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Abstract

Humans are extremely capable of remembering, recognizing, and acting upon hundreds of thousands of different
types of acoustic events on a day-to-day basis. Decades of research on acoustic sensing have led to the creation of
systems that now understand speech, recognizes the speaker, and finds a song. However, apart from speech, music, and
some application specific sounds, the problem of recognizing varieties of general-purpose sounds that a mobile device
encounters all the time has remained unsolved. The overarching goal of this research is to enable rapid development of
mobile applications that recognize general-purpose acoustic events. As these applications are meant to run on a mobile
device, the technical goals of this research include — energy-efficiency, communication-efficiency, leveraging the user
contexts such as the location and position of the mobile device in order to improve the classification accuracy, and ease
of application development.

With this goal in mind, we have built a general-purpose, energy-efficient, and context-aware acoustic event detection
platform for mobile devices called — the Auditeur platform. Auditeur enables mobile application developers to have
their application register for and get notified on a wide variety of acoustic events. Auditeur is backed by a cloud service
to store crowd-contributed sound clips and to generate an energy-efficient and context-aware classification plan for the
mobile device. When an acoustic event type has been registered, the mobile device instantiates the necessary acoustic
processing modules and wires them together to dynamically form an acoustic processing pipeline in accordance with
the classification plan. The mobile device then captures, processes, and classifies acoustic events locally and efficiently.
Our analysis on user-contributed empirical data shows that Auditeur’s energy-aware acoustic feature selection algorithm
is capable of increasing the device-lifetime by 33.4%, sacrificing less than 2% of the maximum achievable accuracy.
We implement seven applications with Auditeur, and deploy them in real-world scenarios to demonstrate that Auditeur
is versatile, 11.04% — 441.42% less power hungry, and 10.71% — 13.86% more accurate in detecting acoustic events,
compared to state-of-the-art techniques. We perform a user study involving 15 participants to demonstrate that even a
novice programmer can implement the core logic of an interesting application with Auditeur in less than 30 minutes,
using only 15 — 20 lines of Java code.

Besides Auditeur, three other systems have been developed in this research which empower some aspects of the

platform. First, we introduce sMFCC, which is an approximation to a well-known acoustic feature called the Mel-
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frequency cepstral coefficient (MFCC). The motivation behind SMFCC is to enable faster extraction of MFCC features
in applications that must sample the microphone at a very high rate and yet has to meet the real-time requirement.
Second, we have developed the MultiNets, which is capable of switching wireless networking interfaces (WiFi and
3G) on a mobile device based on a predefined policy, such as saving energy during wireless data communication.
The motivation behind MultiNets is to enable energy-efficient mobile-cloud communication in applications that must
communicate quite frequently with a remote server over the Internet. Third, we have developed the Musical-Heart,
which is a system that provides a biofeedback-based and context-aware music recommendation service to a mobile
device. The motivation behind Musical-Heart is to build a convenient, non-invasive, personalized and low-cost wellness
monitoring system that obtains heart rate and activity level information from a pair of specially designed earphones

while a user is listening to the music on his mobile device.
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”And that man can have nothing but what he strives for.”

(53:39)

v



Acknowledgement

”All praise belongs to Allah, Lord of all the worlds.” (1:2)

At first I express my gratitude to Almighty Allah for giving me the strength, patience, and the ability to complete
this dissertation. As a human being, I could only try; and throughout my entire life, whatever I have ever achieved is
nothing but His mercy and kindness.

The past six years of my life has been a wonderful journey. I was fortunate to have Jack as my advisor who, without
any doubt, is the best. He gave me the full freedom to explore any idea that I had. He gave me the flexibility to choose
my own work habits. He has always been a trusted friend and the first person to whom I would ask for advice on any
matter.

I express my gratitude to my parents. Without their love and support, I could never have come this far. I also thank
my elder brother, Nejhum, who has been the forerunner of my life. And my special thank goes to my beloved wife,
Anwica, who has brought joy, fullness, and order to my life.

I have met some wonderful people during my PhD. I thank my internship mentors — Jie Liu and Angela Nicoara;
my research collaborators — Kamin Whitehouse, Sang Son, Taejoon Park, Guobin (Jacky) Shen, Xiaofan (Fred) Jiang,
Feng Zhao, Cheng-Hsin Hsu, Jatinder Singh, Bodhi Priyantha, Gerald Dejean, Yuzhe Jin, and Ted Hart; my coauthors
and colleagues — Robert Dickerson, Enamul Hoque, Philip Asare, Chris Greenwood, Carlos Torres, Stefanie Zhou,
Hee Jung Yoon, Ho-Kyeong Ra, Can Basaran, Qiang Li, Ben Zhang, Sirajum Munir, and Shan Lin; and two great
undergrads — Dezhi Hong and Peeratham Techapalokul. I also thank my teachers in BUET, specially my B.Sc. and
M.Sc. advisors — Prof Masud Hasan and Prof Monirul Islam.

I thank the Muslim community in Charlottesville and the Bangladeshi community in UVA for making me feel at
home in this foreign land. I thank everyone in UVA and in Charlottesville, VA for being such a wonderful people.

Finally, I thank the people of Bangladesh, whose tax money has made it possible for me to receive my primary,

secondary and undergraduate education. I look forward to act my part in building the future of my country.



Contents

Acknowledgement

Contents
Listof Tables . . . . . . . . . e e e
Listof Figures . . . . . . . . . e

1 Introduction

L1 Motivation . . . . . . . . oo e e e e
1.2 Technical Challenges . . . . . . . . . . . . e e e
1.3 Thesis Statement and Solution Overview . . . . . . . . . . . . .. L e

1.3.1 Thesis Statement . . . . . . . . . . L e e e e

1.3.2 Solution OVerview . . . . . . . o vttt e e e e e e
1.4 Contributions . . . . . . . . . e e e e e e e e e e
1.5 Caveats . . . . . . . e e e e e e e e e
1.6 Organization of the Dissertation . . . . . . . . . . . . . . i i

2 Related Work
2.1 Special-Purpose Acoustic Event Detection . . . . . . . . . . . . ... ..
2.2 Web Services for Mobile Devices . . . . . . . . . ... e
2.3 Resource Aware Classification . . . . . . . . . . . .. e e e e e
2.4 Network Interface Switching . . . . . . . . . .. L e
2.5 Exploiting Sparseness in Speech . . . . . . . ... L L e
2.6 Heart Rate Detection on Mobile Devices . . . . . . . . ... ... ... o
2.7 Inferring Activity Context on Mobile Devices . . . . . . . .. . ... ... . ...
2.8 Music Recommendation Systems . . . . . . . . ...
29 Summary . ... e e
3 Background and Terminologies

3.1 AcousticEvents . . . . . .. e
3.2 Tagged Soundlets . . . . . . .. e e e e e

3.2.1 Contentand Container Tags . . . . . . . . . . . . . e

322 Lookforand Within Tags . . . . . . . . . . . . . .. e
3.3 Public and Private Soundlets . . . . . . . . . ...

33.1 PublicSoundlets . . . . ... ... e

332 Private Soundlets . . . . ...
34 Mobility CONEXES . . . . . . o o it e e e e e e e
3.5 Mel-Frequency Cepstral Coefficients . . . . . . . . . . . . ... ... ..
3.6 Sparse Fast Fourier Transform . . . . . . . . . . . .. e
3.7 ECG, Heart Beatand Pulse . . . . . . . . . . . . . . e
3.8 Tempo, Pitchand Energy . . . . . . . . . . . e
3.9 HeartRate Training Zones . . . . . . . . . o o v v i i it e e e
3,10 Summary ... oL e e e e

Vi

X o= < <

O 00 N Lt it Dt BN

11

12
12
13
13
14
14
15
15



Contents

4 Mobile-Cloud Platform Overview
4.1 The Auditeur Platform . . . .. ... ... ... ... . ......
42 Workflow of Auditeur . . . . . ... ... ... ... ...
4.2.1 Tagging and Uploading Soundlets
4.2.2  Obtaining a Classification Plan
423 Acoustic Event Detection . . . .. ... ...........
424 APIExample . . ... ... ... ... ... ... ...
43 Key System Features . . . . .. ... ... ... ... . ...,
43.1 PeopleintheLoop . .. ... ... ... ... . .......
4.3.2 Personalization as well as Generalization
4.3.3 Cloud-Directed On-Device Processing
4.3.4 Designed for Efficiency . ... ... .............
4.3.5 Context AWareness . . . . . . . . . o.o.ou e
44 Summary . . ...

Implementation of the Auditeur Platform

5.1 On-Device Processing Components . . . . ... ... ........
5.1.1 The Sound Engine . . .. ... ... .............
5.1.2  Mobility Context Generation . . . . . . ... ... ......
5.1.3 CommunicationtotheCloud . . . . . ... ... ... ....
5.1.4 Publicand Internal APT. . . . . . .. ... .. ... ...,

5.2 In-Cloud Processing Components . . . . .. ... ... .......
5.2.1 Training Set Generation . . . . . . ... .. ... ......
5.2.2 Feature Selection . . . . . . .. ... ... ...
5.2.3  Processing Units and Parameter Selection
5.2.4 Tag Matching Service . . . ... ... ... .. .......
5.2.5 Storageand Caching . . ... ... ... ... ........

5.3 Summary ... e e e e

Evaluation of the Auditeur Platform

6.1 Experimental Setup . . . . . . . . . ...
6.2 System Measurements . . . . . . .. ... .
6.2.1 CPU and Memory Footprint . . . . ... ... .. ......
6.2.2 Energy Measurements . . . . . . . ... .. .........
6.3 Empirical Evaluation . . . . ... ... ... ... ... .....
6.3.1 Lifetime and Accuracy Trade-off
6.3.2 Evaluating Feature Selection Algorithm
6.3.3 Illustration of Energy Efficiency
6.34 ProcessingDelay . . . .. ... ... ... 0L,
6.4 CaseStudies . . . . . . . . ...
6.4.1 Power Consumption . . .. ... ... ............
6.4.2 Detection Accuracy . . . . . . . . ...
6.4.3 Context AwWareness . . . . . . . . . . .. ...
6.5 UserStudy . .. .. ... . . ... e
6.6 Discussion. . . . . ... ...
6.7 Summary . . . ... e e e e

Exploiting Sparseness in Speech Signals

7.1 The Sparse MFCC Feature . . . . .. ... ... ... ........
7.2 Motivation . . . . . ..
7.3 The Sparse MFCC Algorithm . . . . . ... ... ... ........
7.3.1 Estimation of Sparseness . . . . . . . ... ... .. .....
7.3.2 ComputingsMFCC . . . ... ... ... .. .........
74 Experimental Setup . . . . ... ... oL

vii

23
23
26
26
27
28
28
29
29
29
30
30
30
30

32
32
33
36
36
36
37
37
38
39
40
40
41

2
42
43
43
43
44
44
45
46
46
47
48
49
50
50
52
52



Contents

1.5

7.6

Experimental Results . . . . . . . . . e
7.5.1 Sparsenessin Speech . . . . . . . ... oL
7.5.2  Sparse Approximation Error in sMFCC . . . . . . . ... ... ... o ...
7.5.3 SpeedupinsMFCC . . . . . . . .. .
7.5.4 A Simple Spoken Word Recognizer . . . . . . . .. . ... o
Summary . ... e e

8 Mobile-Cloud Communication Efficiency

8.1
8.2

8.3

8.4

8.5

8.6
8.7

8.8

8.9

8.10

The MultiNets Engine . . . . . . . . . . . . .. . e
Switching Network Interfaces . . . . . . . . . . . . . . e
8.2.1 The Network Interface Switching Problem . . . . . . . ... .. ... ... .. .......
8.2.2 Potential for Switching Interfaces . . . . . . . . . .. ... ..
8.2.3 Summary of Findings . . . . . . . . . . . ...
Switching in MultiNets . . . . . . . . . . . e e e e
8.3.1 Connectionless SeSSIONS . . . . . . . . ... e
8.3.2 Connection-Oriented Sessions . . . . . . . . . .. . e
8.3.3 Switching APL . . . . . . . e
Design and Implementation . . . . . . . . . . . L L e e e e
8.4.1 The Switching Engine . . . . . . . . . . . ...
8.4.2 The Monitoring Engine . . . . . . . . . . . .. e
8.4.3 The SelectionPolicy . . . . . . . . . . e
8.4.4 Layered Implementation . . . . . . . . . . . ... e e
8.4.5 The Switching APT . . . . . . . . . . e
Experimental Setup . . . . . . . . . .
8.5.1 Hardware Setup . . . . . . . . ..
8.5.2 Software Setup . . . . . . .. e
System Overhead . . . . . . . . . . . . e
Switching Time . . . . . . . . . .. e
8.7.1 Energy Measurements . . . . . . . . . ...ttt e e e e e e e
Trace Driven Experiments . . . . . . . . . . . . e e e e e
8.8.1 Energy Efficiency . . . . . . . . ..
8.8.2 Offloading Traffic. . . . . . . . . . .. .
8.8.3 Throughput . . . . . . . . . e e e
Deployment Experiment . . . . . . . . ... L e e e e
8.9.1 EnergyEfficiency . . . . . . . . .. e
8.9.2 Offloading and Throughput . . . . . . . . .. ...
8.9.3 Energy Efficiency vs. Offload Trade-off . . . . . . . . ... ... ... .. ... ... ....
Summary . . ... e e e e e e e e e

9 A Special Type of Acoustic Event

9.1
9.2

9.3

9.4

9.5

The Musical-Heart Application . . . . . . . . . . . . e
Usage SCenarios . . . . . . . v vt e e e e e e e e e e e e e
9.2.1 Personal Trainer: Goal-Directed Aerobics . . . . . . . . . . . ... ... ... .......
9.2.2 Music Recommendation: Biofeedback and Collaboration . . . . . . .. ... ... ......
System Architecture . . . . . . . . . . L. e e
9.3.1 The Septimu Platform . . . . . . . .. ... L
9.3.2  Processing on Smartphone . . . . . . . ... e
9.33 Web Services . . . . . . ... e e e
Heart Rate Measurement . . . . . . . . . .. . . L e e e
9.4.1 Filtering . . . . . . . . e e e e e
9.4.2 Detection . . . . . . . ... e e e
Activity and Context Detection . . . . . . . . . . . . L
9.5.1 Activity Level Detection . . . . . . . .. . .. e

9.5.2 Augmenting Activity Levels with Contexts . . . . . .. ... ... ... ... . .......

viii

59
59
60
61
61
64

65
66
68
68
69
71
71
71
72
72
73
73
74
75
76
76
78
78
78
79
80
82
84
84
85
85
86
87
88
89
&9



Contents
9.6 Music Suggestionand Rating . . . . . . . . ...
9.6.1 Pl-controller Design . . . . . . . . . . . . e e e
9.6.2 Automated MusicRating . . . . . . . ...
9.7 Technology and Algorithm Evaluation . . . . . . .. ... ... ... . ... ... ... ...
9.7.1 Experimental Setup . . . . . . . . ... e
9.7.2  Evaluation of Septimu Platform . . . . . . .. .. ... o
9.7.3 Empirical Study . . . . . . e e e e e
9.7.4 Evaluation of Heart Rate Measurement . . . . . . .. ... .. ... ... ........
9.7.5 Evaluation of Activity Level Detection . . . . . ... ... ... ... ... . ..., .
9.7.6 Fitnessof SystemModel . . . . . . . . ...
9.8 Real Deployment . . . . . . . . . . . . e
9.8.1 Goal Directed Aerobics . . . . . . . . . .. e e e
9.8.2 Music Recommendation via Biofeedback and Collaboration . . . . ... ... ... ... ..
9.9 Summary . . . ..o e e e e e

10 Conclusion
10.1 Summary and Key Contributions . . . . . . . . . . . . . . e
10.1.1 A Mobile-Cloud Platform for Acoustic Event Detection . . . . . ... ... ... ......
10.1.2 Exploting Sparseness in Speech . . . . . . . . . . .. L
10.1.3 Mobile-Cloud Communication Efficiency . . . . . . . ... ... ... ... ... ......
10.1.4 An Application Detecting a Special Type of Acoustic Event . . . . . ... ... ... ....
10.2 Limitations and Future Improvements . . . . . . . . . . . . . . .. e
10.3 Future Research Directions . . . . . . . . . . .. ...

Appendices
A Optimum Energy Computation in MultiNets
B Media Coverage of Musical-Heart

Bibliography

iX

103
103
106
106
106
107
107
109
112
112
113
113
114
116

117
117
117
118
118
118
119
120

121

122

123

124



List of Tables

3.1

5.1
52
53

6.1
6.2
6.3
6.4

8.1
8.2
8.3
8.4
8.5
8.6
8.7

9.1
9.2
9.3
9.4
9.5
9.6
9.7

Heart rate training Zones. . . . . . . . . . . . . i e e e e e e e e e 22
List of Acoustic Processing Units in Auditeur. . . . . . . . . . . .. . e 34
List of Public Classes in Auditeur APL. . . . . . . .. .. ... .. ... ... oo oL 37
Parameter Choices for Different Acoustic Processing Units. . . . . . . .. ... ... .. ... .... 40
Overhead of Auditeur. . . . . . . . . .. 43
Description of Empirical Datasets . . . . . . . . .. .. ... 45
Description of Applications in Case Studies. . . . . . . . . .. . ... L 48
Application Ideas from User Study. . . . . . . . . . . .. L 51
Description of SwitchingManager APL. . . . . . . . .. ... ... o o 77
Benchmarks for MultiNets. . . . . . . . . . .. e 79
Lines of Code to Implement MultiNets. . . . . . . . . . ... ... . 80
Switching Time Measurements. . . . . . . . . . . .o vt v it e e e e e 81
Bandwidth of WiFi, HSPA+and3G. . . . . . . . . . ... ... 86
Offloading and Throughput with MultiNets. . . . . . . . . ... ... ... ... ... .. .. 88
Energy and Offload Tradeoff in MultiNets. . . . . . . .. ... ... . ... ... . ...... 89
Poll Results of Activity CONtexts. . . . . . . . . o v v v it e e e e e e e e e e e e e 102
Activity Context Detection Algorithm. . . . . . . . . .. ... ... L o 103
Design of P Controller. . . . . . . . . . . . . . . e 105
Power Consumption of Septimu. . . . . . . . . . .. 107
Detecting Single ACtivity. . . . . . . . . . o L e e e 112
Detecting Activity SEqUENCE. . . . . . . . . . . i e e e e e e e e 112
A Cardio Exercise Program. . . . . . . . . ... 113



List of Figures

1.1 Conceptual Integrations of Systems. . . . . . . . . . . . . 5
3.1 HeartBeat Signals. . . . . . . . . . . e e e e 20
3.2 Iustration of Tempo and Pitch. . . . . . . . . . ... ... 21
4.1 Contributing Soundletstothe Cloud. . . . . . . . . . . .. ... .. ... 27
4.2 Obtaining a Classification Plan. . . . . . . . . . . . .. .. 27
4.3 On-device Acoustic Event Detection. . . . . . . . . . . . .. . e 28
4.4 Auditeur APTUsage. . . . . . . . . e e e e 29
5.1 On-device Processing Components. . . . . . . . . .o v v v v i i i it e 33
5.2 On-device Acoustic Processing Pipeline. . . . . . . . .. ... ... 0oL oL 33
5.3 Example Acoustic Processing Pipeline in XML Format. . . . . . .. ... ... ... ... .. .... 35
5.4 AnInstance of a Dynamically Created Pipeline. . . . . . . ... ... ... ... ........... 35
6.1 Energy consumptions by various feature extractors. . . . . . . . ... ... L. 44
6.2 Accuracy vs. Lifetime Trade-off in Auditeur. . . . . . . ... . ... ... ... ... 45
6.3 Performance of feature selector in Auditeur. . . . . . . . . ... L L 46
6.4 Illustration of Energy Efficiency in Auditeur. . . . . . . . . . . ... ... ... ... 46
6.5 Processing Delay in Auditeur. . . . . . . . . .. e 47
6.6 Power Consumptions of Applications. . . . . . . . . . . . . .. e 48
6.7 Accuracy of Applications. . . . . . . . ... oL e e e e 49
6.8 Context-Awareness of Applications. . . . . . . . . . . ... L 50
6.9 Resultsof User Study. . . . . . . . . . e e 51
7.1 MFCC Computation Time at Various Sampling Rates. . . . . . . . .. ... ... ... ... ..... 56
7.2 Stepsin MFCC Computation. . . . . . . . . . .. . ittt e e e e e 58
7.3 Sparseness in Speech Signals. . . . . . . . L. e e 60
7.4 Approximation Error in sSMFCC. . . . . . . . .. . . . e 60
7.5 Comparison of MFCC and SMFCC features. . . . . . . . . . . . . . v i i ittt 61
7.6  Accuracy of Word Recognizer using SMFCC and MFCC Features. . . . . . ... ........... 62
7.7 Computation Time of Word Recognizer using SMFCC and MFCC Features. . . . . . ... ... ... 63
8.1 TIllustration of Network Interface Switching. . . . . . . . .. ... ... .. ... ... ... ..... 68
8.2 Concurrency of TCP Sessions in Mobile Devices. . . . . . ... ... ... ... ... ........ 69
8.3 Lifetime of TCP Sessions in Mobile Devices. . . . . . . . ... ... ... ... ... 70
8.4 Data Activity in TCP Sessions in Mobile Devices. . . . . . . . ... ... ... ... ... ... 70
8.5 Using switchInterface() method. . . . . . . . . . . . . . .. ... 73
8.6 MultiNets Architecture. . . . . . . . . . . L e e e e 73
8.7 MultiNets State Diagram. . . . . . . . . . ... e 74
8.8 Layered Implementation of MultiNets. . . . . . . . . .. ... L oL 77
8.9 Using MultiNets APL . . . . . . . . e 78
8.10 Benchmark Results of MultiNets. . . . . . . . . .. . .. . e 80

X1



List of Figures xii

8.11
8.12
8.13
8.14
8.15
8.16
8.17
8.18
8.19

9.1
9.2
9.3
9.4
9.5
9.6
9.7
9.8
9.9
9.10
9.11
9.12
9.13
9.14
9.15
9.16

Mlustration of Interface Switching. . . . . . . . . . . . . L 81
Timeout and Switching Time. . . . . . . . . . . . . . . . e e e 82
Energy Measurement Devices and Setup. . . . . . . . . . ... oL 83
Energy Consumptions of WiFiand3G. . . . . . . . . .. ... ... L oo 83
Energy Savings with MultiNets. . . . . . . . . . . . . e 84
Offloading Data to Wifi with MultiNets. . . . . . . . . . . ... .. 85
Higher Throughput with MultiNets. . . . . . . . . . . . . . . . et e e 86
MultiNets Deployment Tour Route. . . . . . . . . . . .. . e 87
Energy Savings with MultiNets in Deployment Experiment. . . . . . . ... ... ... ... .... 88
The Septimu Earphones. . . . . . ... ... 94
System Diagram of Musical-Heart. . . . . . . . ... ... L oo 96
Web Services in Musical-Heart. . . . . . . . .. . ... L 97
Filtering Music Out from Heart Beats. . . . . . . .. .. .. ... ... .. ... . . ...... 98
Activity Level Detection with Septimu. . . . . . . . . . . ... oL 101
Detecting Lying and Sitting with Septimu . . . . . . . . ... ... L o 102
Biofeedback-based Music Recommendation. . . . . . .. ... ... Lo L. 104
Music and Heart Rate Relationship Study. . . . . . . .. ... ... o . o oL 109
Effect of Music Features at Different Activity Levels. . . . . . . . ... ... ... ... ... .... 109
Evaluation of Heart Rate Measurement Algorithm on Empirical Dataset. . . . . . .. ... ... ... 110
Evaluation of Heart Rate Measurement Algorithm on MIT-BIH Dataset. . . . . . ... ... ... .. 111
Comparison of Heart Rate Measurement Approaches. . . . . . . . .. ... ... ... .. ...... 111
Fitness of PI Controller Model. . . . . . . . . . . . .. ... 113
Heart Rate Intensity Measurement Results. . . . . . . . .. ... ... ... 0L 115
Activity Level Measurement Results. . . . . . . . . . .. ... L 115

Music Recommendation and Rating Results. . . . . . .. . ... ... L o oL 116



Chapter 1

Introduction

Our day starts with the sound of an alarm clock, and throughout the day, we hear and respond to a wide variety of
sounds. Over the course of evolution, humans have mastered the capability of remembering, recognizing, and acting
upon hundreds of thousands of different types of acoustic events on a day-to-day basis. The aim of this research is to
make a mobile device capable of doing the same —i.e. to recognize sounds that it captures with the on-board microphone

and to deliver the recognized acoustic events to applications that are interested in them.

Decades of research on acoustic sensing have led to the creation of systems that now understand speech, supports
voice activated search feature, recognizes the speaker, and finds a song. For example, in October 2011, Apple introduced
an intelligent personal assistant called — Siri [1], which offers conversational interaction with many applications,
including reminders, weather, stocks, messaging, email, calendar, contacts, notes, music, clocks, and web browser.
Following that footstep, Google introduced their OK Google feature which allows the user to speak into his Android
phone or tablet to do things like web search, get directions, and send messages. Web services and applications like
Shazam [2] have been created, which provides a music identification service. However, apart from speech, music, and
some application-specific sounds, the problem of recognizing varieties of general-purpose sounds that a mobile device

encounters all the time has remained unsolved.

The overarching goal of this research is to enable rapid development of mobile applications that recognize general-
purpose acoustic events on mobile devices. As these acoustic event recognizers are meant to run on a mobile device, the
technical goals include — energy-efficiency, communication-efficiency, leveraging the user contexts such as the location

and position of the mobile device in order to improve the classification accuracy, and ease of application development.

In this chapter, we present the motivation behind this research (Section 1.1), identify the core research challenges
(Section 1.2), and then state our thesis statement and provide an overview of our solution (Section 1.4). These are

followed by a list of contributions (Section 1.3) and some caveats (Section 1.5). Finally, we describe the organization of
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this thesis (Section 1.6).

1.1 Motivation

If we think of all the applications that are in the app-store of various mobile platforms and perform any kind of acoustic
processing, soon we will realize that these applications relate to mainly two types of sounds — speech and music. We
find it a great missed opportunity that all mobile devices come with an acoustic sensor, i.e. the on-device microphone,
and yet we do not see many applications that recognize and act upon varieties of sounds that we hear all the time around
us. Imagine the possibilities that we could turn into realities, if we could have mobile applications that recognize various
types of sounds. By recognizing the sounds that someone makes during his sleep, such as — yawning, snoring, coughing,
bed-movement, and mumbling, we could create an application that measures his sleep quality. By recognizing the
sounds of whining, baby talks, and baby crying — we could create a baby monitoring application for a busy mother. Or,
we could create a nice social monitoring application that keeps track of how much a person is talking, laughing, crying,
or yelling, and how many people and who he is talking to. The lack of a general-purpose acoustic event classification
service is the primary reason why there are not so many applications that detect such general-purpose sounds on a
mobile device.

Mobile application developers depend heavily on APIs provided to them by the mobile OS platform for common
tasks, but when it lacks necessary functions for their application, it costs developers weeks of time for implementation.
Beyond just time, many developers do not have the necessary technical background to implement these functions
correctly or efficiently. Because of this, there is a growing trend where mobile applications are paired with numerous
web services by other providers to get access to specialized or computationally demanding tasks. Microsoft’s Hawaii [3],
for example, supports path prediction, key-value storage, translator, relay, rendezvous, OCR, and speech-to-text services.
Google provides services such as web search, maps, play, YouTube, cloud drive, and Gmail. Other providers give
access to data sources such as weather, financial data, airline information, and parcel tracking. However, to the best of
our knowledge, there is no web service that provides a general-purpose acoustic event classification service for mobile
devices.

Mobile devices, such as smartphones and tablets, have begun to use their microphones for various acoustic processing
tasks, but most of the applications are special purpose acoustic event detectors. Examples of voice and music based
systems include: speaker identification [4], speech recognition [5], emotion and stress detection [6, 7], conversation and
human behavior inference [8, 9], music recognition [2], music search and discovery [10], and music genre classification.
There are other types of applications that fall into the non-voice, non-music category, such as a cough detector [11], a
heart beat counter [12], and logical location inference [13, 14]. These examples are limited in number and acoustic

sensing is often one of multiple sensing modalities in these works. There are existing works [15, 16] that consider
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multiple types of acoustic events. SoundSense [15] considers speech, music and ambient sound, and provides a
mechanism to label clusters of ambient sounds to extend the set of classes. Jigsaw [16] considers speech and sounds
related to activities of daily living. These systems still lack in providing tools and mechanisms to easily extend detection
capabilities and effectively support development process. They are limited for general purpose acoustic event detection
service for mobile devices and in exploiting the promising opportunities given by already prevailing mobile devices and

tablets equipped with microphones.

To address this need, we have built a general-purpose acoustic event detection platform called the Auditeur. The
basic idea of Auditeur is that — mobile device users all over the world will record and upload short-duration sound clips
to the cloud, and a cloud-service will automatically create classifiers for those sounds. These classifiers can then be
downloaded and run on the device to recognize future occurrences of that specific type of sound. Aside from the ability
to dynamically create classifiers to recognize a wide variety of sounds, two aspects of Auditeur make it unique and
ideal for mobile platforms. First, the classifiers created by Auditeur are energy-aware. An input to the classifier creation
service is an energy bound, and based on that bound, Auditeur weaves the best acoustic processing pipeline that ensures
that the classifiers run within the energy bound and yet achieve a very high accuracy. Second, the classifiers created by
Auditeur are context-aware. Auditeur is capable of automatically determining the user-contexts, such as the location of
the user and the position of the mobile device with respect to human body, and dynamically loads a different classifier
whenever the user context changes. Auditeur also provides an easy-to-use API for the mobile application developers to

foster the creation of applications.

Besides Auditeur, three other systems have been developed in this research which empowers some aspects of the
Auditeur platform. First, we have developed the sMFCC acoustic feature, which is an approximation to a well-known
acoustic feature called the Mel-Frequency Cepstral Coefficient (MFCC). The motivation behind which is to enable faster
extraction of MFCC features in applications that must sample the microphone at a very high rate and yet has to meet the
real-time requirement. Second, we have developed the MultiNets, which is capable of switching wireless networking
interfaces (WiFi and 3G) on a mobile device based on a predefined policy, such as saving energy during wireless
data communication. The motivation behind MultiNets is to enable energy-efficient mobile-cloud communication in
applications that must communicate quite frequently with a remote server over the Internet. Third, we have developed
the Musical-Heart, which is a system that provides a biofeedback-based and context-aware music recommendation
service to a mobile device. The motivation behind Musical-Heart is to build a convenient, non-invasive, personalized
and low-cost wellness monitoring system that obtains heart rate and activity level information from a pair of specially
designed earphones while a user is listening to the music on his mobile device. Timeline wise, Musical-Heart was
developed as a standalone application prior to the creation of the Auditeur platform. However, we have shown that

Musical-Heart’s heart rate detection can also be implemented with Auditeur.
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1.2 Technical Challenges

This thesis addresses a number of key technical challenges in building a general-purpose, energy-efficient, and context-

aware acoustic event detection service platform for mobile devices.

First, applications are diverse in nature. Different applications require to recognize a different set of sounds, which
in turn requires different types of preprocessing, acoustic feature extractors, and classifiers. Building a generic platform
that is capable of automatically generating many applications that recognize a wide variety of acoustic events is

therefore challenging.

Second, battery-life is a scarce resource for mobile devices. Building energy-efficient applications is in general a
hard problem, and acoustic processing adds further complexity on top of it. Some applications may want to continuously
sense the microphone for a very long period. Without carefully planning ahead of time, it is impossible to guarantee
that an application will not drain the battery in the middle of its expected lifetime. One major challenge is therefore ro

design an acoustic event classifier which is accurate yet runs under a given energy budget.

Third, acoustic event classification is dependent upon the user contexts. A classifier that works perfectly indoors
does not necessarily perform accurately when it runs outdoors. The types of possible acoustic events also change with
user’s location. Distance from the mobile device to the source of the sound also matters. For these reasons, we need to
consider the user context when classifying acoustic events in order to achieve a higher accuracy. On-board sensors on
a mobile device provides us with a rich set of user contexts, such as the location of the user and the position of the
mobile device with respect to the body. One challenge is therefore to leverage the user contexts in order to improve the

accuracy of acoustic event classification.

Fourth, in order to facilitate a rapid development of mobile applications, we provide APIs to the developers. An
important challenge is how to design a generic API that is easy to learn, easy to use, and expressive enough to specify

different acoustic event types in the same manner.

Fifth, different acoustic signals have different properties. Speech signals, for example, are extremely sparse in the
frequency domain. This sparseness in speech allows us to design an efficient frequency domain feature extraction
module that runs several times faster. We demonstrate how the sparseness in speech signals is exploited to make the

on-device acoustic processing faster.

Sixth, there are some applications that must communicate to one or more remote servers over the Internet during its
lifetime. A mobile device communicates to the cloud using either a WiFi or a cellular network. Each of these interfaces
has its pros and cons. By selecting the right network interface to communicate with a remote server, it is possible to
save energy and increase throughput. We demonstrate how to make dynamic choices on which wireless interface to use

for an efficient mobile-cloud communication.
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Seventh, as an illustration of a special-purpose acoustic event detection application, we have developed the Musical-
Heart system. This system comes with several technical challenges of its own, such as — detecting heartbeats from
acoustic signals collected from the ear, detecting the activity level of the user from accelerometer readings obtained
from the ear, and recommending music based on the heart rate and the activity level of a person in order to achieve a

target heart rate goal.

1.3 Thesis Statement and Solution Overview

1.3.1 Thesis Statement

This dissertation investigates the following hypothesis:

It is possible to detect and classify acoustic events on a mobile device, which is — more generic, highly-accurate, more
energy-efficient, adaptive to user context, and easier to program — when compared to state-of-the-art special-purpose

acoustic event detection systems that use on-device or cloud-assisted classifiers.

1.3.2 Solution Overview

In order to prove our hypothesis, we have built a total of four systems: Auditeur, SMFCC, MultiNets, and Musical-Heart.

A conceptual integration of all four systems are shown in Figure 1.1.

Musical Single Word Another
Heart Recognizer Application
|
[
= 2
[ 'a N\ [ N\
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= APIs APIs
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) | |
2 ¥
/ Auditeur Service \ / MultiNets Service \
£ cll ¢l smrcc Relicy
o}
B — .
i . . Mechanism
acoustic processing

\ units / \ /

Figure 1.1: Conceptual integration of all four systems: Auditeur, sSMFCC module, MultiNets, and Musical-Heart.
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At the bottom layer of the figure, we have the mobile operating system which is the Android OS in our case. Both
Auditeur and MultiNets run as a system service on top of the mobile OS. Auditeur offers services related to sound
recognition, whereas MultiNets offers services related to wireless network interface switching. The SMFCC module is a
part of the Auditeur service like other acoustic processing units inside it. The public API layer provides APIs to the
applications with which they access the services offered by Auditeur and MultiNets. With Auditeur API, an application
registers for and gets notified on various types of acoustic events. With MultiNets API, an application selects what
policy (e.g., energy saving, or high throughput) should be applied during mobile-cloud communications.

The top layer consists of three running applications. The fist application is the Musical-Heart system which uses
the Auditeur API. Auditeur notifies Musical-Heart application whenever it detects a heartbeat event in the streaming
acoustic data from a special-purpose earphone hardware. The earphone is called the Septimu, which we have built as
part of the Musical-Heart system.

The second application also uses the Auditeur API, but its specialty is that, it uses the SMFCC module besides other
acoustic processing units in Auditeur. The application is a simple single spoken word recognizer that recognizes words
from a fixed vocabulary. By using the sSMFCC module instead of the regular MFCC module, this application achieves
several orders of magnitude speedup in acoustic event detection with the cost of a slight reduction in accuracy.

The third application is a conceptual one which uses both the Auditeur and the MultiNets APIs. An example of
such as application could be an integrated asthma monitoring system that assesses the severity of asthmatic wheezing
and crackling sounds using the Auditeur service and talks to a remote server to obtain information such as the weather
condition, pollen level, pollution level, and air quality, using the MultiNets service. Building such an application is

currently in progress, however, the system is not part of this thesis.

1.4 Contributions

The contributions of this dissertation are the following:

e Auditeur— a versatile, general-purpose, flexible, extensible, context-aware, and efficient end-to-end acoustic event
detection platform for mobile devices, backed by the cloud. The system comes with a sound recognition service
on the mobile device, which is capable of dynamically wiring acoustic processing units, and running an energy-
and context-aware classification plan on the phone, and provides APIs to register for and get notified on specific

sound events.

e A collection of crowd-contributed, admission controlled, and contextually-tagged short sound clips in the cloud

available to the developers, and an API to upload and manage them. The collection contains over 5000 tagged
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sound clips which are collected by 35 volunteers, over a nine month period, from three different regions (Virginia,

Toronto, and Beijing).

An acoustic feature selection algorithm that automatically generates energy-aware acoustic event detection plans
for a mobile device, given the types of sounds that an application wants to recognize and an energy budget. Our
empirical evaluation shows that the algorithm is capable of increasing the device-lifetime by 33.4%, sacrificing

less than 2% of its maximum achievable accuracy.

We implement seven applications with Auditeur, and deploy them in real-world scenarios to demonstrate that
Auditeur is versatile, 11.04% — 441.42% less power hungry, and 10.71% — 13.86% more accurate in detecting
acoustic events, compared to state-of-the-art techniques. A user study demonstrates that novice programmers can
implement the core logic of interesting applications with Auditeur in less than 30 mins and using only 15 — 20

lines of Java code.

SMFCC - an algorithm, inspired by [56, 57], which enables the extraction of frequency domain acoustic features
inside a mobile device in real-time, without requiring any support from a remote server even when the sampling
rate is as high as 44.1 KHz. We implement a simple spoken word recognition application using both MFCC
and sMFCC features, show that sMFCC is expected to be upto 5.84 times faster and its accuracy is within

1.1% — 3.9% of that of MFCC, and determine the conditions under which sMFCC runs in real-time.

We conduct a three months long empirical study and summarize the TCP characteristics in Android smartphones,
complementing a similar study with iPhone users in [17, 18]. We devise a switching technique which is

client-based, transparent to applications, and does not require any protocol changes.

MultiNets— which is to the best of our knowledge, the first complete system of this kind and demonstrate its
performance in a real-world scenario. MultiNets outperforms the state-of-the-art Android system either by
saving up to 33.75% energy, or achieving near-optimal offloading, or achieving near-optimal throughput while

substantially reducing TCP interruptions due to switching.

We design and implement three switching policies for MultiNets. Our analysis on usage data collected from real
mobile device users shows that with switching, we can save 27.4% of the energy, offload 79.82% data traffic, or

achieve 7 times more throughput on average.

Septimu, the first wearable, programmable hardware platform designed around low-cost and small form-factor
IMUs and microphone sensors that are embedded into conventional earphones, and communicate to the phone

via the audio jack and Bluetooth.
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e Musical-Heart, a complete sensing system that monitors the user’s heart rate and activity level — passively and
without interrupting the regular usage of the phone — while the user is listening to music, and recommends songs

based on the history of heart’s response, activity level, desired heart rate and social collaboration.

e We devise three novel algorithms in Musical-Heart: (1) a threshold free, noise resistant, accurate, and real-time
heart rate measurement algorithm that detects heart beats from a mixture of acoustic signals from the earbuds, (2)
a simple yet highly accurate, person-specific, 3-class activity level detection algorithm that exploits accelerometer
readings from the earbuds, and (3) a PI-controller that recommends music to the user based on the past history of

responses to different music and helps maintain the target heart rate at different activity levels.

e We perform a pilot study by collecting ground truth data of heart rates, and summarizing it to show the effect of
music on heart rate at various activity levels. The dataset is further used to show that the detected heart rate is
75% — 85% correlated to the ground truth, with an average error of 7.5 BPM. The accuracy of the person-specific,
3-class activity level detector is on average 96.8%, where these activity levels are separated based on their

differing impacts on heart rate.

e We demonstrate the practicality of Musical-Heart by deploying it in two real world scenarios, and show that
Musical-Heart helps the user in achieving a desired heart rate intensity with an average error of less than 12.2%,

and the quality of recommendations improves over time.

1.5 Caveats

The systems and tools that are built during this research come with a few caveats:

e Auditeur is capable of detecting sound events that are recognizable from short-term time and frequency domain
features. Recognizing sounds that depend heavily on temporal variations, such as long spoken sentences, are not
suitable for it. Especially, speech recognition is a complex and well-studied problem having several well-known

solutions. Hence, we leave it out of the scope of Auditeur.

e The acoustic features and classifiers used in Auditeur are shown to recognize a wide variety of sounds, but yet no
such list is ever exhaustive. It is possible that for a new type of acoustic classification problem, we may have to
incorporate new acoustic processing modules into the system in order for Auditeur to be able to detect that sound.
Auditeur is an extensible system where addition of a new feature extractor or a new classifier unit is easy. Such

extensions do not require any change to the framework.

e The scalability of the services running on the cloud is not addressed in this thesis as this is by itself a well-formed

research problem. Our implementation of Auditeur is a proof of concept and runs on an Amazon EC2 instance.
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In the future, we plan to move our server to Google App Engine which provides automatic scaling of applications

without requiring us to manage the machines by ourselves.

e The general applicability of sSMFCC acoustic feature is not fully explored in this research. We only have studied
speech signals and shown that SMFCC is applicable to speech. In the future, we plan to explore the applicability
of SMFCC on sounds other than just speech and make the choice between MFCC and sSsMFCC automatic in

Auditeur.

e The absolute values of the measured energy consumption of Auditeur, MultiNets, and Musical-Heart are
dependent on the model of the mobile device as well as the operating system. However, when comparing energy
consumptions of two systems, we ran both systems on the same mobile device and repeated an experiment

multiple times so that the comparison is fair.

e We perform an empirical study which shows that the TCP sessions on a mobile device are short-lived — which
is the basis of uninterrupted interface switching mechanism in MultiNets. In the future mobile systems, this
assumption may not be true and applications running on MultiNets will encounter interruptions during switching.
It is thus advised to use the MultiNets APIs to create short-lived TCP sessions so that the interruptions do not

happen.

e The pilot study that we conducted in Musical-Heart to model the relationship between music and heart rate
involves 35 participants and the full system was tested on 4 volunteers only. This only provides us with an
existential proof of the concept of controlling heart rate with music. The generalizability of the system requires
further deployment and investigation. In the future, we plan to make the Musical-Heart service public, so that we

can have more data to support our claim.

1.6 Organization of the Dissertation
The rest of the dissertation is organized as follows:

e Chapter 2 presents the state-of-the-art in technologies related to Auditeur, sMFCC, MultiNets, and Musical-Heart

systems that are developed in this thesis.
e Chapter 3 describes some basic terminology that are used in the later chapters.

e Chapter 4 provides an overview of the mobile-cloud platform by introducing Auditeur, providing an overview of

its workflow, and describing some key properties of the system.
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e Chapter 5 describes the implementation of the Auditeur platform by providing the implementation details of the

on-device processing components as well as the cloud services.

e Chapter 6 provides an in-depth evaluation of the Auditeur platform.

o Chapter 7 describes the motivation, algorithm, and evalution of the sparse MFCC (sMFCC) feature.

e Chapter 8 describes MultiNets’s policy oriented dynamic network interface switching algorithm and its evalution.

e Chapter 9 describes the details of the Musical-Heart system — including its hardware, heart rate measurement
algorithm, activity level detection algorithm, biofeedback-based music recommendation algorithm, and an

in-depth evaluation of the system.

e Chapter 10 concludes the thesis by summarizing the contributions and describing the future work.



Chapter 2

Related Work

This chapter presents the state-of-the-art in technologies related to Auditeur, sMFCC, MultiNets, and Musical-Heart
systems that are developed in this thesis. The chapter covers existing systems that detect special types of acoustic
events (Section 2.1), examples of web services that are commonly used by mobile application developers (Section 2.2),
resource aware sensor data classification systems which are related to Auditeur’s energy-aware classification algorithm
(Section 2.3), approaches in switching network interfaces that are related to MultiNets (Section 2.4), works that
exploit sparseness in data (Section 2.5), various techniques for heart rate detection on a mobile device (Section 2.6),
techniques that detect activity context of a mobile device user (Section 2.7), and existing approaches to automatic music

recommendation (Section 2.7) which are related to Musical-Heart’s biofeedback-based music recommendation system.

2.1 Special-Purpose Acoustic Event Detection

Acoustic sensing on mobile devices has been used in many works. Examples of voice and music sensing applications are,
speaker identification [4], speech recognition [5], emotion and stress detection [6, 7], conversation and human behavior
inference [8, 9], music recognition, search and discovery [2, 10]. There are some limited number of applications that
consider other types of sounds. MusicalHeart [12] uses a special-purpose microphone to count heart beats, [11] counts
coughs, Nericel [19] detects horns, Ear-phone [20] monitors noise pollution, SurroundSense [13] and CSP [14] infer
logical location. All these systems detect only one specific type of sound. SoundSense [15] distinguishes voice from
music and noise, and clusters other sounds. But unlike Auditeur, none of these systems aim at solving the general
purpose acoustic event detection problem. Some works are technically similar to Auditeur, but solve different problems.
TagSense [21] senses people, activity and context in a picture, and creates tags on-the-fly, whereas Auditeur involves
people in the sound tagging process, but provides automated tag suggestions. Sphinx [5] uses generic processing units

which are similar to the APUs in Auditeur, but they have a simpler pipeline, highly tuned to solve the speech recognition

11



Chapter 2 | Related Work 12

problem. Pickle [22] creates privacy preserving classifiers on the cloud whereas we preserve privacy by providing the

user with private spaces, and classifiers in Auditeur are trained for energy efficiency.

2.2  Web Services for Mobile Devices

There are several web services available for mobile application developers. Hawaii [3] provides a social mobile sharing
(SMASH) a service for rapid prototyping of social computing applications, a service to predict a user’s destination
using the current route, a key-value storage for application-wide state information, a text translation service, providing
relay points in the cloud for applications’ communication, an optical character recognition service (OCR), and an
English speech-to-text service. But Hawaii does not have an acoustic event detection service. Google provides services
such as: web search, Google maps, application store (Google play), video streaming (YouTube), Google cloud drive,
and an email service (Gmail). Other providers give access to data sources such as weather, financial data, airline
information, and parcel location tracking. Unlike Auditeur, none of these provide a sound recognition service and API

to the developers.

2.3 Resource Aware Classification

There are several works that deal with resource aware sensor data classification on mobile devices. Kobe [23] is
a tool to generate energy and latency aware classifiers, but unlike Auditeur, it requires uninterrupted mobile-cloud
communication for adaptive code-offloading (as it is required in systems like MAUI [24] and Odessa [25]), it is not
sensitive to user context, and their set of features is predetermined and fixed by the developer. Orchestrator [26] enables
multiple applications to effectively share resources (e.g. sensors) whose availability changes dynamically. The optimum
plan selection problem in Orchestrator is similar to the acoustic feature selection problem in Auditeur. However, unlike
Auditeur, their selection algorithm is not scalable as they enumerate an exponential number of plans while Auditeur
uses a polynomial time algorithm to eliminate the need for enumeration of exponential number of subsets of features
and thus limits the total number of plans to consider. [27] proposes a heuristic algorithm to select a subset of sensors
and their tolerance levels so that they can infer multiple contexts in an energy efficient manner. Feature selection is a
problem studied by many; [28] provides a survey. WEKA [29] implements several of these attribute selection methods.
But, our problem is different as our selection criterion is to minimize energy consumption, not to minimize the number

of features. Like Auditeur, symmetrical uncertainty has been used in [30] as a goodness measure.
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2.4 Network Interface Switching

Switching among multiple network interfaces of a mobile device has been considered in the literature. New protocols
in various layers have been designed to support switching among access networks. Wang et al. [31] propose a rate
control algorithm for multiple access networks, which needs to be integrated into application-layer protocols. Kim and
Copeland [32], and Wu et al. [33] propose TCP variants that result in better performance by switching among access
networks. Mobile IP [34] uses foreign/home agents to forward network traffic from/to a smartphone that move among
access networks, but incurs additional network latency. Mobile IP v6 [35] uses optimized routes for lower network
latency, but it still relies on deploying foreign/home agents for mobility management. In contrast to MultiNets, widely
deploying TCP variants and mobile IP agents in the Internet incur tremendous costs and burden, and may take years to
be done.

Gateways between mobile devices and the Internet can be used for accessing multiple network interfaces. Balasub-
ramanian et al. [36] design a system to reduce the network traffic over cellular networks by transmitting delay tolerant
data over WiFi and real-time data over cellular networks. Sharma et al. [37] propose a system that uses gateways to
aggregate network resources from multiple access networks among several collaborative smartphones. Armstrong et
al. [38] use a proxy to notify the phone via SMS about content updates and suggests interface to use. Unlike MultiNets,
gateway solutions require deploying expensive gateways, incurs additional network latency, and may need users to
configure the proxy settings in applications.

A master/slave solution [39] chooses an always-connected access network as the master network, and uses other
access networks as slave networks for opportunistic routing. Different from MultiNets, deploying master/slave solutions
requires complete control over multiple access networks, which is difficult due to business reasons. Higgins et al. [40]
propose intentional networking where applications provide hints to the system and system chooses the best interface
opportunistically. In contrast, MultiNets is completely transparent to the existing aplications. Rahmati et al. [18]
demonstrate the feasibility of TCP flow migration on iPhones, but they do not address or rigorously quantify the policies

and different benefits of switching interfaces.

2.5 Exploiting Sparseness in Speech

Sparseness in data is exploited in many application domains such as learning decision trees [41], compressed sens-
ing [42], analysis of Boolean functions [43], large scale time series data analysis [44], similarity search [45], and
homogeneous multi-scale problems [46]. In our work, we perform an empirical study on the sparseness in speech
data collected on smartphones with the goal of exploiting the sparseness to expedite the MFCC feature computation.

MEFCC is a widely used feature for analyzing acoustic signals [47, 48, 49, 50, 51]. MFCC is used for spoken word
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recognition [47], voice recognition [48], speaker identification [49], music modeling [50], and music similarity mea-
sure [51]. [52] presents a nice comparison of different MFCC implementations. However, in our work, we introduce a
sparse MFCC (sMFCC) which is a sparse approximation of MFCC and is efficient to extract.

Comparison of several speech recognition techniques on mobile devices is described in [53]. [4] performs speaker
identification, [15] classifies sound into voice, music or ambient sound, and [9] classifies conversion. But all of these
applications limit their sampling rate to its minimum. [12] uses a high sampling rate to extract heart beats from acoustic
signals, but the system is not fully real-time. In this dissertation, we analyze the feasibility of using sSMFCC features

that is expected to run in real-time and at higher data rates.

2.6 Heart Rate Detection on Mobile Devices

The smartphones applications that measure heart rate use three basic principles: camera, microphone, and accelerometer
based. Camera based applications (Instant Heart Rate, PulsePhone) detect pulses by measuring the changes in the
intensity of light passing through the finger. Microphone based applications (Heart Monitor, iRunXtream) require
the user to hold the microphone directly over heart, or neck, or wrist to detect beats. Accelerometer bases techniques
(iHeart) are indirect, in which, the user measure his pulse with one hand (e.g. from neck) and taps or shakes the
phone with other hand in the rhythm of the heart beats. Our approach in Musical-Heart is microphone based, but
the difference is, in all of the existing applications, the heart rate monitoring requires active engagement of the user,
whereas Musical-Heart obtain heart beats from the ear without interrupting the user’s music listening activity. Other

approaches that detect heart beats from the ear [54, 55] use a combination of infrared LED and accelerometers.

2.7 Inferring Activity Context on Mobile Devices

Several works are related to our activity detection algorithm. [56] concludes that it is practical to attribute various
activities into different categories which is similar to the activity levels in Musical-Heart. [57] describes an accelerometer
based activity classification algorithm for determining whether or not the user is riding in a vehicle, or in a bus, or
another vehicle for cooperative transit tracking. In our work, we only require to detect whether someone is indoors
vs. outdoors, and his current speed. [58] presents a mobile sensing platform to recognize various activities including
walking, running and cycling. [59] presents a wearable platform for motion analysis of patients being treated for
neuromotor disorders. [60] detects user’s caloric expenditure via sensor data from a mobile phone worn on the hip. But
these works require the user to wear sensors at specific positions of the body. In our case, the user naturally wears the

earphone in the ear. [61] performs activity recognition from user-annotated acceleration data, which is different than
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our unsupervised learning. [62] presents a high performance wireless platform to capture human body motion. In our

system, we do not require a high speed communication to the server.

2.8 Music Recommendation Systems

Music has been shown to improve sleep quality [63, 64], cope with stress [65], improve performance [66, 67], influence
brain activity [68], and increase motor coordination [69]. However, we only consider the response of the heart to
music. Studies have shown that exercise intensity and tempo are correlated linearly [70], and relaxing music (e.g., Bach,
Vivaldi, Mozart) result in reduction of heart rate and its variability [71]. We perform a similar study, but the difference
is ours involves smartphone users who are mobile and whose activity levels change.

Existing approaches for automatic music recommendation are: using one or more seed songs [72, 73], retrieve
similar music by matching the tempo [74], and learning the habit (e.g., music genre, preferences, or time of day) of the
user [75, 76]. None of these consider any physiological effects of music on the user. Physiological information, such as
gait and heart rate, have been considered in [77, 78, 79, 80]. But the downside of these approaches are, first, the user has
to use a separate device (e.g. ECG or pulse oximeter) which is an inconvenience, second, the music recommendation is
based on an overly simplistic and general rule of thumbs, i.e., to suggest music with a matching tempo, which is not

personalized, and third, the recommendation is not situation aware and mostly targeted to a single scenario of jogging.

2.9 Summary

This chapter presents the state-of-the-art in technologies related to Auditeur, sMFCC, MultiNets, and Musical-Heart
systems that are developed in this thesis. We have covered some systems and algorithms that are related to Auditeur’s
acoustic event detection and energy aware classification, MultiNets’s network interface switching technique, and

Musical-Heart’s heart rate detection and biofeedback-based music recommendation techniques.
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Background and Terminologies

This chapter describes some basic terminologies that are used in the later chapters. The first four sections (Sections 3.1-
3.4) of this chapter define acoustic events, tagged soundlets and their types, and the mobility contexts that are used in
the Auditeur platform. The next two sections (Sections 3.5- 3.6) describe the MFCC acoustic feature and the sparse
FFT which are required to understand the SMFCC algorithm in Chapter 7. The last three sections (Sections 3.7- 3.9)
explain basic concepts, such as the ECG, heart beats, pulse, tempo, pitch, energy, and heart rate training zones, which

are used in Chapter 9 where we describe the MultiNets system.

3.1 Acoustic Events

We define an acoustic event as a short-duration (1 — 3s) sound that we can name. Examples of acoustic events include —
speech; music; sound of a machine such as a printer, a telephone, or an air conditioner; sound of a vehicle such as a car,

a bus, or an airplane; sound of human emotions such as laughter, yelling, or crying; etc.

Suppose, in an audio clip of 60 seconds, a person is talking for 15 seconds, laughing for 3 seconds, and the rest of
the clip contains silence. Considering each acoustic event having a duration of a second, the clip contains a total of 15

talking events, 3 laughter events, and 42 silence events.

The duration of an acoustic event is called the window size in Auditeur. It denotes the amount of audio data that
are taken for classification as a single event. The developer of an application decides the window size based on the
requirement of an application. The example in the previous paragraph has a window size of 1 second which is the

default window size in Auditeur.
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3.2 Tagged Soundlets

A tagged soundlet is a short-duration (3 — 30s) audio clip, recorded on a mobile device along with two types of
contextual information: user given tags and the mobile device generated context. The logical tags associated with a
soundlet are the user given identifiers that describe its content and the surrounding environmental context. Examples of
tags are in Table 6.2. Other than these two types of tags, we also keep a record of some meta information about the
sound clip. The list of Meta information contains — the audio file information (e.g., audio format, sampling rate, and
PCM data), and recording information (e.g., user ID, device model, date-time, GPS location, and environmental noise

level).

3.2.1 Content and Container Tags

While the user chooses the tags that he wants to use to describe a soundlet, we require him to enlist two kinds of tags:
content, and container tags. These two types of tags are used during the upload of a soundlet to the cloud. The content
tags describe what the sound is, and the container tags describe the background which contains the sound. For example,
a 15s recording of Alice’s voice at her office should have {voice, female, Alice} in the list of content tags, and

{office} in the list of container tags.

3.2.2 Lookfor and Within Tags

Two types of tags are used to make a request for a classifier to the cloud from the mobile device. The lookfor tags
describe a class of soundlets that the user wants to recognize, and the within tags describe the class of soundlets that
represents the universe of sounds, i.e. the set of sounds that might be present in the environment along with the sound
that he wants to recognize. For example, when creating a training set for a classifier that detects Alice’s voice at her
office: the lookfor tags should have {voice, Alice} on the list, the within tags should include{voice, printer,

phone}, and the container should be {office} as before.

3.3 Public and Private Soundlets

The space of soundlets is logically partitioned into two subspaces from a user’s point of view — public and private. A
user of Auditeur is anyone who has an account in Auditeur. Typically, the user is an application developer, who uses

the public space by default, but may use a private space with proper permissions from an end-user.
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3.3.1 Public Soundlets

The public space contains shared soundlets, contributed by all users of Auditeur. This is visible to everyone, and does
not require any authentication to access. However, there are two constraints that must be met by each soundlet.

There is a predefined fixed set of tags that can be attached to public soundlets. The user cannot create, modify or
delete any tag. The set of tags is maintained by the system admin of Auditeur. Although, at present, there are over
1000 different tags, we admit that no fixed set is ever sufficient to cover the enormous possibilities of tags. However,
limiting the tags in the public space keeps the space manageable and provides a way to ensure the confidence in sound
recognition.

Every public soundlet goes through a sanity check to ensure that it is not an outlier with respect to other soundlets
with the same tags. Thus, a public soundlet is not immediately made visible to everyone until it passes an outlier
detection test. This is to ensure that no attacker can mess up the public space by filling it with soundlets with non-
representative tags. A service running on the cloud automatically detects non-conforming soundlets using a distance

based outlier detection technique [81] which is described in Section 5.2.4.

3.3.2 Private Soundlets

Private soundlets are user specific and are not shared. The user has to access his private space using proper authentica-
tions. Unlike public soundlets, the private ones are not limited by the tag and sanity constraints, i.e. a user can upload
any sound he likes into his private space and attach whatever tag he wants to describe it. However, the list of content
and container tags has to be the same (in number of tags and the spelling of tags) in order for two soundlets to be treated
as belonging to the same class.

‘We keep provision for private space in our design in order to complement the public space which is limited by the
choices of tags and has a high degree of sanity requirement. The private space is more flexible, tailored to the specific
needs of a user, and if properly used, an infinite number of possible sounds can be stored and recognized by our system

making it highly extensible.

3.4 Mobility Contexts

The mobility context refers to additional information about the soundlets which may or may not be conveyed by the
tags. These are similar to the tags in the manner they are used by the recognition algorithm, but they are different in the
manner they are generated. The mobility context is either automatically generated by an algorithm using information
from the on-board sensors, or they are assumed. The developer of the application specifies whether an automatically

generated context or an assumed context — whichever is more suitable to the application — should be used.
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Aside from basic audio information such as the sampling rate, encoding, duration, and timestamp, Auditeur generates
three types of contexts, which are: (1) the location of the user, (2) the position of the device with respect to body, and
(3) the environmental noise level. Section 5.1.2 provides an elaboration of mobility contexts. Note that, the developer
of an application can always override the context generation process. We keep this provision in Auditeur as context
generation has its overhead and in many cases an application is used only in a few specific presumed contexts. For
example, an application that detects vehicle sounds can assume that the location is outdoors instead of periodically

getting it computed.

3.5 Mel-Frequency Cepstral Coefficients

The Mel-Frequency Cestrum Coefficients (MFCC) is one of the most popular short-term, frequency domain acoustic
features of speech signals [82]. The MFCC have been widely used in speech analysis because of their compact
representation (typically, each speech frame is represented by a 39-element vector), close resemblance to how human
ear responds to different sound frequencies, and their less susceptibility to environmental noise.

The MFCC feature extraction starts with the estimation of the power spectrum which is obtained by taking the
square of the absolute values of the FFT coefficients. However, prior to computing the power spectrum, typically
each speech frame passes through a pre-emphasis filter which is followed by a windowing process. The log-power
spectrum is used instead of the power-spectrum as human hearing works in decibel scales. The log-power spectrum
then goes through a filtering process. A filter-bank with around 20 triangular band-pass filters is applied to reduce the
dimensionality. These filters follow a Mel-scale which is linear up to 1 KHz and logarithmic for the larger frequencies —
resembling human hearing. Finally, a discrete cosine transform (DCT) is performed to compress the information and to
make the vectors uncorrelated. Only the lower-order coefficients (typically 13) are used and the rest are discarded. The

13-MFCC:s plus the deltas and double deltas constitute a 39-element feature vector for each speech frame.

3.6 Sparse Fast Fourier Transform

The discrete Fourier transform (DFT) is one of the most significant algorithms in the digital signal processing
domain. The fastest algorithm that computes DFT of an n-dimensional signal is O(n log n)-time. However, a recent
algorithm [83, 84] coined sparse FFT (sFFT) has broken this bound for a special case of DFT where the signals are
sparse. A signal is considered sparse if most of its Fourier coefficients are small or very close to zero. For a small
number k of non-zero Fourier coefficients, SFFT computes the Fourier transformation in O(k log n)-time.

The basic idea of sFFT is to hash the Fourier coefficients into a small number of bins. The signal being sparse in

the frequency domain, it is less likely that each bin will have more than one large coefficient. The binning process is



Chapter 3 | Background and Terminologies 20

done in O(B logn) where B is the number of bins — by at first permuting the time-domain signals and then filtering
them. Each bin at this point ideally has only one large Fourier coefficient, and only such ‘lonely’ coefficients are taken
into the solution. The process is repeated O (log k) times, each time varying the bin size B = k/2" where the integer
r € [0,log k], so that all k coefficients are obtained. The overall running time of the algorithm is dominated by the first
iteration, and hence the time complexity is O(k log n). The algorithm is probabilistic, but for exact k-sparse signals (i.e.

at most k of the coefficients are significant), the algorithm is optimal, as long as k = n®(1),

3.7 ECG, Heart Beat and Pulse

The electrocardiogram (ECG) is the most reliable tool for assessing the condition of the heart and measuring the heart
rate. Getting an ECG reading is a non-invasive procedure in which a set of electrodes is attached to specific regions of a

body to record the electrical activity of the heart.

Figure 3.1: The interval between consecutive R waves determines the heart rate.

Figure 3.1 shows a portion of an ECG record comprising of four consecutive heartbeats. The various waves (or,
peaks) that are seen on a heartbeat are historically denoted by the letters: P, Q, R, S, and T. R waves are more visible
than others in an ECG record. Hence, the instantaneous heart rate is usually obtained by taking the inverse of the time
interval between two consecutive R waves. Since the instantaneous heart rate varies with respiration, the average of
30 — 60 instantaneous readings is taken to obtain the average heart rate, expressed in beats per minute (BPM). While
the heart rate directly refers to the frequency of the heart’s beating, the pulse, on the other hand, is the contraction and
expansion of an artery due to the beating of the heart. The heart rate and the pulse rate are usually the same — unless for
some reason, blood finds it difficult to pass through the arteries. Pulses can be felt on different parts of the body, e.g.,

neck, wrist, and ears.

3.8 Tempo, Pitch and Energy

As with human heartbeats, the rhythmic, repetitive and recognizable pulsating sound in music, often produced by
percussion instruments (e.g., drums), is called the beat. The tempo of a song is the indicator of the number of beats

played per unit time. The tempo of a music is similar to heart rate in human and has the same unit, i.e. beats per minute
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39 Heart Rate Training Zones

(BPM). The pitch is related to the frequency of the sound wave, and is determined by how quickly the sound wave

is making the air vibrate. The energy of a signal is computed simply by taking the root average of the square of the

amplitude, called root-mean-square (RMS) energy.
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Figure 3.2: Illustration of tempo and pitch of music.

Figures 3.2(a) and 3.2(c) show the time domain and frequency domain characteristics of a 40-second slice of music.
Figure 3.2(b) shows the effect of increasing the tempo and Figure 3.2(d) shows the effect of increasing the pitch of the

music. Increasing the tempo squeezes the samples into a shorter duration, and increasing the pitch shifts the power

spectrum towards a higher frequency.

3.9 Heart Rate Training Zones

Depending on the amount of effort (intensity) a person spends during exercise, he or she can be at different heart rate
training zones. Heart rate training zones are expressed in terms of the percentage of the maximum heart rate of a
person. The maximum heart rate of a person can either be directly measured or be computed using Miller’s formula:
HRp 0 = 217—age x0.85. Table 3.1 shows 5 heart rate zones, the intensity ranges and their corresponding effects. The

target heart rate of a person given the intensity value, I, is calculated by: H Ryqrget = H Ryest+(H Rimaz —HRyest) X 1.
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Zone Effect
Healthy Strengthens heart, improves muscle mass.
50% — 60% | Reduces fat, cholesterol, and blood pressure.
Temperate | Basic endurance.
60% — 70% | Fat burning.
Aerobic Strengthen cardiovascular system.

70% — 80% | Step up lung capacity.

Anaerobic | Getting faster.
80% — 90% | Getting fitter.
Red Line | Working out here hurts.

90%-100% | Increased potential for injury.

Table 3.1: Heart rate training zones.

3.10 Summary

The material in this chapter provides the basic terminologies that are used in the later chapters of this dissertation. We
define acoustic events, soundlets and their types, and mobility contexts that we use in Auditeur. We provide the basic
background on MFCC acoustic feature and sparse FFT. We also present some basic concepts of heart rates, music

related acoustic features, and heart rate training zones which are used in Musical-Heart.



Chapter 4

Mobile-Cloud Platform Overview

This chapter provides an overview of Auditeur, which is a general-purpose, energy-efficient, and context-aware acoustic
event detection platform for mobile devices. Auditeur enables application developers to have their application register
for and get notified on a wide variety of acoustic events. Auditeur is backed by a cloud service to store user contributed
sound clips and to generate an energy-efficient and context-aware classification plan for the mobile device. When an
acoustic event type has been registered, the mobile device instantiates the necessary acoustic processing modules and
wires them together to execute the plan. The mobile device then captures, processes, and classifies acoustic events
locally and efficiently. In this chapter, we at first introduce the Auditeur platform and describe the motivation behind
the system (Section 4.1). We also compare and contrast various aspects of Auditeur with other related systems in more
detail than we have done earlier in Chapter 2. The next section provides an overview of the workflow of Auditeur by
describing its three steps along with an example API usage (Section 4.2). The third section provides an overview of the

key properties of Auditeur (Section 4.3).

4.1 The Auditeur Platform

Being able to deliver mobile applications quickly to customers is crucial in today’s highly competitive application
market. Developers depend heavily on APIs provided to them by the mobile OS platform for common tasks, but
when it lacks necessary functions for their application, it costs developers weeks of time for implementation. Beyond
just time, many developers do not have the necessary technical background to implement these functions correctly or
efficiently. Because of this, there is a growing trend where mobile applications are paired with numerous web services
by other providers to get access to specialized or computationally demanding tasks. Microsoft’s Hawaii [3], for example,

supports path prediction, key-value storage, translator, relay, rendezvous, OCR, and speech-to-text services. Google
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provides services such as web search, maps, play, YouTube, cloud drive, and Gmail. Other providers give access to data
sources such as weather, financial data, airline information, and parcel tracking.

Mobile devices, such as smartphones and tablets, have begun to use their microphones for various acoustic processing
tasks, but most of the applications are special purpose acoustic event detectors. Examples of voice and music based
systems include: speaker identification [4], speech recognition [5], emotion and stress detection [6, 7], conversation and
human behavior inference [8, 9], music recognition [2], music search and discovery [10], and music genre classification.
There are other types of applications that fall into the non-voice, non-music category, such as a cough detector [11], a
heart beat counter [12], and logical location inference [13, 14]. These examples are limited in number and acoustic
sensing is often one of multiple sensing modalities in these works. There are existing works [15, 16] that consider
multiple types of acoustic events. SoundSense [15] considers speech, music and ambient sound, and provides a
mechanism to label clusters of ambient sounds to extend the set of classes. Jigsaw [16] considers speech and sounds
related to activities of daily living. These systems still lack in providing tools and mechanisms to easily extend detection
capabilities and effectively support development process. They are limited for general purpose acoustic event detection
service for mobile devices and in exploiting the promising opportunities given by already prevailing mobile devices and
tablets equipped with microphones.

To address this need, we have built a general-purpose acoustic event detection platform called Auditeur. Compared
to the previous works in the literature, we position Auditeur as a developer platform rather than just a system detecting a
set of sounds. Auditeur provides APIs to developers to enable their application to register for and get notified on a wide
variety of acoustic events such as speech, other types of man-made sounds, such as emotional or physiological sounds,
music, environmental sounds, sounds observed in households, offices, or public places, sounds of vehicles, tools and so
forth. Auditeur achieves this capability of classifying general-purpose sounds by utilizing its tagged soundlets concept
which are crowd-contributed, short-duration audio clips recorded on a mobile device along with a list of user given tags
and automatically generated contexts. The cloud hosts the collection of tagged soundlets and provides a set of services,
to upload new soundlets and to obtain a detailed classification plan to recognize sounds specified by the list of tags
as parameters. Typically a plan contains one or more acoustic processing pipeline configurations, corresponding to
different energy-requirements and user-contexts, specifying the required acoustic processing units, their parameters,
and how they are connected.

Several salient features when taken in combination make Auditeur unique. First, Auditeur provides a simple yet
powerful API which novice developers with basic object-oriented programming skills can learn easily. Second, Auditeur
supports both personalization and generalization. It is possible to manage personal sounds and classifiers as well as
obtain sounds and classifiers that were created by other users of the system. Third, the acoustic processing pipeline
inside the mobile device is flexible and extensible. The device contains a wide range of acoustic processing primitives.

However, only the ones that are required to recognize the desired sounds (as mentioned in the classification plan from
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the cloud) are dynamically instantiated and wired to form the pipeline. Addition of a new primitive is easy since the
processing units have a generic structure and are dynamically wired. Fourth, the sound recognition service running on
the device is adaptive. Applications are notified on a change of context or at a specific battery level, and a new pipeline
configuration is loaded to adapt to the change. Fifth, Auditeur is designed for efficiency in communication, computation,
and energy consumption. The mobile device needs to connect to the cloud only once to obtain the classification plan.
Hence an uninterrupted Internet connectivity is not a requirement. Acoustic processing in Auditeur is efficient as only
the necessary components run within the mobile device. An energy-aware acoustic processing plan to be executed by
the mobile device is generated at the cloud to increase the lifetime of the device while maintaining high accuracy.

Partitioning the planing and execution between the cloud and the mobile device let Auditeur have the best of both
an on-device [15, 4, 6] sound recognizer and a cloud-assisted [7, 2, 11] one. On-device recognizers perform all of the
processing inside the device. Typically, they are highly tuned to the application scenario, and use a fixed set of features
and an offline-trained, fixed classifier. Thus, they are rigid and are not usable if either the application or its context
changes. Cloud-assisted recognizers, on the other hand, send unprocessed or partially processed data to a server, and
rely on web services to perform further processing and classification. This approach is more flexible, but has several
limitations such as the requirement for an uninterrupted Internet connectivity, high bandwidth, and the expense of
sending a large chunk of data over the cellular network. Our approach for Auditeur takes the best of these two strategies.
Auditeur performs the signal processing and feature classification completely inside the mobile device, but uses the
cloud to store user contributed sound clips, build new classifiers, and obtain an energy-aware classification plan. Once
the mobile device receives the classification plan from the cloud, it dynamically instantiates the components required to
execute the plan, and keeps detecting acoustic events efficiently and locally.

Auditeur and its energy and context-aware classification planning architecture are different from existing context
monitoring and mobile sensing platforms [85, 86, 26, 23, 8]. Symphony [85] requires developers specify their
hand-tuned processing pipelines, whereas the acoustic processing pipeline in Auditeur is generated automatically.
SeeMon [86] maintains an essential set of sensors to optimize the sensing and transmission cost associated with the
sensors. Orchestrator [26] provides a plan-based execution framework with policy-based system optimization which
dynamically adapts to the changing system and application situations. It opportunistically changes its execution plan
based on the current status of resources under a specified policy such as minimum accuracy or minimum overall energy
cost. Unlike [86, 26], Auditeur maintains an informative set of acoustic features and takes a deterministic approach in
maximizing its classification accuracy while satisfying the developer specified minimum lifetime goal. Certain aspects
of Kobe [23] such as the API to create a classifier, the search for an optimum configuration, and runtime adaptation
are conceptually similar to Auditeur’s, however, they are quite different in design and technical details. For example,
Kobe requires explicit declaration of the processing pipeline, performs an exhaustive search, and offloads code to

server, whereas Auditeur generates pipelines automatically, and does not offload code to satisfy its energy constraint.
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DarwinPhones [8] proposes a collaborative approach of exchanging classifiers and classification results among mobile
devices. Auditeur’s shows it collaborative nature at the data level via its crowd-contributed tagged soundlets.

The contributions of Auditeur are the following:

e A versatile, general-purpose, flexible, extensible, context-aware, and efficient end-to-end acoustic event detection

platform for smartphones, backed by the cloud.

e A sound recognition service on the smartphone, capable of dynamically wiring acoustic processing units, and
running an app-tailored and context-aware classification plan on the phone, and an API to register and get notified

on specific sound events.

e A collection of crowd-contributed, admission controlled, and contextually-tagged short sound clips in the cloud

available to the developers, and an API to upload and manage them.

e An acoustic feature selection algorithm that generates energy-aware acoustic event detection plans for smart-
phones. Our empirical evaluation shows that the algorithm is capable of increasing the device-lifetime by 33.4%,

sacrificing less than 2% of its maximum achievable accuracy.

e We implement 7 applications with Auditeur, and deploy them in real-world scenarios to demonstrate that
Auditeur is versatile, 11.04% — 441.42% less power hungry, and 10.71% — 13.86% more accurate in detecting
acoustic events, compared to state-of-the-art techniques. A user study demonstrates that novice programmers can
implement the core logic of interesting apps with Auditeur in less than 30 mins, using only 15 — 20 lines of Java

code.

4.2 Workflow of Auditeur

Auditeur comes with a complete suite of APIs to enable developers create an application with minimal effort. The
process of creating an application involves three main steps: tagging and uploading soundlets, obtaining a classification

plan, and executing the plan to detect acoustic events. These steps are described as follows.

4.2.1 Tagging and Uploading Soundlets

Auditeur provides an API to record, add tags, and upload soundlets to the cloud. The API provides an interface for the
default sound capture device, however the developer may choose a different one (such as a Bluetooth microphone) or an
already recorded sound clip. After the sound is captured, the tagging process automatically generates the mobile device
contexts, and the user can review and change it prior to uploading. The sound clip is then uploaded to the cloud. At this

stage, the upload of the public soundlet could fail if it violates the tag or sanity constraints.
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Uploading soundlets to the cloud is energy consuming. However, this is done only once and is used to create
classification plans for several applications. An alternative to uploading the sound clips is to extract the features locally
and then upload the acoustic features only. But we do not follow this approach to keep our design simple and extensible.
By uploading only the features we lose the opportunity to explore the possibility of considering new acoustic features

and creating more sophisticated classification plans.

Content:
voice, Alice
ik Container:

» office
Context:

indoor, @hand

‘ TAG

Public

pace

Private
Space

@ REC @® upLoAD

Figure 4.1: Recording, tagging, and uploading soundlets to the cloud.

4.2.2 Obtaining a Classification Plan

An energy-aware acoustic event detection plan is generated in the cloud upon receiving a request from the mobile device.
A request contains: sounds the application is looking for, other unwanted sounds that might occur in the environment,
contextual information, and energy constraints. The tags and contexts are then used to create a comprehensive
training set using a subset of the currently available soundlets in the desired space. To meet the energy constraint, the
dimensionality of the training set is reduced by selecting a subset of features, considering the energy consumptions of
different acoustic processing units. Finally, a number of classifiers are trained, and the one showing the highest accuracy
during cross-validation tests while meeting the energy criteria is chosen. The sound processing pipeline, feature set, the
classifiers, and their parameters altogether form the contents of a downloadable configuration file. Since communication
to the cloud and training classifiers on-the-fly is costly, it is recommended to obtain classification plans corresponding

to different contexts and energy requirements all at once prior to the start of detecting sounds on the device.
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Figure 4.2: Request for a classifier, training the classifier, and generating configuration file for download.
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4.2.3 Acoustic Event Detection

The cloud generates an application tailored acoustic event detection plan that directs the mobile device on which
components should be instantiated on the mobile device and how they should be wired together to form an acoustic
processing pipeline. The plan could contain more than one pipeline configuration, corresponding to different contexts
or energy-requirements. The mobile device reads the plan from an XML file, instantiates and initializes the processing
units with the specified parameters, and wires them together to form a pipeline. Once the pipeline is ready, an API call
starts reading audio samples from the micromobile device, and pushes data down the pipeline. The application is issued
a callback once the desired sound event is detected. A change in context, such as moving from indoors to outdoors, or
putting the mobile device inside the pocket, automatically loads a different pipeline configuration by default, however,

the developer can override this behavior.
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Figure 4.3: Downloading configuration, wiring components, and sound event detection.

4.2.4 API Example

Figure 4.4 shows a code snippet which demonstrates the usage of Auditeur API for recording, tagging, and up-
loading soundlets to the cloud, and obtaining and using a classification plan from the cloud. Lines 2 — 3 create a
SoundletRecorder to record a 15 seconds audio clip and obtain a Soundlet object. Lines 4 — 5 create the content
and container tags, and lines 6 — 7 set the tags and make the soundlet private. Lines 8 — 10 grab the SoundletManager,
and upload the soundlet to the cloud. The second parameter of 3000 in Line 10 is the window size in ms. Lines
12 — 13 create the lookfor and within tags. Line 14 creates a SoundletDetector and registers the application as a
listener. Line 15 obtains a classification plan and initializes the detector. This is done by supplying three sets of tags (i.e.
loookfor, within, and container) and an energy constraint indicating that it is a long running (8 hours or more)

application. Line 17 starts the continuous sound event detection process with a window size of 3000 ms.
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1 //Record and upload a soundlet.

2 SoundletRecorder recorder = new SoundletRecorder();

3 Soundlet soundlet = recorder.recordSoundlet (15000);

4 String[] content = {"voice", "female", "Alice"};

5 String[] container = {"office"};

6 soundlet.setTags (content, container);

7 soundlet.setSharing (false);

8 SoundletManager manager = new SoundletManager (

9 getSystemService ("SoundletService"));
10 manager.uploadSoundlet (soundlet, 3000);
11 //Get a classifier and register for a match event.
12 string[] lookfor = {"voice", "Alice"};
13 String[] within = {"voice", "printer", "mobile device"};
14 SoundletDetector detector = new SoundletDetector (this);
15 detector.setPipeline (manager.getConfig(
16 lookfor, within, container, SoundletDetector.LONG_RUNNING APP));
17 detector.start (SoundletDetector.CONTINUOUS, 3000);

Figure 4.4: An example code snippet to create, tag, upload, get classification plan, and detect soundlets.

4.3 Key System Features

4.3.1 People in the Loop

The person who contributes a soundlet knows it the best. Auditeur provides an API to let people record their own
sounds, and tag them appropriately. An alternate approach, such as automated tagging, might help the user with some
suggestions, but is not sufficient since a whole bunch of different sounds is often indistinguishable. For example,
aerosol spray, steam, waterfall, and white noise sound almost the same. The tagging process in Auditeur is guided by
the concept of the content and container tags, which keeps the background explicit from the sound of interest. The
sound recognition process is guided by the lookfor and within tags, which specify the sound of interest as well as other

possible sounds in the environment — the best way to identify these is to engage the end-user.

4.3.2 Personalization as well as Generalization

Auditeur has provision for both personalization and generalization in sound recognition. This is achieved by the two
logical spaces: public and private spaces, which are used to store soundlets and create classifiers. The public space
contains soundlets that are shared by everyone, and hence this collection is enormous, and the classifiers created using
these soundlets have more generalization ability in sound recognition tasks. The public space is for developers who
want to build and test an application quickly, and for applications that do not require personalization. The private
space, on the other hand, ensures privacy, and the classifiers created using the private soundlets are tailored to meet the

end-user’s need.
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4.3.3 Cloud-Directed On-Device Processing

Sound recognition on the mobile device is not a one-size-fits-all problem. Every problem is unique and involves
different sets of tasks along the pipeline. This is why, in Auditeur, we keep provision for dynamically creating a chain of
tasks for a specific problem. An algorithm running on the cloud (Chapter 5.2) decides which set of tasks are appropriate
for a given problem, and creates a configuration file describing the tasks and parameters required to solve it. The mobile
device downloads the configuration file, constructs the chain of tasks, and executes them locally. Communication with
the cloud is not continuous, rather the mobile device is required to connect to the cloud only once to get the execution

plan.

4.3.4 Designed for Efficiency

Mobile mobile devices are limited by their processing capability and battery life. A novel feature of Auditeur is that, it
provides the mobile device with an API to obtain energy-aware classification plans from the cloud. For this to work, we
profile the energy consumption of all the tasks that are involved in the sound recognition process on the mobile device.
The cloud uses this profile to formulate an optimization problem (Chapter 5.2) that selects the set of acoustic features
required to recognize desired soundlets, under a given energy constraint. That means, a mobile device having 30%
remaining battery life can use a classifier which is aware of its current condition and is different from the one being

used since the battery was full.

4.3.5 Context Awareness

Auditeur considers the contexts in which the sound is recorded and is matched. Keeping contextual information such
as the location, body position, and environmental noise level makes the sound matching adaptive to change. This is
where we exploit the mobility of the device to make our solution elegant when compared to standard sound matching
algorithms. Contexts increase the adaptability of our system in different ways. For example, the physical location of the
device greatly eliminates a large number of unlikely sounds from consideration during the sound matching process.
Body position of the mobile device is used to normalize the received signal strength, and the environmental noise level
guides the noise reduction process. We describe a set of experiments in Chapter 6.4.3 to demonstrate the benefits of

using contextual information.

4.4 Summary

This chapter provides a high level overview of the Auditeur platform, deferring the implementation details and its

evaluation to the next two chapters. We position Auditeur as a developer platform for creating energy-efficient and
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context-aware acoustic event detection mobile applications. Using Auditeur involves three simple steps, which are —
tagging and uploading sound clips, obtaining an energy and context aware classification plan, and detecting acoustic
events. Auditeur provides APIs for each of these three steps. Auditeur keeps people in the loop by letting them tag,

upload, and share sound clips. The system is designed for efficiency in computation and communication.



Chapter 5

Implementation of the Auditeur Platform

This chapter describes the implementation of the Auditeur platform in detail. Tasks involved in recognizing acoustic
events inAuditeur are manifold. There are some tasks that are performed before the creation of an application. Examples
of such tasks are — collecting and building up a database of tagged sound clips, and creating energy and context aware
acoustic event classification plans. Recognizing acoustic events in real-time on a mobile device, on the other hand,
involves another set of tasks — capturing audio data from the microphone, preprocessing and feature extraction, and
classifying and delivering the events to interested applications. Each application created using the Auditeur platform is
unique as acoustic processing units and their parameters are different for different applications. The process of creating
a mobile application that recognizes a special type of sound, using a generic mobile-cloud platform requires making an
important design decision — how to distribute the acoustic processing tasks between the mobile device and the cloud.
In Auditeur, we decide to distribute the tasks between the mobile device and the cloud in a way that — the mobile
device contains the mechanism for sound capture, processing, and recognition, while the cloud provides the logic
for building classifiers and tuning the parameters for the sound processing modules on the mobile devices. Auditeur
performs the signal processing and feature classification completely inside the mobile device, but uses the cloud to store
user contributed sound clips, build new classifiers, and obtain an energy-aware classification plan. Once the mobile
device receives the classification plan from the cloud, it dynamically instantiates the components required to execute
the plan, and keeps detecting acoustic events efficiently and locally. In this chapter, we at first describe the on-device

processing components (Section 5.1), and then the in-cloud processing components (Section 5.2).

5.1 On-Device Processing Components

The implementation of on-device processing is modular and layered as shown in Figure 5.1. At the bottom layer,

we have three services that are running in the background — the sound engine service, the context service, and the
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communication service. The sound engine service is the one that performs the actual sound recognition task, while the
other two manage contexts and communications to the cloud. These services, along with some internal APIs, support

the public API layer, which interacts with the applications.
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Figure 5.1: On-device processing components.

5.1.1 The Sound Engine

The SoundEngine is a singleton, persistent service that is responsible for instantiating and initializing the acoustic
processing units, forming a processing pipeline that detects sound events, and providing registration and notification
services to the running applications.

Acoustic processing in Auditeur is divided into a five stage pipeline: (1) preprocessing, (2) frame level feature
extraction, (3) frame level classification (frame admission), (4) window level feature extraction, and (5) window level

classification. Each stage involves multiple tasks, and each task is performed at an acoustic processing unit (APU).

Pre- Frame Frame Window Window
Processing Features Admission Features Classify

Figure 5.2: The acoustic processing pipeline in Auditeur.
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Figure 5.2 shows the high level structure of the pipeline. The process starts with a preprocessing stage which
captures audio from microphone, converts the byte stream into a stream of fixed sized frames, and applies filtering,
windowing, and noise compensation as needed by the application. Each frame then passes through a frame level feature
extraction stage. We have implemented a total of 13 time and frequency domain feature extractor modules, but not all
of them might be used in single sound recognition task. These frames are then classified using a frame level classifier
which acts as an admission controller, and decides whether or not to process a frame any further. If a frame is admitted
to the window level feature extraction stage, a fixed number of consecutive frames are gathered to form a window, and
up to 12 statistics are computed per feature per window, resulting in a maximum of 221-element feature vector. Each
window is then classified by a window level classifier.

Table 5.1 shows the list of acoustic processing units that are implemented on the mobile device. We have implemented
4 preprocessors, 13 feature extractors, 12 statistical units, and 6 classifiers. We have put more emphasis on the frequency
domain features as they are more robust to noise. We have implemented the classifiers that are commonly known to
solve sound recognition problems, and have implemented only their classification logic inside the mobile device as their

training happens in the cloud.

APU List

Preprocessor ~ Sampling, Framing, Filters, Windowing.

Features FFT, ZCR, RMS, 13-MFCCs, Low Energy (Weak) Frame Rate
Spectral {Entropy, Energy, Flux, Rolloff, Centroid},
Bandwidth, Phase Deviation, Pitch.

Statistics Mean, Stddev, Geometric Mean, Harmonic Mean, Range,
Moment, Zscore, Skewness, Kurtosis, Median, Mode, Quartile.

Classifiers Naive Bayes, Decision Tree, GMM, MLP, SVM, kNN.

Table 5.1: Acoustic processing units in Auditeur.

The acoustic processing units (APUs) are the building blocks of the acoustic processing pipeline. APUs are
dynamically instantiated and wired at runtime to form the pipeline. Each APU keeps a list of its immediate successor
APUs, and implements two methods: process and forward. The process method performs its intended work, and
the forward method pushes its output to its children. Instantiation of the APUs and the wiring process is guided by an
XML-complaint configuration file that is obtained from the cloud. The configuration file is essentially the description of
a directed acyclic graph where the nodes are the APUs and the directed edges denote the wiring among them.

Figure 5.4 shows an example of dynamically created pipeline based on the configuration file in Figure 5.3. This is
similar to the sound processing as in [15]. In this example, 2 frame level features (RMS and spectral entropy) are used
to admit frames using a decision tree classifier, and 2 window level features (spectral flux and zero crossing rate) are

used to classify the window using a GMM.
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<?xml version="1.0" encoding="utf-8"?>
<nodes>
<node 1d="1" label="frame" />
<node 1d="2" label="rms" />
<node id="3" label="fft" />
<node id="4" label="zcr" />
<node 1d="5" label="entropy" />
<node id="6" label="flux" />
<node id="7" label="DT" parents="2" >
<params> ... </params> </node>
<node id="8" label="admitter" window="32" />
<node 1d="9" label="stat.mean" window="32" />
<node id="10" label="stat.mean" window="32" />
<node id="11" label="aggregator" parents="3" />
<node id="12" label="GMM" >
<params> ... </params> </node>
</nodes>
<edges>
<edge source="1" target="2" />

</edges>

Figure 5.3: Example of an XML file, describing the APUs and wiring to create the processing pipeline.
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Figure 5.4: An instance of a dynamically wired pipeline corresponding to the XML file in Figure 5.3.

The sound engine internally maintains a register which keeps records of applications, desired sound events, and
notification logic. Whenever an event, registered by a running application is detected, it broadcasts a notification
according to the notification logic. Currently, we support three types of notification: continuous (always notify),

counter-valued (up to a number of events), and timed (up to a time duration after the registration or the first event).



Chapter 5 | Implementation of the Auditeur Platform 36
5.1.2 Mobility Context Generation

Auditeur provides three types of contextual information: location, position, and noise level. The location context refers
to the GPS coordinates and whether the location is indoors or outdoors. While uploading a soundlet, we store the
GPS coordinate if it is available. The availability means — we are getting a location fix and also the application has
permission to use GPS. However, the current version of Auditeur only uses indoors or outdoors information. Yet we
kept the GPS coordinates to investigate more fine grained location aware sound matching which we leave as future work.
We adopt a simplified version of [87] to detect indoors or outdoors using only the accelerometer and cellular signals.

The position context refers to the position of the mobile device with respect to human body which could be either
direct (i.e. the sound source is close to the microphone), in pocket, or at a distance. This is similar to the phone contexts
used in [15], and is estimated by the same principle. The noise level refers to the environmental noise level in dB scale.

Auditeur provides APIs to specify an action to be taken whenever there is a change in context. For example, when
a person comes home from outside, the context engine would detect the change, and take actions that the developer
programmed for, which is by default — loading a different pipeline configuration from the classification plan that is
appropriate for home environment.

Auditeur provides APIs to enable and disable context checking, and to control the frequency of monitoring the
change in each context. As context checking is costly, the developer of the application should choose an appropriate

duty cycle to check and balance its benefit over cost.

5.1.3 Communication to the Cloud

Applications communicate to the cloud via the communication service, which submits new soundlets to the cloud
through a Web HTTP interface. We implement a basic web application using JAVA and the Spring 3 Framework for this
purpose. For hosting, we use the Amazon web services infrastructure by running our application in a Tomcat 7 web
container on an Amazon EC2 instance. Soundlets, along with their tags and contexts, are serialized in JSON format and
are submitted to the Web. Afterwards, the data is committed to the database as described in Section 5.2.5.

When an application requests a classification plan, the communication service issues a GET request to the web
interface on its behalf with search parameters such as the tags, contexts, and energy constraints. In response, the cloud

creates the classification plan, serializes it as a JSON object, and sends it to the phone.

5.1.4 Public and Internal API

Four components constitute the public API layer. The Soundlet Recorder records audio from the microphone,
converts it to a Soundlet, and stores them locally. The SoundletContext uses the ContextManager to get the current

context, and the TagHelper to get a list of matching tags from the cloud. The SoundletManager, with the help of
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CommunicationManager, manages the communication between the phone and the cloud to upload soundlets and
to download classification plans. The SoundletDetector registers the running application as a listener for desired
sound events, initializes the SoundEngine, and notifies the application at desired sound events. Table 5.2 describes the

public classes in Auditeur API and their description in brief.

Class Description

SoundletRecorder  Records audio from microphone;
Converts audio to a soundlet object.
SoundletContext Generates user contexts;
Helps with sound tagging.
SoundletManager =~ Manages uploads of tagged soundlets;
Manages downloaded classification plans.
SoundletDetector ~ Registers an application as a listener for an event;
Initializes the sound engine;

Delivers acoustic events to applications.

Table 5.2: Public classes in Auditeur API and their descriptions.

5.2 In-Cloud Processing Components

The primary job of the cloud service is to generate an energy-aware acoustic event detection plan. Given a set of tags,
mobile contexts, and an energy bound, the service creates an energy aware acoustic event detection plan. This section
describes the creation of an energy-aware acoustic event detection plan on the cloud in detail. Other services such as tag

suggestion, storage and caching are described briefly.

5.2.1 Training Set Generation

The cloud creates a training set by choosing a subset of the soundlets in the cloud. First, it selects the soundlets having
all of the container tags — indicating that the training is environment specific. It then filters out soundlets that do not
contain any of the lookfor or within tags assuming that those are not present in the acoustic environment. Among the
remaining soundlets, the ones having all of the confent tags are marked as positive examples, and the rest are marked as
negative examples. Finally, for each soundlet, a 221 element feature vector is computed, and an extended training set is
created. The training set has a total of 222 columns (221 elements of the feature vector plus the target class label) and
the number of rows equals to the number of soundlets. However, not all of these 221 features are used in classification.

The dimension of the feature vector is reduced by a feature selection algorithm which follows next.
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5.2.2 Feature Selection

Unlike feature selection [28] in the machine learning literature, where the criterion is to minimize the number of
features, Auditeur’s goal is to minimize the total energy consumption of feature extraction on the mobile device, while
maximizing their ability to retain enough information for an accurate classification. A brute force approach to solve this
problem is to enumerate all possible subsets of the aggregate feature set, and then to pick the subset that results in the
highest accuracy when used with a classifier, under a given energy bound. But the size of the maximum feature set in
Auditeur being 221, a brute force enumeration of all 222! subsets, each time a classification plan is requested a phone,
is not feasible even though the algorithm is running on the cloud. To handle this, we take an iterative approach to this
problem. A formal description of the problem and its solution are described next.

Given a training set T" of size n X m, where n is the number of samples and m is the dimension of the feature space,
the target class labels C' of size n x 1, the energy cost of computing each feature on the phone E = {e1, ea, ... €, }, and
an energy budget B, the goal is to select a subset of features that uses no more than B units of energy while maximizing
their ability to retain enough information for an accurate classification.

Since we are selecting a subset of the features, we need a metric to measure the goodness of a feature. A feature is
relevant if it is correlated to the target class, and is non-redundant if it is not highly correlated to other features. So
there are two properties of the best subset:

Redundancy Criterion: The selected features are less correlated among themselves than any other subset.

Relevance Criterion: The selected features are more correlated to the target class than any other subset.

In Auditeur, we take an information theoretic approach in measuring the correlation, which is based on the concept

of entropy. The entropy of a feature X is defined as
H(X) =~ P(x;)log(P(z:)), 5.1
i

and the entropy of X, after observing Y is defined as
H(X|Y) ==Y Ply;) Y _ Plaily;) log(P(x:ly;)), (5.2)
j i

where P(z;) and P(x;|y;) are the prior and posterior probabilities of X, respectively. The difference between
Equation (5.1) and (5.2) denotes the information gain [88], indicating how much is the added value of taking feature
X, given that Y is already selected. In our algorithm, we use the normalized information gain, which is called the
symmetrical uncertainty [89], to limit its value in the range [0, 1].

H(X) - H(X|Y)

SU(X|Y) =2 B0 T HT) |

(5.3)
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We now formulate a recurrence relation which is solved using an iterative technique. Let f;(b) be the best subset of
features within an energy bound of b, considering the first j features, for (1 < j < m). Based on the decision on X s
there can be two cases:

Case 1: X is not taken. In this case, f;_1(b) will be a candidate solution for f;(b) as f;_1(b) is the best solution
using the first (j — 1) features within the bound b, according the definition of f(.).

Case 2: X is taken. In this case, we first reduce the energy bound by the amount e;, which is the energy cost of the
Jj — th feature. All feasible sets for the new energy bound is f;_1(b — e; — t) where, 0 <t < b — ¢;, as these are the
sets where we can add X ; without crossing the energy bound b. We then look for the set that has the least correlation
(i.e. the least symmetrical uncertainty) with X ;. Let’s assume that after this search, we find the least correlated set,

fj—1(b—e; —t;). So, our candidate solution in this case is f;_1(b—e; —t;) U{X;}.

fi-1(b) ,if X is not taken.
fi(b) =
fim1(b—e; —t) U{X,} ,if X; is taken.

Finally, between these two candidate solutions, the one that is more correlated (i.e. symmetrical uncertainty is
higher) to the target class C'is chosen as f;(b). This is to enforce that we prefer a more relevant set over a less relevant
one.

There are two implementation issues that require further explanation:

First, our algorithm assumes that energy is integer valued; The definition of entropy also requires nominal values.
To handle this, we quantize both of them to fit into our algorithm.

Second, the energy budget B is for feature extraction only. It is derived by subtracting the energy cost of other
APUs and services, e.g., pipeline overhead and context generation service, that run on the phone from the total budget

for acoustic processing.

5.2.3 Processing Units and Parameter Selection

The energy consumption and the classification accuracy depend on the choices of parameters for other APUs as well.
Table 5.3 describes the choices of parameters considered in Auditeur for the sampling rate, frame size, window size,
and number discretization levels for feature quantization. There is a default value for each of the parameters which
is used if the developer does not specify any. A negative value for a parameter forces the cloud service to try out all
choices for that parameter.

The higher the sampling rate the more energy it consumes, but provides better classification results. Frame size,
window size, and discretization levels are problem dependent, and have effect on accuracy. The choice of classifier

is also problem dependent, and their parameters are computed by analyzing the training set using standard practices.
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Processing Unit Parameter Choices Default
Sampling rate (KHz) 8,22.05,44.1 44.1
Framing length (ms) 32, 64 32
Window Size length (sec) 1,3,5 1
Feature Extraction  discretization (level) 8, 16 16

Table 5.3: Choices of parameters for APUs.

Considering all 36 combinations of these units and 6 classifiers, the cloud generates a maximum of 216 different
execution plans (all within the total energy budget), and selects the one that results in the highest accuracy in 10-fold

cross validation test.

5.2.4 Tag Matching Service

The tag matching service is used in two scenarios: (1) admission control of a public soundlet, and (2) finding matching
tags for an untagged soundlet. Both of these are done using a distance based outlier detection technique [81], i.e.,
extracting the feature vector of the soundlet, computing similarity scores of the feature vector against a subset of the
existing soundlets, and returning the top & tags in the order of decreasing similarity. For admission control, one or more
of the user given tags must be in the list of k tags, and for tag-suggestions, the list of k tags is sent to the phone.

The collection of soundlets against which the similarity is measured is selected using the mobility contexts. For
example, location (indoors or outdoors) and position contexts are used to eliminate any unlikely soundlets from
considerations. If GPS coordinates are available, soundlets that are recorded within the vicinity of the untagged soundlet

are always considered for a similarity match.

5.2.5 Storage and Caching

The cloud stores thousands of tagged soundlets and their acoustic features, therefore fast search and retrieval of items
are paramount. We choose to use MongoDB which is a NOSQL database over a relational database for many reasons.
First, the number of features for an instance can vary considerably depending on the processing configuration used
at the time, therefore, a schema would be too rigid for our purposes. Secondly, NOSQL databases are optimized for
write once, read many times situations and tend to scale linearly using replicas in the cloud infrastructure. For efficient
queries into the training set, we create an index on the tag and context attribute set.

When a classification plan is requested from a client, the local cache of prepared classifiers is first searched. If a
classifier for the particular tag combination and context are not found, a new classifier is generated from the set of
matching instances in the training set and committed to the cache. If a new sound instance is added with the same tag

combination as existing classifiers, the cache entry is marked dirty allowing an updated classifier to be created. Our
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default strategy uses on-demand creation of classifiers since many queries are very specific, however we also allow the

cloud to preemptively create new classifiers on a daily basis from popular search queries.

5.3 Summary

This chapter describes the implementation of the Auditeur platform in detail. Acoustic processing tasks in Auditeur are
distributed between the mobile device and the cloud. Inside the mobile device, we have implemented a sound engine
service, which contains the implementation of 4 preprocessing units, 13 feature extractors, 12 statistical units and 6
classifiers. Inside the cloud, there is a service that computes an energy- and context-aware acoustic event detection plan
for a mobile device, given the type of acoustic events that the device wants to recognize. The cloud implements an
acoustic feature selection algorithm that selects a subset of features with the properties that — when these features are
extracted inside a mobile devices, the total energy consumption will be less than the energy bound, and the selected
set of features are not redundant with respect to each other and are relevant to the target class. The plan generated by
the cloud contains a list of acoustic processing units, such as preprocessors, feature extractors, and a classifier, their
parameters, and wiring information. The mobile device obtains the plan from the cloud, instantiates the units, and

executes the plan in order to detect acoustic events locally.
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Evaluation of the Auditeur Platform

This chapter provides an in-depth evaluation of the Auditeur platform. We describe four types of evaluations. First, we
measure the CPU utilization and memory footprint of Auditeur, and the energy consumption of different processing
units of Auditeur (Section 6.2). Second, we perform an empirical study on different categories of sounds to demonstrate
the efficacy of our energy-aware feature selection algorithm (Section 6.3). Third, we implement seven applications,
each in three ways: in-phone, in-cloud, and using Auditeur, and compare their energy consumption (Section 6.4.1),
accuracy (Section 6.4.2) and context awareness (Section 6.4.3). Fourth, we perform a usability study of Auditeur API

(Section 6.5).

6.1 Experimental Setup

We collect data from two sources. The first one is our own collection, obtained from a total of 35 participants from
two different regions (Virginia and Beijing), collected over nine months, resulting in a database of about 5, 000 tagged
soundlets with contextual information. The group of participants is comprised of undergraduate and graduate students,
researchers, professionals, and their family members. Their ages are in the range of 10 — 60, and they have diversities
in speaking-style, life-style and ethnicity. The smartphones we have used during the data collection are Galaxy Nexus
phones running Android 4.0 OS, each having a 1.2 GHz TI OMAP4460 dual core processor, 1 GB RAM, 32 GB
internal storage, and 28 GB USB storage.

The other source of data is mainly websites including findsounds.com and grsites.com, yielding another 2000
tagged soundlets. The web crawled data is used only in the empirical evaluation, not in our case-studies. We use only
those sound clips whose file format, number of channels, bit resolution, and sampling rates are the same as our phone
recordings. We do not mix up web crawled data with data from phones in most cases. For example, sound clips that are

tagged with ‘monkey’ are all from the web as we do not have any user who contributed any monkey sounds. For some
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CPU Memory

Auditeur (silence) 6% 6.5 MB
Auditeur (active) 16% (42%) 11.8 MB (22 MB)

Table 6.1: CPU and memory footprints.

rare sounds, we re-recorded the web-audios with a smartphone. For example, we play the ‘siren’ sounds loudly on a

laptop and then record that on a smartphone.

6.2 System Measurements

6.2.1 CPU and Memory Footprint

We measure CPU utilization and memory footprints of Auditeur when used in an application with a simple GUI.
The GUI is used to select different sound recognition tasks that are run during the experiment. We use two utility
applications (Norton and OS Monitor) to measure CPU and memory usages. Table 6.1 shows the average (and the
maximum in brackets) CPU and memory usages of the applications. The CPU usage is only 6% during silence when
the system is duty cycling, 16% on average, and could reach up to 42% in the worst case if all of the processing units
are used in an application (which is unlikely). The memory usage is about 6.5 MB during silence, but reaches 11.8 MB
for an average application, as heap space is allocated for the dynamically instantiated units. However, this is not so high
when compared to services such as Maps (62.7 MB), Music (54.9 MB), and Calendar (18.9 MB) on Android. The total

size of the binary is only 596 KB.

6.2.2 Energy Measurements

We measure the energy consumption of each acoustic processing unit on the phone with a high precision power
monitor [90]. Prior to the experiment, we kill all background services and running applications, disable wireless
connectivity, and set the screen brightness to its minimum. We use two minute long audio files recorded at 44.1 KHz,
and measure the total energy consumption.

Figure 6.1 shows the average energy consumption to process a 32 ms frame for each unit. We observe that, the
most expensive units are the frequency domain feature extractors. However, all of these components (marked with an
asterisk (*)) use the same FFT which is computed only once per frame to save energy. Despite this, the extraction of
frame level features, together with the computation of window level statistics, account for 98.48% of the total energy
consumption of the processing pipeline. This signifies why Auditeur emphasizes carefully choosing the features to

increase the lifetime of the device. The sum of individual energy consumptions however is not an accurate estimate of
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the actual energy consumption; but from our experience with Auditeur we have seen that, this is a conservative estimate,

and the phone lasts longer than the estimated lifetime in practice.
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Figure 6.1: Feature extraction accounts for 98.48% of the total energy consumption of the processing pipeline.

6.3 Empirical Evaluation

We analyze the trade-off between accuracy and energy savings, compare the feature selection algorithm with a greedy
heuristic, illustrate the energy efficiency, and measure the processing delay.

We use our empirical dataset in these experiments, which is segmented into 10 categories of sounds as described
in Table 6.2. In this study, we are showing intra-category sound recognition accuracy within each dataset. Note that,
these are very demanding datasets with many similar sounds in different categories within the same dataset to stress the
accuracy metric, and even for humans these are hard to distinguish. However, later in our case studies (Section 6.4), we

consider real-world scenarios where we have sounds from different classes.

6.3.1 Lifetime and Accuracy Trade-off

Auditeur’s feature selection algorithm trades off less informative features for a longer lifetime of the device. The goal
of this experiment is to quantify how much accuracy Auditeur compromises to achieve this.

Figure 6.2 shows the classification accuracy of Auditeur for different datasets. For each dataset, the first bar
corresponds to the highest achievable accuracy considering no energy bound, and the other three bars correspond to
minimum lifetime requirements of 300, 400, and 500 minutes, respectively. The number on top of each bar denotes the
dimension of the feature vector. We see that, for an unbounded energy, Auditeur would use all acoustic features and
achieve the highest average 10-fold cross validation accuracy of 65.4% — 97.2%. The accuracy is below 70% for some
datasets, such as D7, D3, and D9, which contain varieties of similar sounds. However, in an actual application, not all
of these might be used or they might be representing the same class; hence the accuracy will be higher in practice as

evident from Section 6.4.2. The tighter the energy bound becomes, i.e. the larger the minimum lifetime requirement is,
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ID Dataset Count  Subcategories

D1 Alert 334 alarm, bell, horn, siren, whistle.

D2 Animal 145 cat, cow, dog, horse, monkey, tiger.

D3 Household 453 air conditioner, doorbell, doorslam, fan,
spray, vacuum, water tap, and more.

D4 Instruments 309 drum, guitar, piano, violin, flute.

D5 Music 1253 country, folk, indian, jazz, rap, thymes,
rock, spiritual, and more.

D6 Non-speech 783 asthma whizz, chew, clap, cough, cry,
foot-steps, laughter, whistle, yell.

D7 Office 653 deskbell, keyboard typing, mouse clicks,
phone, printer, sharpener, stapler.

D8 Speech 1725 female, male, child, speaker ID.

D9 Tools 439 broom, chain saw, drill, grinder, hammer,
lawnmower.

D10  Vehicles 815 airplane, ambulance, bus, car, subway.

Table 6.2: Description of the empirical dataset.

Auditeur selects less number of features to maintain the lifetime goal. For a 500 min (8.3 hours) lifetime, Auditeur

chooses only 18 features on average to keep the system running, sacrificing about 8.17% accuracy. However, for a

moderate lifetime of 400 mins (6.67 hours), the difference in accuracy is < 2%.
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Figure 6.2: Auditeur increases the lifetime by 33.4% — 66.7%, sacrificing 2% — 8.17% accuracy.

6.3.2 [Evaluating Feature Selection Algorithm

We compare Auditeur’s energy-aware feature selection algorithm with Weka’s [29] symmetrical uncertainly attribute

evaluator. Since Weka does not consider energy, we choose the first few highest ranked attributes as long as the sum

of their energy costs remains within the bound. Figure 6.3 compares the average accuracy of a classifier for different

minimum lifetime bounds, when the classifier uses these two feature selection methods. The error bars shown on the

plot represent the stanard deviation. When the energy bound is lower, i.e. the minimum lifetime is as high as 500 — 600

minutes, less number of features are chosen by both of the algorithms. But Auditeur selects the subset that is optimal

within the bound, whereas the greedy algorithm performs poorly. The gap between these two, however, gets closer as
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the bound becomes loose since both algorithms then select enough number of features to classify the sounds properly.
Therefore, applications that require long term (8 — 10 hours) continuous sound recognition, Auditeur would provide

8% — 14.9% higher accuracy than the greedy algorithm.
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Figure 6.3: Auditeur achieves 8% — 14.9% higher accuracy than WEKA for long running applications.

6.3.3 Illustration of Energy Efficiency

We illustrate the energy efficiency of Auditeur with a simple example scenario. In this scenario, we run the same
workload on two identical Android phones for about 9 hours. Both of the phones run Auditeur, but one assumes an
infinite energy bound, and the other one changes its classification plan after two hours to last longer.
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Figure 6.4: Auditeur’s remaining battery is 18.12% higher than the unbounded one after 9 hours.

Figure 6.4 plots their remaining battery life at each hour mark. We see that, the phone with unbounded energy
drains battery at the rate of 7.89% per hour, and after 9 hours, its remaining charge is only 29%. The other one (denoted
by Auditeur) initially drains battery at the rate of 6.67% per hour, but this rate is reduced to 4.81% after reducing the
energy bound by 15% at hour 2. After 9 hours, Auditeur’s remaining battery is 47.12%, which is 18.12% higher than

the unbounded one. That means, Auditeur would last for 31 hours, whereas the unbounded one will die after 19 hours.

6.3.4 Processing Delay

We measure the processing delay, i.e., the average duration of a 1s long frame inside the pipeline. To obtain this, we

capture 60s audio, and process it with 300 different pipeline configurations, each having a different minimum lifetime
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bound. The total time to process the frames is normalized to compute the processing delay of a frame.
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Figure 6.5: Processing delay for 1s frames is always < 1s.

Figure 6.5 shows processing delays of 1s long frames for different lifetime bounds, ranging approximately 5 — 8
hours. We observe that, the delay is higher (0.98s) at the beginning, and drops below 0.7s as the bound crosses the
8-hour mark. This is because, at tighter bounds, Auditeur extracts a small number of features to meet its lifetime goal,

which results in shorter processing delays. However, overall the delay is always < 1s for a 1s frame.

6.4 Case Studies

We implement and evaluate seven applications with Auditeur and compare their energy efficiency, accuracy, and context
awareness against two baselines: the in-phone and the in-cloud implementations of the applications. The features
and parameters for the baselines are taken from corresponding existing works. Both baselines extract features on
the phone, but the in-cloud version sends them to the cloud in real-time to get the classification results, while the
in-phone version does everything on the device. The definitions of in-phone and in-cloud implementations thus consider
any hybrid approach (such as — partitioning or offloading computation to the cloud at runtime [23]) as an in-cloud
implementation. For communication, WiFi is used indoors and 3G outdoors. Auditeur however downloads all of its
classifier configurations, corresponding to different location and position contexts, at the beginning and does not use
wireless connectivity afterwards.

Five Android phones and a tablet are used at the same time during these experiments. Two phones run the baselines,
one runs Auditeur, one runs Auditeur with only location context enabled, and one runs Auditeur with only position
context enabled. The tablet is used for recording the ground truth and bookkeeping purposes. Each phone stores the
timestamp, detected events, and the battery level.

Table 6.3 shows the list of applications that we study. We replicate the first three applications from existing
literature [15, 4, 12], and add four more to demonstrate Auditeur’s performance in different real-world scenarios.
Ground truths for Speaker Sense and Sound Sense are obtained from six volunteers, by logging who is talking and what

music is played with a tablet. These experiments are done in ten 15 — 120 minutes long sessions at indoors and outdoors.
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App (Short Name) Detected Events

Sound Sense (Sound) male, female, music.

Speaker Sense (Speaker)  person identification.

Musical Heart (Heart) heart beats.

Music Match (Music) music genre recognition.

Vehicle Sense (Vehicle) car, bus, subway, trolley.

Kitchen Sense (Kitchen)  door, blender, pots, stove, microwave, tap.

Sleep Monitor (Sleep) talk, cough, steps, bathroom door, fan.

Table 6.3: Applications in case studies.

Musical Heart uses a subset of the dataset of [12] (L1 activity level) which is read from files. Music Match is trained on
200 English songs of different genre, and then the tablet randomly chooses and plays them at regular intervals, while
the phones listen and classify them. Vehicle Sense and Kitchen Sense are trained on samples collected from members of
two two-person families, and are tested on them separately in 3 — 5 hours long experiments. Two volunteers participate
in the Sleep Monitor experiment separately for two consecutive days where each session lasts for about 6 — 8 hours.
We record the entire sleep duration with a tablet, and perform a post-facto analysis, with visualization and manual

classification, to identify the events.

6.4.1 Power Consumption

We compare the power consumptions of Auditeur with in-phone and in-cloud implementations. The power consumption
is obtained from the total energy consumption, which we calculate using the values that are logged periodically into the

phone, i.e. the remaining battery life, voltage, running time, and the battery capacity.
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Figure 6.6: On average, Auditeur is 11.04% and 441.42% less power hungry than in-phone and in-cloud versions.

Figure 6.6 shows that, power consumptions of in-cloud implementations are 3.3 — 6.8 times higher than the other
two, as they continuously send and receive data over the Internet. Especially, for outdoor experiments where 3G is used
(Vehicle, Sound, and Speaker), the mean is 4093 mW. Power consumption of in-phone version is comparatively closer
to Auditeur. For long running experiments (Sound, Speaker, Vehicle, Kitchen, and Sleep), in-phone ones consume

19.56% more power than Auditeur, as unlike Auditeur, they do not have energy bounds. For short duration experiments
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(Heart and Music), in-phone versions are slightly more energy efficient than Auditeur. However, this is not a problem
for Auditeur because of two reasons: (1) when sufficient energy is available, Auditeur uses slightly more power to
achieve a higher detection accuracy, and (2) even in such cases, developers can specify a tighter energy bound to achieve
a lower power consumption. Overall, the power consumption of Auditeur is on average 11.04% less than the in-phone
version.

An Auditeur-powered application’s lifetime can be further extended by duty cycling. However, this has to be done
by the application developers by explicitly specifying the cycling interval for their application using the API (see line
17 of the code snippet in Figure 4.4). Since none of the baseline applications in this experiment implement duty cycling,

for a fair comparison of energy consumption, we do not perform duty cycling in Auditeur as well.

6.4.2 Detection Accuracy

The accuracy of event detection is the percentage of events that are detected and classified correctly. All three
implementations use the same silence vs. non-silence detection method whose accuracy is almost perfect (98.72%).
Hence, we consider the classification of non-silent, fixed length time windows as the overall accuracy.
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Figure 6.7: On average, Auditeur is 10.71% and 13.86% more accurate than in-phone and in-cloud versions.

Figure 6.7 shows the accuracy of event detection for three different implementations of the seven applications.
Auditeur shows higher accuracies than in-phone and in-cloud versions in 6 out of seven applications. This is because
of Auditeur’s adaptiveness to changing contexts, and the limitations of the other two. Both in-phone and in-cloud
versions use offline-trained classifiers, which are trained on all soundlets disregarding their contexts. For example, the
accuracy of voice related applications, e.g., the Sound and Speaker, depends on the location (indoors vs. outdoors) due
to the presence of reverberation. Auditeur being aware of such contextual information are capable of handling them
separately, which the other two cannot. Furthermore, the in-cloud versions lose 14.3% — 26% accuracy in outdoor
scenarios (Vehicle, Sound and Speaker), due to long communication delays in a 3G network. The accuracy of Auditeur
in case of Heart application however is similar to the other two versions. This is because, the Heart application, which

is one of our previous works [12], uses a highly sophisticated algorithm for heart rate detection and has a very high
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accuracy. It is hard to beat such an algorithm using Auditeur especially when the accuracy is close to 100%. Overall,

Auditeur shows 10.71% — 13.86% higher accuracy than the other two versions.

6.4.3 Context Awareness

Auditeur uses different pipeline configurations for different location (indoors vs outdoors) and body position (direct,

pocket, or distant) contexts to boost its accuracy. In this experiment, we measure their individual effects on accuracy.
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Figure 6.8: Position context is in general more effective than location context.

Figure 6.8 compares Auditeur with two other versions of it: (1) only location, or (2) only position context enabled.
A combination of the two always results in a higher accuracy, but their individual contribution varies with applications.
Location context is ineffective in Heart, Vehicle, Kitchen, and Sleep, since these are performed entirely indoors or
outdoors. For other applications, location alone improves accuracy over baselines (of Figure 6.7) by 4.08% — 7.93%.
Position contexts are more effective than location contexts in environments where the phone may be in any of the three
position contexts, such as in Sound, Speaker, Music, Kitchen (pocket and table), and Sleep (table and under pillow),

contributing 6.45% more accuracy over the location only version.

6.5 User Study

We perform a user study to evaluate the usability of Auditeur API, i.e. how easy or hard it is to learn and use the APL.
Another motivation is to observe what application ideas burgeon when such an API is made available to the public.

A total of 15 undergraduate students from 3 universities participated in this study. We recruited them by posting an
online advertisement and their participation was voluntary. Their experience-levels in Java and Android programming
are 0 — 5 years (avg. 16.6 months), and 0 — 12 months (avg. 4.73 months), respectively. We provided them with
a documentation explaining the API and an example code snippet. Each of the participants was asked to read the
documentation to learn the API, think of an application scenario, code it, and then comment on their overall experience.

Since developing a fully functioning application involves other non-sound recognition tasks, such as, programming

the GUI and handling events, which are not part of our study, we ask the participants to code only the portion of the
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application that is Auditeur-specific, while the rest of the application has already been coded for them. This is done to
remove any biases that originate from sources unrelated to learning or coding with the Auditeur API. Figure 6.9 shows
the learning time and coding time as they have reported in their answers. About 75% of the participants take less than
15 mins to learn the API, and about 60% of them program the core logic in just 10 mins using only 15 — 20 lines of
Java code. The worst case learning time is as high as 30 mins, while the highest of the coding times is about an hour.

This indicates that, Auditeur is very easy to learn and code.
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Figure 6.9: Learning and coding time.

It is interesting to observe how our participants have come up with a number of fascinating application ideas and
have been able to realize them with Auditeur. Table 6.4 describes some of the ideas that we find more interesting than

others.

App Short Description
Snore Detect snoring and vibrate the phone until he stops.
Honk Detect car honks on road and alert inattentive user.

Asthma  Detect asthmatic wheezing sound and alert the caregiver.
Subway  Detect the arrival of a train in subway.
Dog Detect pet dog barking while the user is away from home.

Table 6.4: Interesting application ideas found in our study.

We also ask our participants to comment on the Auditeur API. Some of those comments turn out to be helpful and
are actually incorporated in the system. For example, the participant who implemented the Dog application, asked if we
could provide an API to get the last few seconds of audio, so that she knew what caused her dog to bark (e.g. an intruder
came). Another participant asked if we could provide a confidence of a match instead of just the detected event. These
comments have led us to expose some internal API to obtain last few minutes of audio and the probability distribution

of the detected events from the application layer.
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6.6 Discussion

Auditeur is capable of detecting sound events that are recognizable from short-term time and frequency domain features.
Recognizing sounds that depend heavily on temporal variations, such as recognizing long spoken sentences, are not
suitable for it. Especially, speech recognition is a complex, well-studied problem having several well-known services,
and hence we leave it out of the scope of Auditeur.

To make sure that people do not upload soundlets with wrong labels, Auditeur performs sanity checks and discards
the sound if there is a lack of similarity. This was not an issue in our experiments since the data were uploaded by our
trusted users and we only had to deal with unintentional human errors. However, this could be a big issue when the
system is open to the public. A more sophisticated sanity checking mechanism will be required at that moment. This is
a limitation of our current implementation and we leave it as future work.

Lack of sufficient training examples, specially for private spaces, is another issue. To cope with this, we suggest
developers to utilize sounds from public spaces as long as the private space is small, while keep adding new soundlets
to the private space. Auditeur provides an API to retrieve last few minutes of audio; developers should use this facility
and upload new soundlets via user-feedback.

The features and classifiers used in Auditeur are shown to recognize varieties of sounds, but yet no such list is ever
exhaustive. However, Auditeur is an extensible system where addition of a new feature extractor or a new classifier unit
is easy since APUs have a generic structure and are dynamically wired. Hence, such extensions do not require any
change to the framework.

The energy consumption and lifetime depend on the phone model and battery capacity. The relative energy costs
of the processing units are, however, implementation dependent, and remain the same. This is, therefore, a scaling
problem, and the lifetime bound for such cases should be considered as power levels instead of an absolute value. We
leave it as a future work to remotely profile energy consumption of the device to provide device tailored lifetime values.

Scalability of the services running on the cloud is not addressed in this chapter which is by itself a well-formed
problem. Our current implementation is a proof of concept which runs on an Amazon EC2 instance. However in future
we plan to move our server to Google App Engine which provides automatic scaling of applications without requiring

us to manage the machines by ourselves.

6.7 Summary

This chapter describes a series of experiments to evaluate various aspects of the Auditeur platform, such as system
overhead, energy consumptions and usability of the API, as well as energy-efficiency, context-awareness and accuracy

of the applications that are created using the platform. Our analysis on user-contributed empirical data shows that
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Auditeur’s energy-aware acoustic feature selection algorithm is capable of increasing the device-lifetime by 33.4%,
sacrificing less than 2% of the maximum achievable accuracy. We implement seven applications with Auditeur, and
deploy them in real-world scenarios to demonstrate that Auditeur is versatile, 11.04% — 441.42% less power hungry,
and 10.71% — 13.86% more accurate in detecting acoustic events, compared to state-of-the-art techniques. We perform
a user study to demonstrate that novice programmers can implement the core logic of interesting applications with

Auditeur in less than 30 minutes, using only 15 — 20 lines of Java code.



Chapter 7

Exploiting Sparseness in Speech Signals

Auditeur is a general-purpose acoustic event detection platform supporting the creation of mobile applications that
recognize a wide variety of acoustic events. However, some acoustic signals have special properties which can be
exploited to make acoustic event detection even more efficient. Speech is such a signal which is highly sparse in the
frequency domain. This chapter is dedicated to speech signals where we show that by exploiting the sparseness in
speech, we are able to compute a frequency domain acoustic feature up to ~ 6 times faster. The speedup however
comes at a price of up to 4% reduction in accuracy. This is why we do not make this feature a default in Auditeur.
Instead, we keep it as an option for applications that must process speech events at such a faster rate.

Due to limited processing capability, contemporary mobile devices cannot extract frequency domain acoustic
features in real-time on the device when the sampling rate is high. We propose a solution to this problem which exploits
the sparseness in speech to extract frequency domain acoustic features inside a mobile device in real-time, without
requiring any support from a remote server even when the sampling rate is as high as 44.1 KHz. We perform an
empirical study to quantify the sparseness in speech recorded on a smartphone and use it to obtain a highly accurate
and sparse approximation of a widely used feature of speech called the Mel-Frequency Cepstral Coefficients (MFCC)
efficiently. We name the new feature the sparse MFCC or SsMFCC, in short. We experimentally determine the trade-offs
between the approximation error and the expected speedup of SMFCC. We implement a simple spoken word recognition
application using both MFCC and sMFCC features, show that sMFCC is expected to be up to 5.84 times faster and its

accuracy is within 1.1% — 3.9% of that of MFCC, and determine the conditions under which SMFCC runs in real-time.

7.1 The Sparse MFCC Feature

All major mobile platforms these days support numerous voice driven applications such as — voice commands (e.g.

to launch an application or call some contact), voice-enabled search (e.g. Google’s voice search), voice recognizing

54
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personal assistant (e.g. iPhone’s SiRi), and voice-based biometrics. There are also non-voice sound driven applications,
such as the music matching service from Shazam [2]. All of these applications require fast acoustic feature extraction
both in time-domain and frequency-domain in order to offer fast, real-time services. While using only the time-domain
acoustic features is sufficient in a limited number of applications, the frequency-domain features are a must for a robust
and accurate encoding of acoustic signals.

State-of-the-art mobile applications and platforms that extract acoustic features are primarily of two kinds. The
first kind records the audio and sends it to a remote server over the Internet for further processing. This method has
several limitations such as the requirement for an uninterrupted Internet connectivity and high bandwidth, and the
associated expense of sending a large chunk of audio data over the cellular network. The second kind, on the other hand,
performs the entire signal processing task inside the phone. But the limitation of this approach is that in order for fast
and real-time feature extractions, they must limit the sampling rate to the minimum. For example — SpeakerSense [4]
and SoundSense [15] limit their maximum sampling rate to 8 KHz. Hence, the quality of sampled speech suffers
from the aliasing problem and the extracted features are often of low quality [91]. Although a sampling rate of 8 KHz
satisfies the Nyquist criteria for human speech (300 — 3300 Hz), practically the higher the sampling rate the better
it is in producing high quality samples. Furthermore, for non-speech acoustic analysis, a sampling rate of 44.1 KHz
is required to capture the range of frequencies in human hearing (20 — 20000 Hz). But the problem is — there is no
efficient algorithm that extracts frequency domain acoustic features inside the phone in real-time at such high sampling
rates.

In this chapter, we describe a novel solution to this problem which enables the extraction of frequency domain
acoustic features inside a mobile device in real-time, without requiring any support from a remote server even when
the sampling rate is as high as 44.1 KHz. We are inspired by a recent work [83, 84] coined sparse Fast Fourier
Transform (sFFT) — which is a probabilistic algorithm for obtaining the Fourier transformation of time-domain signals
that are sparse in the frequency domain. The algorithm is faster than the fastest Fourier transformation algorithm
under certain conditions. Our goal is to analyze the feasibility of applying the sFFT to extract a highly accurate and
sparse approximation of a widely used feature for speech, called the Mel-Frequency Cepstral Coefficients (MFCC) on a
mobile device. Besides speech recognition, MFCC features are widely used in many other problems such as speaker
identification [49], audio similarity measure [51], music information retrieval [50], and music genre classification.
However, we limit our scope to speech data only.

We perform an empirical study involving 10 participants (5 male and 5 female participants) where we collect more
than 350 utterances of speech per person, recorded at different sampling rates. In our study, we quantify the sparseness
of speech and show that human voice is suitable for applying sFFT to compute frequency domain acoustic features
efficiently. We analyze the sensitivity of sSFFT in approximating MFCC, and based on this, we design an algorithm to

efficiently extract MFCC features using the sFFT instead of the traditional FFT. We name this new feature the sparse
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MEFCC or sMFCC, in short. We experimentally determine the trade-offs between the approximation error and the
expected speedup of sSMFCC. As a proof of concept, we implement a simple spoken word recognition application using

both MFCC and sMFCC features and compare their accuracy and expected running time on our collected data.

The main contributions of this chapter are:

e A study on 10 smartphone users to quantify the sparseness of speech data recorded on a smartphone and to

analyze the feasibility of using sFFT for frequency domain feature extraction.

e We describe an efficient algorithm for computing a highly accurate and sparse approximation of MFCC features

which exploits the sparseness in speech.

e We implement a simple spoken word recognition application using both MFCC and sMFCC features, show that
sMFCC is expected to be upto 5.84 times faster and its accuracy is within 1.1% — 3.9% of that of MFCC, and

determine the conditions under which SMFCC runs in real-time.

7.2 Motivation

Mobile devices allow a fixed number of sampling rates to capture raw audio signals from the microphone. Ideally the
choice of an appropriate sampling rate should be driven by the application’s QoS requirements. But often the developers
are forced to choose a lower sampling rate than the desired one due to the limited processing power of the device. For
example, in general-purpose acoustic processing, a 44.1 KHz Nyquist sampling rate is required to capture the range of
frequencies in human hearing (20 — 20000 Hz). Even in speech processing problems, oversampling at 16 KHz helps
avoid aliasing, improves resolution and reduces noise [92]. But at higher sampling rates, the real-time performance
of the smartphone gets worse and the developers are forced to select the minimum rate compromising the quality of

sampled speech.
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Figure 7.1: The MFCC computation time is 2 — 4 times longer than the audio clip length when the sampling rate is high.
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Figure 7.1 compares the time to compute MFCC feature vectors from audio records of different durations at 3
different sampling rates. The experiment is done on a Nexus S smartphone running Android 2.3 that supports 8 KHz,
22.05 KHz, and 44.1 KHz sampling rates. We see that, the time to compute MFCC features is always longer than the
duration of the recorded audio when the sampling rate is higher than 8 KHz. For example, the computation of MFCC
vectors of a 4-second recording takes on average 7.02 s at 22.05 KHz, and 11.85 s at 44.1 KHz. Therefore, at these
higher rates, the application is not capable of real-time performance.

Our goal is therefore to investigate the problem: whether or not it is possible to compute MFCC feature vectors in
real-time on a smartphone when the data rate is high? In an attempt to answer this question, we study the nature of
human speech recorded on a smartphone. We hypothesize that the sparseness in speech can be exploited to compute a
close approximation of MFCC feature vectors on a smartphone in real-time. While the focus of this work is on speech,
an analysis of the general-purpose acoustic signals based on similar principles is under investigation and we leave it as

our future work.

7.3 The Sparse MFCC Algorithm

The idea of sparse MFCC algorithm is to compute a sparse approximation of MFCC features from a given frame of
discrete time-domain signals x,, of length n. The algorithm uses a modified version of sFFT as a subroutine. We denote
the new feature by sSMFCC to signify its relation to sFFT. Like the sFFT to FFT, sMFCC is an approximation to MFCC,

where the approximation error is defined by,
error(k) = 1 — MFCC - sMFCC (k) (7.1)

where, MFCC and sMFéC(k) are unit vectors, and their scalar product is subtracted from unity to obtain
the approximation error. SMFCC is expressed as a function of the sparseness parameter k, which is one of the key

parameters to the sFFT algorithm. The following two sections describe the SMFCC extraction algorithm in detail.

7.3.1 Estimation of Sparseness

Since the value of k is a key input to the sFFT algorithm and sFFT is used in our computation, the first step of sMFCC
algorithm is to find the optimum value of k, denoted by £*, for which the MFCC approximation error is within a small,
non-negative threshold 4, i.e.,

k¥ = min k (7.2)

error(k)< &
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In order to obtain k*, we first compute the MFCC using the standard FFT algorithm which runs in O(n logn). We
then perform an iterative O(n) search for k € [1, n] until we find the optimum £*. The computation of SMFCC(k), for
k € [1, n], is optimized by precomputation. We precompute the FFT, keep the FFT coefficients sorted in non-increasing
order, and take only the largest k coefficients while making other coefficients zero — while computing SMFCC(k).
Note that, this step of our algorithm does not use sFFT and runs in O(nlogn). The shape of the function error(k)
(Figure 7.4 in Section 7.5.2) however suggests that, instead of a linear search over all values of k, we could expedite the
process with a binary search. However, £ is estimated once per utterance, i.e. using the first 5 — 10 frames once voice

activity is detected, and hence the amortized cost of this step is not significant.

7.3.2 Computing SMFCC

Once we obtain the sparsity parameter k, we compute the sSMFCC for each frame in 3 steps which we describe next.
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Figure 7.2: The computational tasks involved in the sMFCC feature extraction process is shown.

Pre-processing: The time-domain signals are first passed through a high-pass pre-emphasis filter (Eq. 3) to amplify
the high-frequency formants that are suppressed in speech. We then segment the signals into frames of ~ 64 ms with an
overlap of 1/3 of the frame size. A hamming window (Eq. 4) is applied to each frame to ensure the continuity between

the first and last points which is required for FFT.
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MFCC: We modify the sFFT algorithm to fit into our algorithm. The sFFT algorithm tries to extract k Fourier
coefficients in log k iterations to guarantee the retrieval of all k£ coefficients. However, in our experience, sFFT returns
most (at least 75%) of the k coefficients in a single iteration. We, therefore, modify the sFFT by running it for only a

single iteration with a slightly larger sparseness parameter of & = min(n, [4k*/3]) to speed up the process. Once the



7.4 | Experimental Setup 59

Fourier coefficients are obtained, we follow the standard procedure of MFCC [47]. We apply 20 triangular band-pass
filters (called Mel-banking) to obtain 20 log energy terms, perform a DCT to compress them, and take the first 13
coefficients to constitute a 13-element sMFCC vector M.

Post-processing: The 13-element SMFCC vector is augmented to include the delta and double delta cepstrums to
add dynamic information into the feature vector, and thus we obtain a 39-element feature vector.The deltas A and

double deltas A? are computed using the following two equations,

Ay = Mo — Mo (7.5)

A? = Mys— M-y — Mg+ M;_5 (7.6)

?

7.4 Experimental Setup

We perform an empirical study involving 10 volunteers, in which, we record their speech using a smartphone in home
environments. Each participant was given a list of 86 English words and a paragraph from a book. The wordlist includes
10 digits, 26 characters of the English alphabet, 25 mono-syllable and 25 poly-syllable words. Participants were asked
to utter each word 4-times — clearly and at a regular pace. There were about a 2-second gap between two spoken words
so that we could extract and model each word separately. The group of participants is comprised of undergraduate and
graduate students, researchers, professionals, and their family members. Their ages are in the range of 20 — 60, and
they have diversities in speaking style and ethnicity. The smartphone we used during the data collection is a Nexus S
phone running Android 2.3.6 OS. It has a 1 GHz Cortex A8 processor, 512 MB RAM, 1 GB internal storage, and 13.31
GB USB storage. The execution time of MFCC is measured on the smartphone using Android’s API, and speedup of

SMFCC is the ratio of running times of MFCC and sMFCC.

7.5 Experimental Results

We conduct four sets of experiments. First, we quantify the sparseness of speech in our empirical dataset. Second, we
show the approximation error in sMFCC. Third, we establish the condition for speedup in sMFCC. Finally, we describe

a simple spoken word recognizer to quantify the cost and benefits of SMFCC over MFCC.

7.5.1 Sparseness in Speech

The sparseness of signal is defined by the number of negligible Fourier coefficients in its spectrum. A coefficient is
considered negligible if it contains a very small amount of signal power. Sparseness in audio signals depends on the

audio type. In this chapter, we study clean speech signals only.
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Figure 7.3: 98.07% of the Fourier coefficients in our dataset contains only 3% or less power.

Figure 7.3 shows the cumulative distribution function (CDF) of power in the Fourier spectrum of the utterances in
our dataset. To obtain this plot, we compute the FFT of all the utterances in our dataset, take the squared magnitude
of FFT to obtain the signal power, construct a 100-bin histogram where each bin corresponds to a range of powers,
compute the fraction of Fourier coefficients that are in each bin, and compute the CDF. Each point on the plot tells us,
what fraction of the signals has power less than or equal to the range corresponding to the X-coordinate. For example,
the marked point on the plot denotes that 98.07% of the Fourier coefficients in each utterance of our dataset contains
only 3% or less power. The rest 1.93% coefficients that are significant are permuted (see [83, 84] for the details) in the

frequency domain so that the spectrum becomes extremely sparse and ideal for the application of sFFT.

7.5.2 Sparse Approximation Error in sSMFCC

The quality of sSMFCC features depends on the choice of an appropriate k. The larger the value of &, the closer it is in

approximating MFCC. In this experiment, we analyze the sensitivity of £ to the MFCC approximation error.

Approximation
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Figure 7.4: The higher the value of k, the better approximation of MFCC we get.

Figure 7.4 shows the approximation error for the range of sparseness k/n € [0.00625, 0.125]. We consider this
range since it contains most of the significant Fourier coefficients and is also important for the discussion of speedup in
Section 7.5.3. Each point on the plot corresponds to the mean approximation error of SMFCC for a given k/n, where
the mean is taken over all 64 ms frames in all the utterances in our dataset. The frame size is n = 4096 samples, which

is the next power of 2 that holds a 64 ms frame at 44.1 KHz. This figure guides us in choosing the parameter k in our
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SMFCC computation algorithm if we want to keep the MFCC approximation error below a desired threshold. A very
close approximation (< 1% error) is possible by choosing k/n = 0.2 or higher. However, such close approximation
may not be required in an actual application which we will see in Section 7.5.4. The reason is that human speech being

sparse, even at a smaller k/n ratio, the absolute value of approximation error is not high.

7.5.3 Speedup in sMFCC

Sparseness in speech is the source of expected speedup in SFFT and hence in sSsMFCC as well. Figure 7.5 shows the
speedup in SMFCC for the range of sparseness k/n € [0.00625, 0.125]. We observe the maximum speedup of 5.84
when the sparsity parameter is at its minimum. As we consider more and more FFT coefficients while computing
SMFCC, the speedup decreases and after k/n = 6.769% the regular MFCC becomes faster than its sparse counterpart.
This limitation comes from the fundamental bound of sFFT, which says, sFFT is faster than FFT when k/n < 3% [84].
However, our modified version of sFFT is faster for the reason we discussed earlier in Section 7.3.2, and hence we have

a larger bound of 6.796%.
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Figure 7.5: SMFCC has a better running time than MFCC as long as the sparseness k/n < 6.769%.

7.5.4 A Simple Spoken Word Recognizer

The goal of this experiment is to analyze the tradeoff between the accuracy and expected speedup of sSMFCC features in
an application scenario. To do so, we implement a simple spoken word recognizer that is essentially a speech-to-text
program for a single word from a fixed vocabulary. We empirically determine the trade off between accuracy and
speedup for different values of k/n. The developer of the application should decide what k/n value to pick for his
application. For different applications, the most suitable value of k/n will be different, and needs to be chosen from a
similar trade off curve. The recognizer consists of two parts: a smartphone application and a word recognizer running
on a PC. The word recognizer running on a PC is for proof of concept, our envisioned use case is however to run it on

the phone.
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At first, the user turns on the application on the phone and presses the ‘speak now’ button. The smartphone then
starts sampling the microphone at 44.1 KHz and keeps producing speech frames until the user presses the ‘stop’ button.
Each frame goes through the MFCC feature extraction process which happens in real-time. Each spoken word produces
a number of frames, and a 39-element MFCC feature vector is obtained for each frame. We take the mean and the
standard deviation of each of the 39 MFCC coefficients over all frames to obtain a single 78-element feature vector
which is used in the classification step. The feature vectors are then sent to a PC for classification and further analysis.
The ground truth is obtained by taking notes manually. We train a Support Vector Machine (SVM) classifier in order to
recognize the words. A 3-fold cross validation is used to determine the accuracy of the classifier where 75% of each

user’s data is taken for training and the rest is used for validation.

Accuracy

We compare the accuracy of the sSMFCC-based SVM classifier with that of the MFCC-based one. The baseline MFCC-
based classifier is essentially a special case of sSMFCC-based one with a sparseness k/n = 1, and has a recognition
accuracy of 85.85%. Figure 7.6 compares the recognition accuracy of SMFCC-based classifier to the baseline for the
same range of k/n we have been using throughout the chapter. We observe that, the accuracy of SMFCC-based classifier
is initially 3.9% lower than the baseline, and the two accuracies becomes practically identical once k/n reaches 0.12.
However, from the discussion in Section 7.5.3 we know that, sSMFCC runs faster than MFCC only when the k/n ratio is
within the 6.679% bound. For this boundary case, sSMFCC shows an accuracy of 84.75%, which is only 1.1% lower
than the baseline. In summary, with sMFCC-based classifier for our simple word recognition problem, we can achieve a

faster running time than the baseline with a very small (1.1%-3.9%) sacrifice in recognition accuracy.
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Figure 7.6: The recognition accuracy of sMFCC-based classifier is within 1.1% — 3.9% of the MFCC-based one inside
the speedup zone.
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Computation Time

The MFCC feature extraction process runs once per spoken word. Hence, the execution time depends on the duration of
the spoken word which varies from person-to-person and from word-to-word. In our dataset, the duration of speech
ranges from the minimum of 400 ms to the maximum of 2.88 s. We, therefore, compute the expected feature extraction

time E[¢ feqt(d;)] using the following equation,

Elfeat(di)] =Y fi X brear(d:) a7

where, d; is the duration of speech, f; is the frequency of utterances with duration d;, and ¢ y.q.(d;) is the feature

extraction time (either MFCC or sMFCC).
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Figure 7.7: The SMFCC feature extraction algorithm runs in real-time as long as k/n < 4.835%.

Figure 7.7 shows the mean speech duration and the expected computation times of MFCC and sMFCC feature
extraction process. We see that, the expected MFCC computation time is 4.21 s, which is about 2 times higher than
the duration of speech (2.11 s). On the other hand, the expected computation time for sMFCC varies with k/n: it
increases as k/n increases, is lower than the duration of speech as long as k/n < 4.835%, and crosses the MFCC
computation time when k/n reaches the speedup limit of 6.679%. Hence, applications that require fast and real-time
feature extraction should set the k parameter such that k/n is below the real-time limit of 4.835%. At this limit, the
accuracy of the sMFCC-based word recognizer is 83.97%, which is only 1.88% lower than the accuracy of the baseline

MFCC-based classifier.
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Discussion

7.6 Summary

This chapter describes a novel technique which exploits the sparseness in speech signals to speedup the computation of
MFCC features on a mobile device. This technique is beneficial when an application must sample speech signal at a
very high rate (44.1 KHz or more), and requires a real-time performance. We name this new feature sparse MFCC or
SMFCC, in short. Computation of SMFCC is up to = 6 times faster than MFCC features, but this speedup comes with a
cost of 1.1% — 3.9% reduction in accuracy. In Auditeur, we include SMFCC as an optional feature, which a developer
may choose to use only if the application must sample the microphone at 44.1 KHz or more and the speedup is more

concerning than the accuracy of event detection.



Chapter 8

Mobile-Cloud Communication Efficiency

Auditeur performs on-device acoustic event detection in real-time as opposed to sending audio data to the cloud over
the Internet. This makes acoustic event detection up to 441% more energy efficient and 13.86% more accurate when
compared to in-cloud classification, as shown in Chapter 6. However, acoustic event detection may not be the only
purpose of a mobile application. An application may be using Auditeur to detect acoustic events locally (on device), but
at the same time it may be constantly using the Internet to communicate with several web services for other tasks. For
example, [93] is a mobile application that characterizes the ambiance of a local business (e.g. noise, chatter, music
level of a restaurant) while a user checks-in to a place on his social networking application. This application performs
audio classification on-device but communicates to the application server of the social networking application over
the Internet. Musical-Heart [12] is another application that detects heartbeats from acoustic signals on-device, but
communicates to a remote server to get recommendations on next songs to play. With Auditeur, we envision many such
applications where audio sensing and classification may be one of many modalities of sensing and context inference.
For these types of applications, MultiNets provides a way to achieve mobile-cloud communication efficiency, which is

the topic of this chapter.

In this chapter we present MultiNets, a service which is capable of dynamically switching wireless network interfaces
on mobile devices. MultiNets is motivated by the need of mobile platforms to save energy, offload data traffic, and
achieve higher throughput. We describe the architecture of MultiNets and demonstrate the methodology to perform
wireless network interface switching in Linux based mobile OSes such as Android. Our analysis on mobile data traces
collected from real users shows that with dynamic switching we can save 27.4% of the energy, offload 79.82% of the
data traffic, and achieve 7 times more throughput on average. We deploy MultiNets in a real world scenario and our
experimental results show that depending on the user requirements, it outperforms the state-of-the-art Android system

either by saving up to 33.75% energy, or achieving near-optimal offloading, or achieving near-optimal throughput while

65
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substantially reducing TCP interruptions due to switching.

8.1 The MultiNets Engine

Cellular networks today provide nationwide coverage in several countries all over the globe. The proliferation in mobile
applications like mobile TV, video on demand, video conferencing, tele-medicine, and numerous location based services
is attracting an increasing number of consumers. However, the challenges to effective use of mobile networks remain
manifold. Firstly, the mobile data traffic is soaring at a high rate. A recent study forecasts that global mobile data
traffic will increase by 39 times with a compound annual growth rate of 108% over the next five years [94]. Secondly,
the usable battery lifetime of mobile devices has become alarmingly low with feature packed mechanisms like touch
screens and accurate positioning system. Thirdly, modern mobile applications typically require high throughput and/or
fast response time which are difficult to deliver with scarce cellular bandwidth and expensive spectrum.

Contemporary mobile devices come equipped with wireless network interfaces such as WiFi. This offers an attractive
proposition to alleviate the staggering increase in data traffic over cellular networks owing to high bandwidth and low
cost (or, often no cost) offered by WiFi networks. Although, the spatial coverage of WiFi is not comparable to the
cellular networks due to short coverage range of the WLAN technology, the availability of WiFi is becoming more
pervasive in houses, offices, campuses, stores, coffee shops, and even many public transport systems — locations where
most mobile users tend to spend most of their time.

The state-of-the-art devices tend to leave the choice of selecting the network to the end-user, which we argue is not
only inefficient, but also undesirable in terms of usability. A user should instead be able to decide the high level goal
and the device should switch to suitable interface to achieve that intent. By real-time switching, we mean activating a
new network interface and deactivating the current one — dynamically and without interrupting existing connections.!
Multifold benefits can be realized by switching in real-time. For example, battery life is prolonged if the device stays
over the cellular network during its idle time and switches to WiFi during its data activity. An end-user who is concerned
about the battery life can set the device to energy-saving mode, and the device can monitor the user’s activity and
perform the switching when appropriate. Similarly, by switching to the network that has the highest bandwidth, the
mobile device can provide a better user experience with faster data rates. Switching is also a solution to the skyrocketing
data problem faced by the mobile operators who want to offload data traffic to WiFi network to conserve cellular
bandwidth.

Switching from one network interface to the other is challenging due to the connection-oriented nature of the
ongoing data sessions. Unless properly dealt with, switching between interfaces results in interruptions, loss of

data, and undesirable user experience. Existing works that attempt to solve this problem either require additional

! Real-time, in this context, stands for switching interfaces in real-time as opposed to meeting any deadline.
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infrastructure supports such as gateways [95, 36, 96, 97, 37, 98] and masters [39], or require changes in the network
protocols [31, 32, 33, 34, 35], and thus are not practical since modification to infrastructure tends to be extremely
expensive and modification to a standard network protocols is not a compatible pathway with regard to existing and
deployed systems and applications.

In this chapter we present MultiNets, a pragmatic client-based solution, which does not require any changes to the
network protocols, and enables existing applications to run transparently without any modification. MultiNets is able
to switch between cellular and WiFi interfaces in real-time and makes switching decisions based on one of its three
interface selection policies: energy saving, data offloading, and performance. These policies address three crucial needs
of a mobile device in being able to conserve battery power, offload data to WiFi, and increase throughput, respectively.
A user of mobile device equipped with MultiNets can select one of these high-level policies and MultiNets performs
switching accordingly. We note that, the authors in [18] characterize TCP flows on iPhones to analyze the feasibility of
flow migration between interfaces. In contrast to our work, they do not consider issues such as the policies determining
when to switch, or rigorously quantify different benefits that are achieved by switching.

We have implemented MultiNets on Android-based mobile devices. However, the design and principles of MultiNets
are general enough to be adopted in any other mobile OSes. Like all state-of-the-art mobile OSes, Android does not
perform dynamic switching. Access to network interfaces in Android is exclusive, i.e., either the cellular or the WiFi is
active at a time. The cellular network is the default network and is assumed to always be present. On the other hand,
WiFi has to be manually turned on, and typically the user is prompted to select WiFi when it is available. A limitation
of Android is that switching is not seamless i.e., all the TCP connections are bound to be interrupted. Furthermore,
when the device is connected to WiFi, switching back to the cellular network can only be done by manually turning
off the WiFi connectivity. In MultiNets, we obviate this exclusive network access and make it possible to keep both
the interfaces on simultaneously for seamless and non-disruptive switching. In addition, this feature can be used to
simultaneously access multiple network interfaces by the applications that are developed on top of MultiNets.

We perform extensive experiments to evaluate various aspects of MultiNets. First, we measure the system overhead
and switching time between cellular and WiFi. Second, we analyze our collected data traces from real mobile phone
users and quantify the benefits of each of the three policies separately. Finally, we demonstrate the performance of our
system in a real-world scenario.

The rest of this chapter is structured as follows. Section 8.2 presents an empirical study and describes the switching

algorithm. Section 8.4 presents in detail how MultiNets is implemented. Section 8.5 shows performance results.

This chapter makes the following contributions:

* We conduct a three months long empirical study and summarize the TCP characteristics in Android smartphones,

complementing a similar study with iPhone users in [17, 18]. We devise a switching technique which is
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client-based, transparent to applications, and does not require any protocol changes.

* We design and implement three switching policies. Our analysis on usage data collected from real mobile device
users shows that with switching, we can save 27.4% of the energy, offload 79.82% data traffic, or achieve 7 times

more throughput on average.

e We present MultiNets, which is to the best of our knowledge, the first complete system of this kind and
demonstrate its performance in a real-world scenario. MultiNets outperforms the state-of-the-art Android system
either by saving up to 33.75% energy, or achieving near-optimal offloading, or achieving near-optimal throughput

while substantially reducing TCP interruptions due to switching.

8.2 Switching Network Interfaces

In this section, we describe the problem of seamlessly switching interfaces, and provide a solution to this problem based

on our study on the characteristics of data flows in Android devices.

8.2.1 The Network Interface Switching Problem

Switching from one wireless interface to another is not as trivial as it may appear to be at first. Simply turning on one
interface and turning off the other does not work as it results in interruptions, partially loaded web pages, loss of data,
annoying error messages and user dissatisfaction in general. It is rather a challenging problem to fransfer connection
oriented data traffic from one interface to another under the constraints of no user interventions, no interruptions, no

changes of network protocols and requiring no extra support from the existing network infrastructure.
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Figure 8.1: A phone is trying to switch TCP sessions from 3G(I P;) to WiFi(I ).

Figure 8.1 illustrates this problem briefly. An end host, having two interfaces (I P, and IP,) creates a TCP

connection at it’s port A with the remote server’s (I P3) port B. The connection is uniquely identified by the pair
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(IP,/A,IP;/B). We now analyze what happens if the host decides to turn off its interface, I P; and wants to continue
the communication over I P,. By changing the routes of all outgoing packets, the host may be able to send the next data
packets using I P», but these packets will not be recognized as belonging to the same session at the server, as to the
server, I P; and I P, appear as two different hosts. If we change the packet headers at the host to carry I P, as their
sources even if they are sent using I P, the packets will be either dropped at I P»’s network or even if they get to the

server, the ACKs will not reach the host as the server will send ACK to I P; which is closed.

8.2.2 Potential for Switching Interfaces

A client based solution that deals with this problem has to wait for all ongoing sessions over the first interface to finish,
before it turns off the interface and activates the other one in order to prevent any interruptions. This waiting time can
be theoretically infinite, but in practice, it depends on the usage of the mobile device and the characteristics of the
applications that are running. To understand the type of data flows in mobile devices, we conduct a 3-months long
experiment to collect the usage data from 13 Android device users. These users are of different ages, demography, sex,
and used a variety of applications. The results are therefore not homogeneous, rather highly diverse as evident later
in Figures 8.15, 8.16, and 8.17. The results are also consistent with a 3-months long study involving 27 iPhone users
in[17, 18].

In our study, the users used a total of 221 applications, and 35 of these applications require Internet connectivity.
We analyze the collected data traces of these 35 applications and study the characteristics of the TCP sessions. We
study TCP since our earlier work shows that almost all (99.7%) mobile traffic is TCP [17]. From this log, we try to
answer three questions: (1) how many concurrent TCP sessions are there at any instant of time within a mobile device?
(2) what are the durations of these sessions? and (3) how much activities are there over these sessions? Answers to
these questions are crucial since if we see that there are a large number of TCP sessions having long durations and high

data activities, it is not worthy to wait for them and not wise to close them.
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Figure 8.2: A steep rise in CDF in between 1 — 3 indicates that the mean concurrency lies in that interval.
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Figure 8.3: Applications with high concurrency tend to have most of their sessions with a lifetime of < 15 sec.

Figure 8.2 shows the cumulative distribution functions (CDF) of concurrent TCP sessions of the most popular 7
applications in the order of their usages. This is averaged over 10-minutes time windows of all users. This figure has to
be studied in conjunction with Figure 8.3 which classifies these sessions into five classes based on their durations. In
Figure 8.2, we observe that the concurrency of the TCP sessions has a steep rise in between 1 — 3. This means that the
average value (~ 2) lies in this region. Therefore, turning off the interface at any time may interrupt about 2 sessions on
average, assuming that only one application is active at a time. In case of multi-tasking mobile devices, the number of
interruptions is not much higher. Applications like Browser and Twitter seem to show high concurrency (of maximum
10-11), but Figure 8.3 shows that about 80% of their sessions have lifetime < 15 seconds. For these applications, we
may on average have to wait for 15 seconds before switching to the other interface. Applications like Email, Maps,
and T-Mobile’s MyAccount have very high percentage of long lasting sessions (> 120 seconds) which may seem a
barrier to waiting for them to finish. However, the number of such long TCP sessions are very small (about 1), and with
these TCP sessions, the applications keep themselves connected to a specific server (e.g., in case of Google Maps, it is

74.125.45.100) for the entire lifetime, and that explains why they are so long.
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Figure 8.4: Data activity in long sessions are not continuous, rather they have an average burst length of ~ 3 sec.

We conduct further investigation to examine the data activities in these long sessions. Figure 8.4 shows the presence
of data activity of the longest lasting TCP sessions of each of these applications for a randomly selected user for the

first 100 seconds as an example. This shows that, the data activities over these longest TCP sessions are not continuous,
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but rather sporadic. Averaged over all usages we see an average of 3 seconds data activity between any two gaps
over these sessions. This indicates that we may have to wait on average about 3 seconds for these applications before
switching to a new interface to prevent any data loss. Although this technique will cause that TCP session to terminate,
luckily, mobile applications are written keeping in mind of the sudden loss of network connectivity. Therefore, in such
cases, when we switch to a new interface, the application considers it as a loss of connectivity and re-establishes the

connection with the server. We empirically observed this in all 35 applications.

8.2.3 Summary of Findings
The characteristics of TCP sessions in mobile devices are summarized as follows:

* Average lifetime of TCP sessions is ~ 2 seconds.
* Average concurrency of these sessions is < 2.
* TCP activities are in bursts of average ~ 3 seconds.

* There exists some sessions that are alive during the entire lifetime of the application, keeping the application

connected to its server. Disconnections of such sessions are automatically reestablished by the application.

8.3 Switching in MultiNets

MultiNets handles connectionless and connection-oriented sessions separately during the switching. UDP and TCP
are the dominant transport protocols that we have observed in Android, and therefore we use them in this section for

illustration.

8.3.1 Connectionless Sessions

Connectionless sessions (e.g., UDP) are rare: less than 0.3% traffic amount. They are easier to switch. UDP applications
communicate using DatagramSocket and each connection is bound to a port and assigned an IP address of an
available interface by the OS. To switch network interface, MultiNets first turns on the new interface and removes the
default route over the old interface. We have found that doing so does not affect the functionality of DatagramSocket:
the out-bound traffic is sent with the IP of the new interface, while the in-bound traffic is received at the old interface.
MultiNets then turns off the old interface, which initially incurs some packet loss of the in-bound traffic, but we have

observed that, in most cases, this is handled by the application layer.
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8.3.2 Connection-Oriented Sessions

Connection-oriented sessions are mostly TCP, comprising of about 99.7%. These are trickier to switch as explained

earlier. MultiNets performs the following steps for switching these sessions:

Step 1: MultiNets counts the number of ongoing TCP connections on the old interface. We should not harm these

connections. We exclude the sessions that have gone past the ESTABLISHED state during the counting.

Step 2: If the count is non zero, MultiNets adds new routing table entries for all these connections explicitly
specifying the destination address, gateway and mask fields for the old interface. This is to ensure that the ongoing TCP

sessions still remain in the old interface.

Step 3: MultiNets now brings up the new interface and adds routing table entries for it including the default route
and removes the default route of the old interface from the routing table. Any new connections start using the new

interface from now on.

Step 4: MultiNets waits for the ongoing TCP sessions over the old interface to finish or until a timeout (determined
experimentally) — whichever happens first. Finally, it tears down the old interface completely and the system moves on

to the new interface.

The users of MultiNets have to configure the WiFi network by providing the authentication information only once.
After that, MultiNets switches the interfaces dynamically without requiring any manual intervention. The proposed
switching solution in MultiNets is fully client based — it does not require additional support from the access points
or gateways. Furthermore, MultiNets does not require any modification to the network protocols. It only reads the
transport information and adds or removes routing table entries to perform a switch. This is why, existing applications
run transparently on MultiNets without any change. There is a possibility that during the Step 4 of the switching, a very
long TCP session may get interrupted due to timeout. We empirically derive that, a timeout value of 30 seconds or more
makes this interruption a rare phenomena. We notice that the proposed switching technique may also be applicable to
other applications, e.g., Alperovich and Noble [99] propose a similar technique to switch among homogeneous WiFi

access points, which is quite different from MultiNets.

8.3.3 Switching API

MultiNets uses the API shown in Figure 8.5 to switch to a new interface. The method switchInterface () takes
the name of the interface as an argument and returns either success or failure. Upon failure, it throws an exception

explaining the reason of failure.
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1 SwitchingManager mgr = new SwitchingManager(getSystemService(”SwitchingService”));
2 try{

3 if (mgr.switchInterface(mgr.MOBILE) == true) {

4 // Success. New sessions start over 3G now
5

6

}

} catch(SwitchingException ex) { ex.printStackTrace(); }

Figure 8.5: Using switchInterface() method.

8.4 Design and Implementation

The design of MultiNets is modular, consisting of three principal components — Switching Engine, Monitoring Engine,
and Selection Policy as shown in Figure 8.6. These components isolate the mechanism, policy and monitoring tasks of

the system, and allow extending their capabilities without requiring any changes to the architecture.
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Figure 8.6: MultiNets Architecture.

8.4.1 The Switching Engine

The Switching Engine performs the switching between cellular and WiFi. It maintains an internal state machine to keep
track of the connectivity status. It also has a Switching Utility module that performs some low level tasks related to

switching. The Switching Core coordinates these two.
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The State Machine

Figure 8.7 shows the state diagram together with all the states and transitions. The system remains at NoConnectivity
state (Sp) when neither cellular nor WiFi is available, and keeps seeking for a network to connect to. The states
ConnectedToCellular (S1) and ConnectedToWiFi (Ss) are similar. At these states, the device uses only one wireless
interface and periodically checks with the Selection Policy (see Section 8.4.3) to see if a switch is needed. The states
SwitchingToWiFi (S3) and SwitchingToCellular (S4) are the transition states. Both of the interfaces are active during
these states, but only the new connections start over the new interface while existing sessions still remain in the previous
interface. The engine stays at these states as long as the old interface has active TCP sessions or until a timeout. Under
normal circumstances, the system moves around within the states {51, S, S3, S4} circularly. To cope with any loss of
connectivity, the system makes some transitions shown in dotted arrows. A loss of WiFi connectivity at S takes the

system to Ss, but it immediately starts switching back to cellular upon detecting such a disconnection.
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Figure 8.7: MultiNets State Diagram.

The Switching Utility

The Switching Utility provides the utility methods to perform the switching. It includes the following tasks — counting
the ongoing TCP sessions over a specific network interface, updating the routing table to keep the existing TCP sessions
over a specific interface, adding and deleting default routes of the network interfaces, and connecting, re-connecting or

tearing down interfaces. These methods are called by the core switching module to perform a switch.

8.4.2 The Monitoring Engine

The Monitoring Engine is responsible for monitoring all the necessary phenomena pertaining to switching. It contains
several different monitors, each of which observes one or more system variables, and holds the latest values of those

variables. We have implemented 4 monitors — (i) Data Monitor: Monitors the amount of transmitted and received data
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over WiFi and cellular interfaces in bytes and packets since the interface is turned on, (ii) Wireless Monitor: Monitors
the connectivity status, signal strengths, and information of access points, (iii) Network Flow Monitor: Monitors the
number and state of all TCP and UDP sessions, routing information from the routing table, and (iv) Power Monitor:
Monitors the state of the battery and its voltage, current, and capacity. All these monitors are singleton and are created
in an on-demand basis. They have a common interface to answer to all the queries. The query and its response form a
< key, value > pair. The Selection Policy component (see Section 8.4.3) issues these queries. The modular design of
the monitors and a common interface to talk to them allow us to add new monitors into the system and to extend the

capability of the existing monitors easily.

8.4.3 The Selection Policy

The Selection Policy defines the policy for interface switching. By separating the policies from the rest of the system,
we are able to add new policies or modify the existing ones without requiring any change to the other parts of the
system. For example, one of our policies is based on the fact that WiFi is much faster than the cellular network. But in
future, this situation may change and cellular data connectivity may outperform WiFi and thereby requiring a change in
current policy or adding a new policy that leverages that. Currently, we have developed and implemented three policies
which are described next. Only one of these policies is active at a time. The user of MultiNets determines which policy

is to be used.

Energy Saving Policy

The aim of this policy is to minimize the power consumption. We describe an optimum energy saving algorithm in
Appendix A which assumes that we have the knowledge of future data traffic. For a realistic setup, we propose a
switching heuristic, which is inspired by our energy measurements. According to this policy, the mobile device connects
to the cellular network when it is idle, and starts to count the number of bytes sent over the cellular network after the
user launches an application. As soon as the total amount of data over the cellular network exceeds a threshold 7, the
device decides to switch to WiFi. The mobile device switches back to the cellular network once the WiFi network is
idle for ¢ seconds. We empirically derive the best 7 and { values in Section 8.8.1. This policy levarages one fact that the
idle power of WiFi is much higher than that of cellular. Techniques such as [100, 101] may save some part of the energy
that is consumed for scanning WiFi APs— which accounts for about 40% of the idle energy. But even after applying
such techniques, WiFi’s idle power remains more than 50 times higher. Hence, switching interfaces dynamically is a

better option to save energy.
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Offload Policy

The aim of this policy is to offload cellular data traffic to any available WiFi network. According to this policy, whenever
WiFi is available, we switch to WiFi. We only switch back to the cellular network when WiFi’s signal strength is
dropping below a threshold n dBm. The advantage of this policy is to reduce data traffic on cellular networks. But the
downside is that, if the network is not being used, only to keep the WiFi interface idle is more expensive in terms of

energy.

Performance Policy

The aim of this policy is to maximize the network throughput. It achieves this by switching to the interface with the
highest bandwidth. Let, By (s) and B¢ (s) be the bandwidth functions for WiFi and cellular networks respectively
where s denotes the signal strength, which is read via Android system API. We empirically derive the bandwidth
functions By (s) and B¢ (s) in Section 8.8.3 through extensive experiments. The performance policy compares the

values of these two functions every § seconds, and switches to the network interface with the higher bandwidth.

8.4.4 Layered Implementation

We have closely studied the software architecture of the data connectivity in Android. Like Android, the implementation
of MultiNets is layered. Classes and methods of our system that are similar to those of Android are implemented at the
same layer. Yet, our system is vertically distinguishable from Android as shown in Figure 8.8.

At the bottom of the architecture, we have the unmodified Linux Kernel. Right above the Kernel, we have a layer of
native C/C++ modules that perform the lower level tasks of file I/O to get all the information used by the Monitors
and some socket I/O to add, remove or update routing table entries. We improve the implementation of Android’s
ifcutil.c, route.c,and netstat . c by adding these non-existing modules and put them into our own module
swi_utils.c. Butno changes are made into the network protocols. These modules are wrapped by JNI and are called
from the Internal Classes layer. The Switching Service, Monitoring Service and Selection Policy are implemented as
system services at the Internal Classes layer. These services are created during the device start-up and they run as long
as the device is running. We have modified the Android’s System Server to start these services when the device starts.

All the changes are done by adding 209 lines of C/C++ code and 650 lines of Java code to Android (Eclair 2.1).

8.4.5 The Switching API

We provide API to configure and control the Switching Engine which is described in Table 8.1. We use this API to
extend Android’s built in wireless control settings application so that the Switching Engine can be stopped, restarted

and configured to run in different modes from the application layer. When the engine is stopped, this API can also
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Figure 8.8: Layered Implementation of MultiNets.
Method Description
getInfo Returns the status, state and current policy.

activateEngine | Activates or deactivates the engine.

setPolicy Sets the current Selection Policy.

switchInterface | Request to switch to a particular interface.

uselnterface Request to use a specific interface.

Table 8.1: Description of SwitchingManager APIL.

be used by the application programmers to switch interfaces, send a specific flow using a specific interface, or to use

multiple interfaces simultaneously.

Two of the methods in the API are very useful from the application programmers’ point of view. The first one is, the
switchInterface () method, which allows the programmers to switch interface when needed. This is useful for
those kinds of applications that need to send sensitive data (e.g. user credentials) over the cellular network, but for all
other purposes prefer to be on WiFi. Another important method is, the useInterface () method. It is useful to
send or receive data using a specific interface for a specific connection. Note that, it does not switch the interface, rather
if the preferred network is available, it sends the data using that interface for the specified connection only. With this

method, an application can use multiple interfaces simultaneously.
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1 SwitchingManager mgr = new SwitchingManager(getSystemService(”"SM”));
2 String ip = "12.71.54.184”; int portl = 5050, port2 = 5051;

3 InetAddress addr = InetAddress.getByName(ip);

4 try{

5 if (mgr.uselnterface(addr, mgr.MOBILE)){

6 Socket ms = new Socket(ip, portl);

7 // transfer sensitive data over secured cellular network.
8}

9 if (mgr.uselnterface(addr, mgr. WIFI)){

10 Socket ws = new Socket(ip, port2);

11 // transfer less sensitive data over public WiFi.

12
13} catch(SwitchingException ex){ ex.printStackTrace(); }

Figure 8.9: Using uselnterface() method.

Figure 8.9 shows an example usage of this method. Both of these methods are requests to the switching system. The

requests may fail if the application does not have proper permissions or the Switching Engine is currently running.

8.5 Experimental Setup

Our evaluation consists of three sets of experiments. First, we measure the system overhead (Section 8.6) and switching
time overhead (Section 8.7) to determine the system parameters, and energy consumption of WiFi and 3G interfaces
(Section 8.7.1). These data that are used in the later experiments. Second, we discuss a set of experiments (Section 8.8)
that are trace based, where we apply the three policies on the 3 month long collected data traces to demonstrate the

benefits of switching. Third, we demonstrate the performance of MultiNets in a real world scenario (Section 8.9).

8.5.1 Hardware Setup

All experiments are performed on multiple Android Developer Phones 2 (ADP2) [102]. The mobile devices are running
MultiNets which is developed on top of Android OS (Eclair 2.1-update 1). The devices are 3G-enabled T-Mobile phones
that use 3G, EDGE, GPRS and WiFi 802.11 b/g connectivity and are equipped with an 528 MHz ARM processor, 512

MB flash memory, 192 MB RAM, and 1 GB microSD card.

8.5.2 Software Setup

We have used benchmarks, data traces from real users, and real usage of our system as our workloads. We have used
a number of benchmarks that are available in the market, such that they as a whole exercise different aspects of the
system. Although these benchmarks are useful to evaluate the overhead of the system, we find none of them useful for

evaluating the performance of the connectivity of the phone. Driven by this need, we have developed a data logger that
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is capable of logging various important information of the running applications within the phone periodically and send
it to a remote server. 13 volunteers from our research lab, including research scientists, graduate students, faculty, and
staffs of age group 25 to 35, were equipped with these phones with our data logger and they carried around the phones
to wherever they wanted and used them for both voice and data connectivity for 90 days. The information that we
collect from these logs include the names and types of the applications, the frequency and the duration of their usage,
and the data usage information for each wireless interface for each user. For each of these applications, we have the
total number of bytes and packets transmitted and received over cellular and WiFi. We modified the Linux’s net stat
tool for Android to get the information about all the TCP and UDP sessions, which include IP addresses, ports, start
time, and durations.

We then implement a traffic generator to reproduce the data sessions. The traffic generator replays the exact same
sessions as that are in the log except for that they are now using different server IPs which are situated in our lab instead
of the original ones. We load the information about all the sessions into the traffic generator running on the phone and

start a process that replays those sessions.

8.6 System Overhead

The Switching Engine starts several background system services at the device startup. Running such system services
may add additional overhead to the system. The goal of this experiment is to derive a minimal sleeping interval for the
monitoring services so that their overhead is reasonable. We run a set of benchmarks on the device, with and without
the Switching Engine and compare the two scores. None of these benchmarks use any data connectivity and, hence, no
switching happens during this experiment. The overhead is due to the engine’s continuously monitoring and checking
for an opportunity to switch only. We use seven sets of benchmarks that are available in Android Market that has been

downloaded 10, 000 to 50, 000 times. Table 8.2 describes the benchmarks.

Benchmark | Description

Linpack Solves dense NxN system of linear equations.
Fps2d Measures 2D graphics frames per second.
CMark Measurements performance of java programs involving

prime generation, loop, logic, method, and floats.

Graphics |Draws opacity and transparent bitmaps.

Cpu CPU performance of MWIPS, MFLOPS, and
VAX MIPS (SP and DP).

Mem Memory copy operation.

File File create, write, read, and delete.

Table 8.2: Description of the benchmarks.
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Figure 8.10: A monitoring interval of 5 sec or more keeps the overhead below 5%.

Figure 8.10 shows the benchmark scores of the device for running the Switching Engine at 10, 5, and 1 seconds
sleeping intervals. The scores are normalized to the scores achieved by a phone running original Android. We see
that the more the sleeping interval, the smaller the overhead and the closer the score is to that of without running the
engine. But if this interval is large, the responsiveness of the engine becomes lazy. We therefore run the engine in 5
seconds interval which keeps the overhead below 5% and at the same time the responsiveness is also good. Note that,
this overhead is due to the polling style implementation of the monitoring engine and is not an inherent problem of the

switching technique itself. A more efficient implementation of the engine is left as our future work.

Lines of code | Added | Modified
C/C++ 209 0
Java 642 8

Table 8.3: Lines of code.

8.7 Switching Time

The switching time is the duration between the instant when the engine decides to switch and the instant when it
completely connects to the new interface and disconnects the old one.

Figure 8.11 illustrates an example of switching. In this scenario, we start sending data over the 3G, and switch to
WiFi when the data rate over 3G exceeds 16 KBps, and switch back to 3G when the WiFi is idle for the last 30 seconds.
The timeout for all ongoing TCP sessions over the old interface is set to 20 seconds. The parameters chosen for this
experiment are for the demonstration purpose only, they are not set for optimizing anything. The top figure shows the
data rate over 3G and the bottom one shows the same for WiFi. We start using 3G for browsing various web pages
at tg. At t;, when the Monitoring Engine detects that the threshold of 16 KBps is exceeded, the Switching Engine
decides to switch to WiFi. It turns on the WiFi connectivity and guides all new sessions to start over WiFi while keeping
old sessions active over 3G. This continues till £2, when the timeout occurs and all existing TCPs over 3G are closed.

The duration of [¢1, t2], is the switching time during when both the interfaces have one or more active TCP sessions.
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Figure 8.11: Both interfaces are active during the switching times [t1, t2] and [t4, t5].

After to, the phone is connected to WiFi only and continues at this state until it discovers at ¢4 that it has been idle
since t3 = t4 — 30s. At ¢4, the engine again initiates a switching from WiFi to 3G. Since this time we do not have any

ongoing TCP over WiFi, the switching to 3G happens almost immediately at ts.

Type |Switching time (msec)
3G to WiFi 1212
WiFi to 3G 196

Table 8.4: Minimum time to switch to WiFi is 6 times higher than switching to 3G.

Table 8.4 shows the measured switching time overhead. In this case, we do not send or receive any data over any
interface. Switching to WiFi takes about 1 second more than switching to 3G. This is because, connecting to WiFi goes
through a number of steps involving scanning for access points, associating with one of them, handshaking and a dhcp

request, which are not required for 3G.

Figure 8.11 reveals that the timeout (20 secs) is the principal component that determines the switching time. To
prevent TCP interruptions, we should set the timeout to infinity. But doing so would increase the energy consumption
as both interfaces are on during the transition time. Hence, we conduct several experiments to quantify the trade off

between switching time and number of interrupted TCP sessions.
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Figure 8.12: Timeout value of 30 sec or more makes the switching time ~ 15 sec, and keeps the TCP disconnections
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Figure 8.12(left) shows the switching time in presence of data activity for different timeout values. We see that
the switching times are closer to the corresponding timeouts for values < 5 seconds. As most of the TCP sessions
are short-lived and they finish in 10 — 15 seconds, towards the right of the figure this difference is higher. There are
still some sessions that remain till the end of timeout even for values > 30 seconds, but they are small in number.
Figure 8.12(right) plots the number of TCP sessions that gets disconnected against varying timeouts. We see that this
number becomes less than 1 after 15 seconds and continues to get lower with increasing values. These long sessions
are the ones that the applications use to communicate with their servers and any interruptions of these automatically
initiate new connections with the server, and hence there are no visual interruptions for this. Yet, we set the timeout to

60 seconds to reduce the number TCP disconnections and maintain an average switching time of 15 seconds.

8.7.1 Energy Measurements

We used a high precision digital multimeter [103] to obtain fine-grained energy measurements once every 1 msec as
shown in Figure 8.13. To measure the power drawn by the battery, we opened the battery case to place a 0.1 ohm
resistor in series with the battery. The voltage drop across the resistor was used to get the battery current, and this
current and the input voltage to the phone were used to calculate the energy consumption. The battery charger was
disconnected to eliminate interference from the charging circuitry during this measurement.

Figure 8.14 shows the average energy consumption for both downloading and uploading of 4 KB to 4 MB data
over 3G and WiFi networks. Our experiments were performed using a remote server running Linux 2.6.28 with a static
IP address located in our lab. We repeated the experiment ten times for each data size and averaged the results. The
standard deviation for all these measurements is less than 5%.

For all experiments, we configured the smartphone screen brightness to minimum. We measured the average idle
power consumed by the 3G and WiFi network interfaces and found them to be 295.85 mW in case of WiFi and 3.11

mW in case of 3G. In addition, the average energy costs of turning on WiFi and 3G interfaces are 7.19 J and 13.13 J,
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Figure 8.13: The digital multimeter, an open battery used for energy measurements, and a sample output graph is
shown.
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Figure 8.14: Energy consumption during data activity is higher for 3G than WiFi, and uploading is more costly than
download.

respectively. We subtract these numbers during the energy measurements in Figure 8.14 and report only the energy

costs for data transfers.

Every data transfer request contains an energy overhead of 12 J for 3G and 1 J for WiFi. After the connection has
been established, the energy used to both upload and download is increasing with the amount of data being uploaded
or downloaded. These observations are consistent with previous work [104, 105]. Figure 8.14 shows that the energy
needed to upload data is higher than that for download since the upload bandwidth is typically smaller. Similarly,

because of lower bandwidth of 3G, 3G consumes more energy than WiFi for the same amount of data transfer.

We use the energy measurements for data transfers, turning and keeping on the interfaces to obtain a simple energy
model. The energy model is used to estimate the energy for downloading or uploading varying data sizes across 3G and

WiFi networks without any other activity on the mobile device. We model the energy cost as follows:

E = Eon + Ep(d) + P x (d/R),
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where Eoy is the energy to turn on the interface, Ep(d) is the energy to transfer d bytes of data, P is the average
power to keep the interface on, and R is the average data rate. We determine Ep(d) by using linear interpolation and

extrapolation on sample points in Figure 8.14.

8.8 Trace Driven Experiments

8.8.1 Energy Efficiency

Using the energy model as described in the previous section, we estimate the average daily energy consumption for
each user in our data traces. We have considered data transfer over WiFi and 3G, and also considered the idle power.
We then compute the optimum energy consumption of each user assuming they switched optimally. We use dynamic
programming to get this optimum value, which is described in Appendix A. While the algorithm achieves the optimum
energy consumption, it assumes that the future data usage is known, which is not realistic. Therefore in MultiNets, we
use a simple heuristic to switch interfaces. As data communication in WiFi is cheaper, for switching from 3G to WiFi,
we use a data threshold of 7 KB. If the phone crosses this limit, we switch to WiFi. On the other hand, since idle power
of WiFi is much higher than 3G, we switch the phone back to 3G when data activity is absent over WiFi for the last ¢
seconds. We systematically tried various 7 and ¢ values using the data traces, and found that 7 = 4 KB and { = 60
seconds minimizes the deviation from the optimum energy saving. Therefore, we use these two values throughout the

chapter if not otherwise specified.

SO [ Optimum ||
B Actual

B

Q

= 20 [ ] Heuristic

X

>

S 10w

()

C

w

0
123 456 7 8 9 1011 12 13

Users

Figure 8.15: Energy saving heuristic cuts down the average daily energy usage by 27.4% and is close to optimum.

Figure 8.15 shows the average daily energy consumptions of all the users for three strategies: optimum, actual and
the heuristic that we use in MultiNets. This figure shows that switching optimally saves on average 24.17 KJ energy
per user per day, which is as high as 89 — 179 KIJ for some users (e.g., 12, 13). We also see that our simple heuristic
achieves near-optimal energy consumption with an average deviation of only 13.8%, and we are able to cut down the

daily energy usage by 27.4% (21.14 KJ) on average.
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8.8.2 Offloading Traffic

In order to estimate how much data traffic we are able to offload from 3G to WiFi network with MultiNets, we analyze
the data traces that we have collected. For each user, we compute the average daily WiFi usage and compare it to the
amount of data that is possible to offload if MultiNets was used. Our offloading strategy is to switch all 3G traffic to
WiFi whenever we find a connectible access point. We consider an access point connectible if and only if its signal
strength s is above 7 = —90 dBm and has been used by the user in the past. The threshold —90 dBm is derived

empirically. When the signal strength is below it, the WiFi is not usable.
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Figure 8.16: An average of 22.45 MB more data per day per user is offloadable using dynamic switching.

Figure 8.16 shows this comparison for each of the users. We see that, for some users (e.g., 3, 7) we are able to
offload 11 — 14 times more data, and for some users who does not tend to use available WiFi at all (e.g., 13) this
difference is about 150 MB per day. Considering all users, with switching, we are able to offload on average 22.45 MB

of data per day per user which is 79.82% of the average daily usage (28.13 MB).

8.8.3 Throughput

Performance of web applications get a significant boost by switching to the interface with the higher bandwidth. In our
data trace, we have recorded the signal strengths of both the cellular and all available WiFi networks at 30 seconds
intervals. We conduct extensive measurements using iperf tool to find the correlation between signal strength s and
bandwidth B. We run iperf server on our server, and iperf client on Android phones, and iperf packets traverse
through the Internet. We have taken measurements in both indoor and outdoor environments and report the average of
10 measurements at varying signal strengths in Table 8.5. We define the bandwidth function By (s) (for WiFi) and
B¢ (s) (for cellular) using linear interpolations on measurement samples in this table.

Using the bandwidth functions, we calculate the average daily throughput of each user for his actual usage, and we
also do the same if MultiNets was used. Figure 8.17 shows that, with MultiNets, it is possible to achieve an average

throughout of 2.58 MBits/sec, which is 7 times more than the actual usages. For some users (e.g., 1,2, 4, 13) this gain
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WiFi HSPA+ 3G

Signal |Bandwidth | Signal | Bandwidth | Signal | Bandwidth

(dBm) (Mbps) |[(dBm)| (Kbps) |(dBm)| (Kbps)

< =50 8.58 —65 929 —63 138
(=50, —60] 7.06 —-73 858 -89 115
(—60, —70] 6.16 -89 746 —101 104
(=70, —80] 3.99 —-97 509

> —80 1.25

Table 8.5: Bandwidth of WiFi, HSPA+, and 3G at different signal levels measured by iperf
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Figure 8.17: The achievable throughput is 7 times higher with switching.

is about 14 — 24 times. These are the users who tend to remain in the 3G network even if WiFi is available for them to
connect.

Note that, based on our measurement results, even if we take decisions to switch based on the signal strengths,
state-of-the-art 3G network being always slower than WiFi, the policy selects WiFi almost as if it were in Offload
mode. This is, however, not always true, e.g., with the rapid advancement of cellular data network technology,
this gap is diminishing. Our measurements with recent High Speed Packet Access Network (HSPA+) in Table 8.5
shows that this network is about eight times faster than 3G. We believe, in near future, cellular networks will have a
comparable bandwidth to WiFi, and the performance mode of MultiNets will have a higher impact at that moment.
Finally, measurement studies report that WiFi throughput may be lower than 3G throughput under certain practical

circumstances [36].

8.9 Deployment Experiment

To quantify the performance of our system in a real-world scenario, we conduct actual experiments at Stanford University
campus. We have chosen this campus since it has WiFi connectivity both inside and outside of the buildings and also
has several areas where WiFi is either completely unavailable or has a very poor signal strength. High availability of

WiFi is important for us since we want to demonstrate that our system is switching back to 3G to conserve energy even
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in presence of WiFi. On the other hand, loss and reconnection of WiFi connectivity is important to demonstrate that our

system is capable of switching smoothly.
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Figure 8.18: We encounter 37 WiFi APs, average signal strengths of —68.46 dBm (inside) and —82.34 dBm (outside),
and 28 WiFi disconnections during the tour.

We take 4 ADP2 phones with us. Two of these have our system installed and the other two run Android (Eclair
2.1). All 4 phones are fully charged and their screen brightnesses are set to the lowest level. For a fair comparison,
we use our traffic generator to replay the same data traffic in all of them. The traffic generator runs in the phone and
sends and receives data over the Internet to and from our server which is situated in our lab at 4 miles distant from the
campus. The phones replay the traffic patterns of the most popular 6 applications from our data traces having sessions
of varying numbers, durations, delays and concurrencies. Once started, the phones run each of these applications for
10 minutes followed by a 10 minutes break, repeatedly one after the other. We log the transmitted and received bytes,
signal strengths, MAC addresses of WiFi APs, battery current, voltage, and capacity into the file system of the phone

every 2 seconds for later analyses.

8.9.1 Energy Efficiency

In this experiment, we configure one of our phones into the energy saving mode. We take another two phones that run
Android- one with WiFi enabled, and the other staying over 3G only. We start the traffic generator in all 3 phones and
begin our 168 minutes long campus tour starting from the Computer Science building. We move around all 5 floors of
the building for an hour, then take an hour long round trip tour within the campus, and finally get back to the building to
spend the rest of the tour as shown in Figure 8.18. During this tour, we encounter 37 different WiFi APs, an average
signal strength of —68.46 dBm inside the building and —82.34 dBm outside the building, 28 disconnections from WiFi

to 3G, and a total of 49 switchings by our system.
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Figure 8.19: Energy saving mode saves about 28.4% — 33.75% energy as compared to Android.

Using the instantaneous values of current and voltage obtained from the log, we compute the energy consumption
of each of these phones and plot the cumulative energy consumption in Figure 8.19. Despite the fact that the battery
voltages and currents read from the Android system are not in high precision, we still see a clear difference of the energy
consumption among these 3 phones. We see that for the same data traffic, our system achieves about 28.4% — 33.75%

energy savings as compared to state of the art Android systems.

8.9.2 Offloading and Throughput

In this experiment, we compare the offloading and throughput of our system with those of the state-of-the-art Android.
In MultiNets, we set a switching timeout of 30 seconds. Recall that, cellular network being much slower than WiFi,
the outcomes of Offload and Performance modes are the same, although their decision mechanisms are completely
different. Therefore, we present them together in Table 8.6. This table also gives the achievable lower and upper bounds
of Android on offloading and throughput. The lower bound is derived by disabling WiFi interface (3G Only), and
the upper bound is achieved by always switching to WiFi whenever it is available (WiFi ON). This table shows that:
MultiNets (i) leads to three times higher throughput than the Android lower bound, (ii) achieves near-optimal offloading
and throughput, and (iii) experiences zero TCP disconnections throughout the experiments, while Android upper bound

results in eight TCP disconnections.

System Offload | Throughput | Disconnections
(MB) (kbps) (Count)
MultiNets 45.41 116.20 0
Android (3G Only) 0 39.29 0
Android (WiFi ON)| 44.54 116.26 8

Table 8.6: For near-optimal offloading and throughput, MultiNets experiences no TCP disconnections throughout the
experiments.
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8.9.3 Energy Efficiency vs. Offload Trade-off

It is interesting to see the trade-offs between the energy savings and offloading. Table 8.7 shows that, MultiNets in
energy-saving mode consumes about 55.85% less energy than offload mode, but sacrifices about 14.25% of offloading
capability. The reason behind is that, energy saving mode keeps the phone in 3G while it is idle. When data transmission
starts, it keeps the phone in 3G mode for a while before completely switching to WiFi, and hence the overall WiFi
offloading is slightly lower in this case. This experiment illustrates that, users of MultiNets achieve different objectives

by putting the system in different modes.

Mode Energy Consumption | Offload
@ (MB)
Energy Saving 90.36 38.94
Offload 204.65 45.41

Table 8.7: Energy saving mode saves 55.85% more energy, but sacrifices 14.25% offloading.

8.10 Summary

This chapter describes the design, implementation, and evaluation of MultiNets, which is a service that monitors the
wireless data usage on a mobile device and dynamically switches the network interfaces (WiFi and 3G) based on some
predefined policies, such as energy efficiency, offloading data to WiFi, and maximizing throughput. MultiNets brings
efficiency in wireless data communication to mobile applications that quite frequently communicates to remote servers
over the Internet. Our analysis on mobile data traces collected from real users shows that with dynamic switching we can
save 27.4% of the energy, offload 79.82% of the data traffic, and achieve 7 times more throughput on average. MultiNets
runs independent of Auditeur, and is not part of the core Auditeur platform. However, MultiNets is complementary to
Auditeur. Energy savings achieved by using MultiNets adds to the energy savings achieved with Auditeur— as the former
optimizes the energy consumption due to mobile-cloud communication and the later optimizes the energy consumption

due to on-device computation.
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A Special Type of Acoustic Event

In this chapter, we deal with a special type of acoustic event — which is our heartbeat. In Chapter 6.4, we briefly
introduced one such application which was created using the Auditeur platform. The application considers each
heartbeat as an acoustic event and counts the total number of events over a 10 seconds period with an accuracy of over
95%. However, some of the details, such as — how we obtained the audio signals containing heartbeats, and what the
purpose of that application was, has been left out in that chapter. This chapter fills those gaps by describing — the
wearable hardware platform which we built and used to obtain heartbeat signals from the ear, a heart rate measurement
algorithm which is more accurate and more robust than an Auditeur-powered application, and the development and
evaluation of a complete application which uses heart rate as a means to recommend the next song to play on a mobile

device, called — the Musical-Heart.

Musical-Heart is a biofeedback-based, context-aware, automated music recommendation system for smartphones.
We introduce a new wearable sensing platform, Septimu, which consists of a pair of sensor-equipped earphones that
communicate to the smartphone via the audio jack or Bluetooth. The Septimu platform enables the Musical-Heart
application to continuously monitor the heart rate and activity level of the user while he is listening to the music. The
physiological information and contextual information are then sent to a remote server, which provides dynamic music
suggestions to help the user maintain a target heart rate. We provide empirical evidence that the measured heart rate
is 75% — 85% correlated to the ground truth with an error of < 2 BPM when the user is stationary, and 7.5 BPM on
average. Such an error may not be desirable in applications that require a precise heart rate measurement. For those
applications, we recommend an IR-based heart rate detector which is more accuate than an acoustic-based one. The
accuracy of the person-specific, 3-class activity level detector is on average 96.8%, where these activity levels are
separated based on their differing impacts on heart rate. We demonstrate the practicality of Musical-Heart by deploying

it in two real world scenarios and show that Musical-Heart helps the user achieve a desired heart rate intensity with an
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average error of less than 12.2%, and its quality of recommendation improves over time.

9.1 The Musical-Heart Application

Exercise and heart health are so closely related that it is common to see modern workout equipment (e.g., treadmill
or elliptical machines), and jogging accessories (e.g., wrist watches or music players) have built-in receivers that
continuously receive heart rate information from measurement devices worn on the chest, wrist, or finger. There are,
however, many limitations of these heart rate monitoring devices. First, the user has to carry an extra device while
exercising, which is an inconvenience. Second, some of these devices require the user to wear a chest strap, which is
not only uncomfortable, but also requires extra effort to put on and take off. Third, the best of these devices cost about
$400, which is prohibitively expensive for the average person.

We propose a convenient, non-invasive, personalized, and low-cost wellness monitoring system, designed to obtain
heart rate and activity level information from a pair of specially designed earbuds while the user listens to music on a
smartphone. An intelligent application on the phone uses physiological and activity level information from sensors to
recommend, play, and share appropriate music for the user’s desired intensity level. The system is convenient since
the sensors are embedded into the earphone and the user does not have to carry (or worry about forgetting to carry)
any additional device. The system is non-invasive, since wellness monitoring comes as an additional feature of the
earphone that most of the smartphone users already wear in order to listen to music. The system is personalized — the
user sets his or her personal goal (such as a target heart rate zone) and the device recommends and plays appropriate
music— considering his current heart rate, target heart rate, past responses to music, and activity level. The system is
low-cost — the cost is lower than other standard heart rate monitoring hardware because it is embedded in the earbud.

We offer a complete system comprised of both hardware and software components. We introduce the Septimu
platform, which consists of a pair of sensor equipped earphones and a baseboard. Both earbuds contain an inertial
measure- ment unit (IMU), an analog microphone and an LED. The baseboard drives the sensors and communicates to
the smartphone via the audio jack or Bluetooth. An intelligent music player application, Musical-Heart, runs on the
smartphone and periodically samples the accelerometer and microphone to determine the activity level and heart rate of
the person. The information is sent to the server over the Internet, and the server uses it to recommend appropriate
music that will help the user maintain their target heart rate. The system is also able to predict the heart’s response and
enables sharing and streaming of this situation-aware music.

In order to address the challenges of recommending music based on physiological data in real time, we have
developed three main algorithmic solutions that will be outlined in this chapter. First, a fast, accurate and real-time
heart rate measurement algorithm is described, which extracts heartbeats from a mixture of acoustic signals from the

earbuds. The algorithm is noise resistant, threshold free, and built upon dynamic programming principles to find the
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optimum solution in real time. Second, a simple yet highly accurate, person-specific, 3-class activity level detection
algorithm is described, which leverages the stable accelerometer readings from the earbuds to detect activity levels and
posture information in real time. The goal of the activity detector in this work is not to identify specific activity types,
but their categories that have an impact on heart rate. However, the algorithm is further enhanced by opportunistically
incorporating contextual information — such as the location and speed of the user — from other in-phone sensors. Third,
a novel control-theoretic approach for recommending music is described, which constructs a personalized model of
each user’s responses to different music at different activity levels and uses the model to suggest the best music to
satisfy a given heart rate goal.

We design and implement a three-tier architecture for Musical-Heart. Tier 1 is the firmware, which is written in
nesC (TinyOS) and runs on the Septimu baseboard. Its role is to drive the sensors, perform on-board processing to
reduce data traffic to the phone, and maintain communication with the phone. Tier 2 is the smartphone application,
which is written in Java (and native C) and runs on the Android OS. It implements the key algorithms and manages the
communication with the server. Tier 3 consists of a set of RESTful web services for extracting and matching music
features, music recommendation, sharing, and streaming. We thoroughly evaluate the system components and the
algorithms using empirical data collected from 37 participants for heart rate detection and 17 participants for activity
level inference. We demonstrate the practicality of Musical-Heart by deploying it in two real-world scenarios and

evaluate its performance on 4 users. The main contributions of this chapter are:

» Septimu, the first wearable, programmable hardware platform designed around low-cost and small form-factor
IMUs and microphone sensors that are embedded into conventional earphones, and communicate to the phone

via the audio jack.

* Musical-Heart, a complete sensing system that monitors the user’s heart rate and activity level — passively and
without interrupting the regular usage of the phone — while the user is listening to music, and recommends songs

based on the history of heart’s response, activity level, desired heart rate and social collaboration.

* We devise three novel algorithms: (1) a threshold free, noise resistant, accurate, and real-time heart rate
measurement algorithm that detects heart beats from a mixture of acoustic signals from the earbuds, (2) a simple
yet highly accurate, person-specific, 3-class activity level detection algorithm that exploits accelerometer readings
from the earbuds, and (3) a PI-controller that recommends music to the user based on past history of responses to

different music and helps maintain the target heart rate at different activity levels.

* We perform an empirical study by collecting ground truth data of heart rates, and summarizing it to show the
effect of music on heart rate at various activity levels. The dataset is further used to show that the detected

heart rate is 75% — 85% correlated to the ground truth, with an average error of 7.5 BPM. The accuracy of the
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person-specific, 3-class activity level detector is on average 96.8%, where these activity levels are separated

based on their differing impacts on heart rate.

¢ We demonstrate the practicality of MusicalHeart by deploying it in two real world scenarios, and show that
MusicalHeart helps the user in achieving a desired heart rate intensity with an average error of less than 12.2%,

and the quality of recommendations improves over time.

9.2 Usage Scenarios

We describe two motivating scenarios of Musical-Heart which are realized and evaluated later in Section 9.8.

9.2.1 Personal Trainer: Goal-Directed Aerobics

Alice exercises regularly. Today she wants to practice cardio exercise by going for a jog. She starts the MusicalHeart
application on her smartphone and sets her goal to cardio. The system initially detects that Alice is standing still and
her heart rate is in the healthy zone (50% of maximum rate). The application creates a playlist of songs dynamically
and starts playing one that helps Alice to warm up and attain the heart rate for cardio. Alice then starts jogging while
the application keeps monitoring her heart rate and activity level. After a few minutes, the application automatically
detects that Alice’s activity level has changed to a higher level. It dynamically adjusts the playlist according to the new
activity level and current heart rate, so that the next song played is suitable for Alice’s changing exercise intensity. The
system keeps doing this until Alice’s jogging session is over. In the end, it adds one more entry into Alice’s health

journal that keeps her up-to-date about her heart health and exercise history.

9.2.2 Music Recommendation: Biofeedback and Collaboration

Bob is a middle-aged person who takes the bus on his way home every evening. He enjoys listening to music during
this idle time to get some relief after a long tiring day. But he is bored with all the songs that are on his mobile device
since he has listened to them at least a hundred times. Today he wants to try some new music, but it has to be something
appropriate for the moment— a calm and heart soothing song. He opens up the MusicalHeart application and notices
that it already knows about his activity level and context (i.e. traveling). The application connects to the server and
obtains a list of melodious and heart softening songs— including some of Bob’s favorite titles and novel songs shared
by other travelers who enjoy similar music at this activity level. Bob wants to try one of the new titles and the sever
starts streaming the song. While Bob is enjoying the new songs, the application is continuously monitoring his heart’s

responses and reporting the information back to the server for use in future recommendations.
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9.3 System Architecture

We present a brief description of the system architecture of Musical-Heart in this section. We describe the hardware
platform, software running on the smartphone, and services that run on the server. We defer the algorithmic details to

subsequent sections.

9.3.1 The Septimu Platform

Sensor Embedded In-line
Earphones Baseboard

7

Figure 9.1: The Septimu hardware platform.

We introduce Septimu, which is a redesigned earphone accessory unit for smartphones that enables continuous
in-situ wellness monitoring without interrupting the regular usage of the earphone. It is a redesign of the conventional
earphone that has additional sensors and communicates with the smartphone via the audio jack interface. Septimu
consists of a hardware and a software system. The hardware is comprised of two sensor boards, which are embedded
into two earbuds, and a baseboard that collects data from the earbuds and communicates with the smartphone. The
current sensor board incorporates an IMU (3-axis accelerometer and gyroscope), an analog microphone and a LED.
The baseboard contains a microprocessor (TI MSP430F1611) and peripheral circuits to communicate with the audio
jack on the mobile device using HiJack [106]. However, we could not achieve simultaneous communication and power
harvesting from the audio jack as described in [106]. We believe this is the limitation of the phones that we tried which
are different from the ones (i.e. iPhone) used in their work. Current version of Septimu is powered by a thin film battery.
Figure 9.1 shows the two earbuds and the baseboard. The earbuds, with all the added sensors, has a dimension of 1 x 1
em?.

The software running on the Septimu baseboard is based on TinyOS. The microprocessor samples the IMU through
I2C bus 25 times per second on each sensor board, with a full scale of £2¢/s for accelerometer and £250 degree/sec for
gyro. Data in the microprocessor is transmitted to mobile phone via microphone tip on the audio jack with Manchester
coding, i.e., a logic 0 is represented by a High-Low sequence and a logic 1 is represented by a Low-High sequence.

Each byte of samples is sent from the LSB, together with a start bit, a stop bit, and a parity bit. The output is generated
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at a general 1O port on microprocessor and the transmission rate is controllable by software. Septimu communicates
with the phone via a digitally controlled multiplexer, to deliver both digital data from the IMU and analog audio data
from the microphone in a time-multiplexed manner. The IMU sensor data is reliably transmitted at up to 500 bytes per

second while microphone is sampled at 44.1 kHz.

9.3.2 Processing on Smartphone

The MusicalHeart application runs on the smartphone. It uses data from the Septimu sensors to measure heart rate
and to detect activity levels. It also uses other on-device sensors to obtain contextual information. Based on all of this
information, it then suggests a list of music to the user. Figure 9.2 shows a schematic of the software architecture of the
application. A complete walk through of the data flow and data processing follows.

1. The user starts the Musical-Heart application on the smartphone which is connected to Septimu. The user may
specify a goal, e.g., the target heart rate zone. By default, the system uses the user’s current activity level as a basis to
suggest music.

2. The application starts a SensorDataDispatcher service which generates 4 sensor data streams. The first two
streams correspond to the IMU and the microphone units of Septimu. The other two streams correspond to the in-phone
GPS and the WiFi scan results. The GPS and WiFi being power hungry are sampled once per minute and more
frequently only when the user is detected to be moving. The streaming rate of the Septimu IMU is 50 Hz, while the
maximum sampling rate of the microphone is 44.1 KHz.

3. The sensor streams are consumed by 3 processing units. The HeartRateDetector component processes the
Septimu’s microphone data to obtain the heart rate using the algorithm described in Section 9.4. The ActivityLevelDe-
tector component processes the Septimu’s IMU data to obtain the activity level of the user. The GPS and WiFi data
are processed by the ContextDetector component to obtain contextual information, such as the location (indoor vs.
outdoor) and speed of the user. The details of the activity level and context detection algorithms are described in
Section 9.5.

4. The Combiner component combines the processed data obtained from the three processing units into a time
series of 3-tuples (Heart rate, Activity Level, Context). It maintains an in-memory circular queue to hold the tuples
that are generated during the last 10 minutes. Thus the Combiner possesses the high level information of the user, i.e.,
what activity level the person is in, what the heart rate is, and any contextual information such as whether is at home, or
traveling.

5. The MusicRecommender is responsible for suggesting music to the user and playing the song. It has a music
player which is an extension of an ordinary music player, but with the added capability of loading and playing songs

based on biofeedback. It kicks in once prior to the end of a song and consults the Combiner to get user’s information
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Figure 9.2: System diagram of Musical-Heart.

during the last song. It computes a report consisting of the heart rate information (start, end, minimum, maximum,
average, fall time, and rise time), activity level (low, medium and high), contextual information (location, and velocity),
and the user specified goal. All this information is sent to the server via a proxy. The proxy is responsible for maintaining

communication with the server and obtaining the suggestion for the next song to be played.

9.3.3 Web Services

There are several advantages for storing and serving the MusicSuggestionService on the Web. If the information
gathered by the Combiner exists in a shared location, the system can leverage the learned parameters from how people
will generally react to a particular song offering better suggestions in the future.

To implement this, we pushed the MusicSuggestionService onto a RESTful Web Service that runs on a web server
as shown in Figure 9.3. Our particular implementation uses a WEBTick server to expose a HTTP interface to the
smartphone. During each song, the Combiner reports the user authentication, song ID, current heart rate and activity
level information to the MusicSuggestionService in a POST request. Next, important features related to the song

are fetched from a Music Information Retrieval database. There are several tools, e.g., openSMILE, MIRToolbox,
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Figure 9.3: Web services in Auditeur.

jAudio that can extract musical features to create a custom feature database. However, we use the EchoNest web
service that already has the data for 30 million songs. When an artist and title of a song is given, a report of the
song’s tempo, pitch, energy, loudness, and musical mode is returned as a JSON object. This information is used by
the MusicSuggestionService to make a prediction for the appropriate song to play when a particular target heart rate
is requested. The details of the algorithm is described in Section 9.6. When a song is selected, it is delivered to the

smartphone either from the user’s cloud drive, or is played from a local MP3 file on the smartphone.

9.4 Heart Rate Measurement

A tiny microphone is embedded inside Septimu which utilizes an in-ear design. This forms a resonant chamber inside
the ear, amplifying the sound of heart beats. We have chosen acoustic sensing because of its potential use as a clinical
stethoscope. Other sensing methods, such as IR-sensors, do not offer such opportunities and thus limit our possibilities.
However, we show a comparison of the acoustic and IR-based heart rate detection techniques in Section 9.7.4.

Heart beat detection algorithms [107, 108] that are used to detect R waves in an ECG do not work for our problem
due to the varying nature of the received signals and the presence of noise. ECG waves are stable and uniform in nature,
and ECG is performed in a very controlled environment such as a hospital. In our case, the received signals differ in
shapes and sizes as different people have different sizes of ear canals. The received signal also depends on how tightly
the earbuds fit in someone’s ear. Furthermore, our system is designed to support detection of heart beats even when the
person is engaged in high levels of activities. These call for a new algorithm that is accurate and robust to detect heart
beats from acoustic signals from the ear.

The raw audio samples that we collect from the microphone is a mixture of the music, the heart beats, human voices
and other background noise. Measuring the heart rate from the audio samples is a two-step process — (1) Filtering:

separating the heart beats from other signals, and (2) Detection: identifying the R waves and measuring the heart rate.
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9.4.1 Filtering

Our heart beats in a specific rhythm. The resting heart rate of an adult person lies somewhere in between 40 — 100 BPM,
and the rate may reach up to 220 BPM during exercise. To extract the signals corresponding to the heart-beats, we
eliminate any signal whose frequency is higher than the cutoff frequency, f. = 3.67 Hz, corresponding to the maximum
220 BPM. Since the microphone sensor has a sampling frequency, fs = 44.1 KHz, the normalized cutoff frequency
of the low-pass filter is calculated by: W,, =2 x % = 1.66 x 10~%. In our implementation, we use a second order
Butterworth filter. The filter coefficients, a = [1.0000, —1.9993,0.9993] and b = 10~7 x [0.0680, 0.1359, 0.0680], are
obtained from the standard chart for Butterworth filters and are plugged into the standard difference equation to filter

out the unwanted signals.
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Figure 9.4: Heart beats are extracted from the mixture of heart beats, music and noise by low-pass filtering.

Figure 9.4 illustrates the effect of applying the filter on a mixture of music and heart beat signals. The duration of
the experiment is 15 seconds and the presence of music is from 6 — 12 seconds. We see that the heart beat signals are
clearly visible after the filtering. Due to some higher order harmonics of the music, the heart beat attains a constant gain.

But this does not affect heart rate since the gain is only in the amplitude of the signal which does not affect the rate.

9.4.2 Detection

The heart beat detection algorithm takes an array of signal amplitudes with timestamps as inputs and returns the
positions of the detected beats. The algorithm is applied on a fixed sized time window of 10 seconds. The smartphone

accumulates 10 seconds of signals and the following steps are performed to detect the beats:
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1. Selection: A set of candidate R waves is selected by taking the peaks that are at least one standard deviation

larger than the mean. R wave being the largest, this step practically never misses any of them.

2. Matching: Each of the candidate R waves is matched to its nearest .S wave. Since an R wave is a local maxima,

the next local minima is the corresponding S wave. We denote the set of RS pairs with x.

3. Quality Assignment: Each RS pair, x; € x is assigned a real number, ¢(z;) € [0, 1], which is its normalized

peak-to-peak distance. The closer the value is to unity, the more likely it is to be an actual heart beat.

4. Dynamic Programming: Given the timestamps, {¢(z;)} and the quality values, {¢(x;)} of all the candidate RS

pairs, our aim is to find the subset, {x;} C x, which contains all (and only) the actual heart beats.

There are 2/X! possible subsets that could be a possible solution. In order to find the optimum one, at first, we

quantify the candidate solutions using two metrics based on the following two properties of the optimum solution:

Property 1: The variance of the time differences, At(x;, x;—1) between two consecutive R waves, x; and x;_1, in

the optimum solution, is minimum.
Property 2: For two solutions with the same variance, the optimum one has the larger sum of quality.

The first property comes from the fact that the heart beats are periodic and there is hardly any change in the heart
rate within the 10 seconds time window. Our empirical study in Section 9.7.3 shows that it takes about 25 — 50 seconds
to see any noticeable change in heart rates. The second property ensures that we take the beat sequence with a smaller
period, which has the larger sum of qualities. Hence, we define the following metrics for X C x:

QX)=> q(z),and V(X)= > At(z;,z; 1)’ 9.1)

rxeX Ti,xi—1E€EX

A brute force algorithm to find the optimum solution is to compute V' (X) for all 2/X! subsets, and take the one that has
the minimum V' (X) while breaking any tie by choosing the one with the largest (X ). But this is impractical, since

even for a 10 second window, the size of the search space may exceed 236

in the worst case. Instead, we simplify the
search by dividing the search space. Each of the subspaces corresponds to a particular value of heart rate within the

range of 40 — 220 BPM. The search is performed using the following dynamic programming approach.

Let us assume, we know the heart rate in advance. This gives us | X, i.e., the number of actual heart beats in Y,
and also sets the minimum time interval between two consecutive beats. We define f(i, k) as the cost of selecting k

beats out of the first ¢ < || candidates. We now apply the following recurrence equations to find the optimum value of

Flxl, 1X

), which is the Q(X) for a given heart rate:
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max {q(x;)}, ifk=1,i>1
. max{f(i — h,k —1) + q(z;),
fli,k) = 9.2)
fi—1,k)}, if1<k<ii>1
—0Q, otherwise

Here, h ensures the minimum time interval constraint; it denotes the number of previous candidate beats to skip in

order to maintain the given heart rate. Once we have the optimum solution we compute V' (X) using the selected beats.
We solve the above recurrence once for every heart rate values in the range 40 — 220 BPM, and the one that gives us the
minimum V(X)) is the heart rate of the person. Ties are broken with the largest Q(X). Note that, if we only maximize
Q(X) without considering V' (X), the algorithm will greedily choose all candidate R waves; the job of V(X)) is to
discard the false peaks that are out of rhythm.

Time Complexity: Let, s, ¢, and b be the number of samples, candidate beats, and actual beats, respectively. The
complexity of selection and matching steps is O(s), quality assignment is O(c), and the dynamic programming is
O(cb). Since ¢ > b, the overall theoretical worst case time complexity is O(s + ¢2). However, for a 10 seconds time
window, we have 6 < b < 37, which is essentially a constant. A candidate beat that is not an actual R wave is either a
high peaked T wave that immediately follows an R wave, or the shadow of the R wave (called R’ in medical literature).

The wave form being periodic, assuming ¢ a constant multiple of b, the overall time complexity is practically O(s).

9.5 Activity and Context Detection

A pair of IMUs are embedded inside Septimu, which allows us to infer the activity level of the user. Combined
with existing sensors on the phone, we are able to detect the context of the user which enables more suitable music

recommendations.

9.5.1 Activity Level Detection

The activity level is an important indicator of what kind of music a person may prefer. For example, when a person
is jogging, which is a high activity level, he may prefer music with faster rhythms. On the contrary, when a person
is sitting and is at rest, he may prefer slower music. A person’s activity level is considered to suggest appropriate
songs. We use acceleration collected from the earbuds to detect the wearer’s activity levels, which are divided into
three categories: (1) L1: low level, such as lying and sitting idle; (2) Lo : medium level, such as walking indoors and
outdoors; and (3) Ls: high level, such as jogging. We use standard machine learning techniques to distinguish the

activity levels.
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Feature Extraction

Given the raw 3-axis accelerometer data from the Septimu sensors, we extract the feature values as follows:

Step 1: For each 3-axis accelerometer data sample, (a, a,, a.) from the ear buds, we calculate the linear magnitude
of acceleration: |acq,| = (/a2 + a2 + a2.

Step 2: The standard deviation of |a.,,| within each 1 second time window (i.e. 50 samples) is calculated — which

is our feature value, x;.

Training and Classification

Instead of using a generic threshold, we train an unsupervised learner so that our activity level detection is person
specific. We use k-means clustering algorithm to cluster {z;}’s to find out the 3 cluster means corresponding to 3
activity levels. Given the 3-axis accelerometer data from the Septimu sensors for 7" seconds, the steps classifying the
activity level are described as follows:

Step 1: We obtain a set of T" values, {«x;}, one value for each second, following the same procedure as the feature
extraction stage.

Step 2: Each of these x;’s is then classified considering their minimum distance from the cluster heads obtained
during the training.

Step 3: We take a majority voting to determine the most likely activity level of the person over the 7" seconds
duration.

In our implementation, we choose the value of T" to be 60 seconds, because a more fine grained activity level
detection is not necessary in our application. We are concerned about the user’s activity level during the duration of a
song. If a user, for example, stops for moment to tie his shoelaces during jogging, we classify the entire duration as Lj

activity.

0 100 200 300 400
Time (Sec)

Figure 9.5: The standard deviation of accelerometer readings are used to distinguish among the activity levels.

As an illustration of the algorithm, in Figure 9.5, we plot the standard deviations of accelerometer readings at each

second during a 7 minute long experiment performed by one of our participants. The same trend is observed when
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we tested our algorithm on 17 participants; see Section 9.7.5. The user performs this sequence of activities: sitting,

walking, jogging, sitting, jogging, walking, and sitting. We see a clear distinction among the 3 activity levels.

9.5.2 Augmenting Activity Levels with Contexts

Adding contextual information along with the activity levels makes the system more intelligent in choosing music.
For example, sitting at home and sitting inside a bus are both level 1 activities. But if we can differentiate between
these, we can suggest music based on the context — e.g. what music is listened to by other users during traveling, vs.
when they relax at home. Since there are infinite possibilities, we conduct a survey on 208 people, asking one simple
question — when do you listen to music the most? The users were allowed to mention at most 5 contexts. The summary

of responses results in a list of the 7 most common contexts and is shown in Table 9.1.

Context Description Poll Result
LIE Lying on bed 14%
SEATED Sitting idle, or taking a break at desk 41%
TRAVEL Traveling by bus, or car 24%
SLOWMOVE | Waiting at bus stop, walking on campus 7%
BIKE Biking 2%
GYM Exercising at gym 6%
JOG Jogging or running 4%

Table 9.1: Activity contexts and corresponding poll result.

We augment activity levels with 3 types of information that helps to distinguish among the 7 activities: indoors/out-

doors, velocity, and head angle (Septimu accelerometer’s pitch and roll angles). Table 9.2 presents the context detection

technique in a tabular form.
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Figure 9.6: The roll and pitch angles obtained from Septimu are used to differentiate between sitting and lying.

To implement this, we detect whether a person is indoors or outdoors, and measure his velocity, roll and pitch angles.
We rely on Android’s location service to periodically obtain the location updates from its location providers once per
minute. The pitch and roll angles of the accelerometer data is used to distinguish between lying and seated contexts.

Figure 9.6 shows an example scenario where one of our participants lies down straight from a seated position. The
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Context Activity Lev | In-Out | Velocity Roll, Pitch
LIE L1 Indoor - > —1.5,>0.5
SEATED L1 In/Out - < —1.5,<0.5
TRAVEL L1 Out |> 25 mph -
SLOWMOVE L2 In/Out | < 3 mph -
BIKE L2 Out |< 15 mph -
GYM L3 In - -
JOG L3 Out - -

Table 9.2: The context detection algorithm is shown in a tabular form. Dashed entries are don’t cares.

earbuds being stably situated, we observe the same trend in all 17 participants. Based on the empirical measurements,
we use static thresholds of —1.5 for roll and 0.5 for pitch angles. The thresholds are fairly conservative and unlikely to

make errors unless the earbuds are deliberately worn in an unusual way (e.g. upside down).

9.6 Music Suggestion and Rating

We describe a feedback control theoretic approach for suggesting music to the user. Existing approaches [79, 77, 78]
apply simple rules of thumb to suggest music, i.e., suggest the next song with a higher (or lower) tempo if the heart rate
is falling behind (or rising above) the desired rate. Although none of these works are built upon any sound mathematical
basis, typically they mimic proportional controllers (P-controller) when viewed in the light of control theory. These
controllers therefore suffer the same inherent problems of any P-controller. They are too responsive to the control
input (harmful for human as the heart has to respond very fast to the changed music), have non-zero steady state error
(harmful because the heart rate may settle at a different rate in the steady state), and have no memory of the past (does

not consider the effect of heart’s response to the previous song).

9.6.1 Pl-controller Design

We propose a Proportional-Integral Controller (PI Controller) in order to achieve the desired heart rate in human by
correctly selecting the music. A PI-controller is a nice fit to our problem since it has a slower response time than a
P-controller, a minimum steady state error, and takes the past errors into account. These are desirable properties of our
music suggestion algorithm as they provide a slower change in heart rate which is comfortable for the user, attain the
desired heart rate with minimum error, and consider the errors that are made in the previous stages. We now describe

the design of the controller in detail.
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Figure 9.7: The PI controller uses the desired and current heart rate to suggest appropriate music.

Model

Figure 9.7 shows a schematic diagram of the PI-controller. The process having the transfer function G(z), represents
the part of the human heart that is sensitive to music. The input to the process, U(z), represents the suggested change in
the feature of music, the output, Y'(z), represents the current heart rate, R(z) represents the desired heart rate, and F(z)
represents the difference between the two rates. Kp and K are the coefficients of the P- and I-controllers that we are

going to compute. The transfer function of the PI-controller is:

U(Z) . (KP+K])Z—KP
B o ©-3)

And the transfer function [109] of the feedback loop is:

[(Kp + Kp)z — KP]G(Z)
(2 =1) +[(Kp+ Kr)z — Kp|G(z)

Fgr(z) = 9.4)

System Identification

System identification is the empirical procedure to model the empirical transfer function of the system being controlled.
In our system, we model it by empirically estimating the change in heart rate when there is a change in control input

which is a function of the features of the music. We assume a first order system with the transfer function:

G(z) = 9.5)

Taking the inverse z transform of Eq. 9.5, we get the system response in time domain:

y(k+1) = Au(k) + By(k) 9.6)

We define u as a linear combination of 3 features of music: tempo (f), pitch (f2), and energy (f3), and express
itby: u = > «;f;. It can be thought of as a composite feature of a song that has linear effect on changing the heart

rate. The coefficients, a; are estimated by applying linear regression on the empirical heart rate responses from all
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users. While the definition of u is generic, the values of A and B parameters are person specific. For each user, these
parameters are recomputed by the server after each use of the application. When a user finishes listening to a song, the
server computes u(k) of the song, and adds u(k), y(k), and y(k + 1) into the person’s history. This history is then used

to estimate A and B using least squares regression.

Design Goals

There are four design goals that need to be specified in designing any controller: stability, accuracy, steady state error
and overshoot. These are summarized in Table 9.3. The stability of the controller is achieved when the poles of Eq. 9.4
are within unit circle [109]. We allow a steady state error of 5 BPM. The settling time of 1 unit means the duration of a

single song, and we allow a maximum overshoot of 10%.

Goal Requirement

Stability | Poles of F'r are inside unit circle.
Accuracy Steady-state-error < 5 BPM
Settling Time ks <1
Overshoot Mp < 0.1

Table 9.3: Design requirements of the PI-controller.

Characteristic Polynomials

=+

Using the desired properties of the system from Table 9.3, we compute the desired poles, e*7?, of the system as:

r=e ** =0.018 9.7)
mln(r)
= =54 .
9 n(ir) 5.458 9.8)

The desired characteristic polynomial having these two poles is:
(z —re??)(z — re %) = 22 — 0.0252 + 0.00034 (9.9)

The modeled characteristic polynomial as a function of K, and K is obtained by substituting G(z) in Eq. 9.4 and

taking the denominator of the system transfer function, Fr(z):
22 +[A(Kp + K1) — (1+ B)]z+ (B — AKp) (9.10)

Equating the desired polynomial to the modeled polynomial, we solve for Kp and K to obtain:
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B —-10.00034
N A

,and K; = 0.9755 ©.11)

Kp -

9.6.2 Automated Music Rating

The server only has knowledge of the user responses to a song if that song has ever been listened to by the user. For
each such song, a personalized rating is automatically computed by the system. A song gets different ratings at different
activity levels and desired goals based on the steady state BPM error that it makes. We rate each song in a linear scale
of 0 — 5, where 5 corresponds to BPM error < 5, and 0 corresponds to BPM error of 20 or more.

For the songs that the user has not yet listened to, but some other user of Auditeur has, we estimate their expected
rating by considering the similarities among songs and other user’s ratings. Given a set of rated songs {s; }, and their
corresponding ratings, {r; }, the expected rating of an unknown song, s,, at the same activity level with the same goal is

computed by:

7(8u) = aZr(si)p(si7 Su) + (1 — a@)7(sy) 9.12)

Where, p(s;, $,,) is the Bhattacharyya coefficient [110] which computes the similarity score between two songs, 7
represents the average rating of the song by other users, and a controls how much we want to rely upon other users’
feedback. Each song is represented by a 3 element feature vector corresponding to the tempo, pitch, and rms-energy
of the music. The value of « is a function of amount of rated song by a user. Initially, « is set to 0.1, and is linearly
incremented up to 0.7 when the number of rated songs exceeds 100. Hence, in the long run up to 30% of the suggested

songs come from other user’s responses.

9.7 Technology and Algorithm Evaluation

We describe three sets of experiments in this section. First, we evaluate the performance of Septimu hardware and
firmware. Second, we describe and summarize the findings of our empirical study which is used as the empirical
dataset for other experiments. Third, we describe a set of experiments where we use the empirical data to evaluate the

performance of the heart rate measurement, activity level detection, and context detection algorithms.

9.7.1 Experimental Setup

The experiments are performed using multiple Android Nexus S smartphones that run Android OS (Gingerbread 2.3.6).

The devices use WiFi 802.11 b/g connectivity and are equipped with a 1GHz Cortex A8 processor, 512 MB RAM, 1
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GB Internal storage, and 13.31 GB USB storage. Note that, Septimu is generic hardware platform that does not require
any specific operating system such as Android. Septimu even works with desktop computers without any change. It is
just that our particular implementation of Musical-Heart is done on Android for a demonstration. The web server run

on a computer running Ubuntu Linux 11.10 with 4Gb of RAM and a AMD Phenom X3 processor.

9.7.2 Evaluation of Septimu Platform

We measure the maximum data rate of Septimu by sending a known bit pattern (0xA5A5) from the MSP430 to the
smartphone at varying rates and then calculating the bit error rate (BER) at the receiving side. We keep transmitting
data for 120 seconds at each rate. We observe that Septimu has almost zero (10~°) bit error up to 5.56 kbps, but the
BER keeps rising at higher rates. The limitation comes from the limited processing ability of MSP430. However, in our
system, we use a data rate of 3 kbps which is sufficient for our application and ensures minimum error.

We measure the power consumption of Septimu hardware and the android mobile device with a power meter [90].
The Septimu consumes 42 mW power in a battery powered case. For the mobile device, the power measurements
are summarized in Table 9.4. The estimated battery-life of a smartphone (having a 1500 mAh battery) with Septimu

connected is about 22 hours.

State LCD | Audio| Septimu Power
Standby off | off |disconnected|<< 15 mW
Home Screen| on off |disconnected| 420 mW

app off | on |disconnected| 200 mW

app off on connected | 250 mW

Table 9.4: Power draw breakdown of the application running on an Android phone (Samsung Nexus S).

We obtain the memory usage of Septimu firmware from the compiling information in TinyOS. Out of 10 KB ROM

and 48 KB RAM of the MSP430, Septimu uses only 5.8 KB of ROM, and 288 bytes of RAM.

9.7.3 Empirical Study

We perform an empirical study involving 37 participants, in which, we measure their heart rates during three different
levels of activities, and both with and without the presence of music. The activity levels corresponds to {lying, sitting
idle}, {walking indoors and outdoors}, and {jogging}. The number of participants in each activity level are 17, 10, and
10, respectively. The participants listen to different types and numbers of music items during multiple sessions. Each of
these sessions is 10 — 60 minutes long. The durations of the songs are about 2 — 5 minutes and there are about 1 — 5
minutes gaps in between two songs. The collection of songs comprises of the most watched 100 songs in year 2011

on YouTube. The songs vary in genre, language, length, and volume level. The group of participants is comprised of
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undergraduate and graduate students, researchers, professionals, and their family members. Their ages are in the range
of 20 — 60, and they have diversities in sex, physical structure, and ethnicity. The properties of the music are obtained
using MIRtoolbox [111].

In order to obtain the ground truth of the heart rate, we use one 3-lead ECG device [112] and one pulse oximeter [113].
Both of the devices measure and store heart rate data at a rate of 1 sample per second. While an ECG is the most
reliable method to measure the heart rate, this is not always convenient, as we have to attach three electrodes on to the
bare chest of the subject. Specially, for outdoor experiments, we require another means to obtain the ground truth. We
use a fingertip pulse oximeter for this purpose, which is worn at the index finger and the instantaneous heart rate is

measured and stored in its internal storage.

Heart Rate: Rise and Fall

It is a well-known fact that music has a profound effect on our heart [70, 71]. We are not therefore trying to reprove
their relationship; rather, our objective is to study the effect of music on smartphone users who are possibly mobile and
therefore at different levels of activities. We are interested to know, e.g., how much is the effect of music in rising or
dropping one’s heart rate, how long it takes to make the effect and whether these have any relation to the activity levels.
In Figure 9.8, we answer these questions from our empirical observations. Figure 9.8(a) and 9.8(b) show the amount of
rise and fall in heart rates at different levels of activities — both in presence and in absence of music. We obtain these
plots by first dividing the songs into two classes — one that tends to raise the heart rate and the other that slows down the
heart. This distinction is made by computing the duration of the largest rise or the largest fall of heart rates. We do this
after taking the 10 seconds moving average to rule out any transient behavior in the instantaneous readings. We observe
that, the rise in heart rate is more in the presence of music and also the fall of heart rate is less when music is playing.
The higher the activity level, the more effective it is in raising the rate or resisting the rate to drop. However, this rise
and fall in heart rate is not instantaneous. Figure 9.8(c) shows the cumulative distribution function (cdf) of the rise and
fall time of heart rates. A rapid growth in cdf happens when the time is in between 25 — 50 seconds. On average, the
time for heart rate to rise or fall by at least 10% is about 50 seconds. Figure 9.8(d) shows the amount of the rise and fall.
The longer a person listens to the music, the more is its effect. For example, listening to an exciting music for 5 minutes

raises the heart rate by 10 BPM, while a soothing music for 5 minutes calms down the heart rate by 5 BPM on average.

Effect of Tempo, Pitch, and Energy

Tempo, pitch and energy are three important features of music that correlate to changes in heart rate [71, 67]. But their
effect varies with activity levels. For example, tempo is more effective in raising the heart rate when a person is jogging

or exercising in thythm with the music. On the other hand, pitch and energy have greater effect than tempo during the
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Figure 9.8: Rise and fall of heart rates.
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Figure 9.9: The composite feature is more correlated to heart rate change at all three activity levels.

low activity level. This is why we introduce the composite music feature u, which is a linear combination of these three
and is activity level specific. Figure 9.9 shows the correlation of tempo, pitch, energy and the composite feature, v with

heart rate. We observe that, u is more correlated than the other 3 features and is consistent over different activity levels.

9.7.4 Evaluation of Heart Rate Measurement

We evaluate our heart rate measurement algorithm using two datasets. The first dataset contains the empirical data that
we collected from 37 smartphone users. The other one is the MIT-BIH Arrhythmia dataset [114] which is the most used
dataset for evaluating heart rate measurement algorithms, and contains data from 48 real patients. We also compare our

acoustic-based technique with an implementation of IR-based technique.
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Performance on Empirical Dataset

Figure 9.10 shows the performance of our heart rate measurement algorithm when applied to the empirical dataset.
Figure 9.10(a) shows the BPM errors of Musical-Heart when compared to the baseline, i.e., pulse oximeter in most
cases. At each activity level, the error is similar regardless of the presence of music, because, after filtering out any
unwanted signals, the algorithm handles the two cases in the same way. But with higher levels of activities, the error
tends to increase. We investigated these data traces manually and found that the reception of the audio signals were very
poor in those cases. This happened due to the loose contact of the earphone after a long period of jogging and continued

until the user fit it well again. Overall, we observe an average error of 7.5 BPM when compared to the pulse oximeter.

Since there might be some differences between pulses obtained from the ear and from the finger tip, it is desirable to
see the correlation between the two besides comparing their absolute values. Furthermore, for our application and in
many medical applications, the rate of change of heart rate is of more importance than the absolute value. Figure 9.10(b),
Figure 9.10(c), and Figure 9.10(d) show the correlations at different activity levels. The correlation coefficients are
0.85, 0.84, and 0.75 respectively. At low and medium levels, the readings are very close to the ideal (i.e. the diagonal
line). But we see some non correlated horizontal and vertical points during the high activity level. The horizontal points
correspond to the looseness of the earphone, and the vertical points corresponds to the inability of the pulse oximeter to

report the pulse during high movements, as the device is recommended to be used at rest for its best performance.
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Figure 9.10: Performance of heart rate measurement algorithm on empirical data.
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Figure 9.11: Performance of heart rate measurement on MIT-BIH Arrythmia dataset.

Performance on MIT-BIH Arrythmia Dataset

As we do not know the actual heart condition of our participants who possibly have sound health with good rhythmic
heart beats, we wanted to test our algorithm on the data that are collected from actual patients. The MIT-BIH Arrythmia
dataset is a standard dataset that has been used in Biomedical research community for decades. It contains raw ECG
data from 48 actual patients who have known heart diseases — annotated with various information such as the heart rate.
We use only the data that is obtained from ECG Lead II, since the waveform of this lead closely resembles the recording
obtained from the ear. We slightly modify our algorithm to detect heart beats from this ECG data and Figure 9.11 shows
the BPM errors for all 48 patient records. Our algorithm’s average error is about 1.03 BPMs, and has zero errors for
most records. In some datasets we observe error as high as 7 beats. But we manually checked that these records contain

so wiggly waveforms that even human eyes cannot detect heart beats in it due to the noise.
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Figure 9.12: Comparison of heart rate measurement with an IR-based method.

Comparison with IR-based Technique

In this experiment, we compare the errors of our acoustic-based solution with that of an IR-based one. To do so, we
design and implement a pair of Septimu-like earbuds that includes IR sensors. A microcontroller samples the IR-sensors
at 50 Hz and transmits the data to a PC using the Bluetooth. We analyze the frequency spectrum of the received data
and identify the peaks which correspond to the heart beats. We use a pulse-oximeter to measure the ground truth.
Figure 9.12 compares the errors of the acoustic-based technique with that of the IR-based technique at three activity
levels. For each level, we take 32 heart rate measurements and compute the mean error. We observe that, the IR-based
solution beats the acoustic solution in all three levels. The mean error across all levels of activity for the acoustic sensor

is 7.5 BPM and for the IR sensor, it is 2.69 BPM. Hence, this plot depicts the trade-off between the acoustic solution’s
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multiple usages and IR-based solution’s accuracy. For apps where this difference is important we would include an IR

sensor in the ear bud. We leave it as a future work to combine the two sensing methods to achieve the best of both.

9.7.5 Evaluation of Activity Level Detection

We evaluate the accuracy of activity level detection algorithm, in which, we use only the Septimu’s accelerometer data.
A total of 17 users participate in this experiment. We conduct two rounds of experiments with them. First, each of the
users perform exactly 3 activities, corresponding to 3 activity levels, from the list in Table 9.1. Each of these activities
lasts about 1 — 5 minutes. For each person, we separately train one classifier with 60% of the collected data, and run
cross validation on the remaining 40% to obtain the confusion matrix of Table 9.5. We see that, the average accuracy of
the learner is almost perfect at all three levels, except for a few cases where it gets confused by some L3 activities. This
has happened since some users tend to slow down after jogging for a while, which is classified by the algorithm as

walking. Overall, the accuracy is 99.1%.

Predicted
Ly Lo L
L1]0.9998(0.0002| 0
Lo| 0 ]0.9997/0.0003
Ls| 0 1]0.0280/0.9720

Actual

Table 9.5: Single activity detection.
Predicted

Ly Ly Ls

L110.9890(0.0110| 0O

Lyl 0 ]0.9510(0.0490

Ls| 0 ]0.0370(0.9630

Actual

Table 9.6: Activity sequence detection.

In the next round of experiments, the users perform a series of activities in sequence: {L1, Lo, L3, L1, L3, Lo, L1 }.
The sequence is chosen so that all six transitions between any two activity levels happen. Each of the activities in the
sequence is 60 seconds long. After the experiment, all the collected data are classified using the same classifier from
the first set of experiments. This is done since in Musical-Heart, we first train the system for each activity level, and
then the trained classifier is used to recognize different activities. The confusion matrix of this second experiment is
shown in Table 9.6. We see some confusion between { L1, L2} and { Ly, L3} during the transitions. But this is transient

and does not affect the music recommendation algorithm. Overall, the accuracy is about 96.8%.

9.7.6 Fitness of System Model

Modeling human physiological response with a first order system may seem overly simplistic, but our empirical study

reveals that the goodness of fit of the model is pretty accurate when the number of songs listened to by a user is 40 or
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more. Figure 9.13 plots the fitness of the model against the number of songs. In our empirical dataset, the number of
songs any person has listened to is in between 20 — 55. Using the history of responses from 37 people, we compute the
model parameters A and B for each person. We measure the goodness of the model by computing R? = 1 — %y(;)g),

where y and gy are the actual and predicted responses of the system. The closer the value is to 1, the better is the model.
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Figure 9.13: The fitness of model gets better as the user listens to more and more songs.

9.8 Real Deployment

We deploy Musical-Heart in two real world scenarios— similar to the use cases that we described earlier in the chapter.
Four volunteers participate in each of the experiments. Two of them are male and two are female. All four participants
are healthy and they belong to the age group of 21 — 30. The participants are instructed to feel the music and to stay in

rhythm of the music.

Time | Intensity | Pace

5 min | 60%-70% | Walk at a comfortable pace to warm up.

3 min | 70%-80% | Increase speed a few increments until working harder
than the warm up pace. This is the baseline.

2 min | 80%-90% | Increase speed again until working slightly harder.

3 min | 70%-80% | Decrease speed back to baseline.

2 min | 80%-90% | Increase speed once again until working slightly
harder than baseline.

5 min | 60%-70% | Decrease speed back to a comfortable level.

Table 9.7: The cardio exercise program that our participants take part in during the experiment.

9.8.1 Goal Directed Aerobics

The goal of this experiment is to demonstrate that Musical-Heart measures heart rate, detects activity levels, and
suggests appropriate songs while a person is exercising. The 20 min long cardio program that our participants take part
in, is described in Table 9.7. The program mentions the duration, target intensity, and the required change in pace. Prior
to the experiment, we measure the resting heart rate and estimate the maximum heart rate of each participant — which

are used to calculate the target heart rate using the equation in Section 3.9. The controller parameters at each of the
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3 activity levels of a participant are estimated from the history of at least 40 previous responses of that person. This
information is used by the controller to suggest appropriate music in run-time.

Figure 9.14 shows the variations in heart rate (normalized to intensity) during jogging for all 4 participants. The
stairs represent the desired intensity, the curved lines represent the achieved intensity, and the arrows represent the
activation of the control input. An upward (downward) arrow denotes a positive (negative) control signal corresponding
to a suggested song that helps to rise (fall) the current heart rate. The value of control signal, u is used as the search-key
in the music database to find a matching song.

Figure 9.15 shows the variations in accelerometer readings corresponding to Figure 9.14. The curved lines represent
the standard deviations of accelerometer readings. The detected activity level of a person is computed from these
readings using the person specific thresholds as described in Section 9.5.1. The stairs represent the boundary between
the detected activity levels Ly and L3. For example, according to the cardio program in Table 9.7, all 4 participant
should be in L4 for the first 5 min, then in L3 for the next 10 min, and finally in Lo during the last 5 min. The detected
activity levels accurately match the desired levels for all 4 participants, except for the first male person (Male 1) who
seems to have slowed down a little at some point during his 7 — 8 min interval.

We illustrate the first control signal activation event of the first male participant as an example. The person is at
the intensity level of 38%, while his desired level is 65%. From the knowledge of his resting and maximum heart
rates, 70 and 170 BPM, these two intensity levels correspond to 108 and 135 BPM, respectively. Figure 9.15(a) shows
that he is at activity level Lo at that moment. Using the control parameters at activity level Lo of this person, a; =
—0.0196, as = —69.8587, a3 = 0.0213, A = 0.92 and B = 1.13, we obtain, u = (135 —1.13 x 108)/0.92 = 14.1.
The database of music is then searched for an appropriate music that has the composite feature value of 14.1. Using this
control approach, overall, the mean deviation in intensity levels for the 4 participants are: 11.4%, 13.2%, 12.1%, and

11.8%, respectively.

9.8.2 Music Recommendation via Biofeedback and Collaboration

The goal of this experiment is to demonstrate Musical-Heart’s bio-feedback based rating and collaborative recommen-
dation features. We perform a 3-day long experiment with 4 users, in which, each user uses Musical-Heart app while
riding on a vehicle (e.g., bus or car) and looks for heart soothing songs. The server initially has the history of at least 40
responses from the first two users, while the other two users are new. We expect that the more a user uses Musical-Heart,
the better is the quality of music recommendation.

Figure 9.16(a) shows the automated ratings obtained from 4 users over a 3-day period. The first two users are regular
users of Musical-Heart and the system therefore consistently suggests high rated songs to them with average ratings of

3.56 and 3.78. For the new users of the system, initially, the quality of suggestion is in the range of 2.32 — 2.79, but the
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Figure 9.15: Standard deviation of accelerometer data and boundary between activity levels Lo and L3 are shown.

more they use the application, the better the quality of suggestion gets, i.e., 3.42 — 3.52. The improvement happens
due to the learning and collaborative nature of the recommendation algorithm. Figure 9.16(b) shows the value of the
composite feature, u of the suggested songs on each day. The composite feature being highly correlated to raising the

heart rate, the less its value, the better it is in calming down the heart. We see that the average value of u gets lower on
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Figure 9.16: (a) The automated ratings for the new users are increased. (b) The reduction of u indicates increased
accuracy of soothing music suggestion.

each day, which indicates that Musical-Heart is indeed suggesting heart soothing song to its users. Note that, the values
of w in this experiment are not comparable to those in the previous experiment since all 4 users are in activity level L

which is different.

9.9 Summary

In this chapter, we introduce Septimu, a wearable sensing platform consisting of a pair of sensor equipped earphones,
and as an application of it, we design and implement, Musical-Heart which is a novel bio-feedback based, context
aware, automated music recommendation system for smartphones. We provide empirical evidence that the system is
capable of detecting heart rate from the ear which is 75% — 85% correlated to the ground truth and has an average
error of 7.5 BPM. We deploy Musical-Heart in two real world scenarios and show that it helps the user in achieving a
desired exercising intensity with an average error of less than 12.2%, and its quality of music recommendation improves
over time. The version of Musical-Heart that we have described in this chapter does not use Auditeur as a means for
detecting heartbeats. However, it is possible to implement MultiNets using Auditeur, which we have shown in one of

the case studies in Chapter 6.4.



Chapter 10

Conclusion

10.1 Summary and Key Contributions

This thesis presents the design, implementation, and evaluation of a general-purpose, energy-efficient, and context-aware
acoustic event detection platform for mobile devices. This is a useful platform and would save months of development
time for developers who want to build applications that act upon acoustic events. As part of this thesis, we have
developed a total of four systems. Each of which contributes to the primary objective of this dissertation which is to
enable rapid development of mobile applications that recognize general-purpose acoustic events on mobile devices and

are energy-efficient, highly accurate, adaptive to user’s context, and easier to program.

10.1.1 A Mobile-Cloud Platform for Acoustic Event Detection

At the heart of the thesis, we have the Auditeur platform. Aside from its ability to recognize a wide variety of sounds,
the platform is shown to automatically create acoustic event classifiers that are accurate, energy efficient, and adaptive
to user’s context. We provide empirical evidence that Auditeur’s energy-aware algorithm is capable of increasing the
device-lifetime by 33.4%, sacrificing less than 2% of the maximum achievable accuracy. Seven applications have been
implemented with the Auditeur API to demonstrate its versatility and to show that applications developed with Auditeur
are 11.04% — 441.42% less power hungry, and 10.71% — 13.86% more accurate in detecting acoustic events compared
to state-of-the-art techniques. A user study on 15 undergrads shows that even novice programmers can implement the

core logic of interesting applications with Auditeur in less than 30 minutes, using only 15 — 20 lines of Java code.
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10.1.2 Exploting Sparseness in Speech

Due to limited processing capability, contemporary mobile devices cannot extract frequency domain acoustic features
in real-time on the device when the sampling rate is high. We propose a solution to this problem which exploits the
sparseness in speech to extract frequency domain acoustic features inside a mobile device in real-time, without requiring
any support from a remote server even when the sampling rate is as high as 44.1 KHz. We perform an empirical study
to quantify the sparseness in speech recorded on a mobile device and use it to obtain a highly accurate and sparse
approximation of a widely used feature of speech called the Mel-Frequency Cepstral Coefficients (MFCC) efficiently.
We name the new feature the sparse MFCC or sMFCC, in short. We experimentally determine the trade-offs between the
approximation error and the expected speedup of SMFCC. We implement a simple spoken word recognition application
using both MFCC and sMFCC features, show that sMFCC is expected to be up to 5.84 times faster and its accuracy is

within 1.1% — 3.9% of that of MFCC, and determine the conditions under which sMFCC runs in real-time.

10.1.3 Mobile-Cloud Communication Efficiency

Auditeur performs on-device acoustic event detection in real-time as opposed to sending audio data to the cloud over
the Internet. However, there are applications that must communicate to a remote server in order to use the web services
offered by it. To reduce the energy-cost due to wireless communication, we have developed MultiNets, which is
capable of dynamically switching to the most energy-efficient wireless network interface (3G and WiFi) at runtime,
and without requiring any modification to the application. We describe the architecture of MultiNets and demonstrate
the methodology to perform wireless network interface switching in Linux based mobile OSes such as Android. Our
analysis on mobile data traces collected from real users shows that with dynamic switching we can save 27.4% of the
energy, offload 79.82% of the data traffic, and achieve 7 times more throughput on average. We deploy MultiNets
in a real world scenario and our experimental results show that depending on the user requirements, it outperforms
the state-of-the-art Android system either by saving up to 33.75% energy, or achieving near-optimal offloading, or

achieving near-optimal throughput while substantially reducing TCP interruptions due to switching.

10.1.4 An Application Detecting a Special Type of Acoustic Event

We present Musical-Heart, which is a biofeedback-based, context-aware, automated music recommendation system
for mobile devices. We introduce a new wearable sensing platform, Septimu, which consists of a pair of sensor-
equipped earphones that communicate to the smartphone via the audio jack. The Septimu platform enables the
Musical-Heart application to continuously monitor the heart rate and activity level of the user while listening to music.
The physiological information and contextual information are then sent to a remote server, which provides dynamic

music suggestions to help the user maintain a target heart rate. We provide empirical evidence that the measured heart
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rate is 75% — 85% correlated to the ground truth with an error of < 2 BPM when the user is stationary, and 7.5 BPM
on average. Such an error may not be desirable in applications that require a precise heart rate measurement. For those
applications, we recommend an IR-based heart rate detector which is more accurate than an acoustic-based one. The
accuracy of the person-specific, 3-class activity level detector is on average 96.8%, where these activity levels are
separated based on their differing impacts on heart rate. We demonstrate the practicality of Musical-Heart by deploying
it in two real world scenarios and show that Musical-Heart helps the user achieve a desired heart rate intensity with an

average error of less than 12.2%, and its quality of recommendation improves over time.

10.2 Limitations and Future Improvements

There are some notable extensions and improvements to the research we have presented in this research.

First, Auditeur’s set of acoustic processing units has a limited number of primitives. While we have shown that,
with these primitives, Auditeur is capable of recognizing a wide range of acoustic events, yet, for a completely new
acoustic event detection problem, the list might be inadequate. One aspect of Auditeur is that, it is extensible. Adding a
new primitive does not require any change into the framework. In the future, we would like to explore different types of
acoustic event detection problems that we have not covered in this thesis. We are particularly interested in studying
physiological sounds and sounds related to home safety, as these have potential applications such as — personal wellness
monitoring and mobile health. One such problem that we plan on pursuing in the near term is to analyze asthma sounds

collected with an electronic stethoscope connected to a mobile device.

Second, the SMFCC acoustic feature is faster to extract, however its applicability is not fully explored in this
research. We have made SMFCC an optional feature that the developer may choose to use instead of the regular MFCC
features. In the future, we look forward to explore the applicability of SMFCC on sounds other than speech and make

the choice between MFCC and sMFCC automatic in Auditeur.

Third, the MultiNets engine currently considers switching between WiFi and 3G interfaces on a mobile device only.
However, 4G is prevailing these days and a newer version of WiFi (IEEE 802.11ac) has received approval earlier this
year (Jan 2014). These newer networks supposedly have different characteristics in terms of energy cost and throughput.
Mobile and wearable devices, such as tablets, smart watches, and smart glasses, have also started supporting multiple
network interfaces. In the future, we plan on studying the characteristics of 4G and 802.11ac networks on different
devices and platforms, and extend the capability of MultiNets by incorporating these newer technologies.

Fourth, the Musical-Heart system currently considers only three acoustic features of a song, i.e. the tempo, pitch,
and energy. However, there are other music features such as the loudness, liveness, speechness, and danceabilty, which

may also have correlation to the heart rate. The pilot study that we conducted also had a small number of users. In the
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future, we plan to perform large scale studies involving more users and additional music features to make Musical-Heart

even more accurate.

10.3 Future Research Directions

One of our future research directions is to extend the ideas in Auditeur and approach a more generic problem — which
is to automatically generate classifiers for general purpose sensor data. This generalization is far more complex a
problem than acoustic classification at least for two reasons: first, different sensor streams have different characteristics,
and second, we do not also know in advance the exact number of streams that are available in an opportunistic sensing
scenario. However, a solution to this problem would foster the development of plethora of mobile applications that
require recognizing a wide range of user-contexts from multiple sensing modalities.

Another research idea that we plan to pursue is to approach the sensor data classification problem in a different
way than it has been done in Auditeur. One limitation of Auditeur is that, it assumes a fixed set of features — which is
neither exclusive nor exhaustive. It is highly likely that for a new type of acoustic classification problem, we may have
to incorporate new feature extractor modules into the system. An alternative way to deal with this feature crisis problem
is to have the system automatically learn the features prior to creating a classifier. This approach is similar to a recent
advancement in machine learning field called the deep learning [115], which has successfully been applied to image
recognition problems. We would like to investigate the idea of deep learning for shallow devices, i.e. the potential of
deep learning algorithm in general-purpose sensor data classification problems in a constrained setup, where the device

has a limited amount of energy.
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Appendix A

Optimum Energy Computation in

MultiNets

Given, the data usage D; of a user for every T' seconds, energy for turning on (Eg/ N ES N), data transfer (ElV)V (Dy),
E$(D;)), and idle power (P, PY) of the WiFi and cellular, and the availability of WiFi, our goal is to find the
optimum energy consumption considering switching. The problem is an instance of classical multi-stage graph
optimization problem where the time points are the stages and the interfaces are the choices (sometimes only one choice
of 3G) at each stage. Let us define f (i, C') as the optimum energy from the starting time (time = 1) till ¢ — ¢h time such
that we use 3G at time 4. Similar is the definition of f(i, W) for WiFi. We now formulate the following recurrence
relations:

f(i—1,C)+ PC x T + ES(D;)
f@@,C) = min

fi—=1, W)+ E§y + P¢ x T+ E5 (D)

fl—1,W)+ PV x T+ EF (D))
f, W) = min

f(i—1,C)+ Efy + PV x T+ E}(D;)

with initial conditions f(0,C) = ESy, f(0,W) = EXy. These recurrences are written assuming WiFi is available.
To address the cases when WiFi is not available, we ignore f(i — 1, W) in f(i,C), and make f(i, W) = f(i,C).
Finally, the optimum energy is computed as the minimum of f(n, W) and f(n, C) where n is the total number of time

points.

122



Appendix B

Media Coverage of Musical-Heart

e “Teaching Old Microphones New Tricks”, The Economist, Jun 2013.

e “Exercise Music App Listens to Your Heart to Rev it Up”, New Scientist, Oct 2012.

e ’DJ Meets Gym Coach with App that Keys Songs to Heart Rate”’, CNET, Oct 2012.

e “Music App that Gets Your Heart Pumping During Exercise”, The Times of India, Oct 2012.

e “University Researchers Run to the Beat”, Cavalier Daily, Oct 2012.

e “There is an Exercise App that Can Control Your Heart Rate with Music”, Gizmodo, Oct 2012.
e ”App Syncs Music With Heart Rate, Activity”, Runners World, Oct 2012.

e “The Musical Heart Keeps Workouts on Pace”, Trend Hunter, Oct 2012.

e “Musical Heart Helps You Maximize Your Workout”, Ubergizmo, Oct 2012.
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