

celerometer of the smart phone for localization. Due to significant error from

the acceleration measurement, it uses dead reckoning approach that finds the

position by estimating the number of steps and the heading direction instead

of double integration. Zee [48] uses a similar approach to fill in the gap be-

tween the locations estimated using WiFi. Both of them achieve sub-meter

level accuracy. Such an approach is suitable for tracking walking, but not hand

movement, which is our focus.

Inertial sensors are also used for gesture recognition and device track-

ing [42, 5]. E-gesture [42] uses gyroscope and accelerometer for gesture recogni-

tion, but it is not applicable to device tracking. [5] tracks the device movement

and recognizes the alphabet the user writes. Their tracking algorithm is simi-

lar to the acceleration based tracking used as a baseline comparison in Section

5.5. Our evaluation result shows that AAMouse achieves much higher accuracy
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than the accelerometer based tracking.

Using Doppler for motion and device tracking: WiSee [44] is a novel

method for device-free gesture recognition using the Doppler shift of the WiFi

RF signal. Its main benefit is that users do not need to carry any device.

Its focus is gesture recognition, which distinguishes one gesture from another,

instead of estimating the exact position, so it is not sufficient for our purpose.

A few other works [16, 12, 9, 60] use the Doppler shift of the audio signal

for gesture recognition rather than device tracking. DopLink [9] enables the

interaction among devices using the Doppler shift, and Spartacus [60] finds

the direction of the device movement using the Doppler shift and pairs it with

another device that moves in the same direction. Swadloon [19] exploits the

Doppler shift of audio signal for fine-grained indoor localization. It assumes the

position of the anchor nodes (i.e., speakers) are known, and its error is around

50 cm, well below our accuracy requirement. [26] proposes acoustic signal

based localization, but it uses chirp ranging instead of the Doppler effect. Its

localization accuracy is close to 1 m, and its tracking accuracy during device

movement has not been evaluated.

Infrastructure based tracking: Microsoft X-box Kinect [1] and Nintendo

Wii [2] have been widely successful as gaming controllers. They augment

the game reality by using motion tracking and gesture recognition. Kinect

recognizes the gesture of the user using the depth sensing camera. Wii uses

Infrared (IR) signal to track the movement of the controller. The sensor bar

on the top of TV emits IR signal and the IR camera attached to the Wii
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controller determines its position relative to the sensor bar by detecting the

change in IR blobs [67]. Different from these devices, our approach enables

mouse functionalities using the speakers and microphones that are already

available in most TV and mobile devices and does not require line-of-sight.

Gyroscope based Air mouse: One of our main applications is to let a user

point at a specific target using a mobile device as a mouse. There have been

a few types of Air mice [6] in the market. These are usually used as remote

controllers for laptops and PCs. Advanced remote controllers for smart TVs,

such as Roku 3 [51], Samsung Smart Remote [52], and LG magic motion

controller [28], provide similar functionality. They all use gyroscopes, which

measure the angular velocity to track motion, where a user rotates his wrist

to control the pointer position in a 2-D space. Rotating the device yields the

change of the angular velocity, which is translated into the pointer movement.

Such a movement is not intuitive to users. We performed user study to compare

gyroscope based device control with our scheme. As shown in Section 5.5,

users traverse 40% more distance to touch a target. When asked to draw

simple shapes using the gyroscope, the outputs are rather different from the

original shapes.

2.2 Device-Free Tracking

FMCW-based: Our work is inspired by several existing works on device

free tracking, in particular, FMCW Radar. FMCW Radar uses large antenna

arrays to achieve a narrow beam for tracking. Therefore it requires high-
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power and is heavy. WiTrack [4] applies FMCW to WiFi to track a user’s

location with 10-13 cm error in x and y coordinates and 21 cm in z-dimension.

In addition, since off-the-shelf radios do not perform FMCW, it implements

on USRP. Different from FMCW Radar and WiTrack, our system uses widely

available speakers and microphones and can run on laptops or on smartphones

without additional hardware. We achieve high accuracy by using audio signals

and extracting not only distance but also velocity from a single FMCW signal.

ApneaApp [36] uses FMCW to track heartbeat by looking at periodic patterns.

In comparison, continuous tracking is more challenging due to the lack of

patterns.

Other device-free tracking: WiDraw [59] estimates angle of arrival (AoA)

using CSI, and achieves a median tracking error of 5 cm using 25 WiFi access

points (APs). The requirement of such a large number of APs significantly

limits the applicability of WiDraw. In comparison, we only require 2 speakers

and microphones on one machine to achieve higher accuracy. WiDeo [22] traces

human motion based on reflected WiFi signals. It implements on WARP

using 4 antennas and phase synchronized RX chains. Its median error is 7

cm. [75] uses 60 GHz radios and achieves cm-level accuracy for static objects

with line-of-sight. mTrack [65] achieves higher tracking accuracy by using 60

GHz steerable antennas with narrow beamwidth (3.4o) and fine-grained phase

rotation (1o). The major advantage of our system is ease of deployment since it

requires no extra hardware and only software-based processing. FingerIO [37]

uses the cross-correlation of the received signal to track the moving finger.
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The transmitter sends OFDM signal with data symbols in inaudible frequency

band. The receiver checks the cross-correlation between the transmitted and

the received signals, which yields echo-profile that shows peaks at the locations

of the reflecting objects. By observing the change of the echo-profiles between

two consecutive frames, it detect the change of the moving finger location,

and eventually tracks the movement. In Chapter 5, we performed extensive

performance comparison with our scheme, we shows our scheme is much more

accurate.

Device-free gesture recognition: WiSee [44] is a pioneering work that

uses WiFi signals to enable device-free gesture recognition. It can recognize

9 gestures in several different environments. AllSee [23] enables RFID tags

to recognize gestures based on existing signals, such as TV transmissions. [8]

uses CSI from WiFi to infer which key a user types using significant tracking.

[16, 12] use the Doppler shift of the audio signal to detect in-air gestures. In

general, gesture recognition performs pattern matching and requires significant

training data. In comparison, continuous tracking is more challenging due to

the lack of training data or patterns to match against. CARM [64] recognizes

the the activity of the user by analyzing CSIs available from WiFi NICs. It

infers the movement speed of the user from the power changes incurred by

the phase rotation of the signal path reflected by human body. The speed

information extracted from the CSI is rough and inaccurate, so it is used only

for the pattern matching based activity recognition and cannot be extended

to general movement tracking.
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Chapter 3

Precise mobile device tracking using acoustic

signal

In this chapter, we show how to track the movement of a mobile device

using acoustic signals.

3.1 Motivation

Most recent smart phones are equipped with MEMS accelerometer sen-

sors to measure the movement of the device. A natural thought is to use the

accelerometer for device tracking. In this section, we show that existing ac-

celerometers do not provide high enough accuracy for tracking or enabling

mouse functionalities. We describe fundamental reasons behind the limited

accuracy.

Regarding the problem of the device movement tracking, what one can

easily imagine is accelerometer based tracking. An accelerometer typically

gives 3-axis output that allows us to calculate both the direction and speed

of the movement. In theory, we can integrate acceleration to get velocity and

integrate velocity to get the distance traveled. However, it is well known that

the accelerometer based positioning offers limited accuracy [25, 38]. Here are
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a few fundamental issues with using acceleration for device tracking.

1. The measurement result is easily affected by gravity. While there have

been some techniques to remove the effect of gravity, their accuracy is

still limited.

2. Computing velocity based on acceleration is hard (e.g., the acceleration

is close to zero as the device movement speed approaches a constant

speed, and the acceleration is large as the device suddenly stops).

3. Estimating distance traveled based on acceleration requires double in-

tegration, and small measurement error can easily get exploded during

double integration.

In this section, we conduct measurement studies and confirm that ex-

isting acceleration based tracking is error-prone. We will show more user study

on accelerometer based tracking in Section 5.5.

To demonstrate these issues, we observe that the acceleration measured

by the accelerometer inherently includes gravity, which is approximately 9.8

m/s2 on earth. When the device lies perfectly flat, gravity only affects the ac-

celeration of Z-axis, so X and Y-axis have zero accelerations. However, while

holding the device, one cannot avoid natural hand vibration, which gener-

ates gravity induced acceleration in all axes. This acceleration is much larger

than that caused by intentional movement (e.g., which is around 0.12 m/s2

on average in our experiments). This makes the acceleration based tracking

unreliable.
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Figure 3.1: Acceleration while device is moving and not moving.

One way to remove gravity from the measured acceleration is to apply

a high-pass filter [15]. As the frequency of gravity is low, it is considered

that filtering low frequency acceleration is effective in reducing the impact of

gravity. Google Android SDK provides a linear accelerometer API, which gives

acceleration after a high-pass filter. This is helpful in removing gravity in a

coarse scale, but it still does not provide sufficient accuracy to track the device

position. This is due to two reasons: (i) filtering always incurs additional delay

and (ii) residual acceleration after filtering is still large enough to result in

significant positioning errors.

Next we perform the measurement of linear acceleration in Android de-

vices. We use Google NEXUS 4 and Samsung Galaxy 3. Their accelerometers
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come from InvenSense [20], which is one of the few accelerometer manufactur-

ers that provides accelerometers for latest iPhones and many android phones,

since InvenSense MEMS sensors are considered the most accurate.

Our experiments have 3 users. Different users do not give distinguish-

able differences in the results. The sampling rate of the accelerometer was

set to the highest (i.e., 200Hz). To get the ground-truth, we attach a camera

on the ceiling, and run an object tracking program to track the mobile phone

movement precisely.

Figure 3.1(a) shows a snapshot of the acceleration while a user is holding

the device. We only plot Y-axis acceleration for ease of viewing. While a user

is holding the device, the average magnitude is 0.05 m/s2 across all users and

devices. This can be regarded as measurement noise because it is generated

while the device is not moving.

Figure 3.1(b) shows the acceleration while the user is moving the device

in one direction. In this experiment, users are asked to mimic the speed of

controlling a mouse. The device starts to move at 1 second, and stops at 4.3

second. Comparing Figure 3.1(a) and (b), it is hard to tell exactly when the

device starts moving and when it stops. At the first glance, we might observe

the value difference while the device is moving and not is negligible. At the

beginning of the movement, it gives high enough acceleration to calculate

the initial velocity, but as the device velocity approaches close to a constant,

the acceleration decreases, which makes the position tracking unreliable. In

addition, even after the movement has stopped, the acceleration remains high
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due to deacceleration and filtering noise.

Figure 3.1(c) shows the distance calculated by double integration of

the acceleration. We can observe the tracking error is significant, and the

direction is completely off. While this is just one run, it is common to see such

a significant error in other runs. The average acceleration while the device is

moving is 0.12 m/s2, which is not very different from the measurement noise.

Using double integration to get the distance causes small measurement error

to get accumulated quickly. Figure 3.1(c) shows that the distance increases

even after the device has stopped due to the accumulated error. This shows

that the existing accelerometers do not provide high enough accuracy to track

small-scale movements.

Therefore, we conclude that the MEMS accelerometers in current smart

phones do not give accurate acceleration to track small scale movements.

3.2 Our Approach

This section presents our approach to device tracking.

3.2.1 Doppler Effect Based Tracking

The Doppler effect is a well known phenomenon where the frequency

of a signal changes as a sender or receiver moves [34]. The frequency increases

as they move closer, and decreases as they move far away. The amount of

the frequency change is called Doppler shift, which is determined by the speed

of the sender or receiver. Without loss of generality, we consider that only
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the receiver moves while the sender remains static. Let F denote the original

frequency of the signal, F s denote the amount of frequency shift, and v and c

denote the receiver’s speed towards the sender and the propagation speed of

wave, respectively. They have the following relationship:

v =
F s

F
c. (3.2.1)

So if we know F and c and can measure F s, we can use the above relation-

ship to estimate the speed of movement. Compared to the acceleration that

requires double integration to get the distance, the Doppler shift allows us to

get distance using a single integration, which is more reliable.

The Doppler effect is observed in any wave, including RF and acoustic

signal. We use acoustic signal to achieve high accuracy due to its (i) narrower

bandwidth and (ii) slower propagation speed. Its narrower bandwidth makes

it easy to detect 1 Hz frequency shift than that in RF signals (i.e., 44.1 KHz

in acoustic signals versus 20 MHz in WiFi). In order to improve the accuracy

of detecting frequency shift in WiFi signals, WiSee [44] proposes to reduce the

bandwidth of the received signal by first decoding the data to get the chan-

nel estimate and then re-encoding repeated data using the estimated channel.

Even with significant computational overhead, WiSee detects only 2 Hz fre-

quency shift. In comparison, we can easily detect 1 Hz frequency shift in real-

time using acoustic signal. Even assuming that we can detect 1 Hz frequency

shift in both WiFi and acoustic signals, the accuracy in speed estimation is

still higher in acoustic signal due to its slower speed. The acoustic signal trav-

els at 346. m/s in dry air at 26 ◦C. If we use sound frequency of 17 KHz, the
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speed resolution is 1×346.6
17000

≈ 0.02m/s = 2cm/s. In comparison, when the RF

center frequency is 2.4 GHz, the resolution is 1×3×108

2.4×109
= 0.125m/s = 12.5cm/s,

which is around 6 times as large. This implies that for the same movement,

the Doppler shift of the acoustic signal is 6× that of RF signal, which allows

us to more accurately measure the movement speed.

Moreover, it incurs less overhead to measure the Doppler shift. To

observe the signal in 1 Hz level in the frequency domain, one needs to perform

the FFT with respect to the bandwidth of the signal [40]. While the bandwidth

of the acoustic signal is 44.1 KHz, WiFi signal bandwidth is 20 MHz. In Section

4.2, we describe how we observe the Doppler shift in 1 Hz level in real-time.

WiSee reduces the Doppler resolution to 2 Hz to relieve the computational

overhead, which further decreases the resolution of the speed.

In addition, acoustic signal can be easily generated and received using

speakers and microphones, which are widely available on TVs, Google Glasses,

smartphones, and smart watches. To avoid disturbance to other people, we

can generate inaudible acoustic signals. While in theory some people may

hear up to 20 KHz, we find sound above 17 KHz is typically inaudible. We

can easily emit inaudible sound using any device that can play audio files with

a sampling rate of at least 44.1 KHz.

We perform a simple experiment to see how accurately we can track

the device movement using the Doppler shift. Using MATLAB, we generate a

17 KHz sinusoid audio file that takes 1 Hz in the frequency domain, and play

it using a normal PC speaker, and record it using a microphone on Google
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Figure 3.2: The Doppler shift and the moving distance estimation.

NEXUS 4. We measure the Doppler shift while the device is moving towards

the speaker. The details on how to accurately calculate the Doppler shift will

be explained in Section 3.2.2. Figure 3.2 shows the Doppler shift and the

moving distance over time estimated by Equation 3.2.1. The device starts

moving at 1 second and stops at 2.8 second. Unlike acceleration measurement

in Figure 3.1, it is easy to tell the start and stop time of the device movement

(e.g., the Doppler shift is well above 1 Hz during movement and well below

1 Hz when it stops). Moreover, since we get speed from the Doppler shift

and can calculate the distance traveled using a single integration rather than

double integrations in accelerometer, the accuracy improves significantly. As

shown in Figure 3.2(b), the maximum tracking error is only 0.7 cm.

Based on the above concept, we develop the following system, as illus-

trated in Figure 4.2, where a sender with two speakers sends inaudible sound

pulses to a mobile device to be tracked. The mobile device can be any device

with a microphone, such as a smart phone and smart watch. Here we consider

a smart TV as a source of the signal but it can be any device with two speakers

such as laptop and PC. Also, the device to be tracked can be any mobile device
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with a microphone, such as smart phone and smart watch. The audio signal

sender also serves as a main processor that calculates Doppler shift and tracks

the device. The basic scenario is as follows. The TV emits narrow sound wave

in inaudible frequency range.

To distinguish which speaker generates the signal, the two speakers emit

different frequencies. The device initiates tracking using a simple gesture or

tapping the screen, and starts recording the audio signal from the microphone.

The mobile device can either locally process the received signal to compute its

location, or send the received audio file via a wireless interface (e.g., WiFi or

bluetooth) back to the sender for it to process the data and track the device.

The audio signal is simply a sequence of pulse-coded modulation (PCM) bits,

which is typically 16 bits per sample. Assuming 44.1 KHz sampling rate, the

amount of the audio data per second is 705.6 Kb, which is lower than the bit-

rate of classic Bluetooth (i.e., 2.1 Mbps) [18]. Depending on the application,

it can be translated into the cursor position or used to track the trajectory of

the user’s movement.

There are several important research issues we should address to realize

the above system:

• How to estimate the Doppler shift?

• How to estimate the position based on the Doppler shift?

• How to improve robustness?
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• How to determine the distance between speakers?

• How to determine the mobile device’s initial position?

• How to extend this approach to control devices without multiple speak-

ers?

Below we address each of these challenges in turn. Note that we focus on

tracking in a 2-D space for mouse applications. Other applications may require

tracking in a 3-D space. Our approach supports 3-D tracking when there are

3 or more anchor points (e.g., 3 speakers).

3.2.2 Estimating the Doppler Shift

To record sound in inaudible range (i.e., between 17KHz and 22KHz)

without aliasing, we should use the audio sampling rate at least 44 KHz [40].

We use 44.1 KHz sampling rate since most android devices support it by

default. To achieve high tracking accuracy, we aim to estimate frequency shift

with a resolution of 1 Hz. This implies we need to perform 44100-point FFT

to analyze the signal in the frequency domain in 1 Hz-level. This poses a

challenge: a long FFT does not allow us to continuously track a device in real

time. For 44100-point FFT, we need to store 44100 samples, which takes one

second. During that time, the device’s position might already have changed

several times, which significantly degrades the reliability and responsiveness

of tracking.
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To address this issue, we use Short-term Fourier Transform (STFT),

which is used to analyze the change of spectrum over time [66]. It uses fewer

data samples than that required by FFT. The missing values of the input is

filled with zeros. Then the FFT output has desired resolution. However, this

alone may cause aliasing due to under-sampling. To minimize the distortion,

windowing is applied in time domain and each window contains all the audio

samples during the current sampling interval. We use Hamming window for

that purpose [21].

In our design, we set input length to 44100 and use 1764 audio samples

(i.e., the total number of audio samples in 40 ms) as the input, which gives FFT

output with 1 Hz resolution every 40 ms. From it, we measure the Doppler shift

by finding the peak frequency (i.e., the frequency with the highest value) and

subtracting it from the original signal frequency. The complexity is determined

by the width of spectrum to be scanned in order to detect the peak frequency.

We set it to 100 Hz assuming that the maximum possible Doppler shift is

50 Hz, which corresponds to 1 m/s. According to our experiment, when a

person moves a mobile device with a hand, its speed does not exceed 1 m/s.

Figure 3.3(a) and (b) show an example of the received audio signal in the

frequency domain and the estimated Doppler shift, respectively, while the

device is moving around a circle.
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Figure 3.3: Doppler analysis of the received signal.

3.2.3 Tracking the Position

Next we use the estimated frequency shift to derive the position of the

mobile device. In this section, we assume the distance between the speakers

and the initial position of the mobile device are both known. We will relax

these assumptions in Section 3.2.5 and 3.2.6. With the measured Doppler

shift, we can calculate the device movement speed and the moving distance

given the amount of time.

We estimate the frequency shift from the two speakers to get the dis-

tance change from the speakers. More specifically, let D denote the distance

between the speakers. We construct a virtual two-dimensional coordinate

where the origin is the left speaker and the X-axis is aligned with the line

between speakers. In this coordinate, the left and right speakers are located

at (0, 0) and (D, 0), respectively. Let (x0, y0) denote the device’s initial posi-

tion in this coordinate. The distances from the device to the speakers 1 and 2

are denoted by D0,1 and D0,2, respectively , which is
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D0,1 =
√

x2
0 + y20,

D0,2 =

√
(D − x0)

2 + y20.

Let ts be the sampling interval in which we estimate the frequency

shift. Our evaluation uses 40 ms, which means the cursor’s position is updated

every 40 ms, which corresponds to popular video frame rates of 24-25 frames

per second [14]. After ts, we can get the new distance from the two speakers

D1,1 and D1,2 using the Doppler shift. From the measured Doppler shift and

Equation 3.2.1, we get:

D1,1 = D0,1 +

(
F s
1,1

F1

c

)
ts,

D1,2 = D0,2 +

(
F s
1,2

F2

c

)
ts,

where Fk and F s
i,k are the sound frequency and Doppler shift from speaker k

during the i-th sampling interval, respectively.

Given the updated distance from the speakers, the remaining question

is how to get the new position. As illustrated in Figure 3.4, the new position

should be the intersection of the two circles whose center points are (0, 0)

and (D, 0), and radii are D1,1 and D1,2, respectively. We can calculate the

intersection of the two circles efficiently as follows [3]:
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θ1 = cos−1

(
D2

1,1 +D2 −D2
1,2

2DD1,1

)
,

(x1, y1) = (D1,1 cos(θ1), D1,1sin(θ1)),

(x2, y2) = (D1,1cos(−θ1), D1,1sin(−θ1)),

where (x1, y1) and (x2, y2) are two intersection points of the circles. Note

that if D1,1 + D1,2 < D, there is no intersection between the two circles. If

D1,1 + D1,2 = D, there is one intersection. In the other cases, there are two

intersection points. In the last case, we choose the point closer to (x0, y0) as

the next position, denoted as (x1, y1), since the movement is continuous and

our sampling interval is small.

 

 

 

 

 

 

 

 

 

 
 

  

 

Figure 3.4: Tracking the position based on the Doppler shift.

In the next Doppler sampling interval, we measure F s
2,1 and F s

2,2, calcu-

lateD2,1 andD2,2, and derive (x2, y2) from it. This process is repeated until the

device stops moving. To minimize the impact of errors in the frequency shift
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(a) Doppler shift measured from 5 tones

0 0.5 1 1.5 2
−10

−5

0

5

10

Time (second)

D
op

pl
er

 s
hi

ft 
(H

z)

(b) Doppler shift after MRC without outlier
removal

0 0.5 1 1.5 2
−10

−5

0

5

10

Time (second)

D
op

pl
er

 s
hi

ft 
(H

z)

(c) Doppler shift after MRC with outlier re-
moval

Figure 3.5: Improving the accuracy of the Doppler estimation.

estimation, we filter out the frequency shift below 1 Hz and use the remaining

frequency shifts to estimate the speeds and distance.

We detect the start and end of device movement using simple thresh-

olding. If the absolute value of the measured Doppler shift is larger than 1 Hz

for more than 5 consecutive intervals, it starts tracking the device. Similarly,

we regard that the device has stopped if the Doppler shift is smaller than 1

Hz during 5 consecutive intervals.

3.2.4 Improving the Accuracy

To achieve high accuracy in device tracking, it is crucial to accurately

estimate the Doppler shift. However, measuring it from a single sound wave
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may not be reliable. The accuracy of estimating the Doppler shift in part

depends on SNR of the received signal. Due to frequency selective fading, SNR

varies across frequencies. Our idea to improve the accuracy is using larger

spectrum for Doppler measurement. In particular, we exploit the diversity

idea used in wireless communication. If we send 1-Hz sound tones at different

center frequencies, we can use all of them to measure the Doppler shift.

In order to leverage multiple frequencies, the first question is which cen-

ter frequencies should be used. If the different center frequencies are too close,

they will interfere with each other especially under movement. As mentioned

earlier, the hand movement speed for mouse applications is typically within

1 m/s, which corresponds to 50 Hz Doppler shift. To be conservative, we set

adjacent sound tones to be 200 Hz apart. Based on our evaluation result in

Section 3.4.1, we allocate 10 sound tones for each speaker.

The next question is how to take advantage of the measurements at

multiple frequencies to improve the accuracy. One approach is to apply Maxi-

mal Ratio Combining (MRC) technique used in the receiver antenna diversity,

which averages the received signal weighted by the inverse of the noise variance.

It is known to be optimal when the noise follows a Gaussian distribution [69].

However, we find some frequencies may incur significantly higher noise than

others, and it is important to remove such outliers before combining them

using a weighted average. In our system, the Doppler sampling interval is

40 ms. 10 Hz difference from the previous measurement implies the veloc-

ity has changed 0.2 m/s during 40 ms, which translates into an acceleration
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of 5 m/s2. Such a large acceleration is unlikely to be caused by the device

movement. So whenever the change in frequency shifts during two consecutive

sampling intervals (i.e., |F s
i+1,k − F s

i,k|) is larger than 10 Hz, we consider it as

an error and remove it before performing MRC. In an exceptional case where

all measurement differences exceed 10 Hz, we select the one closest to the pre-

vious measurement. After MRC, the Kalman filtering is applied to smooth

the estimation. We set the process noise covariance Q and measurement noise

covariance R in the Kalman filter both to 0.00001.

Figure 3.5 shows the raw Doppler shift measurements and the result

after MRC with and without outlier removal. It shows that the Doppler es-

timation after outlier removal yields more smooth output and likely contains

smaller errors. In Section 3.4.1, we show that the outlier removal improves the

accuracy by 26% when 5 sound tones are used.

3.2.5 Finding the Distance between the Speakers

So far, we assume the distance between the speakers is known a priori.

In practice, this information may not be available in advance. One solution is

to ask the user to measure the distance between the speakers using a ruler and

report it. This is troublesome. Moreover, sometimes users do not know the

exact location of the speakers. Therefore, it is desirable to provide a simple yet

effective calibration mechanism that measures the speaker distance whenever

the speakers’ positions change.

We propose a Doppler based calibration method. It only takes a few
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(a) Calibration process.
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Figure 3.6: Illustration of the calibration process.

seconds for a user to conduct calibration. As shown in Figure 3.6(a), during

the calibration, the TV emits inaudible sound and the device records it using

its microphone. The user scans the TV with his hand holding the device. The

user starts from the left end of the TV, and move towards the right end of the

TV in a straight line. The user stops after it moves beyond the right end, and

comes back to the left end. The user can repeat this procedure a few times to

improve the accuracy.

Figure 3.6(b) shows the change of the Doppler shift while a user is per-

forming the calibration. We can easily detect the time when the device moves

past the left and right speakers, and measure the distance by calculating the

movement speed based on the Doppler shift. As mentioned in Section 3.2.1,

the Doppler shift is positive as the receiver moves towards the sender. When

the device is at the left side of both speakers, both F s
1 and F s

2 are positive as it

moves towards the right. As it passes the left speaker at 1.48 second (as shown

in Figure 3.6), F s
1 changes to negative while F s

2 stays positive. Similarly, as

the device passes the right speaker, F s
2 changes from positive to negative. By
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finding these points, we find the amount of time user spends moving between

the two speakers, and measure the distance using the Doppler shift. To im-

prove the accuracy, we obtain one distance estimate in each direction, and

average the estimated distances in both directions.

One question is how many repetitions are required to achieve reasonable

accuracy. It depends on the distance error and its impact on device tracking.

To better understand the impact, we inject error to the distance estimation.

As shown in Section 5.5, when users repeat the calibration three times (i.e.,

moving the mobile device back and forth for three times), the 95 percentile

error is 5 cm. The experiment also shows the impact of 5 cm speaker distance

error on device tracking is negligible. Therefore, three repetitions is generally

sufficient.

3.2.6 Finding the Initial Device Position

Next we consider how to handle the issue that the device’s initial po-

sition is unknown. To address this, we use particle filter. Particle filter has

been successfully used in localization to address the uncertainty of the loca-

tion [48, 13]. We use it in the following way. Initially, we generate many

particles uniformly distributed in an area where each particle corresponds to a

possible initial position of the device. In the next Doppler sampling interval,

it determines the device movement from the current particles. If the device

movement is not feasible, the particle is filtered out. In Section 5.3.4, we men-

tioned that the position of the device is determined by finding the intersection
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of the two circles. If D1+D2 ≥ D, we can find one or more intersections; oth-

erwise, there is no intersection. In this case, we regard the current particle is

infeasible and filters it out. The device movement is determined by averaging

the movement of the all remaining particles.

More specifically, let P be the set of particles, which is initialized as

P = {(x1
o, y

1
o), ..., (x

N
o , y

N
o )}, where (xk

o , y
k
o ) is the initial position of the kth

particle and N is the number of particles. During a new Doppler sampling

interval, the particles that give infeasible movement are filtered out from P.

After the ith movement, the position at the (i+ 1)th sample is tracked by

averaging the difference between the (i+ 1)th and ith particle positions. That

is,

(xi+1, yi+1) = (xi +

∑
k∈P(x

k
i+1 − xk

i )

|P|
, yi +

∑
k∈P(y

k
i+1 − yki )

|P|
),

where |P| is the number of remaining particles in P.

The question remains how many particles to allocate. There is a trade

off between complexity and accuracy. Increasing the number of particles is

likely to increase the accuracy of initial position estimation. We use 625 parti-

cles to balance the trade off. 625 particles take 3.63 ms to process, well below

40 ms sampling interval. Refer to Section 3.3 for further details of this choice.

In Section 3.4.1, we evaluate the impact of the initial position error

on the tracking accuracy. It shows the tracking accuracy is not sensitive to

the initial position error. Even with 20 cm error, the median tracking error

increases by only 0.2 cm. Note that we determine the initial position not
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Figure 3.7: Processing time with a varying number of particles.

because we want to know the exact initial location of the device, but because

we need it to track the next position. Regardless of the physical position of

the device, the cursor always starts from the center of the screen. So the initial

position error does not directly translate into the tracking error.

3.3 Implementation

We implement our system and validate the feasibility of the real-time device

tracking. The mobile program is implemented on Android, which collects

the inertial sensor data or audio signal and sends it to the tracking proces-

sor through Android debug bridge. Tracking is implemented in JAVA, which

tracks the position of the device using the audio signal in real-time, as de-

scribed in Section 4.2. For comparison, we also implement other tracking

methods based on an accelerometer, gyroscope, and camera.

AAMouse: Unless otherwise specified, we use the Doppler based tracking.

Since tracking requires non-negligible amount of computation, all tracking

algorithms are handled by the tracking processor while the mobile device is
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only responsible for delivering the recorded audio samples to the processor. To

support real-time processing, we observe the main processing overhead is FFT.

During each Doppler sampling interval (i.e., 40ms), we 1) perform 44100-point

FFT, 2) find peak frequency in each band, 3) combine them after removing

outliers, and 4) calculate the position for each particle. Except FFT, the

complexity is O(WN +P ), where W is the width of spectrum to scan for each

tone, N is the number of tones, and P is the number of particles. To minimize

the computational overhead, we set W and N to 100 and 10, respectively.

To determine how many particles to use, we measured the processing time of

tracking that is performed every Doppler sampling interval (i.e., 40 ms) while

varying the number of particles from 100 to 800. We used a PC with Intel

i7 2GHz processor and 4GB memory as our testbed. As shown in Figure 3.7,

there is a constant overhead of 2.8 ms on average, which does not depend on the

number of particles. The additional overhead incurred by particle filtering is

relatively small, and linearly increases with P . Therefore, we allocate 25×25 =

625 particles every 20 cm to cover 5m× 5m space. In this case, it takes 3.63

ms to process the data, well below 40 ms sampling interval. The computation

overhead is reduced further because the particles are filtered out during the

tracking.

We also evaluate the Doppler and phase based tracking for an object

that has only one speaker. We use USRP nodes as a sender and receiver

to get the phase information, and attach the USRP receiver antenna to the

smartphone with a microphone so that the WiFi and audio signals are received
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at the same location. We implement a UHD program that records the phase

of the received RF signal at USRP and feeds it to the tracking program, which

tracks the device location using the phase change of the RF signal as well

as Doppler shift of the acoustic signal. While we use USRP to generate RF

signals, one can also use commodity WiFi cards to get the phase information

and remove CFO [24, 25].

Accelerometer based tracking: For comparison, we also implement ac-

celerometer based tracking, which uses double integration of acceleration to

estimate distance. We follow the instruction in [53]. One of the difficulties in

accelerometer based positioning is to determine the threshold used for detect-

ing device movement. It is difficult to find a proper threshold that achieves

both low false positive and low false negative. So we set a low threshold (i.e.,

0.07 m/s2) to avoid treating device movement as stop by mistake.

Gyroscope based tracking: This mimics the gyroscope based tracking used

in commercial air mouse products [6] and smart TV motion controllers [51, 52].

The gyroscope measures the angular velocity, and translates it into a 2-D

displacement of a cursor.

Camera based tracking: The goal of camera based tracking is to get

the ground-truth of the device movement. Using a camera attached to the

ceiling of our laboratory, we track the position of the device very precisely. We

implement a simple vision based object tracking program using OpenCV [10].

To improve the accuracy, we attach a label with a distinct color (blue in our

38



setup) to the device and implement a program to track that color. Camera

based tracking is suitable for providing the ground truth in our setting, but is

not a practical solution in general, since it requires not only lines of sight to

the object at all time but also computational intensive and error-prone object

recognition and tracking (especially for a general object and background).

3.4 Evaluation

Experimental setup: We evaluate the tracking performance of AAMouse

and compare its usability with the other tracking methods. We use a DELL

XPS desktop with Intel i7 CPU and 4GB memory as a main processor, and use

Google NEXUS 4 as our main mobile device for user study. The audio source

is Logitech S120 2.0 speaker. The volume of the speaker is set to 30 out of

100 to make sure it works in a normal volume range. By default, the distance

between the two speakers is 0.9 m, and the distance between the speakers and

the mobile device is around 2 m. We also vary these values to understand

their impacts.

For our experiment, we implement a program that displays a pointer

and the trajectory of the device movement in real-time so that users can see

how well the pointer moves as they intend. To emit sound tones in inaudible

frequency range, we play a wave format audio file with specific frequency tones

that we generate using MATLAB. The left and right speakers use 17 - 19 KHz

and 19 - 21 KHz spectrum, respectively. Each speaker emits 10 1-Hz sound

tones with 200 Hz spacing in between. The best 5 tones are selected to estimate
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the Doppler shift as described in Section 3.4.1.

Evaluation methodology: We conduct user study with 8 students (5 male

and 3 female students). They use all four schemes: AAMouse, accelerometer,

gyroscope, and camera based tracking. Each user has 10-minute training for

each scheme. When using AAMouse, the users are asked to hold the device

in such a way to avoid their hands blocking the microphone. When evalu-

ating the accelerometer and gyroscope based approaches, the users hold the

device so that the phone is parallel to the line defined by the two speaker so

that the coordinates of the accelerometer or gyroscope are consistent with the

coordinates defined by the speakers. To quantify the accuracy and usability,

we perform two kinds of experiments. The first experiment is to validate if

the mobile device can be used as a pointing device like a mouse. We show

a target on the screen, and ask the user to touch it. Each user repeats for

40 times. In the second experiment, we show simple shapes, such as a circle,

triangle, diamond, and heart on the screen, and ask the users to use a mo-

bile device to trace the shapes on the screen as closely as possible so that we

can quantify how accurately they can control the pointer. Each user draws

a shape for 5 times. The overall experiment lasts about one hour for each

user excluding the training time. The average distance of the trajectory in

the pointing and drawing experiments are 21.1 cm and 65.4 cm, respectively.

The average tracking times for the pointing and the drawing are 3.2 and 8.4

seconds, respectively. The tracking and visualization are both done online in

real-time. Meanwhile, we also store the complete traces to compute various
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performance metrics offline. The error is measured by comparing the actual

pointer trajectory with that from the camera based tracking. We also compare

the distance traveled in order to touch a target, which reflects the amount of

user effort.

3.4.1 Micro benchmark

Before presenting user study results, we first show a few micro bench-

marks.
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Figure 3.8: Trajectory error with different numbers of sound tones.

Trajectory Accuracy: To quantify the accuracy of trajectory tracking, we

compare the trajectory a user traverses when trying to touch a target or draw

a shape using AAMouse with the trajectories tracked by the camera, which

serves as the ground truth. We sample the trajectory tracked by AAMouse

at the camera sampling rate (i.e., every 50 ms). For each sampled point, we

compute the distance to the closest point on the trajectory tracked by the

camera. We use the average distance across all sampled points as the error

metric.
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Figure 3.8(a) shows the mean trajectory error as we vary the number of

sound tones used to estimate the Doppler shift, where the error bars represent

90% confidence interval. We observe that the mean trajectory error decreases

from 2.7 cm to 1.9 cm by increasing the number of sound tones from 1 to 2.

The error decreases further as we use more sound tones, but the improvement

is marginal. Therefore, we decide to use 5 tones in the remaining evaluation

to balance the tradeoff between accuracy and computation overhead.

Figure 3.8(b) is the mean trajectory error without the outlier removal

introduced in Section 3.2.4. The results show that the outlier removal is cru-

cial. If outliers are not removed, the benefit of using more tones is smaller

and it requires more sound tones to achieve the same accuracy. This is be-

cause we need many samples to mitigate the significant error introduced by

the outliers. With 5 sound tones, the mean trajectory error with outliers is

26% higher than that without outliers; even with 10 sound tones, the mean

trajectory error with outliers is still around 6% higher.

Speaker distance error: In this experiment, a user moves the mobile device

across the sender’s left and right speakers to estimate the distance between its

two speakers, as described in Section 3.2.5. The actual distance between the

speakers is 0.9 m.

Figure 3.9 shows the CDF of distance error as we vary the number

of scannings, where a scan means that a user moves the device from the left

end to the right end, passing both speakers, and then comes back (i.e., one

round-trip). As we would expect, increasing the number of scannings reduces
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Figure 3.9: CDF of the speaker distance.
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Figure 3.10: Trajectory error with various speaker distance.

the measurement error. When the user scans three times, 95% and 99% of

the experiments have measurement errors within 5 and 10 cm, respectively.

Further increasing the number of scannings yields marginal improvement in

the accuracy.

Next we examine how the error in the speaker distance estimation af-

fects the tracking accuracy. We inject varying amount of error to the speak

distance estimation. As shown in Figure 3.10, the tracking error increases

slightly with the increasing error in the speaker distance estimation. The

speaker distance estimation error of 10 cm increases the mean error by 0.05
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Figure 3.11: Trajectory error as the error of the device initial position varies.

cm (i.e., from 1.51 to 1.56 cm). In Section 5.3.4, we explain that the posi-

tion is tracked by finding the intersections of two circles whose center points

are the speaker locations. Erroneous estimation of speaker positions degrades

tracking accuracy, but the degradation is not significant, as shown in Figure

3.10.

Impact of initial position error: Finally, we show the impact of the

initial position estimation error on the tracking accuracy. As it is difficult

to know the initial position of the device in advance, we use particle filter

as described in Section 3.2.6. For this experiment, the users start moving

the device from a fixed initial position and perform the same experiments

of pointing and drawing. We compare the tracking error when (i) the initial

position is known, (ii) the initial position is known with a fixed amount of error,

and (iii) using particle filter to estimate the initial position. Note that this

is the only experiment where users start from the fixed initial position, while

in all the other experiments users all start from an arbitrary initial position,

which is more realistic.
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Figure 3.11 presents the mean tracking error where PF is our particle

filter approach. If the initial position is known, the accuracy can be further

improved, but this is often infeasible. With particle filter, we can limit the

impact of the initial position error. The result shows that the tracking error

with particle filter is quite small: 1.4 cm, which is slightly larger than the case

when there is 15 cm error in the initial position estimation, but smaller than

that of 20 cm error in the initial position estimation.

0 0.5 1 1.5 2 2.5 3
0

0.2

0.4

0.6

0.8

1

Time (second)

F
ilt

er
in

g 
ra

te

Figure 3.12: Particle filter convergence time.

Particle filter convergence: Figure 3.12 shows the particle filter conver-

gence. Using the user experiment data, we plot the average fraction of the

particles that are filtered over time. The result shows that after one second

since the tracking starts, 93% of particles are filtered out. This demonstrates

that particle filter converges fast.

3.4.2 AAMouse evaluation

Tracking accuracy: Next we compare the accuracy of AAMouse with the

accelerometer based tracking. Their errors are measured in the same way as
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described in Section 3.4.1. Figure 3.13 shows the cumulative distribution of

the trajectory errors for AAMouse and the accelerometer based tracking. The

median error for AAMouse is 1.4 cm while that for the accelerometer is 17.9

cm. The 90th percentile errors of AAMouse and accelerometer are 3.4 cm and

37.7 cm, respectively. AAMouse has 10 times lower error than accelerometer in

terms of both the median and 90th percentile errors.
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Figure 3.13: CDF of trajectory error.

Tracking accuracy under background noise: In order to evaluate the

robustness of AAMouse against background noise, we perform additional ex-

periments on AAMouse while the speakers generate both music and inaudible

sound tones for tracking. This emulates the scenarios where smart TVs play

background sound while sending inaudible acoustic signals for device tracking.

According to [27], electronic music tend to generate noise at higher frequencies

than other music genres. Therefore we use a few music clips in YouTube and

select “Top EDM 2014 Music Playlist Tracklist” [35] as the background noise.
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As shown in Figure 3.13, the accuracy remains the same. This is because

the frequency of human voice and many music genres, such as Jazz, Pop and

Classic, do not exceed 10 KHz. Even for some music with clangs and artificial

sounds, such as rock and electronic music, their frequency hardly exceeds 15

KHz. Therefore they do not affect AAMouse, which uses higher than 17 KHz

frequency band. This is also consistent with the findings reported in Spartacus

[60], which uses inaudible sound for device pairing.

Target pointing evaluation: To evaluate the usability of AAMouse as a

pointing device, we measure the distance that the pointer travels in order to

touch a specific target. The main purpose of this experiment is to evaluate

how easily one can control the pointer. If the device tracking is inaccurate, the

pointer movement will be erroneous, which will increase the distance traveled.

Similarly, if the tracking mechanism is not intuitive, the pointer might not

move as the user intends, which will also increase the distance. We use R =

Da/Ds to quantify the accuracy, where Da and Ds are the actual distance

traveled and the shortest path distance, respectively. When the metric is 1, it

means that the movement follows the shortest path and has no tracking error.

A larger value indicates a higher tracking error or harder to use.

We compare AAMouse, gyroscope, and camera-based tracking, which all

succeed in touching the target every time since the users are required to change

the pointer position until the target is reached. We do not compare with the

accelerometer based scheme since its error is too large: despite significant time

and effort users spend, they still fail to touch the target in over 90% cases.
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Figure 3.14: CDF of unnecessary movement to reach the target.

Figure 3.14 shows the CDF of R = Da/Ds for the three schemes. In

terms of the median error, camera based tracking and AAMouse yields almost

the same performance (i.e., 1.03 versus 1.05), but Gyroscope based tracking

yields 1.4, considerably higher than the other two. The performance gap grows

even larger in worse cases. The 80th percentile R for the camera, AAMouse

and gyroscope based tracking are 1.06, 1.17 and 2.98, respectively. In the case

of AAMouse, the pointer travel distance increases mostly due to the tracking

error. When the users try to touch the target, they move the device towards

the direction of the target. If there is tracking error, the pointer deviates from

the direction intended by the user, which extends the moving distance. As it is

shown in Figure 3.13 and 3.14, the tracking accuracy of AAMouse is acceptable,

so it does not significantly increase R. On the other hand, the moving distance

of the gyroscope based tracking increases mainly due to unintuitive use rather

than tracking error. According to our observation, the gyroscope itself is quite

accurate in measuring the amount of rotation. However, it is not intuitive to

users how much they have to rotate their wrists in order to move the pointers in

an intended direction, which makes them fail to reach the target. In particular,
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Figure 3.15: Sample trajectories.

users have trouble moving a pointer in a diagonal direction, as it requires them

to rotate their wrist in two axes simultaneously. The users have to make several

attempts before finally touching the pointer, which increases R.

Figure 3.15 shows example trajectories when the user is trying to reach

the target under the 80th percentile R. As we can see, AAMouse and camera

users spend similar amount of effort to reach the target, but the gyroscope

user spends considerable more efforts to reach the target.

Drawing evaluation: Another way of evaluating the usability is to ask a

user to draw simple shapes: a triangle, diamond, circle, and heart. The user

follows the boundaries of the shapes shown on the screen using the pointer

controlled by AAMouse, gyroscope, or camera. Due to the tracking error and

imprecise user control, the user cannot draw perfect shapes. We measure the

quality of the drawings by calculating the distance between the drawn figure

and the original shape. For each point in the figure, we calculate its distance to
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Figure 3.16: Triangles drawn by the compared schemes.
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Figure 3.17: CDF of drawing error.

the closest point in the original shape, and average across all points. While this

does not perfectly capture the quality of the drawing, it provides reasonable

distinction between well-drawn and poorly-drawn figures.

Figure 3.17 shows the CDF of the drawing error. The median drawing

errors for camera, AAMouse and gyroscope based tracking are 0.39, 0.47, and

0.61 cm, respectively, and the 80th percentile errors are 0.51, 0.63, and 0.99

cm, respectively. Figures 3.16 and 3.18 show the sample drawings with the

corresponding errors. In the interest of space, we omit the results of circle

and diamond. The shapes drawn by AAMouse and camera are similar, and

do not significantly deviate from the original shapes, whereas the figures from

the gyroscope have visibly larger error. In case of larger drawing error shown

in Figures 3.16 and 3.18 (d),(e), and (f), the quality difference is even more

significant. With the camera, the user is able to draw close to the original

shape. The figure from AAMouse is less accurate, but still follows the original

shape. On the other hand, the gyroscope based figure contains significant

errors, and hardly resembles the original shape.

Impact of the speaker distance: Next we evaluate the impact of the

51



−20 −10 0 10 20
−10

0

10

20

30

(a) AAMouse

−20 −10 0 10 20
−10

0

10

20

30

(b) Camera

−20 −10 0 10 20
−10

0

10

20

30

(c) Gyro

−20 −10 0 10 20
−10

0

10

20

30

(d) AAMouse

−20 −10 0 10 20
−10

0

10

20

30

(e) Camera

−20 −10 0 10 20
−10

0

10

20

30

(f) Gyro

Figure 3.18: Hearts drawn by the compared schemes.
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Figure 3.19: CDF of trajectory error with various speaker distances.

speaker distance on the accuracy of AAMouse. In Section 5.3.4, we explain

that we track the position by finding the intersection of two circles whose radii

are the distances from the speakers. As the distance between the speakers

gets closer, the overlap between the two circles increases, which causes a small

distance error to result in a larger tracking error. Figure 3.19 shows the CDF

of AAMouse trajectory error as we vary the distance between speakers from 10,

20, 40, to 90 cm while keeping the distance between the speakers and mobile

device to be around 2 m. Reducing the spacing to 40 cm slightly decreases the

accuracy. Reducing the spacing to 20 cm increases the median error from 1.4

cm to 2 cm, which is still acceptable. However, the error under 10 cm spacing

is significant. These results suggest when the mobile device is around 2 m

from the speakers, AAMouse requires at least 20 cm separation between the

two speakers to achieve high accuracy. All smart TVs and most laptops have

more than 20 cm distance between speakers, and can support AAMouse well.

For example, even a small 13-inch laptop like Apple 13-inch MacBook Pro is

32 cm wide, and its two speakers are at the left and right ends and separated
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by around 32 cm [31].
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Figure 3.20: Trajectory error with various speaker and microphone distances.

Range experiment: Figure 3.20 shows CDF of the trajectory as we vary

the distances between the speaker and the microphone. It shows the accuracy

degradation is negligible when we increase the distance from 2 m to 3 m. When

the distance increases to 4 m, the degradation increases. The degradation is

due to weaker sound signals, and more importantly, reduced relative distance

between the speakers versus the distance from the speaker to the mobile device.

If the distance from the speaker to the microphone increases while the speaker

spacing remains the same, the circles from two speakers have larger overlap,

which produces a higher tracking error as we see in Figure 3.19. To confirm

this, we extend the speaker spacing from 90 cm to 120 cm. The result shows

that increasing the speakers’ distance avoids accuracy degradation, and the

error is similar to that in 2 m case. As bigger TVs are getting more popular,

AAMouse can achieve high accuracy beyond 4 m range. For example, TVs

bigger than 60-inch are widely available in market. The distance between

the two speakers on such TVs is larger than 130 cm, and can easily support
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accurate tracking beyond 4 m.
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Figure 3.21: Trajectory error with different tracking time.

Impact of the tracking error accumulation: AAMouse tracks the device

by estimating the movement from the previous position based on the velocity

derived from Doppler shift. The estimation error of the previous position will

increase the estimation error of the next position. Therefore, the error tends

to increase over time. To evaluate the impact of tracking time on the accuracy,

we classify the traces according to the tracking time. In our user study data,

the tracking time of each individual experiment depends on the user and the

tracking goal (i.e., pointing or drawing), and the minimum, maximum, and

mean tracking times are 1.8, 13.5, and 4.9 seconds, respectively. Figure 3.21

shows the mean tracking error for four different ranges of tracking time. As

we can see, longer tracking time leads to larger tracking error. When the

tracking time is between 8 and 12 seconds, the mean error is 2.9 cm; but when

tracking time is longer than 12 seconds, the error increases to 4.5 cm. This

suggests that AAMouse is most effective for short-term tracking (e.g., less than

10 seconds). To support short-term tracking, a user can initiate tracking using
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a simple gesture or tapping the screen.

Even for longer-term tracking, users are generally not sensitive to the

position error slowly accumulated over time. This is especially so for draw-

ing applications, where users are mainly interested in whether the pointer is

moving in the way as they intend, and the error in absolute device position is

not obvious to the user. To demonstrate it, we ask a user to repeatedly draw

circles using AAMouse and track it over 25 seconds. Figure 3.22 shows the cir-

cles drawn by AAMouse (black) as well as the ground-truth device movement

(green) at the beginning of the tracking and after 20 seconds, where the trajec-

tory errors are 1.2 and 7.9 cm, respectively. As shown in Figure 3.22 (b), after

20 seconds, the absolute position error increases due to error accumulation,

but the shape is still preserved.

(a) In the beginning. (b) After 20 seconds.

Figure 3.22: Circles drawn during 20 seconds.

From our experience, we find the user is mainly concerned about in-
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Figure 3.23: Velocity while moving the device backward and forward.

stantaneous tracking error because it moves the pointer differently from what

the user intends. This can happen in accelerometer based tracking due to

double integration of the acceleration, which causes speed estimation error.

In comparison, AAMouse estimates the velocity using the measured Doppler

shift every time, so the error of speed estimation does not accumulate over

time. To confirm the intuition, we perform the following experiment, where

we repeatedly move the mobile device back and forth, and measure the velocity

using AAMouse, camera, and accelerometer. As shown in Figure 3.23, the error

is accumulated with the accelerometer: the difference between accelerometer

and video based velocity estimation increases over time. In comparison, the

difference between the video and Doppler based velocity estimation is small

and remains constant over time.

Impact of vertical movements: So far, we focus on tracking in a 2-D

space by using either 2 speakers or one speaker and one wireless device as

anchors. Using more anchors allows us to track in a 3-D space. If we are
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Figure 3.24: Tracking error as the device is moving vertically.

limited to two anchors, we can track the device movement in the horizontal

plane (assuming the speakers are placed horizontally next to each other); and

vertical movement cannot be tracked. To understand the impact how vertical

movements affect the tracking accuracy, we vertically move the device while

fixing its position in the horizontal plane. Since the device does not have hor-

izontal movement, any movement tracked is an error. Figure 3.24 shows the

tracking error when we vertically move the device up to 30 cm. We repeat 30

times, and get the average tracking distance of AAMouse. Like the other ex-

periments, the distance between 2 speakers is 0.9 m and the distance between

the speaker and the device is approximately 2 m. The result shows that the

tracking error generated by 30 cm vertical movement is less than 5 cm. With

the Doppler shift measurement, AAMouse tracks the device by observing the

change in the distance between the two speakers and the device. Given the dis-

tance between the speaker and the device, the distance change by the vertical

movement is much smaller than that by the horizontal movement. Moreover,

as a mouse application, a user is typically aware that vertical movement may
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incur tracking error and avoids large vertical movement. If they limit their

vertical movement to 10 cm, the tracking error reduces to 1.7 cm. Therefore,

the error introduced by vertical movement is likely to be small.
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Chapter 4

Acoustic signal based Device-free hand

tracking

In this chapter, we develop a novel tracking scheme that can track the

movement of the hand while the user is not holding the device.

4.1 Background

Our work is built on the existing Frequency Modulated Continuous

Wave (FMCW). Below we give a brief introduction to FMCW, which is a

widely used technique in radar [47] to measure the distance to an object.

One way to estimate the distance d is to directly measure the propa-

gation delay τ and use their relationship d = τ · v, where v is the propagation

speed of the signal. However, this is challenging because we need large band-

width in order to send a sharp pulse signal with good time resolution. Instead,

FMCW indirectly estimates the propagation delay based on the frequency shift

of the chirp signal as follows.

The red curve in Figure 4.1 shows a transmission chirp, whose frequency

linearly increases over time. Let fc, B, and T denote the carrier frequency,

bandwidth, and duration of the chirp, respectively. The frequency of the signal

60



fR fR+fD 

Time 

Freq. 

fC 

fC+B 

T 

Transmitted Received 

Target not moving 

Target  

moving 

Figure 4.1: Chirp signal in FMCW.

at time t is given by

f(t) = fc +
Bt

T
.

The phase of the signal is calculated by integrating f(t) over time, which is:

u(t) = 2π(fct+B
t2

2T
).

As a result, the transmitted chirp signal can be represented as vtx(t) = cos(u(t)),

where its magnitude is assumed to be one for simplicity.

Consider that the transmitter and receiver are co-located. The trans-

mitted signal is reflected by the target and received with the delay τd. There-

fore, the received signal at time t is vrx(t) = vtx(t− τd), which is:

vrx(t) = cos(2πfc(t− τd) +
πB(t− τd)

2

T
),

where again the magnitude change is ignored. Let R, Vc, V denote the distance

between the transceiver and target, the propagation speed, and the target’s

velocity. Then, the reflected signal is delayed by τd:

τd =
2(R + V t)

Vc

. (4.1.1)
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The receiver multiplies the transmitted signal with the received signal

in the time domain, which is vm(t) = vtx(t)vrx(t). The mixed signal vm(t) is

called Intermediate Frequency (IF) signal. By using cosA cosB = (cos(A −

B)+cos(A+B))/2 and filtering out the high frequency cos(A+B) component,

which has the frequency of the order 2fc, vm(t) becomes:

vm(t) = cos(2πfcτd + 2πt
Bτd
T

+
2πBτ 2d

T
).

By plugging equation 4.1.1 into the above equation, vm(t) becomes:

vm(t) = cos(4πfc
R

Vc

+ 2π(
2fcV

Vc

+
2RB

VcT
)t+

2π(R + V t)2

Tc2
). (4.1.2)

We ignore the constant phase terms and quadratic term since the former

does not change the frequency and the latter is too small to matter. Then we

see the frequency of the IF signal fIF is approximated as:

fIF = fR + fV (4.1.3)

fR =
2RB

VcT
. (4.1.4)

fV =
2fcV

Vc

(4.1.5)

As we can see, the frequency shift includes (i) the frequency shift that is

proportional to the distance to the target fR, and (ii) the Doppler shift fV

due to the movement of the target. The former depends on the distance and

the latter depends on the velocity. These effects also are shown in Figure 4.1,

which compares the frequency change with and without movement and shows

an additional shift coming from the Doppler shift when the target moves.
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4.2 Our Approach

Figure 4.2: Illustration of the device-free hand tracking.

In this section, we present our approach to achieve device-free track-

ing based on the FMCW. Figure 4.2 illustrates our system. Two speakers

and two microphones are used to emit and receive audio signal and track the

hand movement. A pair of speaker and microphone is co-located, and serves

as an anchor point. Each speaker transmits chirp signals in inaudible and

non-overlapping spectrum band with a guard band in between, and the mi-

crophone collects the signals from the corresponding spectrum, mixes it with

the transmitted signal, uses the peak frequencies to estimate the distance and

velocity, which are in turn used to track the hand movement.

As shown in Figure 4.3, we first detects the start of the chirp signal

using the cross correlation. Since the chirp signal is periodic, we only need to

detect once and can continuously fetch audio samples from the next sampling

intervals (100 ms). We also estimate the distance between the speakers and

the initial hand’s position. Then we continuously fetch audio signals, and

perform FFT to detect the peak frequencies. We observe the mixed signal

in FMCW has fundamental frequency determined by the parameters of the
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chirp sequence. We leverage this property to filter out the reflection from the

static objects and detect the reflection caused by the moving hand. Next, we

estimate the Doppler shift and use the estimated Doppler shift to select the

appropriate FMCW peak for distance estimation. We then incorporate both

distance and velocity estimation to continuously track the hand. Below we

describe each step in details.

3) Detect initial  gesture and estimate initial position (Sec. 3.8.3)

4) Get the audio samples from the next interval, perform 

FFT, and filter out reflection from static objects (Sec. 3.2)

5) Estimate pseudo doppler shift (Sec. 3.3)

6) Estimate actual doppler shift to estimate velocity (Sec. 3.4)

7) Refine FMCW peak selection to estimate distance (Sec. 3.5)

8) Computer coordinate using velocity and distance (Sec. 3.6)

2) Estimate speak Distance (Sec. 3.8.2)

1) Detect start of the 1st chirp signal via cross correlation (Sec. 3.8.1)

Figure 4.3: Flow chart.

For simplicity, in the remainder of this section, we assume that the

chirp signal duration is 0.01 s and the bandwidth is 2KHz, but our scheme

can be applied to any duration and any bandwidth.

4.2.1 Fundamental Frequencies in FMCW

Consider a chirp signal (shown in Figure 4.1) propagates over the

medium and arrives at the receiver after a delay td. As shown in Equation 4.1.3,

without movement the range can be estimated based on frequency shift as fol-

64



low: R = fpcT

B
. The transmitted chirp signal has fundamental frequencies that

are all multiples of the frequency 1
T
[41]. In other words, in the frequency do-

main, it has spectral points with an interval of 1
T
Hz. For example, when the

chirp interval is 0.01 s, it has spectral points every 100 Hz. The received signal

vr(t) is a simple time shifted version of the transmitted signal vt(t), and has

the same period. vm(t) = vr(t)vt(t) has the same period since the periodicity is

preserved when two periodic signals with the same period are multiplied [41].

Therefore, the frequency shifts in FMCW exhibit peaks at discrete frequencies,

all of which are multiples of 1
T
Hz without any movement.
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(a) Range = 0.5m, Doppler shift = 0 Hz
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(b) Range = 0.5m, Doppler shift = 20 Hz

Figure 4.4: FMCW signal in simulation.

Figure 4.4 (a) shows the simulation result of FMCW range detection

when the transmitter and receiver are both static and 0.5 m apart. The carrier

frequency, bandwidth, and the duration of the chirp signal are 17 KHz, 2

KHz, and 0.01 s, respectively. Figure 4.4 (a) is the FFT result of vm(t).

vm(t) has power every 100 Hz. There are two major peaks at 0 Hz and 600

Hz. The peak at 0 Hz is caused by the self-interference that the transmitted

signal is directly received without reflection. We can easily filter out the self-

interference by ignoring the peak around 0Hz. Then another peak at 600 Hz is
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detected and considered to be due to the reflection from the target. Using the

Equation 4.1.4, we can find the total distance is 1.02 m, and the distance from

the transceiver to the target is half of that: 0.51 m since the total distance

includes both forward and reflected paths.

Our initial experiments show that the above FMCW approach yields

rough estimation of the hand position but the error is significant: 10 cm, which

is too large for many applications. There are several factors that contribute

to the large error. First, there are multiple peaks, some of which are due to

reflection from other objects. Second, even ignoring the reflection from static

objects, the signals can still be reflected by multiple body parts that move

together with the hand. These body parts have different distances from the

speakers. Moreover, even considering reflection from the same point, the re-

flected signal may still traverse different paths to reach the microphone. These

effects together contribute to multiple FMCW peaks. It is important to select

the peak that comes through the direct path from the hand. Third, the fre-

quency change in FMCW partly comes from the propagation delay and partly

comes from the Doppler shift. This is shown in Figure 4.4 (b), which plots the

simulation result when the range is 0.5 m and the Doppler shift is 20 Hz. In

this case, we observe a combined frequency shift at 620 Hz. It is important

to decouple the overall shift to the distance-based shift and Doppler shift to

achieve high accuracy.
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4.2.2 Ignoring Reflection from Static Objects

Reflected signals are challenging to use for tracking because there are

possibly many objects around the target that reflect the signal. There are

multiple peaks in the FMCW. We should extract the peaks caused by the

hand movement.

It is reasonable to assume only the hand is moving and the other objects

are static. Based on this assumption, we can ignore all peaks at the spectral

points (i.e., integer multiples of the fundamental frequency) since they do not

have Doppler shift. Figure 4.5 shows the FMCW signals with and without the

peaks in the spectral points while the hand is moving. Ignoring the spectral

points, we can clearly observe the shift caused by the moving hand.
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(a) Before ignoring the spectral points.
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(b) After ignoring the spectral points.

Figure 4.5: Before and after removing the peaks at the spectral points.

4.2.3 Estimate Pseudo Doppler Shift

We introduce a notion of the pseudo Doppler shift. It is defined as the

difference between the current peak frequency versus the closest spectral point

below the current frequency. If the fundamental frequency is 100 Hz and the

peak frequency is 620 Hz, then the pseudo Doppler shift is 20 Hz. Similarly,
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a peak frequency at 660 Hz has the pseudo Doppler shift of 60 Hz. In this

case, the actual Doppler shift may be 60 Hz or -40 Hz. We will describe in

Section 4.2.4 how to translate the pseudo Doppler shift to the actual Doppler

shift. Note that we define the pseudo Doppler shift as the difference with

respect to the spectral point below the current frequency for consistency. For

example, suppose two peaks at 660 Hz and 540 Hz. To combine the two

estimates, we should combine 60 Hz with 40 Hz, instead of -40 Hz with 40 Hz.

As mentioned earlier, there exist multiple peaks even after filtering

out the peaks caused by reflection from static objects, because the signal

is reflected by different body parts that move together with the hand and

they may have difference distances from the speaker. Interestingly, there is a

benefit of getting multiple peaks – if some or all of the peaks correspond to

the body parts with similar velocities, we essentially get multiple estimates

of the Doppler shift and can combine these multiple estimates to enhance the

accuracy using Maximum Ratio Combining (MRC) [7].

Specifically, we use the highest peak and multiple peaks around the

highest peak to estimate the pseudo Doppler shift as follow.

1. We divide the whole spectrum into multiple spectrum slots that span

from [ n
T
− 1

2T
] Hz to [ n

T
+ 1

2T
] Hz, where n is an integer smaller than

B × T . For example, when T is 0.01 s, the n-th slot spans (n × 100 −

50, n× 100 + 50).

2. We search for the slot with the maximum peak, and denote it as k. We
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compute pseudo Doppler shift in the slot k and its 4 nearby slots.

3. We combine the pseudo Doppler shifts in these 5 slots using the following

weighted average:

fD =

∑i=k+2
i=k−2 σifd,i∑i=k+2
i=k−2 σi

,

where σi and fd,i denote the peak magnitude and pseudo Doppler shift during

the i-th slot, respectively. The highest peak and its nearby peaks are used

for the Doppler estimation of the hand, because his/her hand is the closest

moving object to the speakers when a user is facing the device to be controlled

(a common usage scenario).

As an example, Figure 4.6 shows a snapshot of the received FMCW

signal while the hand is moving towards the microphone. The highest peak is

in slot 6. We combine the peaks from the slots 4 to 8 to get the final estimate

of the pseudo Doppler shift.
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Figure 4.6: FMCW signal while the hand is moving.
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4.2.4 Translating Pseudo Doppler Shift to Actual Doppler Shift

As mentioned above, the frequency shift comes partly from the prop-

agation delay and partly from the Doppler shift. To decompose the shift, we

observe that the shift caused by the propagation delay should be multiples of

the fundamental frequency and the difference between the spectral point and

the frequency of the current peak is caused by the Doppler shift. We find

the hand movement is typically within 1 m/s, and its corresponding frequency

shift should be within 100 Hz. Given the overall frequency change, there are

only two choices: reminder(currFreq, FF) or 100-reminder(currFreq,FF). In

the previous example, the Doppler shift in the 660 Hz frequency difference can

be either reminder(660,100) = 60 Hz or reminder(660,100)-100= -40 Hz.

One approach is to select the Doppler shift with the smallest magnitude.

For example, one selects -40 Hz instead of 60 Hz when the peak frequency is

at 660 Hz. However, this selection may be off since occasionally the hand can

generate more than 50 Hz Doppler shift. Figure 4.7 shows an example. At 1.1

second, the actual Doppler shift is 59 Hz, but this scheme (marked in blue)

estimates -41 Hz, which results in significant tracking error.

To enhance the accuracy, we use a simple search based on the previous

movement (search). It tries each of the two choices every slot and picks the

combination that minimizes the velocity change over all the slots. We can

vary the window size (# slots used to compute the velocity change) to run the

exhaustive search. Our results show that a window size of 1, which essentially

picks the current Doppler shift that is closest to the previous Doppler shift, is
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already good enough. This is because the Doppler shift of the hand movement

during the first 0.1-second slot (starting from no movement) is likely to be

small: well below 50 Hz and easy to select from the two candidates. Once the

Doppler shift of the previous slot is correct, the next one will be correct in

the greedy algorithm (assuming minimizing the velocity change leads to the

correct selection). In Figure 4.7, our search (marked in red) selects the correct

Doppler shift.
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Figure 4.7: The Doppler shift estimation.

Therefore, we use the MRC output from Section 4.2.3 to estimate the

pseudo Doppler shift and apply the search to translate the pseudo Doppler

shift to the actual Doppler shift.

4.2.5 Refine Range estimation

Due to the multipath, the highest peak may not come through the

direct path from the hand. We can use the above Doppler estimate to refine

the range estimation. In particular, instead of using the frequency of the

highest peak to estimate the range, we find a peak whose distance change is

most consistent with the one estimated by the Doppler shift. This is based

71



on our observation that Doppler estimation in a short interval is more reliable

than the range estimation.

Specifically, let v denote the velocity from the current Doppler estima-

tion and ts denote the sampling interval. Then v · ts is the distance change

during the current interval estimated using the velocity. Meanwhile we can

estimate the distance change from the FMCW. For each of the five peaks near

the highest peak, we compute the distance change from the previous position

(i.e., |di(t) − d(t − 1)|)), where d(t − 1) is the previous distance and di(t) is

the current distance derived using the i-th FMCW peak according to Equa-

tion 4.1.3. We select i that minimizes ||di(t), d(i− 1)| − v · ts| and use di(t) as

the range in the current interval.

4.2.6 Track Using Estimated Range and Velocity

Given the initial position of the hand that will be explained in Sec-

tion 4.2.8.3, we can continuously track the hand’s movement using the range

and the Doppler shift together. One might wonder why we do not track it

solely based on the range. This is because using range alone does not provide

high accuracy and exploiting the Doppler shift improves the tracking accuracy.

Let Rk[t] and fD,k[t] denote the distance and Doppler shift from the

anchor point k at time t, respectively. In addition, we get distance measure-

ment using the velocity from the Doppler shift and previous position (which

is derived from the initial position). The Doppler based distance RD,k[t] is as
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follow:

RD,k[t] = Dk[t− 1] + v · ts = Dk[t− 1] + (
fD,k[t]

fk
Vc)ts,

where Dk[t − 1] is the distance from the k-th speaker at the time slot t − 1,

fk is the carrier frequency of the speaker, Vc is the propagation speed of the

audio signal, and ts is the FMCW sampling interval.

Using two independent distance measurements Rk[t] and RD,k[t], we

find the current position (x, y) by solving the following optimization problem:

min
x,y

:α
2∑

k=1

(
√
(xk − x)2 + (yk − y)2 −Rk[t])

2+

β
2∑

k=1

(
√
(xk − x)2 + (yk − y)2 −RD,k[t])

2,

where (xk, yk) is the position of the k-th speaker, and α and β are the constant

weighting factors determined by the reliability of the range and Doppler shift

estimation results, respectively. In our evaluation, we set α = 0.5 and β = 1

since we find the Doppler shift is more accurate than FMCW.

4.2.7 Exploiting Crossing Paths

When there are two speaker-microphone pairs, there are altogether four

paths: R−H −R, L−H −L, R−H −L, and L−H −R, where H denotes

the hand, R and L are the right speaker/microphone (which are co-located),

respectively. R −H − R means the path from the right speaker to the hand

to the right microphone. Using only R−H −R and L−H − L already gives

us the distance between the hand and the two speakers, which allows us to
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track the hand in a 2D space. We can further enhance the accuracy by using

the additional two paths R − H − L and L − H − R. One way to combine

all four paths is to use least square, where we have two unknowns L−H and

R −H (H − R and R −H are the same) and four constraints. However, we

find these estimates have different accuracy, and simple least square does not

help much.

In our setup, the left and the right speakers uses 16 - 18 KHz and 19 -

21 KHz bands, respectively. The quality of the frequency closer to the cut-off

frequency (24 KHz) is worse due to the frequency response of the speaker and

the microphone [11]. As a result, the estimation from the left speaker is more

reliable. Therefore, we combine these estimates in the following way.

Let fR
D and fL

D denote the estimated Doppler shift from the left and the

right speakers, respectively. fL
D is more reliable than fR

D because its frequency

is farther from the cut-off frequency. To improve the accuracy of fR
D , we get an

additional estimate fL,R
D = fL

D+fR
D , which gives fR

D
′
= fR,L

D −fL
D. We then take

an average of fR
D and fR

D
′
for the right speaker Doppler estimation. Similarly,

we apply the same method to the range estimation from the right speaker.

Our evaluation in Section 4.4.2 shows this helps improve the accuracy.

Note that we have also tried other ways of combining measurements

from these four paths, including using L−H −R to estimate H −R distance

by canceling out 1/2L − H − L and using L − H − R, R − H − R and R −

H−L together to estimate H−R. We find the combination mentioned above

yields the best performance due to the more accurate estimation using the left
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speaker.

4.2.8 Practical Issues

In this section, we describe three major practical issues: (i) when to

start performing FMCW, (ii) how to estimate the distance between the speak-

ers, and (iii) how to estimate the initial hand position.

4.2.8.1 Synchronization

In order to mix the transmitted and the received signal, the tracking

program should know the exact start time of the chirp signal transmission.

This is challenging even if the audio signal transmission and the reception are

implemented in the same program and running on the same machine, due to

a random delay between the call of the audio play function and the play time

of the audio file. To avoid the uncertainty, we detect the beginning of the

chirp signal using cross-correlation between the received audio signal and the

original chirp signal. As the speaker and the microphone are co-located, we

can consider that the signal is received as soon as it is transmitted. By finding

the peak in the cross-correlation output, we can detect the start of the chirp

sequence in the received signal, which is also the start of the transmitted chirp

signal. Figure 4.8 shows one snapshot of the cross-correlation result. It shows

the peak every 480 samples, which corresponds to the chirp duration.
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Figure 4.8: The cross-correlation result.

4.2.8.2 Finding the Distance between Speakers

Our tracking needs to know the distance between the two speakers in

advance. One can either measure the distance between the speakers using

a rule, or use a smartphone based calibration introduced in [73]. Below we

introduce an even simpler procedure without any user intervention if the mi-

crophones are co-located with the speakers. Suppose we have synchronized the

transmitted and received signals using the above procedure. We can measure

the distance between from the left speaker to the right microphone using the

FMCW signal transmitted from the left speaker based on Equation (4.1.4).

Likewise, we can measure the same distance from the right speaker to the left

microphone. To improve the accuracy, we average the distance measured from

both directions. We can further measure the distances for a longer duration

and the get the average, since the speakers are static. Section 4.4.1 presents

the performance evaluation result on the speaker distance estimation.
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4.2.8.3 Finding Initial Position

A user initializes tracking by performing an initial gesture. Our eval-

uation uses grabbing gesture (i.e., closing and opening a hand twice) as the

initial gesture. We leverage the existing work on gesture recognition to detect

the initial gesture (e.g., [17, 39]). So below we focus on determining the initial

hand’s position while it is performing the initial gesture.

When the hand is performing the initial gesture, we perform FFT to

determine the peak frequencies in the mixed signals. Then we filter out the

frequencies at the spectral points to remove reflection from the static objects

as before. Next, we compute the difference between each of the remaining

peaks and their closest spectral points (integer multiples of the fundamental

frequency). We estimate the distance using Equation 4.1.4. This procedure

works because the initial gesture has slow speed, well below 50 Hz.

When the number of speakers and the number of dimensions are both

equal to 2, the hand’s position is estimated as the intersection of all the circles

centered at each of the speakers with the radius derived from R = ∆fVcT
2B

. Sim-

ilarly, if both the number of speakers and dimensions are 3, the solution is the

intersection of the spheres centered at these speakers with the corresponding

radii. If we have more speakers than the number of dimensions (i.e., we have

more constraints than the unknowns), we can localize the hand by solving the

following simple optimization:

min :
∑
i

|dist(P − Ai)− disti|2,
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where P is the hand’s coordinate, Ai is the i-th speaker’s coordinate, and

disti is the distance between the ith speaker and the hand estimated using

FMCW. Essentially, this objective minimizes the total error with respect to

all the FMCW distance measurements from the speakers.

4.2.9 Existing FMCW Approaches

FMCW is a widely used technique in radar detection and there are

existing approaches to track the moving target using FMCW [58, 68, 30, 33].

Moving Target Indication (MTI) [58] and Moving Target Doppler (MTD) [68]

are the most widely known approaches to track a moving target. These tech-

niques target RF signal, which significantly different from the acoustic signal.

RF signal propagates approximately

1,000,000 times faster than the audio signal. It is less susceptible to the multi-

path fading, but requires large bandwidth (e.g., more than 1 GHz) to detect

the target in fine resolution. It also requires high sampling rate, which makes

it challenging to implement FMCW tracking on RF signals completely in soft-

ware. Because both MTI and MTD are designed for RF based radar, they are

not suitable for acoustic signal based tracking. To the best of our knowledge,

our scheme is the first device-free tracking system based on FMCW using

acoustic signals.

MTI tracks the moving target by comparing the difference between the

two consecutive chirp signals [58]. Let c1(t) and c2(t) be the two chirp signals

received in a row, respectively. d(t) is the difference between the two chirps
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(i.e., d(t) = c2(t)− c1(t)). If there is no moving target, c1(t) and c2(t) are the

same in the ideal case. Then d(t) is be zero. If the target is moving, the signal

change will be captured in d(t). MTI performs FMCW processing to d(t) and

finds the peak that corresponds the distance of the moving target. Instead of

finding both velocity and distance of the moving target, it only estimates the

distance, which is not accurate in acoustic signal based tracking.

MTD is closer to our approach. Given the series of the received chirp

signals, it performs 2D-FFT and separately estimates the Doppler and the

range [68]. Suppose that the received signals areN consecutive chirp sequences

whose length are k. It reorganize the received signal to N × k dimensional

matrix, performs 2D-FFT, and finds the peak position in the FFT output. Let

Si,j denote the output of the 2D-FFT in the ith row and jth column whose

magnitude is the maximum. Then i and j are the frequency indexes by the

range and the Doppler shift, respectively. Scaling is required depending on

the resolution of the FFT. The idea behind the Doppler-range separation is

that the phase change of the signal associated to the target Doppler shift is

proportional to the chirp number. Observing one chirp does not reveal it, but

performing 2D-FFT on a series of the chirp signals can detect it [30].

We apply MTI and MTD to the acoustic signal, but find they are

inaccurate to track the hand movement. MTI hardly follows the movement,

and MTD performs better but still significantly under-performs our scheme, as

shown in Section 4.4.2. The main reason is because these schemes target ideal

scenarios without multipath and multiple reflections. In real environments, it
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is common to have noise, reflection from multiple objects, and multipath from

the same reflection point. Our scheme improves the robustness by (i) using

multiple estimates to improve the Doppler estimate and (ii) using the Doppler

estimate to improve the FMCW peak selection.

4.3 Implementation

For the performance evaluation and the user study, we implement a

tracking program in JAVA that processes the audio signal and tracks the

movement of the user’s hand in real-time. It runs on a Windows machine.

We use external speakers and microphones as transmitters and receivers. To

record the audio signal from the left and right channels separately, we use 2

microphones and connect them into one stereo input port using RCA-to-3.5

mm jack adapter. For FMCW, we generate chirp signals in MATLAB and

store it as WAV format so that it can be played using JAVA library. The

sampling rate of the audio file is 48 KHz, which allows to use up to 24KHz

audio band. The bandwidth and the interval of the chirp signal are 2 KHz

and 10ms, respectively. The left and right speakers use 16 - 18 KHz and 19 -

21 KHz spectrum, respectively.

The sampling interval is 100 ms. Every interval the tracking program

detects the start of the chirp signal, reads 4800 audio samples, mixes the

received signal with the transmitted chirp signal, performs FFT, estimates

the range and the Doppler, and tracks the movement. The complexity of the

mixing signals and performing FFT are O(N) and O(NlogN), respectively.
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Considering that N is 4800, they cause negligible computation complexity.

The complexity of the Doppler and range estimation are also very low, and

the main overhead of our tracking system is finding the position of the hand

by solving the optimization problem in Section 4.2.6. The total time to find

the position in each sampling interval takes 1 ms on a PC with Intel i7 2.4

GHz processor.

4.4 Performance Evaluation

For the performance evaluation and the user study, we run our program

on DELL XPS desktop with Intel i7 CPU and 8GB memory. Logitech S120

2.0 Speaker and Soonhua SH-666 Microphone are used as a transmitter and

a receiver, respectively. The speaker and the microphone volumes are set to

50 out of 100 to make sure it works in normal volume range. Each pair of the

speaker and the microphone are located as close as possible. By default, the

distance between 2 speakers are 0.6 m, and the distance between the speaker

and the hand are approximately 0.7 m.

For the performance evaluation, the user’s hand movement is also tracked

by the external camera that provides ground-truth of the movement. We put

a blue label on the hand to ease the camera tracking. We implement a simple

vision based object tracking program that tracks the movement of the hand in

real-time using OpenCV. In general, computer vision based tracking is expen-

sive, and requires visually distinct pattern and good lighting condition, which

may not hold in general. We quantify the trajectory error by comparing the
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ground-truth hand position with our estimated position every sampling inter-

val (i.e., 100 ms). Note that the trajectory error does not measure the absolute

location error so the difference between the estimated initial position and the

ground-truth initial position is ignored. In addition, we perform user study,

where we show a target on the screen and ask the user to touch it by moving

the cursor controlled by the hand movement.

4.4.1 Micro benchmark

We first present micro benchmark results. In particular, we evaluate

the accuracy of measuring the speaker distance and the initial position.

Distance between speakers: Figure 4.9 shows the estimated distance be-

tween speakers during various measurement periods, where the exact speaker

distance is 0.6 m. We get one distance estimation result every sampling in-

terval, and the estimation for the longer duration is an average over all of

the measurements during the interval. The result shows that the estimation

converges within the error range 1 cm in 7 seconds. 1 cm error in the speaker

distance estimation hardly affects the tracking [73]. Note that this calibration

is required only when the speaker location is changed.

Finding the initial location: We examine the accuracy of estimating the

initial location. The user initializes the tracking by performing grabbing ges-

ture twice. By finding the peak frequency in the FMCW signal, we estimate

the distance from the two speakers, and localize the hand by finding the in-

tersections of two circles whose centers are at the two speakers. Figure 4.10
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Figure 4.9: Speaker distance estimation over time.

shows the CDF of the initial location estimation error. The median error is

4.3 cm, and the 90th percentile is 8.2 cm.
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Figure 4.10: CDF of the initial position error.

To further understand the impact of the error in the initial position

estimation, Figure 4.11 plots the median trajectory error as we inject varying

amount of errors to the known initial position, where the error bars represent

90% confidence interval. The median trajectory errors under the initial posi-

tion errors of 0, 5, and 10 cm are 1.86, 1.93, and 2.06 cm, respectively. The

median error of the initial position is 5cm, which corresponds to 1.93 cm track-

ing error. Therefore, the initial position error does not significantly degrade

the tracking accuracy in our system.
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Figure 4.11: Impact of the initial position error on the tracking accuracy.

4.4.2 Tracking evaluation

In this section, we evaluate the tracking accuracy of our scheme with

various parameters and settings, and compare it with MTD [68], an existing

FMCW-based approach for the range and Doppler separation. Unless other-

wise specified, we use multiple peaks to estimate the Doppler shift, combine

them using MRC, and use both range and Doppler estimates to track the

position with the corresponding weights 0.5 and 1, respectively.

Performance comparison with MTD: We compare the performance of

our scheme with Movement Tracking Doppler (MTD), an existing FMCW-

based approach to track a moving object. We carefully follow [68] to get the

Doppler and range estimates. After getting these estimates, we use the same

optimization in Section 4.2.6 to track the hand movement.

Figure 4.12 compares the CDF of the trajectory errors of the two

schemes. The accuracy of MTD is much worse than our scheme. Its me-

dian and 90th percentile of the errors are 8.5 and 15.8 cm, respectively. In

comparison, the corresponding numbers of our scheme are 1.94 and 3.3 cm,
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respectively. In general, MTD roughly tracks the direction, but is vulnerable

to noise and sometimes gets incorrect Doppler estimates, because it simply

detects the Doppler and range by finding the highest peak in 2D-FFT output.

This does not work well in practice due to multipath and noise. In compari-

son, we use the MRC based combining to enhance the accuracy of the Doppler

estimate and applies the improved Doppler estimate to refining the FMCW

peak selection, both of which significantly improve robustness.
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Figure 4.12: Tracking error comparison with MTD.

Using multiple peaks in Doppler estimation: As we explained in Sec-

tion 4.2, the hand movement causes multiple peaks in the FMCW signal, and

how to use them for the Doppler estimation significantly affects the tracking

accuracy. We propose combining the estimates from the 5 peaks next to the

highest peak. Figure 4.13 shows the CDF of the trajectory error where the

Doppler shift is estimated using (i) one highest peak, (ii) 5 peaks next to the

highest peak, and (iii) all peaks higher than a threshold (0.008).

(i) yields the median trajectory error of 8.76 cm. Since the reflected

signal from the hand is weak, it is easily affected by the noise, which makes the
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Figure 4.13: Tracking error with various number of peaks for Doppler.

Doppler estimation only relying on one peak very unreliable. In comparison,

(ii) achieves 1.94 cm tracking error due to the use of multiple peaks. (iii) uses

all peaks higher than the threshold, and its median trajectory error is 2.40 cm,

which is 23% higher than the proposed estimation. This is because the peaks

are caused not only by the hand but also by the movement of the other parts

of the body, such as arm, elbow, and chest, which have different velocities from

the hand and causes incorrect Doppler estimation. By limiting the number of

observing peaks to 5, we can effectively filter out the Doppler other than the

hand and improve the tracking accuracy.

Impact of MRC: Given the Doppler shift estimations from the five peaks,

we perform maximal ratio combining so that the more reliable measurement

gets the higher weight. Figure 4.14 shows the CDF of the median trajectory

error, where the weights are set according to the amplitude of the peaks (MRC

weights) or the same (same weights). The median trajectory errors with the

MRC weights and same weights are 1.94 cm and 2.34 cm, respectively. Assum-

ing the noise is constant across the spectrum, the peak with higher magnitude
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is less susceptible to noise, so it is more reliable. By giving more weights

to them, we improve the accuracy of the Doppler shift estimate and reduce

tracking error.
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Figure 4.14: Tracking with and without MRC.

Using more paths: Besides the two Doppler measurements estimated from

two speaker-microphone pairs, we can get additional Doppler estimation from

the intersecting paths (e.g., from the left speaker to the right microphone)

and use it to improve the Doppler estimation accuracy, as explained in Sec-

tion 4.2.7. Figure 4.15 shows the impact of using Doppler estimation from the

crossing path. The median trajectory error is reduced from 2.30 cm to 1.94

cm, which is 18% improvement.

Impact of weight on the range: Using the Doppler and range estimation

from the FMCW signal, we find the position of the hand by solving the opti-

mization problem in Section 4.2. Here, the parameters we can control are α

and β that determine the weights of the Doppler and the range estimations.

This section examines the impact of the weights on tracking accuracy. For

simplicity, we fix β to 1 and vary α since only their relative ratio matters.
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Figure 4.15: Tracking error with different numbers of paths.

Figure 4.16(a) shows the median trajectory errors as α varies from 0 to

1. The result shows that a proper weight improves the accuracy. When α is

0.5, the tracking error reduces by 10% compared to the case α is 0. In general,

the range estimation is less reliable than the Doppler estimation, so giving too

high weight can reduce the tracking accuracy. If the weights for the Doppler

and range are equal, the tracking accuracy significantly degrades: the median

error increases to 6.97 cm.

Figure 4.16(b) further shows the tracking error when the highest peak

is selected for the range estimation instead of the algorithm in Section 4.2.5.

As we can see, the best tracking error increases from 1.94 cm to 2.32 cm when

α is 0.5. This demonstrates the effectiveness of our refinement algorithm.

4.4.3 User Study

To evaluate the usability of our scheme as a user interface to point a

target by the hand movement, we design a user study that shows a target

on the screen and ask the user to touch it by moving the cursor controlled
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Figure 4.16: Tracking error with various weights on the range estimation.

by the hand movement. The target is located at random positions with 30

cm away from the origin. Whenever the user conduct a new experiment, the

cursor position is reset to the origin and the user touches target by moving

his hand at least 30 cm. We evaluate the usability by measuring the travel

distance of the cursor. We use R = Da/Ds as the metric, where Da and Ds

are the actual distance traveled and the shortest path distance, respectively.

If the tracking is accurate and the user is comfortable controlling the cursor,

the travel distance will be close to the shortest path distance to the target and

R should be close to 1. For the user study, we recruit 5 users and collect data.

Users had 5 minutes training time before collecting the data.
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Figure 4.17: CDF of R in our user study.
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Figure 4.17 shows the CDF of R from all of the users’ experiments. The

median and the 80th percentile of R are 1.15 and 1.23, respectively. These

results show the users can move the cursor to the desired position without

much overhead. Figure 4.18 is the median R of the five users. We do not see

significant difference among the users. The lowest and highest median R in

this result is 1.13 (user 5) and 1.18 (user 1), respectively.

Figure 4.19 shows the sample trajectories of the cursor controlled by the

user’s hand movement, which correspond the median and the 80th percentile

of R. Although the trajectory is not a straight line due to the tracking error,

the user can compensate the error and move the cursor towards the desired

direction. Even in the case of the 80th percentile R, the length of the trajectory

is still similar and the user can still easily point to the target.

4.4.4 Mobile Experiment

We further use Samsung Galaxy S4 to track a nearby finger movement.

The hand is 30 cm away from the mobile initially. We track the trajectory
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Figure 4.19: Cursor trajectory samples.

while the user is moving his finger 10 cm in a random direction. We get the

ground-truth by letting the user move his finger on the top of a smart tablet,

which collects the touch event on the screen and generates the ground-truth

trajectory.
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Figure 4.20: Tracking error with mobile phone.

Figure 4.20 shows the CDF of the trajectory errors of our scheme and

compares it with with WiTrack [4] and CC-based tracking. The median errors

of our scheme, CC-based tracking, and WiTrack are 2.2 cm, 3.1 cm, and 4.3

cm, respectively. The accuracy of our scheme does not significantly decrease on

the mobile. So it is feasible to use as a UI for wearable devices, such as smart

watch and VR headset. We closely follow [37] to implement CC-based tracking

and use larger bandwidth and increased interval to enhance its accuracy. But

its accuracy is still lower than reported in [37], likely due to undisclosed

details in [37], such as parameter tuning and calibration. WiTrack targets

wideband RF signals, and directly applying it to acoustic channel with limited

bandwidth yields limited accuracy. Our approach out-performs both due to

using the velocity to refine FMCW peak selection and using both velocity and

distance for tracking.

Figure 4.21 shows example trajectories tracked by our scheme under

median errors, where the green and red lines are the ground-truth and the

estimated trajectories, respectively. The two closely follow each other.
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Figure 4.21: Example tracked trajectories corresponding to the median error.
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Chapter 5

Acoustic signal based Device-free Finger

tracking

In this chapter, we develop Acoustic Phase Tracking (APT), a fine-

grained device-free tracking scheme that can track the finger movement by

observing the phase change of the reflected acoustic signal in close proximity.

5.1 System Overview

Fundamentally, acoustic signal is transmitted as waveform of which the

phase changes as much as 2π whenever it travels the distance of wavelength. In

inaudible frequency range, the wavelength is very short (e.g., 1.9 cm in 18KHz

audio frequency), so observing the phase allows us to track the distance change

of the target in fine resolution. For example, if the target object moves 1 mm

far away from the sender and the receiver, the travel distance of the reflected

signal increases 2 mm, which causes the phase change of 0.66π.

However, it is challenging to observe the phase change of the acoustic

signal reflected from the moving finger. The received signal from the mi-

crophone includes not only the signal reflected from the finger but also the

directly received signal and the reflected signals from many of the nearby ob-
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jects. Therefore, it is difficult to distinguish the phase change of the signal

from the moving target from those incurred by the movement of the surround-

ing objects. Considering that this technique will be applied to the smart watch

and the VR headset user interface design, the movement of nearby people and

objects is unavoidable. So without proper mechanism to filter out the noise

from surroundings, it will be infeasible to use it in practice. In order to address

this challenge, we observe the phase from the estimated channel impulse re-

sponse (CIR) rather than the received signal itself. CIR is a characterization

of the all of the signal traversal paths with different delays and the magni-

tudes [49]. Specifically, it is a vector of channel tap values where each channel

tap corresponds to multi-path effects within specific delay range. By focusing

on the phase change of the certain channel taps whose corresponding delays

are within the target delay range, we can effectively filter out the phase change

incurred by the environmental changes.

To observe CIRs in acoustic channel, we design our own data communi-

cation channel. In RF based wireless channel where standard communication

protocols and channel estimation techniques already exist, it is easy to access

the channel coefficients in devices (e.g., CSI in Intel 802.11n network interface

cards). On the other hand, there is no pre-defined communication standard in

acoustic channel so we design our own communication system and estimate the

channel from it. We design it so that the transmission and the reception of the

signal can be processed in real-time using moderate capability smartphones.

The speaker continuously transmits the training sequences with constant in-
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terval, and the microphone receives the signal and the tracking app processes

it and tracks the phase change and eventually the distance change. To track

the finger movement in 2D space, we consider a smartphone with at least one

speaker and two microphones such as recent Samsung Galaxy S phones. Using

the distance changes from two different microphones, we can eventually track

the movement of the finger in 2D space.

Another important consideration in our acoustic channel design is send-

ing the signal in inaudible frequency band. We only use the frequency higher

than 18 KHz that is considered to be inaudible to people of most ages [50].

Also, we use the frequency lower than 22KHz because some smartphones sup-

port up to 22.05 KHz (i.e., 44.1 KHz sampling rate). As a result, 4 KHz

band between 18 KHz and 22 KHz is selected as the communication band.

We design the channel according to the baseband equivalent model where the

signal is first generated in baseband and delivered through passband by up-

converting and down-converting with the center frequency of 20 KHz. In the

remainder of the section, we consider the sampling rate of the signal as 48

KHz because Samsung Galaxy S4 phone that we use for testbed support up

to 48 KHz, but this technique can be directly applied to the phone with the

maximum sampling rate of 44.1 KHz.

The rest of the chapter is organized as follows. We first introduce the

design of the acoustic data communication channel in Section 5.2. Section 5.3

describes how to observe the phase change for CIRs and track the finger move-

ment in 2D space, and Section 5.4 addresses the practical issues such as frame
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detection and channel estimation. We evaluate its performance in Section 5.5.

5.2 Designing Acoustic Data Communication Channel

Defining our own data communication channel, one design choice we

have is whether it will be single-carrier based or multi-carrier (i.e., OFDM)

based communication. One of the challenges of wireless communication is

Inter-Symbol-Interference (ISI) where the symbol information is dispersed to

nearby symbols. OFDM is very effective in avoiding ISI so it is widely used in

most of the modern wireless communication techniques. However, it yields the

channel estimation output in frequency domain, while channel information is

often more useful in time domain for the purpose of tracking and localization

[32]. So a transformation of the channel coefficients from frequency domain

to time domain is needed [54], but it requires additional complexity and sig-

nificant amount of noise might be injected during the process [70]. Therefore,

we decided to design single-carrier based communication system to get the

channels in time domain without extra processing.

5.2.1 Transmitted Signal Design

In order to estimate the channel, we need to send a known training

sequence and observe the change of the received signal incurred by multi-path.

Let S = {s[1], ..., s[K]} be the transmitted training sequence, where K is the

length of the sequence. It can be any random bits, but we choose 26-bit GSM

training sequence because it is known to have good properties for the purpose
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Figure 5.1: Transmitter and Receiver system diagram.

of synchronization and channel estimation [45] and GSM has been the most

widely used single carrier based communication protocol. We modulate S to

BPSK symbols, where bits 0 and 1 are mapped to baseband symbols 1 and -1,

respectively. To transmit the modulated symbols over the inaudible frequency

band, we first need to reduce the bandwidth of the signal so that it does not

exceed the maximum allowed bandwidth of the inaudible band. Let fs and B

be the sampling rate and the bandwidth of the channel, respectively. In order
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to limit the bandwidth of the transmitted symbols, we upsample the symbol

with the rate of fs
B
, which is done by zero padding and low-pass filtering to

smoothen the discontinuity [40]. Finally, we up-convert the signal to transmit

it over the inaudible band. Let fc be the center frequency of the passband.

We change the frequency of the signal by multiplying
√
2 cos (2πfct) to the

baseband signal:

x(t) =
√
2 cos (2πfct)s(t),

where s(t) and x(t) are upsampled baseband signal and passband signal, re-

spectively. In traditional digital communication with quadrature amplitude

modulation, the real parts of the baseband signals (i.e., in-phase component)

are multiplied by
√
2 cos (2πfct) while the imaginary parts (i.e., quadrature

component) are multiplied by −
√
2 sin (2πfct). But in our case that uses

BPSK-modulated symbols, all of the imaginary parts the symbols are zeros,

so the latter process is unnecessary. x(t) can be also represented as

x(t) =
√
2e−j2πfcts(t).

To remove the noise outside of the transmission band, we perform band-

pass filtering to x(t) with pass-band range from fc − B
2
Hz to fc +

B
2
Hz. The

generated passband signals are transmitted through the speaker of the smart-

phone. Note that it is unnecessary to generate the signal in real-time, since

the transmitted training sequence is always fixed. So we store the generated

signal as a format of 16-bit Pulse Coded Modulation (PCM), and any smart-

phone that can play PCM (i.e., WAV) format file can transmit the signal.
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Figure 5.1(a) illustrates the signal generation and the transmission process.

We denote the training sequence as frame. Between frames, we insert

fixed amount of gap (i.e., zero symbols) to avoid inter-frame-interference. The

gap should be sufficiently long so that the delayed signal from the previous

frame does not interfere with the new frame signal. On the other hand, it

should not be too long to shorten the frame interval. After investigation on

the delay of the reflected signal, we decided to as 24 zero symbols between

frames. As a consequence, the frame interval is 50 symbols that corresponds

12.5 ms1.

5.2.2 Signal Reception

The acoustic signal is delivered through the inaudible band and re-

ceived by the microphone. The received passband signal y(t) is converted into

baseband symbol r[n] by the following down-conversion process: y(t) is mul-

tiplied by
√
2 cos (2πfct) and −

√
2 sin (2πfct) to get the real and imaginary

parts of the baseband symbol, respectively. After low-path filtering and down-

sampling that selects the signal every baseband symbol interval, we get the

1The baseband symbol rate is 1
B = 0.25 ms.
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complex baseband signal 2:

r[n] =
√
2 cos (2πfct)y(t)− j

√
2 sin (2πfct)y(t),

=
√
2e−j2πfcty(t),

where t is the time that the n-th baseband symbol is sampled (i.e., t = n×Ts,

where Ts is symbol interval). The signal reception and the baseband conversion

process is illustrated in Figure 5.1(b).

From the received signal, we first detect the frame and estimate the

channel h[n] to track the finger movement using known training sequence of

the frame. They are less important issues in our tracking system design so we

defer the discussion of them to Section 5.4.

5.3 Tracking finger movement using the reflected signal

In this section, we explain how the reflection affects the received signal

and how we track the finger movement using the estimated channels.

5.3.1 Impact of Reflection

The received audio signal is not only the transmitted signal plus gaus-

sian noise, but also the superposition of multiple signals with different delays.

Considering the slow prorogation speed of the acoustic signal, such an ISI is

2Conventionally, (·) and [·] notations are used to represent analog and digital signals,
respectively. Here, every signal is digital because a mobile app cannot access the analog
signal. We use (·) and [·] notations to distinguish upsampled signal with rate fs from the
downsampled signal with rate B.
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indispensable. The received signal affected by multi-path reflections is tradi-

tionally modeled as Linear Time-Invariant (LTI) system [61]. Let the channel

has L paths and the received signal from path i has delay τi and amplitude ai

determined by the travel distance of the path. Then, without considering the

impact of noise, the received signal y(t) that is the summation of L signals

can be represented as:

y(t) =
L∑
i=1

aix(t− τi)

=
L∑
i=1

aie
−j2πfcτis(t− τi)

= h(t) ∗ s(t),

where h(t) is the channel impulse response and

h(t) =
L∑
i=1

aie
−j2πfcτiδ(t− τi).

The channel we estimate from the received baseband symbols is the discrete

output of h(t) sampled every Ts [61], which is

h[n] =
L∑
i=1

aie
−j2πfcτi sinc(n− τiW ),

where sinc(t) = sin(πt)
πt

. Conventionally, h[n] is called the n-th channel tap

value, because CIR is regarded as discrete-time filter in LTI system. Note that

sinc function decays over time so the impact of delayed signal on the measured

h[n] is small when the difference between nTs and τi are sufficiently large.

However, if they are relatively close, it is captured to multiple channel taps
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because of the signal dispersion effect of the sinc function. This is illustrated

in Figure 5.2, where the channel is affected by one reflected signal with the

travel distance 30 cm (i.e., τ = 0.697 ms). From the figure, we can observe

that not only the closest channel tap from τ (i.e., h[3]), but also the other

nearby channels are affected by the single reflected signal.
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Figure 5.2: Impact of sinc function on the estimated channels.

In order to identify the impact of the reflected signal in practice, we

observed the phase rotation of the received signal with a single and small

moving object. We move a small aluminum ball with diameter less than 1

cm that is attached to a long and thin wood stick. The person moving the

stick was at least 1 m away from the ball, so we guaranteed that there is a

single moving object while receiving the audio signal. The initial distance from

the microphone and the moving distance are approximately 30 cm and 20 cm,

respectively. Figure 5.3 shows the phase of multiple channel taps while the ball

is moving towards the speaker and the microphone. How to observe the phase

change will be explained in detail in Section 5.3.2. The result shows that the
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phase rotation is observed in multiple taps. Having the phase rotation in the

measured channel implies the distance of the path is changing, which is caused

by the moving ball. As shown in Figure 5.3, even with the movement of a single

object, the phase rotation is observed in multiple taps. With the repeated

experiments, we concluded that the phase rotation is observed approximately

in 3 consecutive taps and assumed that the reflected signal with delay τ affects

3 h[n]s with smallest |τ − nTs|. As a result, h[n] can be approximated as:

h[n] ≈
∑
k

ake
−j2πfcτk , (n− 3

2
)Ts < τk < (n+

3

2
)Ts.

In other words, each channel tap value h[n] contains the phase and magnitude

information of the reflected signals whose delays are between (n − 3
2
)Ts and

(n + 3
2
)Ts. The delay of a path is determined by the travel distance with the

relationship dk = τkVc, where dk is the travel distance of the path k and Vc

is the propagation speed of the audio (i.e., Vc ≈ 340m/s). Assuming that

the speaker and the microphone are closely located, the distance from the

microphone to the reflecting object is approximately half of the travel distance.

Therefore, h[n] contains the information on the objects whose distance from

microphone are between (n− 3
2
)TsVc

2
and (n+ 3

2
)TsVc

2
. Considering that Ts = 0.25

ms given the 4 KHz bandwidth, TsVc

2
= 4.25 cm and we can regard each tap

includes the information on the object of approximately 12 cm range. This

enables us to avoid the interference from the movement of the objects outside

of the target range. Suppose we want to track the movement of finger whose

distance from the mobile device is 50 cm. The movement outside of the target
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range does not affect the channel tap values of whose indices are smaller than 8.

By focusing only on those channel taps, we can easily filter out the movement

of the objects outside of the target range.
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Figure 5.3: Phase change in multiple channel taps while moving a ball.
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5.3.2 Tracking the phase change

In the previous section, we showed that from the sequence of the CIR

vector, we can individually observe the channels of the paths with different

distances. However, it does not mean we can directly observe the phase change

caused by the target movement from CIR itself, because in each channel tap

value, the information of multiple paths with similar distances are still mixed.

From the summation of multiple channels, how to observe the phase change

by the target movement is the first problem to resolve. Another problem is

how to find the right channel tap that includes the path of the moving target.

We will address the former problem here and discuss the latter problem in

Section 5.3.3. So now we assume the k-th channel tap includes the path of the

target.

In order to observe the phase change of the moving target, we compare

two consecutive channel measurements. From single channel measurement, the

phase change is not clearly visible due to the static components, but observing

the difference of two consecutive samples make it distinct because it effectively

removes dominant constant reflections. Let Lk denote the number of paths

observed in h[k], and suppose that the Lk-th path is the path reflected from

the moving finger, while all of the other Lk − 1 paths are static during two
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consecutive channel measurement periods t− 1 and t. Then,

h[k]t−1 =

Lk∑
i=1

aie
−j2πfcτi(t−1),

h[k]t =

Lk−1∑
i=1

aie
−j2πfcτi(t) + aLk

e−j2πfc(τLk
(t−1)+τd(t)),

where h[k]t is the k-th channel tap value estimated from the t-th frame and

τd(t) is the delay difference caused by the movement of the target between the

t-th and the (t − 1)-th frame interval (i.e., τd(t) = τLk
(t) − τLk

(t − 1)). By

subtracting them, we get

hd[k]
t = aLk

(e−j2πfc(τLk
(t−1)+τd(t)) − e−j2πfcτLk

(t−1)), (5.3.1)

where hd[k]
t = h[k]t − h[k]t−1. Equation 5.3.1 assumed that aLk

is constant

over two consecutive measurements. From the angle of hd[k]
t, we can observe

phase rotation caused by the change of τLk
(t).

∠(hd[k]
t) = ∠(e−j2πfc(τLk

(t−1)+τd(t)) − e−j2πfcτLk
(t−1)) (5.3.2)

= ∠(e−j2πfcτLk
(t−1)(e−j2πfcτd(t) − 1)) (5.3.3)

= ∠(e−j2πfcτLk
(t−1)) +

∠(e−j2πfcτd(t))

2
+

π

2
, (5.3.4)

where ∠(X) is the phase of the complex number X3.

Figure 5.4 (a) and (b) show the phase of h[k] and hd[k], respectively,

from the trace we collected while a user is moving a finger to the direction

of the speaker and the microphone. In the collected data, we conjecture h[k]

3It is not difficult to confirm ∠(e−j2πa − 1) = ∠(e−j2πa)
2 + π

2 geometrically.
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Figure 5.4: Phase of the channel impulse responses while a finger is moving.

includes the finger movement related path between 1.0 second and 4.6 second.

In Figure 5.4 (a), the phase is very stable and the change by the finger move-

ment is not clearly shown because the majority portion of h[k] is the signals

from the static paths. In hd[k] where the impact of the static paths are effec-

tively removed, we can observe clear phase rotation depending on the finger

movement.

From the phase difference between hd[k]
t+1 and hd[k]

t, we can get the

phase rotation caused by the delay difference ∠(e−j2πfcτd(t)), and eventually

the travel distance of the finger during the measurement interval using the

relation between the phase change. Note that τd(t) = τLk
(t) − τLk

(t − 1).
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Using Equation 5.3.4, we can represent the phase difference as

∠(hd[k]
t+1)− ∠(hd[k]

t) = ∠(e−j2πfcτLk
(t))− ∠(e−j2πfcτLk

(t−1))

+
1

2
(∠(e−j2πfcτd(t))− ∠(e−j2πfcτd(t−1)))

= ∠(e−j2πfcτd(t)) +
1

2
(∠(e−j2πfcτd(t))− ∠(e−j2πfcτd(t−1))).

By solving the above equation, we can calculate ∠(e−j2πfcτd(t)). When no prior

∠(e−j2πfcτd(t−1)) is given, we can simply assume τd(t) = τd(t− 1). Once we get

the phase rotation, we can calculate the distance change from it:

dt = λ× ∠(e−j2πfcτd(t)),

where dt is the distance change of the dynamic path at time t, and λ is the

wavelength of the audio signal.

5.3.3 Finding the channel tap with the finger movement

So far, we have assumed it is already known which tap to observe to

track the finger movement. This section describes how to find the correct

tap that includes the path reflected from finger among multiple possible taps.

Note that as we discussed in Section 5.3.1, the phase rotation by the finger

movement is observed in multiple taps rather than in a single tap, which eases

the problem. The channel taps can be broadly divided into taps that includes

the dynamic path or not, where the right tap should include the dynamic path.

If all of the paths in the tap are static, the channel estimation result does not

significantly change over time. For ease of description, we denote the channel
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taps that includes dynamic paths as dynamic taps, and the other taps static

taps. Our goal is classifying the static taps and filter them out.

We define the metric to detect the existence of the dynamic path in the

tap k:

M1[k]
t =

|h[k]t − h[k]t−1|
|h[k]t|

, (5.3.5)

which calculates the magnitude of the difference of two consecutive channels

and normalize it by the magnitude of the current channel. If M1[k]
t is smaller

than the threshold σ1, we regard the channel k does not include any dynamic

path and ignores it. In our tracking implementation and the performance

evaluation, we set σ1 = 0.05.

While the above metric effectively classifies dynamic and static taps,

if noise is added in the estimated channel, mis-classification can happen. If

a static tap is detected as a dynamic tap, the impact of it on the tracking is

huge because the phase of the static tap randomly changes. To avoid it, we

devise a second classification metric. Our another observation on the static

tap k is that the phase rotation is very unstable because hd[k] is purely noise

where all static paths are removed. On the other hand, if the phase rotation

is caused by the distance change of the dynamic path, the phase rotation is

more stable because the delay change over multiple measurement periods is

relatively small. Recall Figure 5.3 and 5.4 where the phase randomly changes

when the dynamic path is not included in the specific channel tap.

Based on this observation, we devise another metric to filer out the

static tap. Among the dynamic tap candidates whose M1[k]
t are higher than
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σ1, we measure the stability of the phase change. We define the stability as

the phase change difference over the last 3 measurements. Specifically, we find

the maximum phase change over the 3 periods, which is

M2[k]
t = max

i=t−2,t−1,t
f(i),

f(i) = |∠(e−j2πfcτkd (t))− ∠(e−j2πfcτkd (t−1))|.

If M2[k]
t is higher than σ2, we regard it as static tap After that, from the

remaining dynamic taps, find the tap whose index is the smallest and select it

as the tap that includes the path from the moving finger. We select σ2 = 0.5

in our implementation.

Among the dynamic taps that passes two tests above, we select the tap

with smallest k as the tap with the finger movement. It is because we assume

that the finger is the closest point from the speaker and the microphones in

our application scenario.

5.3.4 Tracking the moving finger in 2D space

Using the channel tap selection and the phase rotation tracking ex-

plained in the previous two sections, we can continuously track the distance

change of the finger from the microphone. This alone is already useful for

the finger-based gesture recognition, but with the measurements from two mi-

crophones in different locations, we can track the movement of the finger in

2D space. This allows the user to point specific target on the screen and

enables more diverse gesture design. This section explains how to track the
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finger movement in 2D space using a smartphone with one speaker and two

microphones.

From the form factor of the mobile phone, we know the relative location

of the speaker and the microphones. Suppose the speaker is located at the

origin of the coordinate, and the two microphones are located at (x1, y1) and

(x2, y2), respectively. Using the previous position and the distance change

estimated by the phase tracking, we can calculate dk that is the travel distance

of the signal transmitted from the speaker and reflected by the finger and

received by the microphone k. Then we can find the position of the moving

finger by solving the following optimization problem:

min
x,y

:
2∑

k=1

(
√

(xk − x)2 + (yk − y)2 +
√
x2 + y2 − dk)

2.

One remaining issue is how to find the initial distance of dk. Although

the phase tracks the movement in fine resolution, it relies on the previous po-

sition to find the new position, which eventually requires information on the

initial position in the beginning of the tracking. Using the current channel tap

information, we can roughly track the absolute distance. As explained in Sec-

tion 5.3.1, the channel tap h[n] includes the path information reflected by the

object with distance between 0.425× (n− 1) cm and 0.425×n cm. Therefore,

initially, if the finger movement is detected from h[k], APT approximates the

initial distance as 0.425 × (k − 1
2
) cm and keeps tracking the location by the

phase tracking.
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5.3.5 Improving the accuracy using the over-sampled signals

Lastly, we introduce a simple but efficient way to improve the accuracy

of the phase estimation. In traditional digital communication, downsampling

during the passband to basedband down-converting process is simply picking

one sample every r samples from the over-sampled signals, where r is the

upsampling rate. In APT, r is 12 so 11 samples out of 12 samples are dropped

in the downsampling process. Here, instead of simply dropping over-sampled

signals, we get the average of the them to reduce the noise of the output. Every

r samples in each sampling interval, we pick the first l samples and get the

average of them as downsampling output. After investigation, we chose l = 4

for our system design. The impact of l will be evaluated in microbenchmark

of Section 5.5.

5.4 Practical Issues

This section describes the practical issues implementing APT such as

how it detects the frame from the received signal and estimates the channel

using it.

Frame detection: At the receiver side, the next thing to do after the

passband-to-baseband signal conversion in Section 5.2.2 is detecting the first

symbol of the received frame. It can be done by either energy detection or

cross-correlation check. While a sophisticated scheme such as cross-correlation

check is desirable, we found even a simple energy based scheme works well and
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detects the beginning of the frame with very high accuracy. Since the positions

of the speaker and the microphone are fixed and closely located, the SNR of

the received signal is always maintained high enough and even a simple energy

detection scheme accurately detects the frame regardless of the environmental

noise 4. Our frame detection algorithm works as follows. If the magnitude of

the 3 consecutive symbols are higher than the threshold σ, we regard that the

first symbol is the beginning of the frame symbols. In our implementation, we

set σ to 0.003. Note the the frame detection procedure is only necessary in

the beginning of the tracking. Since the frame interval is fixed, once the frame

is detected, the next frames can be easily found without detection.

Channel estimation: Using the received frame and the known informa-

tion on the training sequence, we can estimate the channel. There are several

existing channel estimation algorithms in single carrier based communication

system. While Maximum Likelihood Sequence Estimation (MLSE) is known

to be optimum, its complexity is a bit high. Least-Squares (LS) channel esti-

mation is computationally simple but suboptimal [55]. Considering that APT

is implemented as a mobile app, we decide to use simple ML based channel

estimation scheme. We mainly focus on our implementation of the algorithm

while referring the reader to [45] for the fundamental theory behind it.

For LS channel estimation, one needs to decide the reference length P

4The SNR can depend on the volume of the speaker and the microphone that the user
selects. However, we believe it is not difficult to fix the volume of the speaker and microphone
high enough for tracking regardless of the user setting in implementation-level.
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and the memory length L, where L determines the number of channel taps

we can estimate and P plus L is the training sequence length. With larger

L, we can estimate more channel taps but the reliability of the estimation is

reduced. In our implementation, we decided to use P = 16 and L = 10, which

implies we can track the movement approximately up to 50 cm distance. This

is just our design choice and can be easily extended by using shorter P or

longer training sequence.

The channel estimation is implemented as follows.

Let m = {m1,m2, . . . ,mL+P} be the vector of training sequence. Then we

define a circulant training matrix M ∈ RP×L as

M =


mL mL−1 mL−2 . . . m1

mL+1 mL mL−1 . . . m2
...

...
...

. . .
...

mL+P mL+P−1 mL+P−2 . . . mP+1

 .

Let y = {y1, y2, . . . , yL+P} be the received training sequence. The chan-

nel is estimated by

ĥ = (MHM)−1MHyL, (5.4.1)

where yL = {yL+1, yL+2, . . . , yL+P}.

Given the pre-computed (MHM)−1MH , the computational cost of the

channel estimation is only the matrix-to-vector multiplication with the com-

plexity is O(P × L). Considering P = 16 and L = 10, the complexity of the

channel estimation is pretty low and acceptable for mobile devices.
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Figure 5.5: Testbed setup for the performance evaluation.

5.5 Performance Evaluation

5.5.1 Experimental setup

We evaluate the tracking performance of APT and compare it with

the other tracking schemes. We used Samsung Galaxy S4 mobile phone as a

testbed device, which has one rear speaker and two microphones at the top

and the bottom of it with 14 cm spacing. We implemented an Android app

that plays audio file generated as explained in Section 5.2, and receives the

audio signal while a user is moving a finger. For audio signal transmission, we

use inaudible frequency band between 18 KHz and 22 KHz, and the tracking

interval is 12.5 ms. To improve the accuracy, we average 4 samples out of 12

upsampled signals in the downsampling process, as explained in Section 5.3.5.

The impact of the number of samples in averaging in evaluated in Section 5.5.3.
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To collect the ground-truth of the finger movement, we let the user move the

finger on the top of the smart tablet, which collects the touch event of the

screen and generate the ground-truth trajectory of the finger movement. In

the experiment, we show simple shapes such as triangle, diamond, circle on

the screen of the tablet and ask the user to follow the line of the shape. The

average distance of the shapes is 22.3 cm. Figure 5.5 shows our testbed setup.

5.5.2 Compared Schemes

For the performance comparison, we implement the other two acoustic

signal based device-free tracking schemes and compare the tracking capability

with them.

Sine wave based phase tracking: In sine wave based tracking, the trans-

mitter continuously sends sine waves and the receiver tracks the moving object

by observing the phase change of the received waves. The transmitted signal

sin (2πfct) is generated using MATLAB, stored as 16-bit PCM-format WAV

file, and transmitted through the speaker. Similar to our receiver design in

Section 5.2.2, the received signal from the microphone is first multiplied by
√
2 cos (2πfct) and −

√
2 sin (2πfct) and low-pass filtered to get the real and

imaginary term of the received signal, respectively. The phase of the moving

finger is tracked by Dual-differential Background Removal (DDBR) algorithm

in [65] that filters out constant-path signals by observing the phase of the

difference of two consecutive signals. We improve the accuracy of the phase

estimation by averaging multiple received signals. Let Ts be the sampling in-
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terval of the phase. We take the phase after averaging all of the received signals

during Ts. Ts is selected as 12.5 ms so that both APT and sine wave based

tracking has equivalent tracking delay. In addition, we achieve the frequency

diversity gain by sending multiple the sine waves in different frequencies. Using

4KHz bandwidth between 18 KHz and 22 KHz, the transmitter sends multiple

sine waves with 500 Hz interval. As a result, 9 waves are concurrently trans-

mitted. By taking the mean of the phase estimations of them, the accuracy of

the phase estimation can be improved. Once the phase is estimated, we use

the same position tracking algorithm introduced in Section 5.3.4.

The main difference between APT and sine wave based tracking is

that the former one separately measures the phase change of the signals with

different delays while the latter one observes the phase change caused by all of

the moving objects in a single measurement. Considering that several parts of

body position may change together while the user moves the finger, observing

the combined phase change yields less accurate finger tracking. Also, it is

especially problematic when the user is surrounded by moving people and

objects such as home and office environment. With the extensive comparison,

we show the benefit of APT compared to the sine wave based tracking.

Cross-correlation based tracking: It tracks the position of the moving

object by observing the change of the cross-correlation of the received signal

called echo profile. The baseline of it is FingerIO [37] that transmits an OFDM

symbol in each frame and finds the location of the moving finger that causes the

change of the echo profiles of the two consecutive frames. We carefully followed
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the description of [37] to implement FingerIO. However, we were not able to

track the position of the finger with it, so we made following modifications to

improve the accuracy and enable tracking. First, we used larger bandwidth

and used longer FFT size for OFDM symbol generation. It is based on our

observation that using more subcarriers for data transmission increases the

accuracy of the tracking. We select 6 KHz bandwidth between 16 KHz and 22

KHz as the data transmission bandwidth, and the FFT size of 256. Second,

when we locate the finger by comparing two echo profiles, instead of detecting

the location with the difference higher than a threshold, we select the location

that gives the maximum difference. Our observation on the echo profile is, even

with larger bandwidth and longer interval, the difference of two profiles while

the finger is moving is very small, which makes it quite challenging to select

an appropriate threshold. Therefore, we find the position with the maximum

cross-correlation difference. It roughly tracks the position of the moving finger,

but often detects random location due to noise. To address it, we ignore the

result when the detected position is significantly different from the previous

position. We set the threshold for the deviation to 10 cm. After getting the

distance estimation, we use the same algorithm introduced in Section 5.3.4 to

find the position of the finger in 2D plane.

5.5.3 Experimental Result

Tracking accuracy in 1D: We first evaluate the accuracy of the distance

change tracking in one dimension. In this experiment, the user initially places
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Figure 5.6: CDF of the distance tracking error.

the finger 20 cm away from the mobile phone and moves 10 cm towards it.

We repeat the experiment 200 times for each of the scheme and collected the

CDF of the distance error, which is shown in Figure 5.6. The median errors

of APT, sine wave based tracking (i.e., sinusoid), and cross-correlation based

tracking (i.e., CC based) are 0.3 cm, 0.8 cm, and 1.5 cm, respectively. The

90th percentile error of them are 0.7 cm, 1.8 cm, and 3.2 cm, respectively. The

result reveals that APT can accurately track the movement by observing the

phase rotation from CIR. The median tracking error of it is less than half of

the sine wave based tracking’s. Since APT separately tracks the phase in the

CIR vector, it can effectively filter out the measurement noise from the user’s

body movement while the sine wave based tracking cannot. The accuracy

of the cross-correlation based tracking is much lower than the phase based

tracking.

One of the advantages of APT is that it can distinguish the move-

ments with different delays. This allows us to easily filter out the interference
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Figure 5.7: CDF of the distance tracking error with interrupting user.

incurred by the movement of the surrounding objects in the phase tracking.

By limiting the phase observation to the channel tap smaller than the 10th

one, we can ignore the phase change caused by the moving object with the

distance approximately larger than 50 cm. To evaluate it, we performed the

distance tracking experiment with a moving person. Here, a user is moving

one’s body in 50 cm distance from the mobile phone while we are conduc-

ing the experiment, where the CDF of the distance tracking error is shown

in Figure 5.7. In APT, the tracking accuracy is not seriously affected by the

interfering user. Compared withe the experiment with no interference, the

median error increases by 1 mm. The cross-correlation based tracking is not

significantly influenced by the moving user either. Here, we set it to focus on

the distance change within the range between 0 to 40 cm. Even if there is any

echo-profile change in the distance of the moving user, we did not track it. As

a result, it can effectively avoid the interference. On the other hand, sine wave

based tracking undergoes degraded tracking performance due to the moving
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user. The median error increases from 0.8 cm to 1.2 cm. Since it does not has

any mechanism to distinguish the phase change caused by multiple objects,

the movement in surroundings affects its tracking more significantly.

Figure 5.8 is the average 1D tracking error with 95% confidence interval

when various number of samples are used for averaging downsampled signals as

explained in Section 5.3.5. The result shows that averaging 4 samples improves

the accuracy from 0.39 cm to 0.34 cm compared to simple downsampling.

Moreover, it is effective in reducing the variation of the result. The 95th

percentile error decreases from 0.9 cm to 0.7 cm. Using more than 4 samples

does not significantly improve the accuracy, so we decided to use 4 samples to

reduce the computational complexity.
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Figure 5.8: CDF of the distance tracking error.

Tracking accuracy in 2D: Next, we evaluate the tracking error in 2D plane.

We collect the data while the finger of the user is following the shapes on the

screen of the tablet, and the trajectory error is calculated by averaging the

distance difference between the estimated and ground-truth positions from
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all samples. The absolute position offset in the beginning of the tracking

is ignored. Figure 5.9 shows the CDF of the trajectory errors of the three

schemes. The median errors of APT, sine wave based tracking, and cross-

correlation based tracking are 0.9 cm, 1.8 cm, and 3.5 cm, respectively. The

90th percentile error of them are 2.2 cm, 3.4 cm, and 4.2 cm, respectively.

Again, APT provides much lower tracking error than the compared schemes.
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Figure 5.9: CDF of the trajectory error.

Figure 5.10 shows the median error samples of the finger movement

tracked by APT and sine wave based tracking while the users are following

the shapes on the table screen. The result shows that the trajectory tracked by

APT is close to the ground-truth finger movement. We believe this is sufficient

to recognize sophisticated gestures drawn by finger. On the other hand, the

drawings by sine wave based tracking significantly deviate from the original

shape.
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Figure 5.10: Shapes drawn by finger movement tracking.
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Chapter 6

Conclusion

In this dissertation, we provided accurate object tracking techniques

that are useful to design the natural user interface for smart devices.

In Chapter 2, we develop a novel system that can accurately track

hand movement and apply it to realize a mouse. A unique advantage of our

scheme is that it achieves high tracking accuracy (e.g., median error of around

1.4 cm) using the existing hardware already available in the mobile devices

and equipment to be controlled (e.g., smart TVs). Our evaluation and user

study demonstrate the feasibility and effectiveness of our approach. Moving

forward, we are interested in further enhancing the accuracy and robustness

of tracking. Moreover, we would like to conduct larger-scale user study and

develop interesting applications that benefit from accurate tracking.

Chapter 3 presents a novel device-free based tracking using audio sig-

nals. We extract both distance and velocity estimates from a single reflected

chirp signal. To improve the robustness, we combine multiple peaks next to the

highest peaks in FMCW to estimate velocity, and use the estimated velocity to

select an appropriate FMCW peak to estimate the distance. We combine both

estimates to continuously track the hand. Using micro benchmarks and user
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study, our evaluation shows the feasibility and effectiveness of this approach.

We hope our work will bring us closer to the vision of making devices easy to

use. Moving forward, we are interested in further enhancing the capabilities

and robustness of our tracking systems under more extensive usage scenarios,

such as tracking 3D motion, multiple players, and under different environmen-

tal conditions. In particular, our motion tracking algorithm is applicable to

3D

In Chapter 4, we provide a fined-grained finger tracking. Since the

wavelength of the acoustic signal in inaudible frequency is very short, even a

slight movement causes significant phase change, which enables fine-grained

tracking. The challenge is that the received signal from the microphone is the

superposition of multiple reflected signals with different amount of movements.

To address this challenge, we observe the phase from the channel impulse re-

sponse where the reflected signals with different delay ranges are easily sepa-

rable. We design our own acoustic data communication channel and estimate

the channel from it. Then we extract the phase change caused by the finger

movement with our novel static reflection cancellation and channel tap selec-

tion algorithms, and eventually track the finger movement. The performance

evaluation result shows that our scheme provides the median error of 0.3 cm in

1D distance tracking and 1 cm median error in 2D trajectory tracking. Given

the capability of the accurate finger tracking, we plan to extend it to device-

free gesture recognition that is useful for natural user interface and interactive

game design for wearable devices.
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