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Abstract

Smart devices such as smart watches and smartphones are commonly used in every
aspect of the user’s daily life. These versatile smart devices are equipped with high qual-
ity sensors, that can be employed to sense contextual information of the user. Contextual
information about the user’s body is generally collected by means of devices placed on
the user’s body, i.e., wearable devices. Contextual information about the user’s sur-
roundings can be collected either by distributing sensors in the user’s environment or
by remotely sensing the user’s surroundings employing a probing device placed on the
user’s body.

On-body sensors such as accelerometers, provide information regarding the user’s
activities that can be employed to develop context-aware applications. However, the
user’s surroundings also provide a rich stream of information regarding the user’s con-
text. For example, information regarding the user’s environment and the objects in close
proximity is abundantly available in the user’s surroundings. Capturing such informa-
tion makes it possible to estimate information regarding attributes of such objects and
the user’s interactions with them, and characteristic attributes of the user’s environment.
This information can then be used to recognize the user’s context. In this thesis, we fo-
cus on capturing contextual information about the user’s surroundings. Specifically, we
employ the user’s smart devices, i.e., smartphones and smartwatches, and sound sensing
to capture contextual information from the user’s surroundings. In recent studies, sound
sensing is widely being adopted in capturing contextual information of a smart device
user’s surroundings. Furthermore, the characteristics of sound sensing allow us to em-
ploy cost-effective, easy-to-maintain methods to sense the user’s surroundings with a
less number of sensor nodes. Moreover, high-quality microphones and speakers are al-
ready included in the off-the-shelf smart devices that further increase the adaptability of
such methods.

In this thesis, we first propose a method to capture information regarding the user’s
interactions with door objects in the surroundings. The user’s interactions with door
objects in an indoor environment provide vital information that can be employed in ap-
plications in the security, infrastructure, and healthcare sectors. We use a single disused

smartphone placed in an environment (room) to recognize the user’s interactions with



multiple door objects. Our method not only captures the open/close events of the door
objects but also captures the opened/closed states of the door objects at any given time
which increases the adaptability of our method to applications such as HVAC control.
Furthermore, our method also can capture information regarding human movements in
the environment which is an essential factor in applications such as surveillance. We
evaluated our method using sensor data from five household environments. Our method
could recognize door events/states of multiple door objects in an environment with a
single probing device with high accuracy.

Next, we propose a method to capture the user’s indoor location attributes using
sensor data from the user’s smartwatch. We employ both the acoustic data as well as
acceleration data from the user’s arm to capture location-specific sensor data segments
(location-specific acoustic characteristics and acceleration data segments) and estimate
the user’s indoor location class. We propose a novel matrix manipulation method that
automatically extracts short segments of location-specific data from time-series sensor
data. Furthermore, we describe a method to automatically build a location classifier
without requiring handcrafted rules and templates. We collected data from four dif-
ferent household environments and evaluated our method. Our method could estimate
seven different location classes without requiring training data collected from the target
environment.

Finally, we propose a method that employs sound sensing via a smartphone to esti-
mate the distance and the relative velocity of the obstacles in front of the user, which can
be used to aid distracted pedestrians to avoid a collision with an oncoming obstacle. We
employ a novel acoustic probing signal that facilitates distance and velocity estimation
of both static and mobile roadside obstacles. Furthermore, our novel neural network ar-
chitecture considers the mobility of the obstacle to efficiently estimate its distance and
relative velocity. We evaluated our method using acoustic data from 327 obstacle en-
counters. Our method achieved an obstacle mobility estimation with a 94% F-measure.
The mean absolute error (MAE) of distance and relative velocity estimation was as low
as 20.6 cm and 0.19 ms™ 1.






Contents

1 Introduction

1.1
1.2

1.3
1.4

1.5
1.6

2.1
22

2.3

Background . . . . . . ...
Problems . . . . . . . ..
1.2.1  Problems Regarding Capturing User’s Interactions with Doors .
1.2.2  Problems Regarding Estimating User’s Indoor Location Class
1.2.3  Problems Regarding Estimating Attributes of Outdoor Objects .
Approach . . . . . . ..
Research Content . . . . . . . .. .. . ... ... ... .. ...,
1.4.1 Recognizing Events and States of the Doors . . . . . ... ...
1.4.2  Predicting Indoor Location Classof User . . . . .. ... ...
1.4.3 Estimating Mobility, Distance and, Relative Velocity of Road-
sideObstacles. . . . . . . ... ... .. .
Research Contribution . . . . . .. ... ... ... ... ......

Structure of the Thesis . . . . . . . . . . . . . . . . ... ... ...

Detecting Door Events Using a Smartphone via Active Sound Sensing

Introduction . . . . . ...
Related Work . . . . . . . .. .
2.2.1 Monitoring Indoor Events Using Distributed Sensors . . . . . .
2.2.2  Monitoring Indoor Events Using a Small Number of Sensors . .
2.2.3 Context Recognition Using Active Sound Sensing . . . . . . .
2.2.4  Context Recognition Using Passive Sound Sensing . . . . . . .
Investigation of Active Sound Sensing . . . . ... ... ... .....

2.3.1 Theory of the Operation of Event Detection Using Doppler Shift

vii

0 3 O L

O

10

10
11
12

15
15
20
20
21
23
24
24
24



viii CONTENTS
2.3.2 Impact of Distance between Smartphone and Object . . . . . . 26
2.3.3 Time Variance of the Doppler Shift . . . . ... ... ... .. 27
2.3.4  Stereo Recording Using the Two Inbuilt Microphones . . . . . . 29
2.3.5 Composite Signals Consisting of Two Sinusoidal Waves with
Different Frequencies . . . . . . . . ... ... ... ...... 30
23.6 DailyLifeNoises . . . . . ... ... .. ... ... ...... 31
24 Method . . . . ... 32
241 Overview . . . . . .. e 32
242 Sound Emission . . . .. .. ... 33
243 Feature Extraction . . . . ... ... ... .. ... ...... 34
2.4.4 Discriminative Classifier forEvents . . . . . . ... ... ... 35
2.4.5 Discriminative Classifier for States . . . . . . . ... ... ... 35
24.6 Object-wise HMM . . . . . ... ... ... ... ... ... 36
2.4.7 Discriminative Classifier for Walking Events . . . . . . . . .. 38
24.8 HMMs for WalkingEvents . . . . . . ... ... ... ... .. 38
25 Evaluation . . . . . ... 39
25.1 DataSet. .. ... ... ... 39
2.5.2 Evaluation Methodology . . . . ... ... ... ........ 41
2.5.3 Result of Door Event/State Recognition . . . . . ... ... .. 42
2.5.4 Results of Walking Event Recognition . . . . . ... ... ... 48
2.6 DISCUSSION . . . . . . . oL e e e e 49
2.6.1 Environmental Noises . . .. ... ... ... ......... 49
2.6.2 Effect of Additional Person . . . . ... ... .. ... .... 51
263 WayofUsingDoor . . .. ... ... ... .. ......... 52
2.6.4 Additional Object. . . . . . . .. ... ... ... ....... 52
2.6.5 Amountof TrainingData . . . . . ... .. ... ........ 53
2.6.6 Structure of the System . . . . . . . ... ... ... 53
2.6.7 Limitations of the Proposed Method . . . . . . ... ... ... 54
27 Conclusion . . . . . ... L 54

3 IndoLabel: Predicting Indoor Location Class by Discovering Location-specific
Sensor Data Motifs 55



CONTENTS X

3.1 Introduction . . . . . . . . . .. ... 55
32 RelatedWork . . . ... ... . ... 59
3.2.1 Location Class Prediction . . .. ... ............. 59
3.2.2 Landmark-assisted Indoor Positioning . . . . . ... ... ... 60
323 MotifDetection . . . . . . .. ... 61
3.3 Location class estimation method . . . . . . . ... ... ... ... .. 62
3.3.1 Preliminaries . . . .. ... .. .. ... ... 62
332 OVerview . . . . . ..o e 62
333 Preprocessing . . . . . .. ... e 63
3.3.4 Finding Location-specific Motifs . . . . . . ... ... ... .. 67
3.3.5 Building Motif Classifier . . . . . ... .. ... ........ 70
3.3.6 LocationClassifier . . . . ... ... ... ... ........ 74
3.37 Wi-Fi-based Place Clustering . . . . ... ... .. ...... 74
3.3.8 Estimating LocationClass . . . . . ... ... ......... 76
34 Evaluation . . . . . . ... ... e 76
34.1 Dataset . . . . .. ... e 76
3.4.2 Evaluation Methodology . . . . . . ... ... ... ...... 78
343 Results . . ... .. 81
344 Discussion . . . ... 88
35 Conclusion . . . . .. 91
4 Joint Estimation of the Distance and Relative Velocity of Obstacles via Smart-
phone Active Sound Sensing for Pedestrian Safety 93
4.1 Introduction . . . . . . . . . . . . e 93
4.1.1 Background . . . . . ... ... o 93
412 Problems . . ... ... ... 94
413 Approach . . . . ... ... .. 95
4.1.4 Contributions . . . . . . . ... Lo 96
42 RelatedWork . . . . . . ... 96
4.2.1 Static Obstacle Detection and Distance Estimation . . . . . . . 96
4.2.2 Mobile Obstacle Detection and Velocity Estimation . . . . . . . 97
4.3 Investigation and Probing Signal Design . . . . . . . ... .. .. ... 98



4.3.1 Obstacle Mobility Detection . . . . . ... ..
4.3.2 Obstacle Distance Estimation . . . . ... ..
4.3.3 Obstacle Velocity Estimation . . . . . .. ...
4.3.4 Probing Signal Design . . . . ... ... ...
44 ObsSense Method . . . . .. ... ... ........
441 Overview . . . . . . . . .. e
4.4.2 Signal Segmentation . . . ... ... .. ...
4.4.3 Impulse Response Calculation . . . . .. ...
4.4.4 Doppler Frequency Extraction . . . . ... ..

4.4.5 ObsSense Neural Network Architecture

45 Evaluation . . . . ... ... L L
451 Dataset . ... ... ... .. ... ...
4.5.2 Evaluation Methodology . . . . .. ... ...
453 Results . .. ... ... .. ... ... ...
454 Discussion . ... .. ... .. ...

4.6 Conclusion . .. ... ... ... ... .. ...

5 Conclusion and Future Work

5.1 Summary of the Thesis . . . . .. ... ... .....

52 Futurework . . . . . . ... ...

Acknowledgment

CONTENTS



List of Figures

1.1

2.1

22

23

24

2.5

2.6

Anoverview of thisstudy . . . . . .. ... ... L.

Relation between the relative location of a moving door and its velocity

component towards the smartphone . . . . . . ... ... ... L.

FFT power spectrograms for a door-opening event when the smartphone
is placed (a) 1 m from the door, (b) 3 m from the door, and (c) 5 m from
thedoor . . . . . . ...

Environment of the preliminary experiment (1). The smartphone emits
a sinusoidal sound wave with a frequency of 20 kHz. The directions of

the front speaker and microphone are identical. . . . . . .. ... ...

FFT spectrogram of the front channel when the smartphone is placed

2.7 m from Doorl and 3.6 m from the Door2, as shown in Figure 2.3 . .

Situations wherein a door is located (a) in front of the smartphone, (b)
to the left-hand side of the smartphone, and (c) behind the smartphone.
The smartphone emits a composite wave of two sine waves with fre-

quencies of 18 and 20 kHz, respectively. . . . .. ... ... .. ...

Spectrograms of the door-opening events when the door is located (a)
in front of the smartphone, (b) to the left-hand side of the smartphone,
and (c) behind the smartphone. Spectrograms of the audio data from the
front microphone are in the top row and the back microphone are in the

bOttom rowW. . . . . . . . e e

xi

27



Xii

2.7

2.8

2.9
2.10

2.11

2.12
2.13

2.14
2.15
2.16
2.17
2.18
2.19
2.20

LIST OF FIGURES

Spectrograms of the audio data obtained by the front microphone when
the door is located (a) in front of the smartphone, (b) to the left-hand
side of the smartphone, and (c) behind the smartphone. The spectro-
grams in the top row show a frequency range of around 18 kHz, and the

spectrograms in the bottom row show a frequency range of around 20

Environmental noises recorded by a smartphone when a composite wave
comprising 18- and 20-kHz sinusoidal waves was emitted. The distance
between the smartphone and the microwave oven was approximately 3
m. The distance between the smartphone and the washing machine was
approximately 3 m. The distance between the smartphone and the tele-
vision was approximately 3 m. The distance between the smartphone

and the entrance door was approximately I m. . . ... ... ... ..
Overview of the proposed recognition method . . . . . . .. ... ...

State transition diagram of a handcrafted grammar describing state tran-

sitions across HMMS . . . . . . . . . . . e

Our experimental environments. The sizes of environments 1, 2, 3, 4,
andSare3.5m x 44 m,32mx44m,44m x 6.8m,3.3m x 2.2

m, and 2.6 m x 1.8 m, respectively. . . . . ... ... ... ... ...
Visual confusion matrices for the proposed method in Environment 1

Estimates of the proposed method for Doorl in Environment 1. The
graph also shows the ground truth, which was obtained from video

recordings. . . ... ..
Macro-averaged F-measures of the five methods in Environment 1
Macro-averaged F-measures of the five methods in Environment 2 . . .
Macro-averaged F-measures of the five methods in Environment3 . . .
Macro-averaged F-measures of the five methods in Environment4 . . .
Macro-averaged F-measures of the five methods in Environment 5 . . .
Estimates of Proposed and w/o grammar for Doorl in Environment 1

Estimates of the proposed method (lower panel) and spectrogram re-

lated to frequencies used for classification features (upper panel) . . . .

42

43
45
45
46
46
46
48



LIST OF FIGURES

2.21 Transitions in macro-averaged F-measure when the number of training

3.1

32
33

34

3.5

3.6

3.7

3.8

sessions is varied . . . . . . . .. L.

Example of location class prediction by IndoLabel in an unseen tar-
get environment using the proposed method. Location-specific sensor
data templates (motifs) are extracted from the labeled sensor data col-
lected in several locations in training environments. A location classifier
trained by these motifs is thereafter used to estimate the location labels
of locations in the target environment by using the collected data. In-

doLabel does not use any labels in the target environment. . . . . . . .
Overview of IndoLabel . . . . . ... ... ... . ...... . ....

An example of acceleration data and a similarity matrix computed from
the data. The darker cells in the similarity matrix indicate data segments

with higher similarity. . . . . . .. ... ... oo L.

Examples of MFCC features at different locations in different environ-
ments; bedroom (while lying on a bed) and balcony (while smoking).
Red and blue cells indicate large and small amplitudes, respectively.
The horizontal axis represents the time axis and the vertical axis repre-
sents the MFCCs. . . . . . . . .. . .

An example of an acceleration data and time series of LSMs computed

fromthedata . . . . . . . . . . . ..

Structure of motif classifier based on domain-adversarial learning. L.,
Ly, and L, show the loss functions for motif classification, domain

classification, and distributions of output probabilities, respectively.

An example of signal strength from different APs over time as a user

moves from Place A to Place B and thereafter back to Place A . . . . .

Experimental environments. The blue dots denote the locations of the

Wi-Fi APs installed inside each environment. . . . . . . . ... .. ..

Xiii

76

3.9 Two sessions of real data collected in Environment 2 and Environment 4 77

3.10 Average F-measures of the methods . . . . . . ... ... ... ....

3.11 Average F-measures of IndoLabel for each locationclass . . . . . . ..

81



X1V

3.12

3.13

3.14

3.15

3.16

3.17

3.18

3.19

4.1

4.2

4.3

LIST OF FIGURES

Confusion matrices of classification results of Only-ACC, Only-MIC
and IndoLabel . . . . ... ... ... ... .. ...
Classification F-measures in each environment. Each whisker shows the
standard deviation. . . . . . . .. .. ..o
Examples of acceleration data motifs (after PCA) extracted from each
location class in an environment. The horizontal axis shows the time-
axis and vertical axis shows the amplitude. . . . . ... ... ... ..
F-measures of different motif classifiers . . . . . ... ... ... ...

Confusion matrices of classification results of the motif classifiers for
IndoLabel . . . . . . . . . . e

Confusion matrices of classification results of the motif classifiers for

Transitions of average F-measures when the number of training sessions

Isvaried . . . . . s

FFT spectrograms of reflected sounds of sine waves recorded when (a) a
smartphone user was walking toward a person while the person was also
walking toward the user and (b) a user was walking toward a stationary
0155 1)
(a) Reflections of a static obstacle (a wall) and (b) reflections of a mobile
obstacle (a jogging person), recorded on IR envelopes. Each IR enve-
lope is 6000 data points long (x-axis). Considering the speed of sound
as 340 m/s and sampling rate as 192 kHz, the distance resolution of each
IR envelope sample corresponds to f’;gk% ~ 0.18cm. Considering the
round-trip time, the maximum distance from which the reflections can
be captured is (0.18cm x 6000)/2 = 540cm = 54m . . . . ... ...
FFT spectrograms of reflected sounds of sine waves recorded when a
pedestrian walked towards a static user at (a) slow, (b) medium, and (c)
fast speeds and a user walking towards a wall at (d) slow, (e) medium,
and (f) fastspeeds. . . . . . . . . ... ...



LIST OF FIGURES

4.4
4.5
4.6

4.7

4.8
4.9

4.10

4.11

4.12

4.13

4.14

4.15

4.16

FFT spectrograms of two probing signal designs . . . . . . .. .. ...
Overview of ObsSense . . . . . . ... ... ... ... .. ......

Pipeline of identifying start/end times of sine waves, sweeps, and in-

verse sweeps in the signal segmentation module . . . . . . .. ... ..

(a) IR feature extraction pipeline (b) extracted analytic signal and its

upperenvelope . . . . ...
DF and IR feature preparation for ObsSense neural network . . . . . . .

Structure of ObsSense neural network. Both the Doppler extractor and
the IR extractor include three convolutional layers, each followed by
max-pooling layers with a kernel size and step size of 3. Six kernels are
included in all 3 convolutional layers in the Doppler extractor, with sizes
of 11, 3, and 3, respectively. The number of kernels of the IR extractor
are 6, 16, 6 and their step size is 3. Both the mobility estimator and the
velocity/distance estimator include five fully connected layers with 500,
100, 50, 30, and 2 nodes, respectively. Each fully connected layer uses
the ReLU activation function, except for the last fully connected layer

of the mobility detector, which uses the sigmoid function. . . . . . . . .
Comparison of (a) distance and (b) relative velocity prediction errors of
ObsSense and the other methods . . . . . . ... ... ... ......
Comparison of (a) predicted relative velocity and (b) predicted distance
against the ground-truth when the participant walked towards a wall. (c)
the reflections by the wall recorded on the IR envelopes . . . . . . . ..
(a) Distance and (b) relative velocity prediction errors of ObsSense for
different obstacle types . . . . . . . ... ... oL
Distance and relative velocity prediction errors according to different
obstacledistances . . . . . . . .. ... Lo
Distance and relative velocity prediction errors according to different
obstacle velocities . . . . . . . .. ... Lo
Comparison of (a) relative velocity and (b) distance prediction errors of
different methods according to obstacle mobility . . . . . . . .. .. ..

Experimental setting for multiple obstacle encounters . . . . . . . . ..

XV



XVi LIST OF FIGURES

4.17 Distance and relative velocity prediction errors of ObsSense according

to different amounts of traindata . . . . . . . . . . . . ... ... ... 118



List of Tables

2.1
22
23

24

2.5

3.1
32

4.1

Features of door event recognition methods . . . . . . . ... .. ... 21
Classification accuracies for the proposed method in Environment 1 . . 42
Macro-averaged precision, recall, and F-measure for the proposed method

in the five environments . . . . . . ... ... Lo 43
Accuracies of walking detection for the proposed method. (The results

of Environment 3 are unavailable. Because there is only one door in the
environment, the walking events did notoccur. . . . . . . ... .. ... 49

Accuracies of Door2 and Door3 in Environment 5 when the entrance

door (Door1) was in the “opened” and “closed” states. . . . . . .. .. 49
List of locations and specific actions performed . . . . . ... ... .. 78
Physical features of participants . . . . . ... ... ... ....... 78
Number of Encounters Per Obstacle Type . . . . ... ... ... ... 111



LIST OF TABLES



Chapter 1

Introduction

1.1 Background

Context recognition, which is employing sensor data to capture the user’s real-time
contextual information, is one of the most studied fields in the area of ubiquitous com-
puting. The user’s contextual information can be divided into two sections, based on
the proximity where the information is contained, compared to the user; (1) contex-
tual information from the user’s body, and (2) contextual information from the user’s
surroundings. Contextual information from the user’s body is collected using wear-
able devices such as smartwatches [10, 97], smart glasses [56], on-body cameras [61],
smart clothes [17], sports trackers [23], and heart-rate meters [114, 19]. The contextual
information attributes that these wearable devices collect include the user’s activities,
location, interactions with objects, and vital signs, which can be employed to develop
user context-aware applications. Contextual information contained in the user’s sur-
roundings can also supplement the user’s context. However, it is difficult to capture sur-
rounding contextual information by distributing sensors in the environment or placing
them on objects of interest. In this study, we focus on designing remote sensing methods

to capture contextual information from the user’s surroundings based on sound sensing.

The user’s surroundings can be divided into indoor environments and outdoor en-
vironments. The indoor surrounding context of the user is consisted of the user’s in-
teractions with indoor objects [78, 130, 131, 132, 136, 125, 81, 112], states of indoor

3



4 CHAPTER 1. INTRODUCTION

objects [77], conditions of the indoor environment [40], and user’s indoor location at-
tributes [11, 99]. The context of the user’s outdoor surroundings includes attributes of
the objects in outdoor surroundings [14, 95], and the user’s outdoor location attributes
[18, 12].

The user’s interactions with most indoor objects can be identified as “events”. For
example, openings and closings of doors in indoor environments are known as door
events. These events might change the “state” of the object, which in turn changes the
environmental attributes. When considering the user’s interactions with indoor objects,
door objects take a prominent place as these interactions highly influence the user’s en-
vironmental attributes. For example, the user’s interactions with a window at a “closed”
state (open event), might open an enclosed room to the outside world, transiting the
state of the window to “opened” state, which may be a security concern. Recognizing
the user’s interactions with doors in the environment can be incorporated into applica-
tions related to (1) home security, such as intruder detection, (2) infrastructure, such as
automation of HVAC control, or (3) healthcare, such as surveillance of independently
living elderly people. Therefore, door event recognition has been extensively studied
in the ubiquitous computing research community [78, 130, 131, 132, 136, 125]. There-
fore, in this study we focus on capturing contextual information related to user’s

interactions with doors in an indoor environment.

The user changes his indoor location continuously during his daily life. Therefore,
capturing the indoor location attributes of the user is useful to investigate user’s lifestyle.
One of the most important attributes corresponding to the user’s indoor location is the
semantic label of the location, i.e., user’s indoor location class. There is a strong rela-
tionship between the user’s activities and his location. For example, a user sleeps in the
“bedroom”, and cooks in the “kitchen”. Therefore, when a semantic label of the user’s
current indoor location can be estimated, it can be used as prior knowledge to recognize
the user’s activities. Furthermore, such information can also be used to label lifelog data
and for adaptive and automatic management of lifelogging sensors, i.e., switching off
a wearable camera when the user visits the restroom. Therefore, in this study we also

focus on capturing contextual information related to user’s indoor location class.

Furthermore, when the user visits outdoor environments, he is always surrounded by

a multitude of different objects which may affect him in numerous ways. For example,
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the user may have to change his walking speed, and direction or perform a maneuver to
avoid a collision with an obstacle in the user’s trajectory. Specifically, smartphone users
that walk on the sidewalk while viewing their smartphones can get easily distracted by
their devices and can bump into various roadside obstacles. This has become a ma-
jor concern for pedestrian safety. Therefore, capturing attributes of the objects in the
user’s surroundings is an important task. Specifically, capturing obstacle attributes such
as type, distance, and relative velocity regarding oncoming obstacles provides rich in-
formation for developing context-aware applications such as pedestrian safety systems,
automation of managing alert levels, and assisting visually impaired people with navi-
gation. Therefore, in this study we also focus on capturing contextual information

related to attributes of the objects in the user’s outdoor surroundings.

1.2 Problems

In this section, we will discuss major problems related to the current methods of cap-
turing contextual information from the user’s surroundings. As previously mentioned,
capturing contextual information from the user’s surroundings has numerous real-world
applications. To this end, several studies as well as commercially available methods

have attempted to achieve this using different sensor modalities and approaches.

1.2.1 Problems Regarding Capturing User’s Interactions with Doors

One of the most common methods of capturing the user’s interactions with doors in an
environment is by connecting sensor nodes (contact sensors) to each door in the environ-
ment, which is known as the distributed sensor method. However, this method requires
a large number of sensor nodes to be attached to every door object in the environment,
which increases the installation cost. Furthermore, each sensor node is equipped with a
separate battery, resulting in a high maintenance cost. Even with high installation and
maintenance costs, the information related to door events that can be acquired by these
sensors is very limited.

For example, there is information regarding door events that are associated with the

user’s movements. A user might open the door of an enclosed and unoccupied room,
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enter it, and close the door behind him. He also might open the door and close the door
without entering it. During the first scenario, the room attribute changed from “unoccu-
pied” to “occupied” due to the combination of door-related events, while in the second
scenario, the room attribute remain “unoccupied”. Such knowledge can be incorporated
into applications such as automation of HVAC control where it is important to recognize
if a room got occupied before switching on the air conditioning system. Therefore, it
is important to capture the user’s movements related to door events as well. IR-based
(infrared) motion sensors can be employed to capture the user’s presence inside a room.
However, this further increases installation and maintenance costs and increases the bur-
den on the sensor network. Therefore, a low-cost system that captures events/states of
multiple doors in an environment, as well as the user’s movements related to them with

a minimum number of sensor nodes, is a necessity.

1.2.2 Problems Regarding Estimating User’s Indoor Location Class

Estimating a user’s indoor location class using sensor data from different onboard sen-
sor modalities in smart devices is a popular topic in the ubiquitous computing research
area. The most common onboard sensor modalities that have been exploited in this area
include barometers, magnetometers, accelerometers, and microphones. Data from these
sensor modalities are used to extract “location-specific” sensor data. Location-specific
sensor data can be defined as sensor data segments that only appear when a user is in a
particular location class. For example, acceleration data from his hand related to brush-
ing action can only be found when the user is in a bathroom. Similarly, acceleration
data related to cutting actions can only be found when the user is in a kitchen. Fur-
thermore, location-specific acoustic characteristics can also be captured using impulse
responses of short excitement signals [101]. For example, when the user is sleeping on
the bed in the bedroom, distinguishable acoustic characteristics attributed to the mate-
rials in abundance in his surroundings, such as pillows, blankets, and mattresses can
be observed. Similarly, when the user is in the bathroom, acoustic characteristics at-
tributed to waterproof tiles, porcelain washbasin, and flowing water can be captured.
Such location-specific sensor data can be linked to the location class that they have

been collected from and this link between the data and the location class can be used as
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a “prediction rule” to estimate the location of the user.

However, some of the previous methods that attempt to estimate the indoor loca-
tion class of the user assume that location-specific sensor data can be continuously and
abundantly observed while the user is in the location-of-interest [101]. For example,
when the user is in locations such as elevators, features related to air pressure difference
due to elevation and magnetic field difference due to electrical components of the el-
evator, captured by barometers and magnetometers are predominant in such locations.
However, considering the user’s visits to the kitchen, acceleration data related to cutting
action only lasts for a very short amount of time compared to the time he spends in
the kitchen. Therefore, previous methods cannot leverage such short sensor data seg-
ments to estimate the user’s indoor location class. Furthermore, some studies employ
classic machine learning approaches with hand-crafted features and prediction rules to
estimate the user’s indoor location class [29]. Hence, these methods require a specif-
ically tailored set of features and prediction rules for each environment where such a
system is deployed. Therefore, these methods have low generalizability across different

environments.

1.2.3 Problems Regarding Estimating Attributes of Outdoor Ob-

jects

When the user moves in an outdoor environment, objects in his surroundings, i.e., ob-
stacles, may collide with him if he did not concentrate on his trajectory. However, such
a level of concentration cannot be always expected when the user is walking outside.
Specifically, smartphone users tend to use smartphones for activities such as watching
movies, playing games, and using social media while walking. To ensure the safety of
such distracted pedestrians, estimating attributes such as the type, distance and relative
velocity of surrounding objects is an important task as they are directly related to the
risk factor that a particular object imposes and the possible collision time. To this end,
some of the studies have been conducted on placing sensor nodes on the obstacles them-
selves, i.e., approaching vehicles on the road [62], to detect them using a smartphone.
However, such methods target a specific type of obstacle which reduces the general-

izability of the method. Furthermore, attaching sensor nodes to every obstacle in an
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outdoor environment is not a plausible method.

To solve this problem, sensing attributes of the obstacles using proximity sensors
such as ultrasonic sensors [124], placed remotely to the obstacle (carried by the user),
has been introduced. However, this method requires additional expensive hardware and

increases the burden on the user.

1.3 Approach

To solve the aforementioned problems, we recognized the necessity of a proper probing
medium. This probing medium must be able to capture contextual information from
the user’s surroundings, with a sensing range that facilitates our method’s adaptabil-
ity to the previously mentioned applications. Here, we selected sound as our probing
medium. Recently, sound has become a popular choice to sense different attributes of
the user’s surrounding [54, 55, 90, 110, 80, 50] as well as the gestures performed by
the user himself [122, 75, 37, 20, 92, 118]. Furthermore, due to characteristics of sound
propagation and reflection, sound can be employed to actively probe for contextual in-
formation from the user’s surroundings remotely. Sound sensing also provides a good
sensing range which is sufficient for the aforementioned applications. Furthermore,
microphones and speakers, which are the main component for both active and passive
sound sensing, are embedded in most smart devices such as smartphones and smart-
watches. Therefore, we propose sound-based methods that can be employed to capture

contextual information using smart devices.

The ultimate goal of this study is to propose sound-based sensing methodologies to
capture the surrounding context of a smart device user. Specifically, our methods do
not require placing multiple sensors in the environment of the user to capture contex-
tual information from the surroundings. Furthermore, all our proposed methods can be
implemented on off-the-shelf smart devices and do not require additional specialized

sensors, which can increase the burden on the end user.
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Figure 1.1: An overview of this study

1.4 Research Content

In this research, we address the problems related to capturing contextual information
from a user’s surroundings using smart devices. Specifically, in this study, we address
the issues mentioned in Section 1.2. The overview and the structure of this research are

shown in Figure 1.1.

1.4.1 Recognizing Events and States of the Doors

In Chapter 2, we address the problems related to available methods that capture the
user’s interactions with doors mentioned in Section 1.2.1. Here, we introduce a single
acoustic probing device per room that emits inaudible sound waves from its speaker
and captures the reflected waves using a microphone. When a door event occurs, the
emitted sound waves bounce off the moving door, creating a Doppler shift. Thus, the
frequency of the reflected waves is different from that of the emitted waves. We use
these frequency differences to detect open/close events of multiple doors using a single
probe. Furthermore, Doppler shifts are also caused by the movements of the user in the
environment. We leverage these characteristic Doppler shifts to detect if the room of in-
terest is occupied or not. This is a major contribution of our method over the distributed
contact sensor-based method that overlooks this attribute. Furthermore, we capture the

room’s acoustic characters using reflections of short excitement signals emitted from
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the probe. These environmental characteristics are attributed to the state of the doors in
the surrounding. We use the captured information to recognize the opened/closed states
of the doors, which is an essential factor for applications such as HVAC control and
surveillance. Our method does not require attaching separate sensor nodes to each door
in the room. Instead, our method can recognize events/states of multiple doors using a
single device, largely reducing the installation and maintenance cost of our method. By
employing a disused smartphone as the acoustic probe, we further reduce the deploy-

ment cost of our method.

1.4.2 Predicting Indoor Location Class of User

In Chapter 3, we answer the problems related to predicting a user’s indoor location
class stated in Section 1.2.2. Here, we employ the sensor data, such as acoustic data
from the smartwatch of the user to capture location-specific data related to the user’s
location class. Specifically, we employ the user’s smartwatch to emit short excitement
acoustic signals and record the reflected waves. Acoustic characteristics specific to
different location classes can be captured using these reflected waves. These acoustic
characteristics are attributed to abundantly available materials in each location class.
Furthermore, we use a domain adversarial approach to extract environment-independent
features from these characteristics and automatically construct a location classifier to
estimate the location class of the user. To increase the accuracy of our method, we
simultaneously use the acceleration data recorded from the user’s hand and captured
location-specific acceleration data segments. We use a novel data fusion method to
leverage both acoustic and acceleration data to predict the location class of the user

with high accuracy.

1.4.3 Estimating Mobility, Distance and, Relative Velocity of Road-
side Obstacles
In Chapter 4, we take on the problems described in Section 1.2.3 regarding estimating

attributes of the obstacles. Here, we employ the user’s smartphone on his hand to re-

motely and actively probe for obstacles in front of the user. We emit a combination of
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high-frequency sound waves from the smartphone and employ the reflected waves to
capture information related to the mobility, distance, and relative velocity of oncoming
obstacles. Here, we propose a novel probing signal that overcomes the difficulty of
probing for both distance and relative velocity attributes of static and mobile obstacles
simultaneously. Furthermore, we propose a novel neural network architecture that uses
the estimated mobility of the obstacle to effectively select the most appropriate method

to estimate its distance and relative velocity.

1.5 Research Contribution

In the broad scope of ubiquitous computing, the concept of smart environment has been
thriving and proposes employing computers and other smart devices to ease the bur-
den of the end user in everyday settings and tasks. To make the life of the user more
comfortable, smart devices continuously acquire, prepare, process, and analyse sensor
data collected from the user’s surroundings regarding different aspects of the user’s life.
Studies have been conducted to propose novel sensing approaches, processing pipelines,
and recognition architectures to improve the accuracy, cost effectiveness, plausibility,
and generalizability of the existing methods.

Within this context, we propose sound-based approaches to collect contextual infor-
mation from the user’s surroundings. In this study, we focus on employing off-the-shelf
smart devices as probes without employing specialized sensors, easing the burden on
the end user. Furthermore, our sensing methodologies are designed to minimize the
effect on the user’s daily life, employing a narrow inaudible frequency band for sound
sensing. Our proposed methods can be easily adapted to numerous other applications
and settings and significantly contribute to strengthen sound sensing as a powerful tool
to sense the surroundings of smart device users. The major contribution of this thesis

can be listed as follows:

* We focus on collecting contextual information from both user’s indoor and out-
door surroundings. Specifically, we capture contextual information related to
user’s interactions with doors, user’s indoor location class, and attributes of ob-

stacles in user’s outdoor surroundings. These aspects can be incorporated into
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numerous real-world applications.

* We design novel probing signals and deploy them on off-the-shelf smart devices
that can probe for different types of contextual information contained in the user’s
surroundings. We have included in depth explanation of the different types of
probing signals that can be employed to capture (1) motion of different objects rel-
ative to the probing device, (2) environmental acoustic characteristics, (3) indoor
location class-specific acoustic characteristics, (4) distance between a probing de-
vice and an object, and (5) relative velocity of an object with respect to the probing
device. To the best of our knowledge, this is the first study that combine multiple
fundamental probing signal components to create composite probing signals to

sense multiple attributes of surrounding contextual information simultaneously.

* In contrast to the existing methods, our methods employ a minimum number of
sensor nodes to probe for multiple surrounding contextual attributes, reducing the

installing and the maintenance costs of the probing devices.

* We evaluate our methods using actual data obtained from a semi-naturalistic data
collection protocol that mimic real-life scenarios. We conduct additional experi-
ments under different environmental conditions and confirm the robustness of our
methods. We further discuss the limitations the methods and make suggestions to

overcome them.

1.6 Structure of the Thesis

This thesis is structured as follows:

In Chapter 1, we first discuss the background related to capturing contextual infor-
mation from smart device user’s surroundings. Here, we stress the importance of the
contextual information from the user’s surroundings and its uses to construct context-
aware applications.

In Chapter 2, we introduce a method to recognize open/close events, opened/closed
states of doors, and walking events of the user in the environment. In Section 2.1, we

introduce the problems regarding the existing door event/state recognition methods and
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present the contributions of our proposed method. We further discuss the limitations of
the existing methods in Section 2.2 and state the features of our method that attempt to
overcome them. In Section 2.3, we conduct an in-depth investigation regarding active
sound sensing methods that can be employed to capture information regarding door-
related events and states. We explain the proposed method in Section 2.4 and evaluate
our proposed method in Section 2.5. We further discuss the performance of our method
under different environmental conditions in Section 2.6. In Section 2.7, we conclude
our work and discuss future work. This chapter is based on our work published in [25].

In Chapter 3, we introduce a method to estimate the user’s indoor location class
by leveraging the location-specific sensor data from the user’s smartwatch. In Section
3.1, we introduce room-level indoor location classification and methods that are being
used in indoor location class prediction. We further discuss the features of our method
in contrast to previous works in Section 3.2. In Section 3.3, we present our proposed
method for indoor location class prediction, IndoLabel. We evaluate our method in
Section 3.4 using data collected in four household environments. We conclude our
work and discuss future work in Section 3.5. The study in this chapter is based on our
work published in [26].

In Chapter 4, we introduce a method to employ a user’s smartphone to perform ac-
tive sound sensing to estimate the distance and the relative velocity of the oncoming
obstacles on the sidewalk. In Section 4.1, we discuss the background of estimating dif-
ferent obstacle attributes using sound sensing. We further discuss the previous attempts
at obstacle detection, and distance and relative velocity estimation in Section 4.2. Next,
we investigate probing signals that are being used in obstacle attribute prediction and
propose a novel probing signal that facilitates obstacle mobility estimation, distance es-
timation, and relative velocity estimation in Section 4.3. In Section 4.4, we present our
proposed method of obstacle distance/relative velocity estimation, named ObsSense.
We evaluate our method in Section 4.5 using data collected from real-world roadside
obstacles. Finally, we conclude our work and discuss future work in Section 4.5. This
chapter is based on our work published in [27].

In Chapter 5, we summarize our work and present the contributions this thesis

makes. Furthermore, we further discuss possible directions for our future work.
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Chapter 2

Detecting Door Events Using a

Smartphone via Active Sound Sensing

In this section, we present our work on recognizing door-related events and states using

active sound sensing.

2.1 Introduction

Indoor context recognition has been a major technology behind applications such as
context-aware applications and lifelogging. Therefore, indoor context recognition has
been the subject of numerous studies in the ubiquitous computing research community.
Specifically, contextual information related to movements of indoor objects, such as
when a door opens or closes in an indoor environment, can be incorporated into appli-
cations such as intruder detection, automation of HVAC control as well as surveillance
of independently living elderly people. Therefore, many studies have been conducted
employing distributed sensors, i.e., contact sensors, to capture such indoor events. In
most studies, sensors such as state-change sensors (e.g., reed switches and magnets),
magnetometers, and accelerometers have been employed to achieve indoor event recog-
nition.

However, the major drawback of this approach is that it requires attaching separate

sensor nodes to each object in the environment. Therefore, such systems usually have

15
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higher installation and maintenance costs. For example, replacing batteries in sensor
nodes and replacing faulty sensor nodes is expensive and time-consuming. This places
a huge burden on the user. When the number of sensor nodes placed in an environment
gets high, the possibility of sensor nodes becoming faulty also gets high. Due to this,
frequent visits from repair personnel are required to replace batteries or sensor nodes.
Citing the public database of loT-enabled houses, Kodeswaran et al. [47] showed that, a
house equipped with 14-100 sensor nodes requires a maintenance personnel visit every
18 days. Additionally, attaching sensor nodes to indoor objects affects the aesthetic

values of the artifacts [9].

Furthermore, contact sensors attached to a door object will only provide information
regarding its events and states, 1.e., whether open/close event happens or if the door is in
opened/closed state. Therefore, a system based on distributed sensors will not be able
to capture human movements related to the door event. As an example, contact sen-
sors connected to a door will not be able to predict if the person who is using the door
is entering or exiting the room, making it inapplicable for applications such as HVAC
control and surveillance of independently living elderly people that require information
regarding both the door event and the human presence in the environment. Even though
this problem can be solved by adding an infrared-based motion sensor to the environ-
ment, it imposes a further burden on the sensor network by increasing its installation
cost while being prone to breakdowns. Furthermore, it also causes problems related to
sensing range as indoor environments can be quite complex and the motion sensor will

have to deal with a large number of obstacles.

Due to the aforementioned reasons, a method that is reliable and works well with
a small number of sensors is necessary to detect events/states of doors in an indoor
environment. To this end, Ohara et al. [78] employed Wi-Fi channel state informa-
tion (CSI) to detect door-based events. However, this method requires to setup a PC
with a specially modified Wi-Fi driver and a special Wi-Fi module in the environment
of interest which increases the hardware cost. Furthermore, manual extraction of fea-
tures related to door events from Wi-Fi CSI is a difficult task. Hence, this method
relies on deep learning, which requires a large amount of training data, about 100 in-
stances of open/close events per door in the environment. Mahler et al. [71] proposed a

smartphone-based home security system based on door event recognition. Smartphone
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has become a commodity device in the current world. Therefore, smartphone compa-
nies release new smartphone models every year. This results in an increasing number
of disused smartphones that are left unattended. These smartphones often contain high-
quality onboard sensors which make it possible to employ such devices for indoor event
recognition. In the method proposed by Mahler et al. [71], the smartphone is mounted
on a door or on the wall near the latching mechanism of a door. When the smartphone is
mounted on the door, the sensor data from the magnetometer is employed to recognize
open/close events of the door. When the smartphone is mounted on the wall, three-
dimensional acceleration data is used to detect the vibrations caused on the wall by the
door events. However, this method is difficult to be adapted to an environment with mul-
tiple doors due to limited sensing range, as this method requires multiple smartphones
to be mounted on/next to each door in the environment.

Due to the aforementioned reasons, we focus on employing disused smartphones as
sensor nodes of a door events/states recognition system. The average upgrade cycle of
a smartphone is only 32 months in the U.S.! Therefore, we can assume that a family of
four buys a new smartphone every eight months on average, indicating the plausibility
of reusing disused smartphones with high-quality sensors to deploy intelligent context-
aware systems. In contrast to Mahler et al’s method, we use active sound sensing to
probe for door events/states in the environment. This considerably increases the sensing
range of the door event/state recognition. Therefore, we propose to install a disused
smartphone in a fixed position in a room to recognize the events/states of doors in it.

Doors have fixed states (opened/closed states) and fixed events (open/close events)
with which the state transitions occur. In our method, the speaker of the smartphone
emits an inaudible high-frequency sound wave with a constant frequency (a sinusoidal
wave). The frequency of the sound wave was deliberately selected so that it avoids dis-
turbing users. The inbuilt microphones of the smartphones record the reflected waves.
This allows us to capture Doppler shifts created by door-related events. In addition,
short sweep signals are periodically emitted from the smartphone. The impulse re-
sponses of the reflected waves of the sweeps can be employed to capture acoustic char-

acteristics of the environment, that contain information regarding the states of doors in

Thttps://www.npd.com/wps/portal/npd/us/news/press-releases/2018/the-average-upgrade-cycle-of-a-
smartphone-in-the-u-s—is-32-months—according-to-npd-connected-intelligence/
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the surrounding [101]. Specifically, the acoustic characteristics of the environment dif-
fer according to the open/close states of the doors in the environment. By employing
the impulse responses of the reflected sweep waves, we attempt to capture these states
of the doors in the surrounding.

To achieve both the event and state recognition of doors, the smartphone emits sine
waves and sweeps repeatedly (each 10 sec sine wave will be followed up by a 0.05
sec sweep signal). Using this method we capture information related to Doppler shifts
and impulse responses. Furthermore, our method is robust against daily life indoor
noises such as voices as we employ a narrow high-frequency band for sound sensing.
Moreover, our method is designed to recognize the walking events of a person related to
door events using Doppler shifts as this information is necessary for applications such
as HVAC control.

We employ the following information to distinguish between events in different door

objects:

* The frequency and amplitude of the reflected sound change over time and these
reflections contain information regarding the Doppler shifts which differs accord-
ing to the relative locations of the door objects with respect to the smartphone.

(We comprehensively explain the theory of operation in Section 2.3.)

* The directionality of the sound emitted by a speaker changes with the frequency
of the sound [94]. Therefore, by employing a composite sine wave composed
of two different sine waves with different frequencies (high and low-frequency
components), we capture information related to the relative location of the door

object with respect to the smartphone.

* Commonly, smartphones are employed with multiple microphones. Here, we
employ two inbuilt microphones to capture information related to the direction of

the door objects.

We employ the aforementioned information to recognize the events/states of the
door objects. As mentioned above, the frequency offset of Doppler shifts changes over
time. Hence, we employ hidden Markov models (HMMs) [123] to model events/states

of door objects, that are widely used to model time-series data. Specifically, we employ
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left-to-right HMM to model events/states of each door. Furthermore, we know that a
door at the “closed” state can only expect an “open” event, which transits the state of
the door into the “opened” state. Similarly, a door at the “opened” state can only expect
a “close” event which transits the door state to the “closed” state. Employing the above
prior knowledge regarding door events/states, we establish a grammar that decodes the
inputs by the HMMs using the Viterbi algorithm [88].

However, in the presence of multiple doors in an environment, audio signals recorded
related to door events/states of different doors can possibly be mixed together. There-
fore, there is a possibility of the recognition accuracy of door event/state recognition
deteriorates when the feature vector sequences extracted from the mixed signals are di-
rectly fed into a recognition model that is designed to recognize events/states of each
door object separately (a set of HMMs). Hence, we separate the input signals that
contain information regarding events/states of multiple doors into the information of
events/states of each door before they are fed into HMMs tailored for each door ob-
ject. To separate the audio signal captured by microphones into feature vectors related
to events/states of each door object, we employ a discriminative classifier. Here, the
discriminative classifier is designed to transform the time-series audio signals captured
by the microphone into time-series probabilities of the occurrences of each event/state.
Therefore, by feeding these time-series probabilities of occurrences of events/states of
each door object into HMMs designed for each door, we can recognize the events and
states of these doors. Furthermore, by incorporating the generative model, i.e., HMMs,
we attempt to capture the temporal regularity of events as well as to eliminate sporadic
noises contained in the recorded acoustic signals.

The contribution of this study can be listed as follows.

* We employ active acoustic sensing to propose a novel approach to recognize the
states/events of indoor objects. In addition, we propose a two-tier recognition
model that recognizes events/states of multiple doors in an environment. This is
the first study that uses a smartphone to recognize events/states of doors using

active sound sensing.

* We employ the following information to recognize events/states of multiple doors

with high precision: (1) the time-series analysis of Doppler shifts created by
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open/close events of door objects, (2) the reflections of a composite sine wave
composed of two sine waves with different frequencies. (3) the acoustic signals
captured by two inbuilt microphones of the smartphone, and (4) the acoustic char-
acteristics of the environment, which are attributed to the states of the doors in the

surrounding, are captured using impulse responses.

* Our method can recognize walking events related to door events which are neces-

sary information for the automation of HVAC control and surveillance.

e We collected data from several different environments under different conditions

and confirmed the effectiveness and validity of our method.

The remainder of this study is structured as follows: First, we introduce previous
studies that are related to indoor context recognition. Next, we conduct a preliminary
investigation regarding active sound sensing using a smartphone. We then design a
method to recognize events/states of doors using active sound sensing. Finally, we

evaluate our method using sensor data collected from real environments.

2.2 Related Work

In this section, we introduce studies related to indoor context recognition.

2.2.1 Monitoring Indoor Events Using Distributed Sensors

A large number of distributed sensors such as accelerometers, RFID tags, switch sen-
sors, and vibration sensors can be employed to detect events of indoor objects [106, 86,
115, 69, 70]. Specifically, these sensors are attached to each object of interest in the
environment, and their events are detected. Even though high accuracy and fine-grained
sensor data readings are guaranteed in the distributed sensor-based methods, the mainte-
nance (e.g., battery and faulty sensor node replacement) costs are usually high. Several
studies have attempted to solve this problem by employing energy-harvesting sensors
to monitor buildings. Campbell et al. [15] proposed a method that employs a piezo-film

to develop a vibration detector. This vibration detector transmits a data packet to report
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Table 2.1: Features of door event recognition methods
Distributed | Barometer | Camera | RF | Sound
installation cost high - - - reuse
maintenance cost high low low low low
coverage narrow wide wide wide | wide
privacy issue no no yes no yes
dark work work not work | work | work
train no yes yes yes yes
power battery AC/battery AC AC AC
simultaneous yes no yes no no
person no no yes yes yes
multiple persons no no yes no no

the vibration event and simultaneously generates an electrical current using the vibra-
tions. This sensor can be used to detect open/close events of a door, cabinet, window,
or refrigerator door.

Table 2.1 summarizes the features of the approaches based on the distributed door
sensors. The price (installation costs) of current commercially available devices is high
(approximately 100 USD per device). Furthermore, current systems mainly focus on
the main entrance doors as detecting their events can be used for intruder detection.
However, these systems are not capable of detecting the movements of a person related
to door events. Therefore, such systems are not applicable to other applications such
as HVAC control and surveillance. Furthermore, as mentioned in the previous sections,
installation costs and maintenance costs are high when the number of sensor nodes in

the system is high.

2.2.2 Monitoring Indoor Events Using a Small Number of Sensors

Barometric pressure sensors have also been used in previous studies to detect open/close
events of the doors. Patel et al. [81] proposed a method to detect pressure variations

caused by open/close events of doors and room-to-room transitions using pressure sen-



22 CHAPTER 2. DETECTING DOOR EVENTS

sor units attached to HVAC air filters. Wu et al. [125] proposed a method to use the
barometer in a smartphone to detect a sharp change in indoor pressure when a door
event occurs with an HVAC system. However, these methods only work for environ-

ments with HVAC systems.

Shi et al. [98] proposed a method to employ FM-radio signal receivers to recognize
indoor situations such as “empty room”, “opened room”, and “walking person”, based
on the fact that changes in the environment affect the propagation of radio waves. Wi-Fi
channel state information (CSI) can also be used to detect events and states of indoor
objects. Ohara et al. [78] proposed a method to detect indoor events using a commodity
Wi-Fi access point and a computer with a special Wi-Fi module, placed inside a room
to detect the changes in Wi-Fi signal propagation during indoor events. In contrast, we
use disused smartphones to recognize indoor events via active sound sensing.

Table 2.1 summarize the features of our approach (sound column) with other ap-
proaches that employ a small number of sensor nodes. Note that the approach based
on supervised learning requires training data to recognize events of multiple doors. We
implement a smartphone application that supports efficient collection and labeling of
training data. For example, the application provides clear instructions to the user to use
different doors in the environment, e.g., reading out “Please open door number one”,
and the user performs the relevant actions. However, to implement our system in the
real-world, our system should work with a minimum amount of training data.

Door events recognition approaches based on the barometer, camera, RF, and sound
require a continuous AC power supply. To reduce the costs related to the installation
and maintenance of the power supply, we can supply electricity via an easily accessible
ceiling power outlet or a bulb socket in any room [63, 66].

However, the barometer-based approach is unable to capture the user’s movements
related to the door events. In contrast, the RF- and sound-based methods can be used to
detect a person in the environment, they can be applied to a variety of applications such
as HVAC control and monitoring independently living elderly people, even though these
methods are unable to distinguish between multiple people. However, these approaches
cannot detect door events when a person inside the room moves simultaneously.

While the camera-based methods can detect multiple persons in an environment,

this approach has several critical issues such as privacy problems, and low accuracy in
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dark environments. Although the barometer-, sound-, and RF-based approaches cannot
detect door events that occur at the same time, the probability with which multiple
doors are opened/closed at the same time is considerably low. While the sound-based
approach also suffers from privacy issues, our method works using only sound features
of the inaudible high-frequency band. In order to further reduce the problems regarding
privacy, we suggest extracting the relevant features from the audio data before sending
the data to a server where the recognition process runs.

As detailed above, the RF- and sound-based approaches do not have critical draw-
backs and can be applied to a variety of applications. However, as mentioned in the in-
troduction, the RF-based approach requires a specially modified Wi-Fi driver-installed

PC with a special Wi-Fi module.

2.2.3 Context Recognition Using Active Sound Sensing

Many researchers make use of active sound sensing for context recognition. Gupta et al.
[37] propose a method of recognizing hand gestures using the Doppler shift where they
employ a tone in the range of 18 kHz as a pilot tone. Fu et al. [33] propose a method
of using a 20 kHz sound wave to track exercises using the Doppler shift caused by the
movements of the body.

Several mobile computing studies have employed sound beaconing to estimate rel-
ative positions to other devices [137, 22]. Active sound sensing has also been used to
locate a smartphone user. Rossi et al. [90] propose a method to locate a smartphone
based on active sound fingerprinting. The authors measure impulse response at each in-
door reference point to train a classifier that estimates a user’s current coordinates using
observed impulse response. Tung et al. [110] also make use of active sound probing for
indoor location tagging. Tachikawa et al. [101] employ active sound sensing as well as
passive sound sensing by smartphones to estimate location semantics such as toilet and
restaurant.

Similar to the above approaches, we also employ a sound wave with a constant fre-
quency to detect the events of indoor objects. Note that our method has several features,
which are mentioned in the introduction section including making use of composite sig-

nals and a grammar that defines state transitions of an object, to achieve accurate door
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event/state recognition.

2.2.4 Context Recognition Using Passive Sound Sensing

Passive sound sensing has also been used for context recognition. Tarzia et al. [108]
used passive sound fingerprinting to locate a smartphone user by extracting sound fin-
gerprints based on the acoustic background spectrum of rooms. Maekawa et al. [68, 64]
employed a wrist-worn device containing a camera and microphone to recognize object-
based activities. Clarkson et al. [21] used a camera and a microphone attached to a chest
strap to detect location-related events such as entering an office, kitchen, or courtyard.
Korpela et al. [48] employed a smartphone microphone to evaluate toothbrushing activ-

ities by analyzing sound events of toothbrushing.

2.3 Investigation of Active Sound Sensing

We investigated the characteristics of signals obtained via active sound sensing, and
based on this investigation, we designed an indoor event recognition method in the next

section.

2.3.1 Theory of the Operation of Event Detection Using Doppler
Shift

To detect the open/close events of indoor objects, such as doors, we employed a well-
known and well-understood phenomenon known as the “Doppler effect” or the “Doppler
shift.” This effect is defined as the shift of the observed frequency of a wave when the
observer is moving relative to the wave source. In this research, the smartphone be-
comes both the observer and the wave source and the Doppler shift is caused by the
moving doors in the environment. Imagine a scenario wherein a smartphone installed
inside a room emits a wave with a constant frequency while recording the reflected wave
at the same time. When a door event occurs in the environment, the resulting reflected
wave then has a different frequency than the original frequency that the smartphone

emitted. This frequency shift can be observed as a distortion in the FFT spectrum of
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Figure 2.1: Relation between the relative location of a moving door and its velocity

component towards the smartphone

the recorded sound. This distorted spectrum can then be analyzed to detect the door
event and differentiate between the door events of multiple doors. In other words, when
the door rotates around its hinge and moves toward the smartphone, it causes an in-
crement in the recorded frequency, creating a positive shift in the FFT spectrogram.
Similarly, when the door is moving away from the smartphone, it causes a decrement in
the recorded frequency, creating a negative shift in the FFT spectrogram. By utilizing
this characteristic of the frequencies, we can distinguish between the open/close events
of the door.

Next, we will look at how can we differentiate between the door events of multiple
doors. Figure 2.1 shows a situation wherein a smartphone is placed in a room with two
doors. The open event of Doorl shows that there is a gradually diminishing positive
velocity component from the door toward the smartphone since the door starts moving
from the closed position until the angle between the door frame and the door (61) be-
comes larger than that between the door frame and a line connecting the smartphone
and the hinge (1), resulting in an increment in the observed frequency. From then,
until the door reaches its opened position, the velocity component from the door toward
the smartphone remains negative, resulting in a decrement in the observed frequency.

When Door?2 is opened, the velocity component from the door toward the smartphone
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Figure 2.3: Environment of the preliminary experiment (1). The smartphone emits a

sinusoidal sound wave with a frequency of 20 kHz. The directions of the front speaker

and microphone are identical.

remains positive all the way from the closed position to the opened position. This in-
dicates that only an increment in the observed frequency can be expected. By utilizing
these characteristic differences in the frequency shifts, we can distinguish between the
door events of Doorl and Door2.

2.3.2 Impact of Distance between Smartphone and Object

The open/close events of doors can be detected utilizing the Doppler shift, as shown

above. We first investigated the effect of the distance between the smartphone and a door



2.3. INVESTIGATION OF ACTIVE SOUND SENSING 27

Walking

20200 \

20000

Frequency (Hz)

19800 \_Y_}

Walking

0 10 20 30 40 50 60
Time (s)

Figure 2.4: FFT spectrogram of the front channel when the smartphone is placed 2.7 m

from Doorl and 3.6 m from the Door2, as shown in Figure 2.3

using the proposed method. We recorded acoustic signals emitted from the smartphone
placed at various distances from the door. We used the Google Nexus 6P smartphone for
active sound sensing. The smartphone emitted a sinusoidal sound wave with a frequency
of 18 kHz from its speaker. The two inbuilt microphones (one in the front and the other
at the back of the smartphone) recorded stereo sounds at a sampling rate of 44.1 kHz.
Figure 2 shows the visualized FFT power spectra of the recorded sound signals that
identify an open event when the phone was placed 1, 3, and 5 m from the door. Note
that the front microphone and the speaker of the smartphone were positioned in the
direction of the door. From these spectrograms, we can confirm that the frequency shift
mostly occurred in the positive direction during the open event of the door. In addition,
the Doppler shift triggered by the door event could be observed by the smartphone even
if the door was 5 m from it.

2.3.3 Time Variance of the Doppler Shift

Figure 2.3 shows the floor plan of our experimental environment, and Figure 2.4 shows
an FFT power spectrum obtained when the open/close events of Doorl and Door2 oc-

curred in the environment. During an open event for Door2, the door first moved toward
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a composite wave of two sine waves with frequencies of 18 and 20 kHz, respectively.
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Figure 2.6: Spectrograms of the door-opening events when the door is located (a) in
front of the smartphone, (b) to the left-hand side of the smartphone, and (c) behind the
smartphone. Spectrograms of the audio data from the front microphone are in the top

row and the back microphone are in the bottom row.

the smartphone and then moved away from the smartphone. In this case, the time taken

by the door to move toward the smartphone was relatively longer than the time taken by



2.3. INVESTIGATION OF ACTIVE SOUND SENSING 29

the door to move away from it. Therefore, we observed that the frequency shift caused
by an open event first resulted in a strong shift toward the positive direction (higher
than 20 kHz) and then resulted in a relatively weak shift toward the negative direction
(lower than 20 kHz) of the FFT power spectrum. Conversely, during a close event of
Door2, it moved toward the smartphone for a short time after it moved away from the
smartphone for a longer time. This created a frequency shift in a direction opposite to
that of an open event, creating a strong shift toward the negative side after creating a
weak shift toward the positive side of the FFT power spectrum. In contrast, during the
open/close event of Doorl, we observed a short-duration frequency shift because Doorl
(cabinet door) was smaller than Door2. Additionally, during an open event of Doorl,
we observed a frequency shift that mainly comprised a shift toward the positive side.
As above, because the observed frequency shift depends on the doors, it is necessary to

capture the temporal patterns of the Doppler shift to recognize the open/close events.

Moreover, because the speed of walking is similar to that of the door event, the
frequency shift caused by the walking events is also similar to that caused by the door
event. However, since the duration of the walking event is usually longer than that of
the door event, we believe that utilizing the temporal patterns of the frequency shift also

enables us to distinguish between the walking and door events.

2.3.4 Stereo Recording Using the Two Inbuilt Microphones

Figure 2.5 shows the three scenarios in which we collected sound data by varying the
relative location of the door with respect to the smartphone. Figure 2.6 shows the FFT
power spectrograms of an open event of the door for each situation. As shown in Figure
2.6, the sound features obtained from the front and rear microphones of the smartphone
were different. Even when the microphone did not face the door, the sounds of the
microphone appeared to include a strong shift. This might have been caused by the

reflected sounds from the surrounding walls.
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Figure 2.7: Spectrograms of the audio data obtained by the front microphone when the
door is located (a) in front of the smartphone, (b) to the left-hand side of the smartphone,
and (c) behind the smartphone. The spectrograms in the top row show a frequency range
of around 18 kHz, and the spectrograms in the bottom row show a frequency range of
around 20 kHz.

2.3.5 Composite Signals Consisting of Two Sinusoidal Waves with

Different Frequencies

The characteristics of the sound waves emitted from the speaker differed according to
the frequency of the wave. For example, a lower frequency wave tended to have a higher
amplitude than that of a higher frequency wave depending on the hardware properties
of the speaker. In addition, sound waves with higher frequencies appeared to be more
directional in comparison with sound waves with lower frequencies [94]. To obtain
information from sound waves with both high and low frequencies, our method utilizes
a composite wave. Figure 2.7 shows the spectrograms of the audio data obtained from
the front microphone when a composite wave comprising 18- and 20-kHz sinusoidal
waves was emitted when the smartphone was placed in three different configurations, as
shown in Figure 2.5. As shown in the spectrograms of Figure 2.7, we could confirm that

information obtained from the 20-kHz wave and that of the 18-kHz wave are different,
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Figure 2.8: Environmental noises recorded by a smartphone when a composite wave
comprising 18- and 20-kHz sinusoidal waves was emitted. The distance between the
smartphone and the microwave oven was approximately 3 m. The distance between the
smartphone and the washing machine was approximately 3 m. The distance between
the smartphone and the television was approximately 3 m. The distance between the

smartphone and the entrance door was approximately 1 m.

indicating that utilizing the composite wave enables us to obtain information related to

the direction of a door of interest.

2.3.6 Daily Life Noises

Because our method focuses only on a high-frequency band, i.e., around 18- and 20-
kHz, our method is robust against daily life noises. Figure 2.8 shows spectrograms of
audio data containing daily life noises. As shown in the figure, the frequencies of noises

caused by a microwave oven and washing machine are low. However, the television
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Figure 2.9: Overview of the proposed recognition method

seems to suddenly emit high-frequency noises, which can deteriorate the performance
of our method. While it is meaningless to emit inaudible sounds from televisions, we
confirmed that the high-frequency noises are sometimes included in television sounds.
In addition, when an entrance door is opened, outside noises are observed as shown
in Figure 2.8, which can also deteriorate the recognition performance. To cope with
these sporadic noises, our method is designed to contain generative models (HMMs),
which are robust against such noises. Furthermore, we evaluated the performance of

our method in such situations in Section 2.6.1.

2.4 Method

2.4.1 Overview

We assume that each door object has two events and two states, i.e., “open” and “close”
events and “opened” and ‘“closed” states. In addition, we regard that there are two
events/states regarding a person in an environment of interest; “walking” and “not-
walking.” We recognize events/states of each object in the environment of interest as
well as the walking events for each time slice. In the proposed method, a smartphone
emits a continuous composite sinusoidal wave and also emits occasional sine sweeps.

We then use acoustic signals recorded from the front and back inbuilt microphones
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to recognize the events/states of the objects in the environment of interest. Figure 2.9
shows an overview of our recognition method. After extracting features, a feature vector
sequence related to the Doppler shift is fed into a discriminative classifier that recog-
nizes the events of each object in the environment. In addition, a feature vector sequence
related to the impulse response is fed into a discriminative classifier that recognizes the
states of each object. After that, the class probabilities from the discriminative classi-
fiers are concatenated and fed into HMMs tailored to each object. As for the walking
event recognition, the feature vector sequence related to the Doppler shift is fed into a
discriminative classifier for walking event detection. The class probabilities from the

discriminative classifier are then fed into HMMs tailored for walking event detection.

As above, we apply the hybrid discriminative and generative approach for event
recognition. While discriminative classifiers are reported to outperform generative mod-
els, we attempt to deal with sporadic noises with the generative models, i.e., HMMs,
which can capture the temporal regularity of the door/walking events in order to filter

out the sporadic noises.

2.4.2 Sound Emission

Sine waves (with long durations) and sine sweeps (with short durations) were repeat-
edly emitted from the front speaker of the smartphone. A sine wave was emitted to
obtain information about the Doppler shifts created by the moving objects. This can be
utilized to detect door and walking events. A sine sweep was emitted to obtain acoustic
information about the environment, which can be utilized to recognize the states of the

objects.

The sine wave used in our method was a composite wave comprising two sine waves
with frequencies of 18 and 20 kHz. These frequencies are not audible to the human
ear. To generate the sine sweep, an excitation signal was emitted by the smartphone
sweeping the frequencies from 18 to 20 kHz for 0.05 s. To avoid missing any events
of the objects, the sine wave was continuously emitted for 10 s before emitting a sweep
for 0.05 s. This process was repeated, and the timestamps of the emitted sweeps were

saved in the smartphone.
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2.4.3 Feature Extraction

We can extract the features related to the Doppler shift and impulse response from the

acoustic signals obtained by both microphones.

Features Related to Doppler Shift

We extracted the features for event detection using the FFT power components around
the 18- and 20-kHz frequencies. In the proposed method, we set up a 0.5-s sliding
window with 96% overlap and applied a Blackman function to the window to calculate
the FFT power spectrum of the audio data. We then extracted 4000 frequency bins
from either side of the bandwidths of the 18- and 20-kHz sine waves. This produced a
16000-dimensional frequency vector sequence.

Next, we reduced the dimensionality of the vectors using time frame-wise averaging.
Here, we used a 100-dimensional 50% overlapping sliding window along the frequency
axis of each data frame, taking the average of the FFT power components within the
window as one dimension. With this procedure, we can reduce the dimensionality of the
vectors from 16000 to 320 dimensions while still retaining most of the characteristics

of the original feature vectors.

Features Related to Impulse Response

We obtained the acoustic characteristics of the environment by analyzing the impulse
responses of the emitted sine sweeps, as mentioned above. First, we calculated the FFT
power spectrum of the audio data by applying a Blackman function to a 0.01-s sliding
window with 85% overlap. This window size is considerably small and can be justified
by the fact that the sweep length is 0.05 s.We used the FFT power spectrum components
corresponding to the frequency range of the sweep as features for recognizing the states
of the objects.

Cowling et al. [24] revealed that the Mel-frequency cepstral coefficient (MFCC)-
based feature extraction technique is one of the most appropriate approaches for envi-
ronmental sound recognition systems, which has a recognition accuracy of 70%. Chen
et al. [16] used MFCC features for recognizing bathroom activities, including show-

ering, flushing, and urinating with high accuracy. Therefore, we decided to calculate
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12-order MFCC features from the extracted FFT power spectrum components, which

are also used as features.

2.4.4 Discriminative Classifier for Events

For each time slice, a feature vector consisting of features related to the Doppler shift
is fed into a discriminative classifier for events. The discriminative classifier is a ran-
dom forest [13] that is used to compute class probabilities of open/close event classes of
each object in the environment of interest and a class belonging to neither of the above
classes. Therefore, the random forest is a (2/V + 1)-class classifier (this includes a class
named “other” where no door event occurs), where N is the number of door objects in
the environment. With this classifier, we can separate input signals containing informa-
tion regarding events/states of multiple doors into a time-series of class probabilities for
each class.

Here our method assumes that the smartphone periodically emits sine sweeps. Since
the amplitudes of the sweeps are much larger than those of frequency shifts caused
by the Doppler shift, the small frequency shifts might be ignored when the observed
signals (or features extracted from the signals that include both the frequency shifts and
sine sweeps) are directly fed into a generative model such as an HMM that learns a
distribution of the input signals. In contrast, since a random forest classifier, which is
the first-tier of our two-tier architecture, performs classifications based on thresholds,

the scale of the input features does not affect the accuracy.

2.4.5 Discriminative Classifier for States

We prepared a discriminative classifier tailored to each door object that recognizes the
states of the objects using information obtained by sine sweeps. For each time slice, a
feature vector consisting of features related to impulse response is fed into the discrimi-
native classifier (random forest). As mentioned above, we repeatedly emitted sine waves
and sine sweeps from the smartphone (after each 10-s sine wave signal, the smartphone
emits 0.05-s sine sweep signals). Therefore, we can obtain the state information of the
objects only during the considerably short period of time when a sine sweep is emitted.

If we aim to gather training data without separating the instances where the sweep was
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emitted and where the sweep was not emitted, there is a strong possibility of incorrect
and inefficient detection of the states of the objects. Since the time when the sine sweep
signal is not emitted is much longer than the time when a sine sweep signal is emitted,
a trained classifier can ignore the data corresponding to the time when the sweep is not
emitted because the amount of the data is much smaller.

To solve this issue, we prepared a discriminative classifier for each door that sepa-
rates the sweep information obtained when the door is in the opened state, the sweep
information obtained when the door is in the closed state, the information obtained be-
tween the two sweeps when the door is in the opened state, the information obtained
between two sweeps when the door is in the closed state, and the information that be-
longs to neither of the above states.

Therefore, the classifier is trained as a five-class classifier. Here we explain how
to prepare a label for a feature vector at time ¢ for the classifier. The feature vector is
labeled as “opened @sweep” when the door was in the “opened” state and a sine sweep
was emitted at time t. When the door was in the “closed” state and a sine sweep was
emitted at time ¢, the feature vector is labeled as “sweep@closed.” In contrast, when
the door was opened and a sine sweep was not emitted at time ¢, the feature vector is
just labeled as “opened.” When the door was closed and a sine sweep was not emitted at
time ¢, the feature vector is just labeled as “closed.” Otherwise, the feature vector is just
labeled as “others.” The outputs of the classifier are a class probability for each class

for each time slice.

2.4.6 Object-wise HMM

We prepared a set of HMMs tailored to each object, consisting of a left-to-right HMM
for each event/state of the object, i.e., “open” event, “close” event, “opened” state, and
“closed” state. A sequence of class probability vectors obtained by the discriminative
classifier for events of the object and a sequence of class probability vectors obtained
by a discriminative classifier for states tailored for the object are concatenated and then
fed into the HMMSs. Therefore, the values of the observed variables of the HMMs
correspond to the concatenated probability vectors, and output distributions of each state

in the HMM are represented by using a Gaussian mixture model (GMM). The hidden
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opened

Figure 2.10: State transition diagram of a handcrafted grammar describing state transi-

tions across HMMs

state of the HMM shows the internal state of the event/state of the door. In the model,
the hidden state at time ¢ depends only on the previous hidden state at time ¢ — 1, i.e., a
Markov process. Moreover, the observed variable at time ¢ depends only on the hidden
state at time ¢. Therefore, using the HMMs to decode the input sequence enables us
to capture the temporal regularity of events/states. We used the Baum-Welch algorithm
[88] to train the HMMs. When we decoded test data (probability vector sequence) by
employing the trained HMM set, we used the Viterbi algorithm to estimate the most
probable state sequence in/across the HMMs [88]. The recognition results show which

HMM (event/state) a probability vector at time ¢ corresponds to.

Decoding with Grammar

We prepared a left-to-right HMM for each event/state, and the Viterbi algorithm was
used to find state transitions across the HMMs. This means that, when we decoded
HMM inputs, we took into account a state transition from the last state of an arbitrary
HMM to the first state of another HMM. This corresponds to, for example, a state
transition from an “opened” HMM to a “close” HMM (and to all other HMMs of the
door).

Here we restrict the state transitions among HMMs by employing a grammar hand-

crafted based on prior knowledge about state transitions of a door object. For instance,
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we can specify that a “close” event of a door occurs only when the door is in an “opened”
state. We constructed such a grammar for door objects and Figure 2.10 shows the gram-
mar represented in a state transition diagram. In Figure 2.10, the state ““S™ is the initial
state and “closed” and “opened” are the final states. The state “S” is a dummy state in-

troduced to limit the possible initial state of the door to be either “closed” or “opened.”

29 46

After the state is transited to the “closed” state, for example, “open,” “opened,’
“close,” and “closed” events/states occur sequentially and are repeated. The state transi-
tion probabilities across the HMMs are determined based on the grammar (Figure 2.10).
For example, the transition probabilities from the last state of the “opened” HMM to the
first states of all other HMMs except for the “close” HMM are set to be 0. In contrast,
the transition probability to the “close” HMM is defined as 1. Moreover, we specify the
possible final state to be either “opened” or “closed.” When we decode the HMM inputs
using the Viterbi algorithm, we refer to the grammar to obtain the transition probabil-
ities among HMMs. Note that, because the Viterbi algorithm finds the most probable

state transitions, it works even when the initial state of the door is not specified.

2.4.7 Discriminative Classifier for Walking Events

For each time slice, a feature vector consisting of features related to the Doppler shift
is fed into a discriminative classifier for walking events. The discriminative classifier
is a random forest that is used to compute class probabilities of “walking” and “not-
walking” classes in the environment of interest. Therefore, the random forest is a binary

classifier.

2.4.8 HMMs for Walking Events

We prepared a set of HMMs, consisting of a left-to-right HMM for each walking event/state,
i.e., “walking” and “not-walking.” The training and decoding procedures are identical
to those of the object-wise HMMs. Note that, because there is no restriction related
to state transitions of the walking events, we assume that the transition probabilities

between “walking” and “not-walking” are uniform.



2.5. EVALUATION 39

Doorl
(small
Door2 |_storage) Door2]

CI:I (cabinet) N k

Door3

Door3 Direction of %
00T’ i : ‘_\
front speaker Doorl Door4 Doorl

Environment 1 Environment 2 Environment 3

Door3 Door2
Door2

Doorl (sliding) u
@ Dooru

Environment 4 Environment 5

Figure 2.11: Our experimental environments. The sizes of environments 1, 2, 3, 4, and
Sare3.5mx44m,32mx44m,44mx 6.8m,3.3m x 22m,and 2.6 m x 1.8
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2.5 Evaluation

2.5.1 Data Set

We collected sensor data in real five environments. Figure 2.11 shows our five experi-
mental environments and their settings. We installed Google Nexus 6P smartphone as
shown in the figure. We recorded 44.1 kHz stereo audio using the front and back micro-
phones of the smartphone. The smartphone emitted inaudible sinusoidal sound waves
and sine sweeps during the experiment as described in the proposed method section.
The smartphone also recorded time stamps when it emitted sine sweeps.

Environment 1 is a storage room with two doors and a cabinet. There are several
discarded desktop PCs and shelves in the room. Environment 2 is a kitchen of a house

with four doors. There are a refrigerator, a microwave oven, and other utensils. En-
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vironment 3 is a meeting room with one door. The distance between the door and the
smartphone is approximately 5 meters. In this room, we verified the performance of
our method when the distance between a door and the smartphone is long. There are
four tables and 11 chairs in the room. Environment 4 is a room of a house with two
doors including a sliding door. In this room, we verified the performance of our method
when events/states of a sliding door are recognized. Environment 5 is a room of a house
with three doors. Because Doorl in the room is an entrance door, outside noises were

observed when the door was in the opened state.

In each environment, a participant conducted 8 sessions of data collection. To ob-
tain ground truth, we recorded the sessions with a web camera. Each object has two
events and two states, 1.e., “open” and “close” events and “opened” and “closed” states.
Throughout a session, the participant used all objects so that each event of the objects
occurred twice in an arbitrary order. That is, in a session, for example, a door can be
opened while a cabinet door can be closed. In another session, the door can be closed
while the cabinet door is opened. As above, each object is used under different condi-
tions in our experiment. Because the participant walked at random in the room and used
the objects in a random sequence, the doors were used from different sides and in differ-
ent positions. The duration of a session was approximately 240 seconds. The average
duration of “walking” within a session was approximately 15.5 seconds. The “walking”
durations entirely depend on the size of the environment and the preference of the user.
For example, Environment 5 (Figure 2.11) is smaller than the other environments of
interest. Furthermore, to simulate the natural activities of a user, the participant must
exit the room while closing the door behind him or her. These are the reasons why the
average value derived from the “walking” data is only approximately 6% of the total

duration of the session.

To investigate the effects of noises on the recognition performance, we collected
additional three sessions of data in Environment 3 when another person was available
(using a laptop PC). In addition, we collected additional three sessions of data in Envi-
ronment 2 when a television was on. Furthermore, to investigate the effects of the ways
of using doors on the recognition performance, we collected additional ten sessions
of data in Environment 3 when each session was performed by a different participant.

Moreover, to investigate the effects of a newly installed object in an environment, we
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collected additional three sessions of data in Environment 2 after a chair was installed.

These investigations will be described later.

2.5.2 [Evaluation Methodology

We evaluated the performance of our method for each environment with leave-one-

session-out cross-validation. We prepared the following methods to investigate the ef-

fectiveness of the composite sine waves, two microphones, our two-tier architecture

with discriminative classifiers, and a handcrafted grammar.

Proposed: This is the proposed method.

w/o back MIC: This method does not use sounds recorded from the back micro-
phone in the feature extraction process. The other procedures are identical to

those of Proposed.

w/o composite: This method does not use composite sine waves. Instead, this
method uses only 20 kHz sine waves. The other procedures are identical to those

of Proposed.

w/o grammar: This method does not use a handcrafted grammar for each ob-
ject. That is, the transition probabilities from one HMM to the other HMMs are

uniform. The other procedures are identical to those of Proposed.

HMM: This method does not use discriminative classifiers for events/states. Ex-
tracted audio features for Doppler shift and impulse response are directly fed into
an HMM set tailored for each object.

Recognition accuracy for each of the above methods is evaluated using the precision,

recall, and F-measure, calculated based on the recognition results per window of data.

The number of states of each HMM and the number of Gaussians in each state are 10

and 8, respectively.
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Table 2.2: Classification accuracies for the proposed method in Environment 1

CHAPTER 2. DETECTING DOOR EVENTS

Object | Event/state || Precision | Recall | F-measure
open 0.542 0.886 0.672
close 0.632 1 0.774
Doorl
opened 0.988 0.924 0.955
closed 1 0.938 0.968
open 0.650 0.998 0.787
close 0.59 0.935 0.723
Door2
opened 0.987 0.940 0.963
closed 1 0.899 0.947
open 0.474 1 0.643
close 0.541 0.914 0.680
Door3
opened 1 0.975 0.987
closed 0.995 0.938 0.966
A B D A B C D

A: Doorl open

B: Doorl close

A: Door2 open

B: Door?2 close

C: Doorl opened 0.924 C: Door2 opened

D: Doorl closed

Figure 2.12: Visual confusion matrices for the proposed method in Environment 1

2.5.3 Result of Door Event/State Recognition

[CREY D: Door2 closed

Performance of the Proposed Method

A: Door3 open 1.000

B: Door3 close

0.940 C: Door3 opened

(RPN D: Door3 closed

Table 2.2 shows the classification accuracies for Proposed in Environment 1. In addi-

tion, Figure 2.12 shows visual confusion matrices for Proposed in Environment 1. As

can be seen in the results, Proposed accurately recognized door events/states in Envi-

ronment 1 even though the recorded sounds include noises caused by the participant

(like Figure 2.4) because the participant walked around the room. However, the ac-
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Table 2.3: Macro-averaged precision, recall, and F-measure for the proposed method in

the five environments

closed ——

opened

close

open

Time (min:sec.msec)

Env. | Object || Precision | Recall | F-measure
Doorl 0.790 0.937 0.842
1 Door2 0.807 0.943 0.855
Door3 0.752 0.957 0.819
Doorl 0.838 0.963 0.884
) Door2 0.796 0.952 0.850
Door3 0.834 0.972 0.886
Door4 0.791 0.953 0.848
3 | Doorl 0.970 0.978 0.974
4 Doorl 0.820 0.939 0.865
Door2 0.681 0.738 0.705
Doorl 0.844 0.975 0.895
5 | Door2 0.834 0.981 0.891
Door3 0.869 0.976 0.912
| Ground truth Proposed

Figure 2.13: Estimates of the proposed method for Doorl in Environment 1. The graph

also shows the ground truth, which was obtained from video recordings.

curacies for the “open” and “close” events are somewhat poor compared to those of

the “opened” and “closed” states. Figure 2.13 shows an example of the outputs of our
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method related to Doorl in Environment 1. As shown in the figure, the estimated start
time of the “open” event has a small error (approximately 100 msec). Since the num-
ber of instances (feature vectors) belonging to the “open” and “close” classes is small
because the durations of these events are short, these small errors greatly affected the
classification accuracies for these classes. However, because our method could capture
the state changes of objects, the accuracies for the “opened” and “closed” states are al-
most perfect. We believe that most of the applications based on door event recognition
can work well even when the detected starting/ending time of an event has a difference
of 100 msec from the ground truth.

Table 2.3 shows the classification accuracies for Proposed in the five environments.
Even though Door2 in Environment 1 is considerably smaller and located behind the
smartphone, the accuracies for the door are just as good as the accuracies for the larger
doors that are located in front of the smartphone. Similarly, as shown in the results of
Door2 and Door3 in Environment 5, Proposed could precisely recognize events/states
of doors behind the smartphone. In addition, even though the distance between the
smartphone and Doorl in Environment 3 is about 5 m, Proposed could accurately rec-
ognize events/states of the door. In contrast, the accuracies for Door2 (sliding door)
in Environment 4 are somewhat poor because it did not create a large enough Doppler
shift to be captured by our smartphone. This is one limitation of the proposed method.
However, we confirmed that the recorded sound sometimes captured weak frequency
shifts when the sliding door was opened/closed even if the participant opened the door
from outside the room. This is the reason why the accuracies for Door2 are not very

poor.

Impact of Stereo Sound

Figures 2.14 - 2.18 show the macro-averaged F-measure of w/o back MIC for each door
object in each environment. The accuracy of w/o back MIC for Door2 in Environment
1 is somewhat poorer than that of Proposed. This could be because the door is located
behind the smartphone. In Environment 3, Proposed achieves a 17.2% higher accu-
racy than w/o back MIC. It can be assumed that the back microphone captured sound
waves reflected by the wall behind the smartphone. In addition, because the back mi-

crophone seems to be more sensitive, which is used for noise cancellation, using the
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Figure 2.14: Macro-averaged F-measures of the five methods in Environment 1
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Figure 2.15: Macro-averaged F-measures of the five methods in Environment 2

back microphone is also effective when recognizing events of objects located far from
the smartphone. Interestingly, w/o back MIC achieves a 77.6% accuracy for the sliding
door in Environment 4. In contrast, the F-measure for Proposed is 70.5%. Since the
smartphone was very close to a wall as shown in Figure 2.11, we consider that the back
microphone did not record any useful acoustic information because it did not capture

sound waves reflected from the walls behind.
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Figure 2.18: Macro-averaged F-measures of the five methods in Environment 5

Impact of Composite Wave

Figures 2.14 - 2.18 also show the performance of w/o composite. The accuracies of
w/o composite for Doorl in Environment 1 and Door 1 in Environment 3, which are
located in front of the smartphone, are much poorer than those of Proposed. This could
be because, when the smartphone faces the direction of a door, the door events do not

cause strong frequency shifts for 20 kHz signals as shown in Figure 2.7 (a), which can
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relate to the directionality of the high-frequency signals.

The accuracy of w/o composite for Door2 in Environment 4 is 38.4%. This is be-
cause we could not recognize any frequency shifts around a frequency range of 20 kHz
when the sliding door was opened/closed. In contrast, we recognized small frequency

shifts around a frequency range of 18 kHz.

Contribution of Grammar

Figures 2.14 - 2.18 also show the performance of w/o grammar. As can be seen in the
results, using the grammar significantly improved the recognition accuracies of many
objects. In particular, the accuracy for Doorl in Environment 3 improved by 30%. This
could be because it is difficult to estimate the states of a door located far from the smart-
phone. Figure 2.19 shows an example of the state transition of Doorl in Environment
1 estimated by w/o grammar in comparison to Proposed. As shown in the figure, w/o
grammar outputs impossible state transitions, e.g., the transition from the “open” event
to the “opened” state. In contrast, because Proposed decodes input signals based on the
grammar, Proposed can output correct estimates even when it is difficult to estimate the

states of a door completely on the acoustic characteristics.

Contribution of Two-Tier Architecture

Figures 2.14 - 2.18 also show the performance of HMM. As shown in the results, it is
impossible to recognize door events using the simple HMM architecture. As mentioned
above, because the smartphone periodically emits sine sweeps whose amplitudes are
much higher than those of frequency shifts caused by the Doppler shifts, the small
frequency shifts are ignored when the extracted sound features are directly fed into the
HMMs, which are generative models that learn distributions of observed variables. The
accuracies in Environments 2, 3, 4, and 5 are extremely poor because almost all of the
instances were mistakenly classified into open/close classes. In contrast, our method,
which is based on hybrid discriminative/generative models, is designed to detect the
small frequency shifts using the discriminative classifier, which is robust against the

problems regarding the scale.
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Figure 2.19: Estimates of Proposed and w/o grammar for Doorl in Environment 1

2.5.4 Results of Walking Event Recognition

Table 2.4 shows the recognition performance of the walking events. As shown in the re-
sults, our method could achieve highly accurate walking event detection. The accuracy
for “walking” is somewhat poorer than that for “not-walking” because the durations of
“walking” events are shorter than those of “not-walking” events. The proposed method
failed to recognize the starting and ending parts of “walking” events as shown in Fig-
ure 2.20. In addition, because of the limited viewing angle of the video camera, it was
difficult to precisely make the ground truth labels. The accuracies in Environment 1
were somewhat poorer than those in the other environments. This environment is a
compact environment where Door3 opens into another very small storage space. When
Door3 was opened and the participant moved inside that storage space, we observed
unexpected Doppler shifts caused by his movements even if he was not present in En-
vironment 1, causing false positives in the classification. We believe that the reflected

sound was emphasized by the walls in the storage space since the storage space is very
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Table 2.4: Accuracies of walking detection for the proposed method. (The results of
Environment 3 are unavailable. Because there is only one door in the environment, the

walking events did not occur.

Event Precision | Recall | F-measure

walking 0.637 0.876 0.738

Env. 1 -
not-walking 0.976 0.910 0.942
walking 0.797 0.850 0.823

Env. 2 -
not-walking 0.978 0.968 0.973
walking 0.887 0.814 0.849

Env. 4 -
not-walking 0.941 0.966 0.953
walking 0.777 0.842 0.808

Env. 5 -
not-walking | 0.955 0.932 0.943

Table 2.5: Accuracies of Door2 and Door3 in Environment 5 when the entrance door

(Doorl) was in the “opened” and “closed” states.

’ ‘ Door ‘ Avg. precision | Avg. Recall | Avg. F-measure

Door2 0.833 0.983 0.891
Doorl opened

Door3 0.867 0.977 0911

Door2 0.836 0.980 0.891
Doorl closed

Door3 0.856 0.976 0.903

small.

2.6 Discussion

2.6.1 Environmental Noises

We collected additional three sessions of data in Environment 2 when a television was
on and a television program was played with medium volume. We trained a recognition

model of Proposed on data collected when the television was off (8 sessions of data).
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Figure 2.20: Estimates of the proposed method (lower panel) and spectrogram related
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The macro-averaged F-measures of Doorl, Door2, Door3, and Door4 for the additional
sessions were 0.885, 0.856, 0.715, and 0.798, respectively. As can be seen in the re-
sults, the F-measure of Door3 significantly decreased (see Table 2.3). A possible reason
for this result is that the television programs in the authors’ country (Japan) contain
audio frequencies up to 20 kHz (see Figure 2.8), which can interfere with the com-
posite sine wave emitted by the smartphone, hence worsening the recognition accuracy
of the proposed method. We confirmed that the estimated starting/ending times of the
“open” events of Door3 had large errors. However, the F-measures of the “opened” and

“closed” states are still very high; 0.992 and 0.906, respectively.

As mentioned in Section 2.3.6, when an entrance door is in the opened state, outdoor
noises can be observed by a smartphone. In Environment 5, we calculate the event
recognition accuracies for Door2 and Door3 when Doorl (entrance door) was in the
opened or closed state. When Doorl was in the opened state, outdoor noises were
recorded as shown in Figure 2.8. The recognition accuracies for Door2 and Door3 were
presented in Table 2.5. As shown in the results, even when Doorl was in the opened
state, the proposed method, which consists of discriminative and generative models,

achieved good recognition accuracies.

2.6.2 Effect of Additional Person

We collected additional three sessions of data in Environment 3 when a person was
using a laptop PC, sitting between the smartphone and Doorl. The macro-averaged
precision, recall, and F-measure of these sessions for Proposed are 0.828, 0.974, and
0.883, respectively, when we train a recognition model on data collected when there
was no person in the environment (8 sessions of data). The precision for the additional
sessions was somewhat poorer than that of when there was no additional person in the
environment as shown in Table 2.3 since the precisions for the open and close events are
0.670 and 0.643, respectively. This may be caused by small fluctuations of frequency
caused by the person between the smartphone and Doorl. However, the F-measures for

the opened and closed states are as high as 0.974 and 0.979, respectively.
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2.6.3 Way of Using Door

We collected eight sessions of data in Environment 3 when each session was performed
by a different participant to investigate the effects of the ways of using a door. The
way of using the door was different from participant to participant. For example, a
participant entered the room while opening the door. In contrast, another participant
opened the door while standing still. We evaluate the additional data with leave-one-
session out cross-validation using Proposed. The macro-averaged precision, recall, and
F-measure of Doorl were 0.935, 0.949, and 0.942, respectively. While the accuracies
slightly decreased from those in Table 2.3, the F-measures for the door states are still

high; 0.985 and 0.991 for the opened and closed states, respectively.

2.6.4 Additional Object

To investigate the effects of a newly installed object in an environment, we collected
additional three sessions of data in Environment 2 after a chair was installed in front of
Door3 and Door4. We trained a recognition model using Proposed on data collected
before the installation (8 sessions of data). The macro-averaged F-measures of Doorl,
Door2, Door3, and Door4 for the additional sessions were 0.903, 0.857, 0.775, and
0.857, respectively. Since the chair was placed between the smartphone and Door3, the
F-measure for Door3 dropped down to 0.775. We found that the output probabilities of
the discriminative classifier for events after the chair was introduced were lower than
the output probabilities for training data. Because the HMMs were trained on the output
probabilities of the discriminative classifier for the training data, the trained HMMs
could not deal well with the output probabilities for the test data.

To achieve robust recognition, we computed simulated pseudo-output probabilities
of the discriminative classifier for events and used them as additional training data for
the HMMs. We simply reduced the actual output probabilities for the training data
by multiplying each output probability by d (randomly selected from [0.3,0.9]). The
macro-averaged F-measures of Doorl, Door2, Door3, and Door4 when we used the
robust method were 0.894, 0.847, 0.865, and 0.843, respectively. These results prove
that, by using our robust method, we can reuse training data collected under a given

condition of an environment to achieve a high recognition accuracy when test data are
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collected after placing a small obstacle, i.e., a chair, between the smartphone and a door.

2.6.5 Amount of Training Data

To investigate the amount of training data required to achieve accurate predictions us-
ing our recognition model, we performed the following test using eight sessions of
data collected in Environment 1. We selected n sessions randomly as our training data
and employed the remaining sessions as test data to obtain the recognition accuracy of
the trained model. We repeated this process three times and calculated the average F-
measure for each door. Then we performed the above test while changing the value of
n from 2 to 6.

Figure 2.21 shows the relationship between the number of training sessions and the
macro-averaged F-measure. As shown in the graph, we could achieve an average F-
measure greater than 0.8 for Doorl (0.82) and Door3 (0.81) when we used 4 training
sessions. However, the average F-measure for Door2 (0.74) is comparatively lower than
the F-measures of Doorl and Door3 when 4 training sessions were used. The main rea-
son for this is that Door2 in Environment 1 is a cabinet door that is considerably smaller
than Doorl and Door3. Therefore, the door events of Door2 created comparatively
smaller Doppler shifts, hence making it harder for the recognition model to differentiate
from Doppler shifts created by other movements inside the room using a small number

of training sessions.

2.6.6 Structure of the System

In our method, we proposed to set up one smartphone per environment, where an en-
vironment represents a room in a house. Therefore, multiple smartphones have to be
employed in order to implement this system for the entire house. In contrast to the
distributed sensor method where sensors have to be mounted on every door or window
of the house, the number of probes required by our method is equal to the number of
rooms in the house. The reduced number of sensors is one of the main advantages of our
method over the distributed sensor method. However, this raises the problem of how to
communicate between these smartphones so that the entire network of the smartphones

works coherently as a single system. This negatively affects the simplicity of our pro-
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posed method. Therefore, we consider each smartphone as a separate system, and each
of them connects to Wi-Fi separately. While probing, audio data from each time slice
are fed into the feature extraction process described in Section 2.4.3. Next, the extracted

features will be sent to a server for event recognition via the Wi-Fi network.

2.6.7 Limitations of the Proposed Method

The evaluation revealed that it was difficult to accurately recognize events/states of a
sliding door because our method is based on the Doppler shift created by the door
movement. However, our experiments revealed that weak frequency shift was caused
by events of the sliding door. In addition, the evaluation revealed that walking events in
a room next to a room of interest were mistakenly detected. We believe that such false

detection can be removed if another smartphone is installed in the next room.

2.7 Conclusion

We proposed a method to recognize door events via active sound probing using a smart-
phone. Our method achieved accurate recognition employing a composite sine wave,
stereo recording, a two-tier discriminative/generative recognition model, and a grammar
that describes state transitions of a door. We collected data from different environments
with different conditions and confirmed the effectiveness and validity of the proposed
method.

At present, smart speakers such as Amazon Echo and Google Home have prolifer-
ated. As a part of our future work, we plan to implement our method on such a device
to recognize events of the surrounding doors more accurately as they are equipped with
more than two microphones. (Amazon Echo and Echo Dot are equipped with a seven-

piece microphone array.)



Chapter 3

IndoLabel: Predicting Indoor Location
Class by Discovering Location-specific
Sensor Data Motifs

3.1 Introduction

Because of the recent proliferation of smart devices such as smartphones, and smart-
watches, context recognition technologies such as indoor positioning that use sensors
mounted on these smart devices are actively studied. Indoor positioning, i.e., estimating
the indoor coordinates of a smart device user or estimating the location class (location
semantics) of a smart device user primarily relies on signaling technologies such as
infrared [121], ultrasound [87], active sound probing [30, 110], bluetooth [119], and
Wi-Fi [53]. Particularly, the estimated location classes are useful for investigating a
user’s daily life because the semantic information of a user’s current location is strongly
related to his/her activities. For example, if the estimation is that a user is located in
a room with a semantic label of “restroom,” this information can be used as prior in-
formation to estimate the user’s activity (e.g., using toilet). Additionally, the estimated
location classes can be used to label lifelog data and to adaptively manage lifelogging

devices, for example, turning off a wearable camera if a user enters a restroom [30].

This study focuses on location class prediction. Particularly, we develop a method

55
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called, IndoLabel, to predict room-level location classes, i.e., semantic label, using sen-
sors such as accelerometers and microphones on off-the-shelf smartwatches. We aim
to estimate the rype of geographic locations (e.g., kitchen, bedroom, and smoking area
classes). We will not estimate locations from a defined set of locations in an environ-
ment of interest. From a sensor data from a smartwatch, we determine the inherent sen-
sor data features for each location class. For example, we can observe knife chopping
actions in kitchens using body-worn accelerometers. In addition, we can observe simi-
lar sound features by active sound probing in bathrooms because of their water-resistant
walls. Because these sensor data features can be observed in almost all types of envi-
ronments (e.g., kitchens in any house), these features can be considered inherent sensor
data used to predict location classes. We automatically extract these location-specific
sensor data and aggregate them to estimate the location classes. Note that because we
build a location classifier that captures inherent features of location classes, we do not
require any labeled sensor data collected in a target environment. Figure 3.1 shows
an example of location class prediction by our method. We use labeled sensor data from
different locations in training environments to train a location classifier. Thereafter, we
collect sensor data from a target environment and use the location classifier to predict

location labels of locations in the target environment.

Previous studies on location class prediction use labeled training data collected in
a target environment. Although location class prediction methods that do not require
training data from a target environment have been studied, they use one of the following
assumptions. The first assumption is a location-specific sensor data features are con-
tinuously and abundantly observed in locations of interest [101]. However, in reality,
location-specific sensor data are not abundantly and continuously observed when a user
is in a particular location. For example, a user will perform the chopping action in a
kitchen for a significantly short time compared to the duration of his stay in the kitchen.
These prior methods perform efficiently only in an environment where a user spends al-
most the entire duration on performing cutting actions (or other kitchen-specific actions)
if the user is in the kitchen. The second assumption is, a set of location-specific features
is predefined to enable prediction [29]. Therefore, a prediction rule is handcrafted for

each location class in advance.

Unlike as in previous studies, IndoLabel automatically detects sensor data motifs
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vironment using the proposed method. Location-specific sensor data templates (motifs)
are extracted from the labeled sensor data collected in several locations in training en-
vironments. A location classifier trained by these motifs is thereafter used to estimate
the location labels of locations in the target environment by using the collected data.

IndoLabel does not use any labels in the target environment.

(short data segments) that are observed in a location instance belonging to a specific
location class and predicts the location class of the location instance by leveraging the
sensor data motifs. This approach enables predicting location classes based on sensor
data features that are not continuously observed in a specific location class. In par-
ticular, handcrafted rules for each location class are not required. Assume that a user
washes dishes in a kitchen and subsequently moves to a washroom to brush his/her
teeth. Herein, hand movements corresponding to washing dishes can be considered

kitchen-specific motions, and hand movements associated with tooth brushing can be
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considered washroom-specific motions. In contrast, hand movements related to walk-
ing in the kitchen and washroom are not location-specific motions because they are
observed in both locations and are not useful for predicting location classes. To address
this problem, this study proposes a novel matrix manipulation that automatically detects
location-specific data segments (motifs) from time series sensor data collected in multi-
ple training environments by calculating a score that represents “location specificity” of
each segment in the time series based on the concept of Gini impurity [35], that is used
to determine significant classification features. After motif discovery, we build a loca-
tion classifier based on detected location-specific motifs. Herein, to address sensor data
differences in different environments, we introduce a domain-adversarial neural net-
work, which is an unsupervised domain adaptation method, into motif detection. Note
that, unlike standard domain-adversarial neural networks, our network is designed to
capture environment-independent features of location-specific motifs as well as achieve
high recognition accuracy of the location classifier. Because motif extraction and classi-
fier training are performed using labeled training data (sensor data with location labels)
collected in training environments, our method does not require labeled training data

collected from a target environment.

In our experiment, we assume that acceleration, sound, and Wi-Fi data are collected
using a smartwatch in a target environment. Additionally, we assume that data col-
lected for a significantly long period, (e.g., one day) is processed. The proposed method
initially detects places where a user stayed for a long time by clustering Wi-Fi scans.
Using this clustering, Wi-Fi scans collected in the same room are grouped into one
cluster. Subsequently, a location classifier estimates the location class of each location
cluster using aggregated acceleration and sound data collected in a room (location clus-
ter). (We can obtain acceleration and sound data collected in the same location cluster
via timestamps of Wi-Fi, acceleration, and sound data.) As described, we can obtain a
location class label for each location cluster. Because a set of Wi-Fi scans is associated
with each cluster, we can estimate the location class of a user in real-time using only
a Wi-Fi scan from the user’s device once a location class label is predicted for each

location cluster.

The primary contributions of this study are summarized as follows: To the best

of our knowledge, IndoLabel is the first method that estimates location classes by au-
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tomatically finding location-specific sensor data motifs. Furthermore, this is the first
study to introduce the concept of Gini impurity into a method that scans time series to
find location-specific templates (motifs). In addition, we use domain-adversarial neu-
ral networks to eliminate environment-dependent components in the discovered motifs.
Unlike standard domain-adversarial neural networks, the proposed network used in In-
doLabel is designed to achieve high motif detection accuracy and accuracy of location
label prediction. The technical contributions of this study are 1) a method for discover-
ing location-specific motifs, ii) a method for detecting motifs that also maintains high
location prediction performance, and iii) a novel location label prediction pipeline com-
posed of the above techniques. We collected sensor data in real home environments and
evaluated the proposed method using the leave-one-environment-out cross-validation.
We showed that our method can accurately predict location labels in a target environ-

ment using labeled training data collected in other environments.

3.2 Related Work

3.2.1 Location Class Prediction

Predicting a semantic label (location class) of a user’s current position using smart-
phone/wearable sensors is actively studied in the ubicomp community. Azizyan et al.
[5] used acceleration, image, Wi-Fi, and light features from smartphone sensors and
acoustic features to estimate the logical location labels of stores such as Walmart and
Starbucks. However, several methods require training data collected from the target en-
vironment. Fan et al. [30] conducted a study similar to ours and investigated estimating
the location class of a user using active sound probing. However, they only focused on
the detection and recognition of the restroom class to adaptively turn a wearable camera
on and off to protect the privacy of a user.

Bao et al. [8] estimated room-level location semantics using user behaviors such as
frequency of visits, and maximum, and average duration of stay. In contrast, we aim
to extract inherent sensor data motifs for each indoor location class. Tachikawa et al.
[101], which is our prior work, estimated room-level location semantics by extracting

inherent sensor data features for each location class using a modified decision tree. They
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used a magnetometer, barometer, and microphone to extract location-specific features
and assumed six location classes in four laboratory/office environments. The differences

between our method and that of Tachikawa et al. [101] is summarized as follows.

1. They assumed that location-specific features were continuously observed in a
target environment because they used sensors such as magnetometer and mi-
crophone to record magnetic, air-pressure, and acoustic features that are pre-
dominantly observed in locations such as an elevator, and restroom. Unlike our
method, this method cannot leverage short sensor data segments that character-
ize location classes such as acceleration segments corresponding to cutting in a
kitchen. As mentioned in the Introduction section, such actions only last for a
significantly short amount of time, compared to the entire duration of the user’s

stay at the location.

2. They employed a classic machine learning approach (modified decision tree) for
location class prediction based on handcrafted features. In contrast, we adopt the
feature learning approach, i.e., deep learning, using a domain-adversarial neural

network tailored to location class prediction.

Elhamshary et al. [29] estimated location semantics in a train station. They used a
microphone, accelerometer, gyroscope, magnetometer, and barometer to extract location-
specific features and assumed nine location classes. Their method relied on handcrafted
rules and sensor data templates tailored to each location class. In contrast, our method
automatically extracts location-specific sensor data motifs (templates) based on our ma-

trix manipulation technique.

3.2.2 Landmark-assisted Indoor Positioning

Indoor landmarks are used to correct accumulated errors in simultaneous localization
and mapping (SLAM) techniques [1]. Hardegger et al. [38] performed SLAM based on
the fact that certain daily activities were performed at particular places (e.g., sleeping in
a bedroom). Indoor objects such as pillars and electrical appliances show high magnetic
field values. Wang et al. [116] and Gozick et al. [36] detected such magnetic finger-

prints using a magnetometer in a smartphone to locate the smartphone user. Detecting
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a user’s location-specific events such as climbing and descending stairs was achieved
using barometers [6, 4]. In contrast, our study uses location-specific sensor data seg-
ments to predict location classes. Although most studies rely on handcrafted rules or

templates, our method automatically discovers location-specific sensor data segments.

3.2.3 Motif Detection

Vahdatpour et al. [113] proposed a novel method for locating multi-dimensional motifs
to discover activities and events in multi-dimensional time series data. They addressed
a common problem in activity monitoring applications, i.e., time and value irregular-
ities of motifs. Jain et al. [39] proposed a method for discovering frequent motifs
in time series data that significantly performed in input data with noise. They used
a greedy alternating minimization-based approach to arrive at the solution after for-
mulating the problem of discovering motifs in time series data as a large optimization
problem. Linardi et al. [59] proposed a scalable motif discovery algorithm that aids the
discovery of all motifs in a given segment in time series data and ranking of the motifs
using the length-normalized distance. Maekawa et al. [65] measured the duration of
each operation period of a factory worker who wears an acceleration sensor by tracking
a motif that appears only once in each operation period using a particle filter. Xia et
al. [128, 127] estimated the starting and ending times of each operation in an operation
period based on the tracked motif using information derived from process instructions.
In contrast, our motif discovery approach is based on calculating the similarity between
sensor data segments with location labels to discover motifs specific to a location class
based on the concept of the Gini impurity. To the best of our knowledge, this is the first
study to discover motifs specific to a location class by introducing the Gini impurity and

detects the occurrences of the motifs using domain-adversarial neural networks.
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3.3 Location class estimation method

3.3.1 Preliminaries

We assume that we observe unlabeled sensor data and Wi-Fi scans from a target user
wearing a smartwatch in a target environment. (Our experiment uses acceleration data
and sound impulse response.) We also assume that we observe labeled sensor data from
training users who wear smartwatches in training environments. Therefore, for each
time slice ¢, a Wi-Fi scan and a sensor data segment {w;, s, }, where w; is a Wi-Fi scan
at time ¢ and s, is a sensor data segment at time ¢, is given. In our experiment, s; corre-
sponds to a segment of acceleration data extracted from a time window of acceleration
data between time ¢ — w + 1 and time ¢, where w is a window size, or a feature extracted
from the sound impulse response at time ¢, which is a multidimensional time series with
a length of 1 (this will be subsequently explained in detail). Using the Wi-Fi scans, we
determine place clusters where a user spends long periods. Using the sensor data, we
predict a location class for each place cluster. We also assume that the smartwatch is
paired with a smartphone on the user. The smartwatch transmits the sensor data and
Wi-Fi scans to the smartphone via Bluetooth Low Energy (BLE). The smartphone also
collects acceleration data using an onboard sensor. Such acceleration data are used to
detect locomotion in place clustering. A location class label is associated with a training

sensor data segment at each time slice.

3.3.2 Overview

Figure 3.2 shows the overview of the proposed method. Because this study aims to pre-
dict location labels in a target environment using a location classifier trained in training
environments, the proposed method consists of two main phases: training and testing.
In the training phase, we extract location-specific motifs using labeled training data, i.e.,
sensor data such as acceleration data, from training environments. Using the extracted
motifs, we build a motif classifier that is used to detect occurrences of location-specific
motifs from the time series of test data. To address environmental differences in motifs
(e.g., toothbrushing actions can be different in different environments), we introduce

domain-adversarial training to the motif classifier. Finally, we train a location classifier
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Figure 3.2: Overview of IndoLabel

that uses detected motifs to predict a location class.

In the testing phase, we collect sensor data associated with Wi-Fi scans over a long
duration from a target user in a target environment. We initially cluster Wi-Fi scans
to obtain place clusters. Wi-Fi scans collected in the same room are aggregated into
a place cluster. For each cluster, we detect the occurrences of motifs and estimate the
location class of the cluster using the trained location classifier. Once a location class
label is predicted for each location cluster, we can estimate the location class of a user
in real-time using only a Wi-Fi scan from the user’s device because a set of Wi-Fi scans
is associated with each cluster.

After introducing sensor data preprocessing, we present details of the training and

testing procedures.

3.3.3 Preprocessing
Acceleration Data

To reduce the noise while preserving the most significantly unique variations in the ac-
celeration data, we apply Principal Component Analysis (PCA) [83] to the acceleration
signals, thereby reducing the dimensionality from the three-dimensional data to one-
dimensional data. This step significantly reduces the computational cost of the steps to
follow and provides an advantage in locating location-specific data segments. Figure

3.3 (a) and (b) shows examples of three-axis acceleration data and the signals converted
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by PCA, respectively. Then we extract the segment in a time window that corresponds

to s; in Section 3.3.1.

Impulse Response

The acoustic characteristics of a space can be captured using impulse responses. An
impulse is a signal that is one at time zero, however, is zero otherwise and equally
contains all the frequencies in a frequency domain. This enables an impulse response
to contain varieties of acoustic information about spaces, such as the space between an
audio source and a receiver, and a room where a probing device is positioned. Impulse
responses, in particular, contain time-domain information related to sound propagation,
such as reflections, reverberations, and echoes. Factors in an indoor environment such as
construction materials, shape, size, and furnishings affect observed impulse responses
[52, 91]. This ensures that impulse responses are useful fingerprints of environments of

interest.

This study aims to capture and extract environment-independent inherent features
for each location class of interest. Environmental factors of the same location class
are strongly correlated because instances belonging to the same location class serve the
same purpose. For example, because a house’s den is typically used to perform docu-
ment work, this environment contains books, papers, and computers. In contrast, a toilet
contains lavatory basins, water-resistant floors, and washbasins. Therefore, impulse re-

sponses observed in the same class of locations have similar fingerprints.

However, generating a strong, yet significantly short pulse, i.e., an impulse, in real-
world situations is difficult. Several studies have used alternate methods for calculating
impulse responses without generating an actual impulse [3, 96]. This study uses a sine
sweep that does not require tight synchronization between the signal generator sampling
clock and the digitizing unit of the probing device that is used to capture the response.
This aids in conducting the measurements using a commercially available off-the-shelf
smartwatch [31, 32]. In our method, an excitement signal sweeping frequency between
18 kHz and 20 kHz is emitted by a smartwatch for 1 s.
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Figure 3.3: An example of acceleration data and a similarity matrix computed from
the data. The darker cells in the similarity matrix indicate data segments with higher

similarity.



66 CHAPTER 3. INDOLABEL

After our smartwatch application initiates recording sounds using the smartwatch
microphone, the application generates an inaudible sine wave sweep using the smart-
watch speaker. After the sine sweep stops, the application continues to record for 0.5 s
to record the reverberation. Subsequently, we obtain the impulse response of the signal
by calculating the convolution of the recorded audio with the time-reversal mirror of the
emitted signal. We ignore impulse responses obtained during hand movements (detected
by the variance of acceleration data) because the impulse responses are dominated by
information about hand movements. Thereafter, we extract 12-dimensional features,
i.e., the MFCC coefficients, by calculating the 12-order MFCC for each sliding time

window.

The normal MFCC algorithm that is commonly used as a feature extraction method
in speech recognition primarily focuses on the lower frequency bands when extracting
audio features. This means that the Mel scale is more discriminative at lower frequen-
cies, and less discriminative at higher frequencies. However, this study aims to capture
location-specific audio characteristics by using a sweep that is inaudible to the human
ear (18 kHz-20 kHz). Therefore, the MFCC algorithm must be optimized to the fre-
quency range of our probing signal. We achieve this by adjusting the frame size (1
ms) and overlapping of the frames (90%) in calculating the Discrete Fourier Transform
(DFT) and by adjusting the Mel-filter banks to obtain considerably significant resolution
in the 18 kHz-20 kHz frequency range.

Figure 3.4 shows examples of time series of MFCC computed from the impulse re-
sponses from different locations in two different environments, i.e., Environment A and
Environment B. From Figure 3.4, the MFCC features of the balconies are considerably
different in these environments. This is owing to the high-frequency noise observed
in outside environments [25]. In contrast, MFCC features in the bedrooms are similar
in these environments. However, these MFCC features in different environments are
slightly different, for example, there are small shifts of peaks (red cells) in the time and
frequency axes. To obtain robust features from the MFCC features, we extract local
binary patterns (LBP) [79, 133]. LBP features are often used in image processing and
recognition to extract features regarding patterns in images that are robust against fluc-
tuations in pixels. We adapt this method to extract LBP features from a time series of

12-order MFCC features for each impulse response. Consequently, we obtain multidi-
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(c) Balcony of Environment A (d) Balcony of Environment B

Figure 3.4: Examples of MFCC features at different locations in different environments;
bedroom (while lying on a bed) and balcony (while smoking). Red and blue cells in-
dicate large and small amplitudes, respectively. The horizontal axis represents the time

axis and the vertical axis represents the MFCCs.

mensional data with a length of 1 for each impulse response that corresponds to s; in
Section 3.3.1.

3.3.4 Finding Location-specific Motifs

Herein, we explain the process of discovering location-specific motifs in the training
phase. This process comprises of two procedures: (i) similarity matrix calculation and

(i1) calculation of the location specificity measure (LSM) of each sensor data segment.

Similarity Matrix Calculation

This step calculates a similarity matrix using sensor data segments (i.e., a sequence of
s¢) collected in each training environment for each sensor modality. This is aimed at
determining similar segments in the sensor data. We initially compute the Euclidean
distance between each pair of segments (i.e., s; and s;) and form a distance matrix. For
each segment, before calculating the distance, we standardize the data in the segment
by subtracting the average from each component in the segment and dividing by the
standard deviation. This causes its static segments with small noise to yield a large

distance and causes segments with similar waveforms to yield a smaller distance in the
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distance matrix calculation.

Thereafter, we convert the distance matrix into a normalized similarity matrix by
dividing each element by the maximum value in the distance matrix and subtracting
them from one. Because the low similarity components are less important in frequent
motif discovery, we replace the components showing less than a threshold value in the
similarity matrix with 0.0. Herein, an element value of the matrix S(7, j) shows the
similarity between a segment at time ¢ and that at time j. In addition, a row vector S;

shows a time series of the similarity between a segment at time ¢ and each segment.

Calculating Location Specificity Measure (LSM)

This step calculates the degree of location specificity, i.e., the LSM for each segment
of data based on the concept of Gini impurity, which is computed using the following

formula to calculate the statistical dispersion:

c
=1

where p; is the proportion of instances belonging to the i-th class, and C' is the total
classes [134]. Therefore, a smaller Gini coefficient indicates a smaller dispersion of
instances. This concept can be used to find a data segment specific to a particular loca-
tion class. In our case, we compute p; for the segment that represents the ratio of the
occurrences of the segment at the i-th place. Therefore, using p;, the location specificity
of the segment is calculated (i.e., if the segment is observed only at a specific location)
based on the idea of the Gini impurity.

Note that there is another metric that can be used to calculate the statistical dis-
persion of a dataset, i.e., information gain. Raileanu et al. [89] revealed that there
is no significant difference between the Gini impurity and information gain if consid-
ering splitting a dataset. Furthermore, the computational cost of the Gini impurity is

significantly lower than that of the information gain!. Because our method calculates

!Comparison of the calculation times of Gini impurity and information gain using 100,000 data points
with Python version 3.6.8, running on Intel Xenon CPU ES-2620 at 2.10 GHz.
Gini impurity calculation time = 20.938 msec

Information gain calculation time = 31.592 msec
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the location specificity based on a large matrix, we select the Gini impurity over the
information gain to calculate the LSM.

We assume that a similarity matrix S € R"*" and binary time series of location
labels with length n (i.e., ground truth labels) are given. The binary time series b, is
prepared for each location class ¢, where its element value at time ¢ is 1 if the training

user is at the location class at time ¢, that is defined as follows:

{ 1 (the training user is at c at time )
et —

0 (otherwise)
For a row vector of S at each time slice ¢, i.e., S¢;), we compute s, ; as follows:

T
bc . S(t)

Set =

Z bc,t’ .

bc,t’ €b.

Because S(; is the similarity time series for a time window (segment) at time ¢, s.;
shows the frequency of the occurrences of segments similar to the segment at place c.

Furthermore, we compute p,; as follows:

Sc,t
= .
Zi:l Sit

Therefore, p.; shows the ratio of the occurrences of the data segment at time ¢ at place c.

Pet =

Using p.+, we compute the LSM of the segment based on the idea of the Gini impurity

as follows: .
LSM, = Y p?,,
=1

A large LSM value shows greater location specificity of the data segment. Figure 3.5
shows an example of time series of LSM values. From the example, location-specific
actions (e.g., eating in a dining room) yield high LSM values. In addition, walking
actions that are observed in multiple locations, yield low LSM values. Furthermore, be-
cause some cutting actions are similar to walking actions, their LSM values are small;
thus, these actions cannot be location-specific motifs. Some meaningless actions, for
example, a sitting action prior to eating in a dining room, have high LSM values be-

cause the length of the example data in Figure 3.5 is significantly short. If such actions
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Figure 3.5: An example of an acceleration data and time series of LSMs computed from
the data

are also observed in other locations, the LSM values of the actions will be lower. In
this study, segments with LSM values larger than a threshold value were considered

location-specific motifs.

3.3.5 Building Motif Classifier

In the above procedures, we obtain location-specific motifs from each training environ-
ment. Herein, we build a classifier that is used to detect occurrences of location-specific
motifs in a target environment for each sensor modality. A sensor data segment is in-
put into the classifier, and a location-specific motif class associated with the segment
is the output. For example, a segment corresponding to a chopping action can belong
to a “kitchen-specific motif” class or a “kitchen motif class” in short. The total possi-

ble output classes of the classifier are C' + 1, where C'is the total location classes, i.e.,
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location-specific motif classes, and the plus one denotes the “others” class that corre-
sponds to training segments randomly sampled from non-location-specific motifs. We
train the classifier with the extracted location-specific motifs from the training environ-
ments. In our method, training instances corresponding to multiple different actions
observed in the same location class can be assigned to the same location-specific motif
class. For example, chopping and blending actions, that can be observed in a kitchen,
are assigned to a kitchen-specific motif class, i.e., kitchen motif class because the aim
of the classifier is to detect an action specific to a particular location class, not to distin-

guish fine-grained actions.

Note that in building the classifier, we consider the variability in sensor data motifs
in different environments. For example, a chopping action can be significantly different
in different environments. To address this problem, we build a motif classifier based on
domain-adversarial neural networks [34]. This network uses domain-adversarial train-
ing that learns a domain-independent representation by learning the classifier that si-
multaneously predicts correct class labels and inaccurately predicts the domain’s labels.
We use this method to learn environment-independent features and develop a classifier

that is robust against environmental differences.

Our proposed method aims to predict the location label of a place cluster of interest.
In the next procedure (location classifier in Section 3.3.6), we aggregate the output
probabilities from the motif classifier from the same place (place cluster) to predict the
location label of the place cluster. Therefore, unlike the standard domain-adversarial
neural network, our motif classifier (domain-adversarial neural network) is trained to
maximize the performance of the location classifier and maintain the motif classification

accuracy.

Figure 3.6 shows the structure of the neural network used in this study. The network
has two outputs; motif class and environment labels. Herein, the motif class corresponds
to the location-specific motif class, and the environment corresponds to the domain in
domain-adversarial learning. The feature extractor in Figure 3.6 that is comprised of 1D
convolutional layers, extracts domain-independent features from a sensor data segment.
The motif label predictor in Figure 3.6 outputs a motif class label, i.e., a location-specific
motif class, using the features extracted by the feature extractor. To ensure that the neu-

ral network cannot distinguish between the domains, the gradient reversal layer [34] is
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Figure 3.6: Structure of motif classifier based on domain-adversarial learning. L., L,
and Lxr show the loss functions for motif classification, domain classification, and

distributions of output probabilities, respectively.

introduced as shown in Figure 3.6. When the network is trained using the backpropa-
gation algorithm [93], the gradient reversal layer multiplies the gradient with a negative
constant value, resulting in a feature extractor that cannot estimate domains but classes.

When we train the network, we minimize the following loss function using back-

propagation based on Adam [46].

E(05, 0, 6a) = > Li0f,6) — M > Li(05,6a) G
=1 =1 .

- )\2£KL<0f7 66)7
where 0, 0., and 0, represent the network parameters of the feature extractor, motif
label predictor, and environment label predictor, respectively; n is the number of train-

ing instances (time series), £.(6;,6.) denotes the loss of motif class prediction, and

L(0,,04) is the loss of domain prediction. L.(6;,6,) and £}(6,,64) calculate the cross
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entropy loss. Lk, (6f,0.) is introduced to maximize the performance of the location
classifier. The hyperparameters A; and A, are used to trade-off between the loss func-
tions. Since the scales of the loss components L(0;,0.), L4(64,04), and Lk (0, 6.)

were similar, we set that A\; = Ay = 1 in our experiment.

Herein we present details of Lx(0f,6.). In the following procedure, we aggre-
gate output probabilities for motif prediction from the motif classifier from feeding
sensor data segments observed at the same place cluster. The output probabilities (out-
put probability vectors) were averaged and fed into the location classifier. Therefore,
the location classifier predicts a location label of a place cluster by referring to all the
sensor data segments observed at the place (place cluster). Therefore, the location clas-
sifier can achieve high accuracy if the distributions of output probabilities differ between
location-specific motif classes. From this idea, we design Ly, (6r, 0.) such that the dis-
tance between distributions of output probabilities between different location-specific
motif classes is large. Because a training batch contains labeled training instances, we
aggregate the output probabilities of the training instances for each location-specific
motif class in each training iteration. Thereafter, we calculate the distance between the
distributions of each pair of location-specific motif classes. Finally, we update the neu-
ral network parameters to maximize the distances. Therefore, Ly (6y,0.) is defined as

follows.

1

Lri(07,0.) = — S Dyr(P||P;
k(07,0 = 5= 3 Dra(PIP)

i,5€C

e [ o ()

i,5€C

(3.2)

where 5P~ shows the permutation. The ¢ and 7 show the i-th and j-th location-specific
motif classes, respectively. The ¢-th and j-th classes are different classes. P; denotes
the distribution of the output probabilities for training instances belonging to the i-th
class. D, (P;||P;) calculates the distance, i.e., the Kullback-Leibler divergence [49],
between F; and P;. The proposed model is trained to discriminate between location-
specific motif classes using a set of sensor data segments observed in the same location

cluster.
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3.3.6 Location Classifier

We develop a location classifier to predict the location class of a place cluster in a target
environment. We estimate the location class of a place cluster based on the occurrence
frequencies of location-specific motifs that are the outputs of the motif classifier. There-
fore, the input of the classifier is the occurrence ratios of location-specific motif classes,
and the output is a location class. Herein, we explain how we compute the input for
each place cluster. Initially, we compute the output probabilities of each segment in
the cluster using the motif classifier. The motif classifier outputs a probability vector
consisting of C' + 1 probability values. Thereafter, we calculate the average vector over
the segments in the place cluster and normalize after removing the element correspond-
ing to the “others” class. The average vector is an input of the location classifier. We
manipulate the multimodal sensor data (e.g., acceleration data and impulse response
data) by calculating the probability values for each sensor modality and concatenating
the probability values for all sensor modalities. For example, if using s sensors and C'
classes, the total probability values to calculate is s x C'.

The quantity of training data for the location classifier is limited because we can con-
struct only one training instance for each place. Therefore, this study uses the nearest
centroid [74], where each class is simply represented as a centroid of instances belong-

ing to the class, as the location classifier.

3.3.7 Wi-Fi-based Place Clustering

In the testing phase, we cluster Wi-Fi scans collected by a target user. A single Wi-
Fi RSSI scan comprises pairs of a unique MAC address of an access point (AP) and
the received signal strength from that AP. Figure 3.7 shows differences in the received
signal strength of each AP at the two places.

The observed scans at the same place are similar; thus, we can cluster these scans to
form Wi-Fi location clusters. In this procedure, we initially use smartphone acceleration
data to detect stable time segments (i.e., non-movement time segments) and thereafter
perform Wi-Fi-based clustering using the Wi-Fi scans collected during stable segments.
For each sliding time window, we calculate the variance of the acceleration data and

consider windows, where the variance values are smaller than a threshold, as stable
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Figure 3.7: An example of signal strength from different APs over time as a user moves
from Place A to Place B and thereafter back to Place A

segments. In Wi-Fi-based clustering, we perform a distance calculation between two
Wi-Fi scans based on [101, 67]. Herein, assume that we compute the distance between
Wi-Fi scans w; and w;. If the received signal strength from AP a,, is present in scan w;
although not in scan w;, we consider the signal strength of AP a,, in scan w; as —100

dBm that corresponds to the minimum strength value.

Figure 3.7 shows that some APs only appear in several scans. For example, AP no.
30 is only detected in the 39th scan (it does not appear in any other scan). Therefore, we
assume that this AP does not have a significant influence on the clustering of scans into
different places. To eliminate such ineffective APs in scans, we calculate the standard
deviation of the scans for each AP and eliminate APs with standard deviations less than
1.0.

Thereafter, the distance between scans w; and wj is calculated as follows:

1
d(w;, w;) = A > lwilan) —wj(an); (3.3)

an€A

where d(w;, wj) is the distance between scans w; and w;, A is the set of APs in scans w;
and w;, and w;(a,,) is the received signal strength from AP a,, included in w;. Finally,
we use agglomerative hierarchical clustering [43] to cluster scans in stable segments
into different places using the Wi-Fi distances. Herein, each cluster is a collection of

Wi-Fi scans observed at a particular place by the target user’s smartphone.
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Figure 3.8: Experimental environments. The blue dots denote the locations of the Wi-Fi

APs installed inside each environment.

3.3.8 Estimating Location Class

Finally, we estimate the location class of each location cluster in the target environment.
Herein, each Wi-Fi scan w; in the location cluster is associated with a set of s;, i.e., a
set of data segments. We feed each data segment in s; in the location cluster to the
motif classifier to determine the probability vector corresponding to the location cluster
by averaging the output probabilities of the data segments.Thereafter, we input this
probability vector into the location classifier. The output of the location classifier is the

estimated location class of the location cluster.

3.4 Evaluation

3.4.1 Dataset

To evaluate our method, we collected data from four different home environments (Fig-
ure 2.11). Each environment contained eleven Wi-Fi APs. The location of each AP
is denoted by a blue dot in Figure 2.11. Note that we could also detect APs from
nearby houses and RSSI from these APs were also used in Wi-Fi-based place cluster-
ing. The average numbers of APs detected at Environment 1, 2, 3, and 4 were 35, 57,
35, and 36, respectively. In each environment, a participant collected sensor data using
an ASUS ZenWatch3 smartwatch attached to his/her dominant wrist in seven locations

(kitchen, dining room, restroom, washstand, den, smoking area (outdoor resting place),
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Figure 3.9: Two sessions of real data collected in Environment 2 and Environment 4

and bedroom). Herein, we considered seven location classes; therefore, this problem is
a seven-class classification problem. We selected these location classes based on stud-
ies [30, 90, 101] and places that were typically frequented by participants in their daily
routine. We collected sensor data using a semi-naturalistic collection protocol [7] that
permits significant variability in participant behavior than laboratory data. In this proto-
col, participants performed a random sequence of activities at corresponding locations.
Table 3.1 presents a list of the activities performed at each location. The participants
sometimes moved between locations before finishing the predefined activities at each
location. For example, a participant sometimes performed the chop and wash dishes
activities at the kitchen, then went to the dining room, performed sit, eat and, drink ac-
tivities, and returned to the kitchen to perform wash dishes and wash hands activities.
Figure 3.9 shows two sessions of data collected by two participants from Environment
2 and Environment 4. In real situations, there are specific actions that are performed in
several locations. For example, washing hands actions can be performed in locations
such as the kitchen and washstand, where there is access to water. Therefore, wash-

ing hands actions are performed in kitchen, washstand, and toilet location classes to
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Table 3.1: List of locations and specific actions performed

Location Activity
kitchen chop, wash dishes, wash hands
washstand brush teeth, wash face, wash hands
bedroom lie
toilet sit, use toilet paper, wash hands

dining room eat, drink, sit

den use PC, write on a notebook, sit

smoking area | smoke

Table 3.2: Physical features of participants

Dominant hand | Height (cm) Sex | Age | No. of sessions
1 | right 175 | male 26 6
2 | right 177 | male 27 7
3 | right 168 | male 30 8
4 | right n/a | female | 39 7

simulate an action that can be performed in multiple locations. Consequently, we can
evaluate the robustness of our method. The smoking areas are outdoor places; therefore,
outdoor noise such as that from automobiles is recorded by the microphone in the smart-
watch. In addition, if a participant washed the hands, dishes, and faces, the microphone
also captured noise from running water.

Table 3.2 lists the physical features of the participants. Each participant performed
multiple data collection sessions, with each session comprising a random sequence of
activities. The sampling rates of the accelerometer and microphone on the smartwatch
were 30 Hz and 44.1 kHz, respectively. Additionally, we collected camera images to

obtain ground truth. The duration of each session was approximately 12 min.

3.4.2 Evaluation Methodology

To evaluate the proposed environment-independent location classifier, we performed
our evaluation using “leave-one-environment-out” cross-validation, where sensor data

from one environment were used as test data, and sensor data from the remaining en-
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vironments were used as training data. We predicted the location classes for each test
session. We prepared the following methods to evaluate the effectiveness of the pro-

posed method.

* IndoLabel: This is our proposed method that uses acceleration data and impulse

responses collected using active probing.

* RF-ACC: This method only uses acceleration data and is designed based on
Tachikawa et al. [101] that assumed location-specific features are always ob-
served at a location of interest. Therefore, this method assumes a sliding time
window and extracts sensor data features in that window. Thereafter, this method
forms a feature vector that concatenates the feature values that is input to the ran-
dom forest (RF) classifier that classifies a feature vector into a location class. The
extracted features are the minimum, maximum, mean, standard deviation, etc. by
the tsfresh library (v 0.12.0).

e RF-MIC: This method only uses impulse responses. The procedures of this
method are identical to those of RF-ACC.

* RF-C: This method is an improved version of RF-ACC and RF-MIC. It uses
acceleration data and impulse responses. It initially clusters Wi-Fi scans in the
same manner as the IndoLabel method. Thereafter, it aggregates the location class
estimation results for time windows in each location cluster by majority vote to

determine the location class of the cluster.

» Tachikawa et al.: This method is also designed based on the method proposed
by Tachikawa et al. [101]. This method uses the acceleration data and audio
impulse responses, as in RF-C method. Instead of the random forest used in
RF-C, this method employs an environment-independent decision tree classifier
proposed in [101]. A standard decision tree classifier only uses the class labels
of the data segments to calculate the information gain and creates splits in the
dataset. Alternatively, the method of Tachikawa et al. subtracts the information
gain calculated based on labels of environments where the data segments were

collected, from the information gain calculated based on the class of the data
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segments, and uses the modified information gain to create splits in the decision

tree.

* Only-ACC: This is a variant of the proposed method that only uses acceleration
data.

e Only-MIC: This is a variant of the proposed method that only uses impulse re-

sponse.

* DANN: This is a variant of the proposed method that does not use the loss func-
tion for distributions of output probabilities in the motif classifier (i.e., does not

use Lk, in Equation 3.1).

* CNN: This is a variant of the proposed method that does not use domain-adversarial
training and the loss function for distributions of output probabilities in the motif

classifier (i.e., does not use L, and L, in Equation 3.1).

We cannot compare our method to the method of Elhamshary et al. [29] because they
exclusively recognize locations of the train stations with specific sensor data templates
tailored for each location. Therefore, we cannot adapt this method for indoor location
class prediction in household environments.

The classification accuracy of each method was evaluated using the micro-averaged
F-measure that was calculated based on the classification results of location clusters
from each session. For the RF-ACC and RF-MIC methods, these metrics were calcu-
lated based on the classification results of the time windows.

Herein we introduce the network parameters used in our motif classifier that were
empirically selected. The first and second convolutional layers in the feature extractor
have six and sixteen kernels using the ReLLU activation function, respectively, with a
kernel size of two and stride length of two. The fully connected layers in the motif label
predictor have 120, 84, and 8 nodes, respectively, with the ReLU activation function.
The fully connected layers in the environment label predictor have 120, 84 and, 2 nodes,

respectively, with the ReLU activation function.
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methods doLabel for each location class

3.4.3 Results

Classification Accuracy

Figure 3.10 shows the average F-measure of IndoLabel. Although IndoLabel does not
use training data collected in a test environment, it achieved approximately 87% F-
measure on average. Figure 3.11 shows the F-measure of IndoLabel for each location
class. Figure 3.12 (c) shows the visual confusion matrices for IndoLabel. From the re-
sults, the proposed method accurately estimated the location classes of the test instances
using location-specific acceleration and sound motifs in several cases, although we do

not use labeled training data collected in a test environment.

The accuracy for the washstand class was poor compared to that of the other classes,
as shown in Figure 3.11. From Figure 3.12 (c), several washstand instances were incor-
rectly classified into the toilet or bedroom class. The toilet instances are similar to the
washstand instances because the participants performed the washing hand actions in
both locations. In addition, the ways of using toothbrushes were different between the
participants. This can be a reason why the washstand instances were incorrectly clas-
sified into the bedroom class that does not have distinguishing hand motions in several
cases.

The accuracy of the smoking area class was also somewhat poor compared to that of
the other classes. From Figure 3.12 (c), several smoking area instances were incorrectly

classified as the dining room class because we could not identify location-specific ac-
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Figure 3.12: Confusion matrices of classification results of Only-ACC, Only-MIC and
IndoLabel

tions and impulse responses in the smoking areas. From Figure 3.4 (¢) and (d), obtaining
significant sound features in outdoor places was difficult because of ambient noise. In
addition, the hand movements of smoking actions were insignificant and considerably
similar to eating actions. Therefore, predicting location labels of smoking areas was

difficult in some environments.

Comparison with Prior Methods

Figure 3.10 also shows average F-measures of the RF-ACC, RF-MIC, RF-C, and Tachikawa
et al. methods. RF-ACC, RF-MIC, and Tachikawa et al. methods are based on the idea

of the prior approach (i.e., location-specific features are always observed) and estimate
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location class labels for each time window. The RF-C method that aggregates the results
of RF-ACC and RF-MIC for each location cluster obtained from Wi-Fi scans, outper-
formed RF-ACC and RF-MIC. Tachikawa et al. outperformed RF-C because Tachikawa
et al. extracted environment-independent features using a modified decision tree. How-
ever, as indicated by the results, the performances of these methods were considerably
poor compared to that of IndoLabel. While the participants performed location-specific
actions in each location, these methods could not detect these locations because the
durations of the actions were significantly short. Moreover, the participants performed
the same activities in different rooms, e.g., “wash hands” in the toilet, kitchen, and
washstand, resulting in increasing the difficulty of precisely predicting location classes.
These results indicate the effectiveness of our approach for predicting location classes
based on short sensor data motifs. Specifically, the F-measure of IndoLabel is higher
than that of Tachikawa et al. by 30%, indicating that the usability and precision of ap-
plications implemented based on IndoLabel will significantly improve compared to the

prior studies.



84 CHAPTER 3. INDOLABEL

Classification Accuracy in Each Environment

Figure 3.13 shows the average F-measures of the methods for each environment. From
the results, our method achieves significant F-measures in all environments. The perfor-
mance in Environment 1 was marginally poor compared to that of other environments
because the accuracies for the washstand and smoking area classes were somewhat poor
in this environment. In particular, several instances of the smoking area were misclassi-
fied into the dining room class, as shown in Figure 3.12 (c) because the smoking actions
are similar to the eating and drinking actions. The accuracies for the washstand class in
Environments 1 and 2 were poor because the ways of using toothbrushes by the partici-
pants were different from the other participants.

Here, we focus on the relationship between the number of detected APs and the
accuracy of each environment. The F-measures of Environments 1, 2, 3, and 4 were
7%, 83%, 88%, and 98% (Figure 3.13), respectively. The average number of detected
APs of those environments were 35, 57, 35, and 36, respectively (See also 3.4.1). As
can be seen in the results, there is no clear correlation between the number of detected

APs and the prediction accuracy.

Sensor Contributions

Figure 3.10 also shows the F-measures obtained by the Only-ACC and Only-MIC meth-
ods. From the results, the accelerometer was the best contributor because the Only-
ACC method achieved an F-measure value of approximately 68%. Figures 3.12 (a)
and (b) show visual confusion matrices for the Only-ACC and Only-MIC methods.
From Figure 3.12 (a), the Only-ACC method achieved good accuracy for the dining
room, kitchen, and den classes because these classes have characteristic hand motions.
From Figure 3.12 (b), the Only-MIC method achieved relatively significant accuracy
in estimating the location classes of the bedroom and washstand instances. When the
participants were lying on beds, we observed characteristic impulse responses that con-
tained information about blankets. Moreover, the washstands are considerably smaller
than the other rooms; therefore, we believe that the impulse responses observed in these
rooms contain information about the small-sized rooms. Interestingly, the Only-MIC

method successfully recognized the washstand instances although the restrooms were



3.4. EVALUATION 85

smoking area washstand bedroom dining room

A/: — . S_—
- o — 00

Bl
2 o
=
g2
&

amplitude
amplitude

amplitude

T damples
© (d)

toilet

s on
samples
()

kitchen

amplitude
Low o

amplitude
amplitude

T oo s s o1 9 1 obos W a5 o7 o9 o os
samples samples samplés

(e) ® (@

Figure 3.14: Examples of acceleration data motifs (after PCA) extracted from each
location class in an environment. The horizontal axis shows the time-axis and vertical

axis shows the amplitude.

also small, as shown in Figure 2.11. This can be because the Only-MIC could capture

acoustic information related to objects in the room, e.g., the sink.

From Figure 3.12 (a) all the bedroom instances of Environment 4 have been mis-
classified into the dining room classes when using the Only-ACC approach. In contrast,
Only-MIC achieved 100% accurate recognition in the bedroom class for Environment 1
as shown in 3.12 (b). This can be because it easily captured location-specific acoustic

characteristics while the hand of the user showed minimum movement in sleep.

Figure 3.14 shows examples of location-specific motifs extracted from acceleration
data (after applying PCA) by our method. From the figure, the motifs extracted from the
smoking area, washstand, dining room, kitchen, and den show visually identifiable and
distinguishable waveforms. For example, the motifs from the washstand class contain
high-frequency waveforms that can correspond to the tooth brushing action. Further-
more, the motifs from the smoking area and dining room contain waveforms that cor-
respond to the hand motions of moving the cigarette to the mouth while smoking and
moving the spoon from the mouth to the plate while eating, respectively. However, most
motifs extracted from the bedroom do not show high amplitudes because the sleeping

activity does not necessarily create hand movements. This can make it difficult for our
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Figure 3.15: F-measures of different motif classifiers

motif classifier to accurately recognize such locations, resulting in poor accuracy of the
location classifier. Note that because we can obtain distinguishing information from the
impulse responses in the bedroom, IndoLabel could accurately recognize the class. As
mentioned above, we confirmed that IndoLabel precisely predicts location classes by

fusing acceleration and acoustic motifs.

Contributions of Motif Classifier

Figure 3.10 also shows the F-measures of the CNN and DANN methods. From the
results, IndoLabel outperforms DANN by approximately 7%. Particularly, the accura-
cies for the smoking area and toilet classes were improved by introducing L, (the loss
function for the distributions of output probabilities). Because these classes have several
hand motions similar to other classes, IndoLabel recognized these classes by leveraging
the hand motions (see below in detail). In addition, as shown in Figure 3.10, DANN
outperformed CNN by approximately 9% by introducing the domain-adversarial train-
ing. Specifically, the accuracies for the bedroom and toilet classes were improved. This
can be because the original acoustic features in the bedrooms and toilet rooms contain
environment-dependent components.

Figure 3.15 shows the classification results of the motif classifier of IndoLabel,
DANN, and CNN for acceleration data and audio impulse responses. In many cases, the

methods based on the domain-adversarial training, i.e., IndoLabel and DANN, outper-
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doLabel

form CNN. Particularly, the accuracies of IndoLabel and DANN for impulse responses
are much higher than the accuracy of the CNN. This result indicates that discovering
latent acoustic features is pivotal in the location class prediction. Because the room
sizes and floor materials are considerably different in each environment, it is difficult to
precisely predict location classes using raw impulse responses.

Figures 3.16, 3.17, and 3.18 show the confusion matrices of classification results
of the motif classifiers for IndoLabel, DANN, and CNN, respectively. The confusion
matrices do not show the results of the “others” class. The accuracies of DANN for the
bedroom, kitchen, and dining classes are higher than those of CNN, as shown in the
confusion matrices for impulse responses in Figures 3.17 and 3.18. This indicates that
domain-dependent components are dominant in these places. Interestingly, the perfor-
mance of IndoLabel for the toilet class was poor compared to than that of DANN in the
confusion matrices of impulse responses, whereas the location classification accuracy
of IndoLabel for the toilet class was higher than that of the DANN. From the confusion
matrix of the impulse responses in Figure 3.16, some instances belonging to the toilet

class were inaccurately classified into the washstand or den class in several environ-
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(i) Environment 1 (ii) Environment 2 (iii) Environment 3 (iv) Environment 4

(a) Visual confusion matrices of the DANN motif classifier when using acceleration data
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Figure 3.17: Confusion matrices of classification results of the motif classifiers for
DANN

ments. This means that the distributions of output probabilities for the toilet instances
in the environments are similar to each other. In other words, an averaged output prob-
ability vector for the toilet class has high probability values for the washstand and den
classes. Therefore, the location classifier could recognize the toilet class by leveraging
this feature of the toilet instances. In contrast, as shown in the confusion matrix of the
impulse response for DANN in Figure 3.17, classified classes of the toilet instances in
the environments differ in different environments. Our proposed neural network (motif
classifier) enables accurate recognition of location classes that do not have distinguish-

ing motifs by leveraging motifs for other location classes.

3.4.4 Discussion
Amount of Training Data

Herein, we discuss the relationship between the amount of training data (i.e., the number

of training environments) and classification performance in a test environment. Figure
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Figure 3.18: Confusion matrices of classification results of the motif classifiers for CNN

3.19 shows the transition of average F-measures for the methods when we changed the
number of training environments. Note that we have different numbers of sessions col-
lected from each environment (Table 3.2). To make the number of training instances
consistent, we randomly deleted the excessive number of instances from those envi-
ronments to match the lowest number of instances among the environments. We used
Environment 4 as the target environment. From the results, even though we increased
the amount of training data, the F-measure values for RF-C did not improve, indicat-
ing the difficulties in capturing location-specific features using this approach. When
the number of training environments is two, IndoLabel yields the upper bound of the

accuracy.

Energy Consumption

Because we assumed that the accelerometer, speaker, and microphone on a smartwatch
were always on, the smartwatch could function for up to approximately 3 h. To reduce
the energy consumption of the smartwatch, we can reduce the total executions of sound

probing because impulse responses obtained during hand movements are not used in
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our method. (When only the accelerometer is turned on, the smartwatch functions up
to approximately 4.5 h.) Moreover, our smartphone application transmits observed data
in real-time, resulting in energy consumption related to wireless transmission. Because
our method does not require real-time data, we can delay transmission to save energy
(i.e., transmit stored data only once during charging). Furthermore, once the location
class of a Wi-Fi cluster is determined, the acceleration and sound data are not needed

because we can estimate the user’s current location using a Wi-Fi scan.

Generalizability of the Method

We have conducted our experiments using four different participants and confirmed that
our method is generalizable across different sexes, ages, and body heights (Table 3.2).
However, all the participants were right-handed. To overcome the problems regarding
the difference in the dominant hands, we could define a reference coordinate system for
the smartwatch on the right-hand [51] and use that to transfer the acceleration data into
the corresponding coordinate system for a smartwatch on the left hand. However, the
activities performed by different users can further be inconsistent due to their physical
conditions such as fitness level and injuries. We believe that our method can further be
generalized across such personal characteristics using an online personalization scheme

of the recognition model as discussed in [100]. Tachikawa et al. [101] have investigated
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the possibility of cross-device location class prediction using two different smartphones.
They have discovered that the accuracy of the location class prediction significantly de-
graded in the case of cross-device recognition. This could be because the sensitivity
and the frequency response of the microphones are different between the different de-
vices. Even though this means that device-dependent training is required for our model,
Thachikawa et al. also described a method to eliminate the device-dependency by cal-
culating a transformation matrix per device via a calibration phase, where the user is
required to record a predefined sound signal for calibration. This transformation matrix
can then be used to transform sensor data collected by one device to those by another

device.

3.5 Conclusion

We presented a method for predicting the location class of a room where a user was
located by discovering location-specific sensor data motifs in sensor data from the user’s
smartwatch. Additionally, we proposed a novel matrix manipulation that automatically
detected location-specific motifs from time series sensor data by calculating a score
that represented the location specificity of each segment in the time series based on
the concept of the Gini impurity. To the best of our knowledge, this is the first study to
introduce the concept of Gini impurity in a method that scans time series data to identify
location-specific templates (i.e., motifs). In addition, our method can detect location-
specific motifs by eliminating environment-dependent components. We evaluated the
proposed method in real house environments and achieved state-of-the-art performance.
As part of our future work, we intend to evaluate our method in working environments

such as hospitals and factories.
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Chapter 4

Joint Estimation of the Distance and
Relative Velocity of Obstacles via
Smartphone Active Sound Sensing for

Pedestrian Safety

4.1 Introduction

4.1.1 Background

Due to the recent proliferation of smartphones and related applications, the number of
pedestrians that use such devices for activities other than voice calls while walking has
increased, and uses such as browsing social media, sending and receiving text messages,
watching videos, playing games, and navigation are common. These pedestrians tend
to concentrate on their smartphones rather than the road, and may collide with various
roadside obstacles, which could lead to serious injuries and even death. As an example,
Nasar et al. [76] showed that 1506 injuries were estimated to have occurred in the US in
2010 due to distracted pedestrians using their smartphones. Furthermore, the American
Academy of Orthopaedic Surgeons (2015) found that 26% of respondents to a survey of
2000 adults had experienced accidents due to using their smartphones while walking,

ranging from bumping into something without injury, to falls, sprains or fractures [58].

93
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In the field of pervasive computing, studies have been actively conducted on detect-
ing oncoming obstacles using data from different onboard smartphone sensor modal-
ities. The footage from the rear-camera of a smartphone has been used to recognize
obstacles in front of the user [117, 14, 82, 107, 85, 44]. However, this method involves
some inherent problems, such as limited detection range due to the orientation of the
device in use, poor performance in dark environments, and privacy issues. To address
these problems, more recent works on obstacle detection have focused on methods based
on acoustic sensing. Some previous studies have aimed to detect the presence of obsta-
cles in front of the user with which they may collide [124, 109, 120, 111]. Recent works
have not only detected obstacles, but also estimated other properties, such as their types
[126], distance from the user [120, 111], and relative velocity [126]. In this study, we
also focused on estimating properties of obstacles, particularly the distance and relative
velocity, because this information is crucial to estimate the possible timing of collisions
and the level of risk of a given obstacle (e.g., high-speed obstacles exhibit higher risk),

which is used to issues warnings to user.

4.1.2 Problems

Existing methods designed to estimate properties (distance and relative velocity) of ob-
stacles involve some limitations, including i) limitations in types of obstacles and ii) lim-
ited types of properties that can be estimated. As for the first limitation, many previous
studies have focused only on static or slow-moving obstacles, such as walls, dustbins,
donation boxes, and signs. However, sidewalks often include numerous mobile obsta-
cles, such as pedestrians and bicycles, which can be considered as high-risk obstacles.
As for the second limitation, most of the existing methods have focused only on either
the distance or relative velocity, although both are crucial information for pedestrian
safety, as mentioned above.

These limitations are attributed to the types of probing signals used in these studies.
Each of these works relied on either sweep or sinusoidal signals. Although the short
pulses of sweep signals have been widely used to estimate the distance between the user
and a static obstacle by analyzing reflected sounds [73, 120, 84, 72, 103], estimating the

velocity of mobile obstacles with sweep signals is difficult. Some studies have attempted
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to detect mobile obstacles and estimate their velocity using time-series analysis of sweep
signals, i.e., by tracking the distance to an obstacle within each time window [41, 126].
However, to track the mobility of high-speed obstacles with high granularity, the number
of sweeps generated by the smartphone per second should be increased. Due to the
inherent characteristics of commercial speakers, when a large number of sweeps are
generated per second, the amplitude of the sweeps falls, resulting in the limited sensing
range [126].

By contrast, continuous sinusoidal signals (sine waves) have been employed to cap-
ture the Doppler shifts created by mobile obstacles to estimate their velocity [135, 60].
However, this approach is not suitable to estimate the distance to an obstacle. In ad-
dition, estimating the relative velocity of static obstacles with this approach is difficult
because they do not create characteristic Doppler shifts.

As noted above, to the best of our knowledge, no study has attempted to estimate

both the distance and velocity of both static and mobile obstacles in a single framework.

4.1.3 Approach

To overcome the abovementioned limitations, we proposed a new method named Ob-
sSense, which is designed to estimate the distance and relative velocity of both static
and mobile obstacles using an off-the-shelf-smartphone. The main features of ObsSense
include 1) novel inaudible probing sound signals composed of sweep signals and sine
waves, which enable joint estimation of the distance and velocity of both static and mo-
bile obstacles, and ii) a novel neural network architecture that efficiently fuses features
of the reflected sounds of the probing signal to estimate both the distance and velocity
of a given obstacle.

As for the first feature, the probing signal was designed such that 1) the signal com-
posed of sine wave and sine sweep is continuous in the frequency domain, which pre-
vents audible sound noises in the signal due to signal power leakage caused by discrete
frequency generation by the speaker [129], and ii) our probing signal maintains a con-
stant volume over both sweep and sine wave components, which facilitates capturing
distant obstacles.

As for the second, the most appropriate strategy to estimate distance and velocity
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depends on the movement status of an obstacle, i.e., whether it is static or mobile. For
example, reflected sine-wave signals, which contain information about Doppler shift,
are more useful in predicting the velocity of a mobile obstacle. By contrast, reflected
sweep signals are more effective in predicting the velocity of a static obstacle. There-
fore, our proposed neural network is equipped with a motion detection module that
identifies the movement status of an obstacle as static or mobile. By leveraging the in-
termediate outputs of the module, we accelerate the training of the neural network so
that it learns an appropriate strategy to estimate the distance and velocity of obstacles
depending on their movement status. In addition, our network is designed to estimate
the distance and velocity by fusing reflected signals of sweep signals and sine waves.
For example, reflected signals of sweep signals are useful to predict the distance to an
obstacle while they are sparse and noisy. Our network is designed to leverage reflected
signals of sine waves, i.e., Doppler shift, as a supplement to predict the distance because
the distance at time ¢ can also be estimated based on the distance at time ¢ — 1 and the
velocity at that time, i.e., using integration, which enables us to improve the distance

prediction performance.

4.1.4 Contributions

1) This study is the first to estimate the distance and relative velocity of both static and
mobile obstacles using active acoustic sensing on a smartphone. ii) We proposed a
novel probing signal that facilitates both acoustic ranging and velocity estimation. iii)
We proposed a novel neural network architecture designed to estimate the mobility of
the detected obstacles and used this knowledge to effectively fuse sound features to

estimate their distance and relative velocity.

4.2 Related Work

4.2.1 Static Obstacle Detection and Distance Estimation

Low-cost ultrasonic sensors have been employed to detect and estimate the distance

to obstacles [105, 124, 104]. However, these methods require additional attachments
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to the smartphone or special devices. Recently, active sound sensing has been widely
adapted to perform static obstacle detection and distance estimation on smartphone de-
vices. Some studies have detected obstacles with a possibility of collision by employing
the camera as well as active sound sensing [111] and active sound sensing with two on-
board microphones [120]. In addition, the distance between a smartphone user and a
static obstacle was estimated using sound probes. Specifically, Tung et al. [111] used a
smartphone speaker to emit short pulses of sine waves and record the reflections with the
microphone. They then calculated the impulse response of the reflections to estimate the
distance to obstacles. This was performed by accurately calculating the traveling time
of the emitted signal between the user and the obstacle using a threshold-based method
to detect the peaks created by the obstacle in the calculated impulse response. More
recently, Wang et al. [120] used a smartphone to emit inaudible sweep signals and esti-
mate the distance to obstacles in front of a user by calculating the correlation between
the emitted and received signals. Similarly, they employed a threshold-based method
to detect the peaks in the impulse response. By contrast, our study focused on both
the distance and velocity. Furthermore, rather than using a threshold-based method, we
utilized a neural network to extract features related to the distance from the calculated

impulse responses.

4.2.2 Mobile Obstacle Detection and Velocity Estimation

Passive sensing with smartphones has been employed to detect mobile obstacles, such as
approaching vehicles [102, 57, 45]. Some recent works have also aimed to estimate both
the distance and relative velocity of the obstacles at the same time [42] by employing
acoustic signals emitted by vehicle-mounted speakers. However, these methods only
work for moving vehicles that actively emit characteristic noise, and are not suitable to
detect other mobile obstacles or static obstacles.

In the field of active sound sensing via smartphones, acoustic ranging techniques
using excitement signals, such as sweep signals, have been adapted to detect and es-
timate the velocity of mobile obstacles. Wu et al. [126] emitted short sweep signals
from a smartphone and captured the reflections of vehicles. They estimated the speed of

vehicles by capturing the change in the distance between the user and the vehicle over
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Figure 4.1: FFT spectrograms of reflected sounds of sine waves recorded when (a) a
smartphone user was walking toward a person while the person was also walking toward

the user and (b) a user was walking toward a stationary person.

time. Jin et al. [41] used a COTS speaker connected to a smartphone to detect right
turns of vehicles and alert cyclists prior to potential accidents. They emitted periodic
sweeps from the speaker and analyzed time-series reflections to detect approaching ve-
hicles. By contrast, we designed a new probing signal composed of sweep signals and
sine waves, and fuses them to estimate the relative velocity.

Sine waves have also been widely used to capture Doppler shifts created by the
movements of obstacles and to estimate their velocities. Zhang et al. [135] utilized an
inaudible sine wave emitted by a smartphone to capture the Doppler shifts created by an
approaching person. They extracted Doppler profiles to identify trajectories of people
approaching each other. Similarly, Liu et al. [60] proposed a method to detect indoor
pedestrian encounters and estimate their velocities using a sine wave. However, this
method is not suitable to detect static obstacles, as they do not produce characteristic
Doppler shifts. By contrast, our proposed method was designed to estimate the velocity

of both static and mobile obstacles.

4.3 Investigation and Probing Signal Design

ObsSense was designed to estimate the distance and relative velocity of both static and

mobile obstacles. To this end, we investigated the characteristics of the different probing
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signals that can be used to estimate different properties of static and mobile obstacles.
Considering the outcomes of our investigations, we proposed a novel probing signal

design that facilitates both distance and velocity estimation.

4.3.1 Obstacle Mobility Detection

Obstacles on the sidewalk can be divided into two major groups according to their mo-
bility; static obstacles such as walls, signposts, and parked vehicles, and mobile obsta-
cles such as walking pedestrians and bicycles. As mentioned in the introduction, the
proposed neural network was designed to detect the mobility of an obstacle. To do
so, we can employ the well-known Doppler shift. Figure 4.1 shows the Doppler shift
created on an 18 kHz sine wave during two different encounters with obstacles. Here,
a smartphone user walked towards two different obstacles while the smartphone emit-
ted an 18 kHz sine wave. Simultaneously, the top microphone of the device recorded
the reflected waves. Figure 4.1 (a) shows the characteristic Doppler shift created by
a pedestrian (obstacle) who walked towards a user. However, when the user walks
towards a stationary person (Figure 4.1 (b)), a characteristic Doppler shift cannot be
observed. This is because the Doppler shifts created by a static obstacle are not clearly
visible against the Doppler shifts created by the moving body parts of the user and the
ground. These characteristic Doppler shifts can be used to differentiate between mobile

and static obstacles.

4.3.2 Obstacle Distance Estimation

To estimate the distance of obstacles, we can employ a short excitement signal emitted
by the smartphone’s speaker, known as a sweep signal. In the proposed approach, sweep
signals are emitted from the speaker periodically and the reflected signals are captured.
In this experiment, the length of the sweep length was 0.05 sec and the duration between
the sweeps was 0.25 sec. Next, we calculated the impulse response of the reflected
waves and extracted their signal envelopes (IR envelopes; [120, 41], Section 4.4.3 in
detail). These IR envelopes contain the intensity of reflections from an obstacle for
each distance.

Figure 4.2 (a) shows the reflections from a wall recorded on the IR envelopes when
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Figure 4.2: (a) Reflections of a static obstacle (a wall) and (b) reflections of a mo-
bile obstacle (a jogging person), recorded on IR envelopes. Each IR envelope is 6000
data points long (x-axis). Considering the speed of sound as 340 m/s and sampling

rate as 192 kHz, the distance resolution of each IR envelope sample corresponds to
340m/s
192kHz
the reflections can be captured is (0.18cm x 6000)/2 = 540cm = 5.4m

~ 0.18cm. Considering the round-trip time, the maximum distance from which

the user walks towards a wall. This image was created by time-series stacking of 50
separate IR envelopes. As may be observed, when the user moved towards the obstacle,
the reflection appeared closer. This information can be used to estimate the distance to
obstacles. However, mobile obstacles with high speeds do not produce reflections with
high granularity, as the number of emitted sweeps within a second is limited (Section
4.1.2). Figure 4.2 (b) shows the reflections from a jogging person recorded on the IR
envelopes, which were measured with low granularity because the person was moving
rapidly. Hence, we proposed a neural network architecture that incorporates both the IR
envelopes and Doppler features to estimate the distance of obstacles, because we can

observe clear Doppler shift of the mobile obstacle as shown in Figure 4.1 (a).

4.3.3 Obstacle Velocity Estimation

The frequency offset created by a mobile obstacle is directly proportional to its relative
velocity with respect to the user. Figure 4.3 (a,b,c) shows the Doppler shifts created
by a pedestrian walking toward the user at different speeds. As may be observed, the

higher the velocity of the pedestrian, higher the frequency offset of the Doppler shift.
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Figure 4.3: FFT spectrograms of reflected sounds of sine waves recorded when a pedes-
trian walked towards a static user at (a) slow, (b) medium, and (c) fast speeds and a user

walking towards a wall at (d) slow, (e) medium, and (f) fast speeds.

However, when an obstacle is static, estimating its relative velocity is difficult, as shown
in Figure 4.1 (b). Although the velocity of a static obstacle can be predicted from the
time-series of the distance to the obstacle obtained by sweep signals, reflected sounds
of the sweep signals are sparse and noisy, as shown in Figure 4.2. Here, note that the
relative velocity of the static obstacle is equal to the velocity of the user, meaning that
we can predict the relative velocity from the velocity of the user. As shown in Figure
4.1 (b), the reflected sounds contain the Doppler shifts created by the human body as
well as the ground, and they can change depending on the velocity of the user. Figure
4.3 (d,e,f) shows the difference in Doppler shifts created by the user’s body and the

ground depending on their walking speed. The result indicates that reflected sounds of



102 CHAPTER 4. JOINT ESTIMATION

sine waves can be used to predict the relative velocity of a static obstacle in addition to

reflected sounds of sine sweeps.

4.3.4 Probing Signal Design

To implement ObsSense in real-world applications, the probing signal should satisfy the
following requirements: 1) As shown in the above investigation, to capture the distance
and relative velocity of static and mobile obstacles, a probing signal composed of both
sweep signal and sine wave components is required. ii) To estimate the distance and
relative velocity of high-speed mobile obstacles, each signal component should either
be emitted continuously or in rapid succession. iii) To alert the user prior to a collision,
oncoming obstacles should be detected from as far away as possible. iv) The probing
signal should be inaudible to the human ear. We considered frequencies above 18 kHz
as meeting this requirement. However, we found in our preliminary investigations that
the frequency response of the smartphone’s microphone decreased with frequency (fre-
quencies up to 21 kHz exhibited reliable frequency response). Therefore, using higher
frequencies adversely affected the sensing range.

Figure 4.4 (a) shows an FFT spectrogram of reflected sounds of an ideal probing
signal that emits a continuous sine and periodic sweep signals simultaneously in two
separate frequency bands. The frequency of the sine wave was 22 kHz and sweep range
was 18-21 kHz. Both components were separated by a 1 kHz frequency band to prevent
Doppler shifts from the sine wave from overlapping with the sweep signals. However,
this probing signal involves two major drawbacks. First, at the beginning and end of
each sweep signal, the speaker emits a distinct and audible noise that has a frequency
lower than 18 kHz (denoted by white arrows). Furthermore, these noises interfere with
the emitted sine wave as well. This issue is related to commercial speakers, and is
known as signal power leakage due to frequency-hopping, which is caused by emitting
on discrete frequencies consecutively [129]. Second, as periodic sweeps are emitted
simultaneously with the sine wave, the speaker power is divided between the two signal
components. Hence, each component is emitted at half the maximum power of the
speaker, resulting in the reduced maximum sensing range of our method. As may be

observed in the rectangle outlines in white dots in Figure 4.4 (a), the sine wave segments
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Figure 4.4: FFT spectrograms of two probing signal designs

that are being simultaneously emitted with the sweep signals exhibit significantly low
amplitudes compared to the remainder of the signal.

To overcome these problems, we proposed a novel probing signal that emits a com-
bination of sweep signals and sine waves in quick succession. Figure 4.4 (b) shows
the FFT spectrogram of reflected sounds of the proposed probing signal. In this signal,
every 18 kHz sine wave is followed by an 18-21 kHz sweep signal, followed by a 21
kHz sine wave, which is then followed by a 21 kHz—18 kHz inverse sweep. As may be
observed, the proposed probing signal is continuous in the frequency domain, without
consecutive discrete frequencies, which eliminates noises due to signal power leakage.
Furthermore, this approach solves the speaker power division problem by emitting one
signal at a time at full power, which increases the sensing range. In our implementation,
each sine wave and sweep/inverse sweep were 0.25 and 0.05 sec long, respectively. The
length of the sweep/inverse sweep was selected to minimize system detection delays and
multi-path distortions [120]. Furthermore, the interval of sweep/inverse sweep signals
(i.e., the length of the sine wave) was determined based on our preliminary experiments.
When the number of sweeps emitted per second increased, the overall amplitude of the
emitted sweeps decreased, resulting in limited sensing range. Therefore, we selected
the interval that did not affect the amplitude of the sweeps. A similar interval between
the sweep signals was also used in [41].

Because the probing signal emits sine waves between sweep signals, and ObsSense

learns connections between the Doppler and IR features to jointly estimate the distance
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Figure 4.5: Overview of ObsSense

and velocity, our method can estimate the distance between the sweeps with high gran-

ularity (at 100 Hz in our implementation).

4.4 ObsSense Method

4.4.1 Overview

In this study, we assumed that the user holds the smartphone in their hand such that they
can view the content of the screen of the phone clearly while walking on the sidewalk.
A probing signal designed in the previous section is emitted from the top speaker of the
smartphone and the top microphone records the reflected waves at a sampling frequency
of 192 kHz.

Figure 4.5 shows an overview of the proposed approach. The recorded audio is first
fed into the signal segmentation module, which separates the reflected signal into re-
flections of sine waves, sweeps, and inverse sweeps. Next, the reflections of sine waves
are fed into the Doppler frequency extractor and the reflections of sweeps and inverse
sweeps are fed into the impulse response calculator. The resulting impulse responses
and Doppler frequency features are then fed into a specially tailored neural network
that jointly estimates the distance and the relative velocity as well as the mobility of
the obstacle. Note that the velocity can be calculated from the distance through deriva-
tion. However, because the information about the velocity is important in the distance
prediction when sine sweeps are not emitted, this architecture, which explicitly predicts
the velocity, can achieve precise distance prediction with high granularity. In addition,

we assumed a module that detects an obstacle in front of the user with the possibility
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Figure 4.6: Pipeline of identifying start/end times of sine waves, sweeps, and inverse

sweeps in the signal segmentation module

of collision, which has been extensively studied in prior works based on probing sig-
nals, such as sweep signals and sine waves [124, 109, 120, 111]. When an obstacle is
detected, ObsSense predicts its attributes. We explain the modules of ObsSense in the

following sub chapters.

4.4.2 Signal Segmentation

Here, we segmented the recorded reflected sound into sine waves, sweeps, and inverse
sweeps because sound features are extracted from each of the segments in the following
procedure. We extracted segments corresponding to reflections of sine waves, sweeps,
and inverse sweeps from the FFT spectrogram of the received signal (as shown in Figure
4.4 (b)) calculated using a Hanning function on a 90% overlapping sliding window
with 16,384 samples. Ideally, the smartphone can record the starting and ending times
of the sine waves, sweeps, and inverse sweeps because the smartphone generates and
emits the probing signals. However, due to several factors, such as noise and delays
in sound emission and reflection, the actual starting and ending times of the reflections
differed slightly from the times recorded by the smartphone. To acquire exact starting

and ending times, we generated a pseudo-FFT spectrogram of the probing signal by
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Figure 4.7: (a) IR feature extraction pipeline (b) extracted analytic signal and its upper

envelope

using the recorded starting and ending times of the sine waves, sweeps, and inverse
sweeps, and then fine-tuned the starting/ending times to find the times that yield the
best match between the pseudo-spectrogram and recorded spectrogram.

This is done by simply shifting the starting and ending times of the pseudo-spectrogram
until the Euclidean distance between the two spectrograms is minimized. Note that
when we calculated the Euclidean distance, the distance for each time step was calcu-
lated and the sum over all the time steps within the time window was used as the value
of the distance metric. Based on the predicted starting and ending times, the reflected
signal can be separated into sweeps, inverse sweeps, and sine waves. The procedures of

this process are also illustrated in Figure 4.6.

4.4.3 Impulse Response Calculation

Figure 4.7 (a) shows the IR feature extraction pipeline. Here, we calculated the impulse
response using the segmented sweep (or inverse sweep) using the convolution between
the recorded signal and the time-reversed transmitted signal [120]. Subsequently, we

calculated the analytic representation of the impulse response using the Hilbert trans-
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Figure 4.8: DF and IR feature preparation for ObsSense neural network

form and extracted the positive amplitudes of the analytic signal. Figure 4.7 (b) shows
the analytic signal of the impulse response and the extracted upper envelope of the ana-
lytic signal. Thereafter, we separated the first 6000 data points from the envelope. Using
the extracted 6000 data points, we can acquire obstacle distance data from obstacles sit-
uated 5.4 m away at most (Figure 4.2), which would be sufficient to achieve the goal
of this study. We further reduced the dimensionality of this envelope up to 1200 by
employing a rolling window with 100 samples with a stride of 5 samples and replaced
the values of each window with the average value within the window, weighted by the
standard deviation. This amplified the crests contained in the envelopes, caused by the
reflections of the obstacle. As above, a vector of 1200 dimensions was computed from

each envelope. We used these vectors as inputs to the neural network.

4.4.4 Doppler Frequency Extraction

We extracted 500 frequency bins from the top of the bandwidth of the 18 or 21 kHz sine
wave from the FFT spectrograms, as shown in the top right panel of Figure 4.8. In this

case, we were only interested in the positive Doppler shifts that occur when an obstacle
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approaches the user. We used these Doppler shifts as inputs to our neural network.

4.4.5 ObsSense Neural Network Architecture

The input for the ObsSense neural network is composed of two features: i) time-series
Doppler frequency features (DF features) extracted from the sine waves, and ii1) the
upper envelopes of the impulse responses (IR features) extracted from periodic sweep
signals. Figure 4.8 shows the preparation of DF and IR feature frames. For a given
time ¢, we use the previous 100 Doppler samples to form a DF feature frame of size
200 x 100. We further stacked the 5 closest previous IR envelopes to form an IR feature
frame of size 1200 x 5. When sweeps were emitted at times ¢;_y4, t;_3, t;_o, t;_1, and ¢;
and will be emitted at time ¢, 1, to estimate the distance and the relative velocity of the
obstacle at time ¢ (¢; < t < t;,1), we employed the envelopes of the sweeps emitted at
times t;_4, t;—3, t;_2, t;_1, and t;. By time-series stacking of the IR features, we captured
information regarding the mobility of the obstacles.

The structure of the ObsSense neural network is shown in Figure 4.9. The Doppler
extractor and IR extractor are composed of 2D convolution layers that process the DF
features and IR features, respectively. The outputs of the Doppler extractor and IR ex-
tractor are then concatenated and fed into the mobility estimator. The mobility estimator
has one output, which is the mobility label of the obstacle, i.e., static or mobile. Next,
the intermediate output of the mobility extractor (4th layer output) is aggregated with
the DF and IR features and fed into the distance/velocity estimator. By aggregating the
intermediate output of the mobility detector, we allowed the neural network to select
the most suitable method to predict the distance and the relative velocity of the obstacle
based on its mobility. The distance/velocity estimator has two outputs, including the
distance between the user and the obstacle and the relative velocity of the obstacle.

When the neural network is trained, we minimized the following loss function using

backpropagation based on the Adam optimizer. [46].

E0p,01,0m,04,) =L,m(0p,0r,0m) + La(0p,01,04,)
+ L,(0p,0r,04,) + Lint(0p,01,04.),

4.1)

where 0p, 0, 0,,, and 0,, represent the network parameters of the Doppler extractor,
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Figure 4.9: Structure of ObsSense neural network. Both the Doppler extractor and the
IR extractor include three convolutional layers, each followed by max-pooling layers
with a kernel size and step size of 3. Six kernels are included in all 3 convolutional
layers in the Doppler extractor, with sizes of 11, 3, and 3, respectively. The number
of kernels of the IR extractor are 6, 16, 6 and their step size is 3. Both the mobility
estimator and the velocity/distance estimator include five fully connected layers with
500, 100, 50, 30, and 2 nodes, respectively. Each fully connected layer uses the ReLLU
activation function, except for the last fully connected layer of the mobility detector,

which uses the sigmoid function.

IR extractor, mobility estimator, and distance/velocity estimator, respectively. £,,() de-
notes the loss of the mobility estimation, and calculates the binary cross-entropy loss
of the prediction of the mobility classes, i.e., static or mobile. £,() and £,() denote
the losses of the distance estimation and relative velocity estimation, respectively. £4()
and L,() calculate the RMSLE (Root Mean Squared Log Error) losses of distance and
velocity estimations, respectively. L;,;() is introduced to leverage the relationship be-
tween the distance and velocity to supplement the estimations provided by ObsSense.

Particularly, we employed the following relationship between the distance and velocity.

dt—l = dt + UtAt, (42)
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where d; is the distance to the obstacle at time ¢, v; is the relative velocity at time ¢,
and At is the time difference between ¢t and ¢ — 1. t — 1 is the timestamp of the closest
previous DF and IR feature frames. £;,,;() calculates the RMSLE loss of d;, ; prediction

as follows.

n

1 -
Lint() = n > (log(dirt + 1) — log(dy,—1 + 1))2. (4.3)

i=1

Here, ¢; denotes the time of the i instance, thH is a calculation result of d;,_; using
Eq. 4.2 with distance/velocity estimates at t;, dgﬁtlh is the ground-truth of d;,_;, and n

is the number of training instances.

4.5 Evaluation

4.5.1 Dataset

We collected data from five different static obstacle classes and three mobile obstacle
classes that can be commonly found on sidewalks, as shown in Table 4.1, selected based
on prior studies. Data were collected from obstacles situated inside the campus and in
residential areas around the campus that were relatively busy during the daytime. The
participant (smartphone user) was asked to walk toward an obstacle, starting 5 m from
the obstacle, and randomly varying their walking speed while looking at the smartphone.
The mobile obstacles started from much further (to build speed) and moved toward and
past the user as close as possible to simulate a near-miss scenario. For this experiment,
we used a Samsung S20 smartphone. The smartphone emitted the above probing signal
and recorded the reflected waves. Simultaneously, the participant carried a TFMini Plus
LiDAR module connected to an M5Stack Basic model to collect ground-truth data on
the distance to obstacles at 1kHz. We used this time-series distance information to
calculate the ground truth of the relative velocity of the obstacles through derivation.

Table 4.1 shows the number of encounters of each obstacle class.
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Table 4.1: Number of Encounters Per Obstacle Type

Label Encounters

parked vehicle 38
billboard 36

static | telephone pole 57
wall 44

standing person 27

walking person 30

mobile | jogging person 30
bicycle 65

Total 327

4.5.2 Evaluation Methodology

To evaluate the performance of ObsSense, we first randomly separated our dataset (en-
counters) into training and testing datasets using 70% and 30%, respectively, of the total
data. No data from the training encounters (obstacles) were used to test the model. We

prepared the following methods to investigate the effectiveness of ObsSense.

- ObsSense: This was our proposed method.

- w/o integration loss: This was a variant of the proposed method that did not employ
the loss term L;,,;().

- w/o mobility detector: This method did not employ the intermediate-layer output of
the mobility detector.

- Only IR: This was a variant of the proposed method that did not employ the Doppler
features.

- Only Doppler: This method did not employ the IR features.

- DeepRange Doppler: This method was designed based on the state-of-the-art deep
learning method [73]. The method was originally designed to recognize hand gestures
and output the distance to the hand by processing the raw reflected sounds of the sine
sweeps. However, because it exhibited poor performance in our preliminary experiment
when using raw sounds, we used the Doppler features as inputs. The network architec-

ture used in this experiment was identical to [73], except for the output layer, where our
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Figure 4.10: Comparison of (a) distance and (b) relative velocity prediction errors of
ObsSense and the other methods

version had two output nodes to estimate the distance and relative velocity.
- DeepRange IR: This method was also based on [73]. This method uses IR features as
the input.

The performance of the distance and relative velocity estimations was measured in

terms of the mean absolute error (MAE) between the predictions and the ground truth.

4.5.3 Results
Performance of ObsSense

Figure 4.10 shows the distance and velocity prediction performances of ObsSense and
the other methods. The MAEs of the distance and velocity prediction by ObsSense were
significantly smaller than those of the other methods, and ObsSense achieved MAEs
of only 20.6 cm and 0.19 ms™'. As shown in Figure 4.11 (a,b), ObsSense precisely
predicted the distance and velocity, even though the participant randomly changed the
walking speed. In addition, as shown in Figure 4.11 (c), the recorded IR envelopes
are very noisy, and the reflections from the wall are not clearly visible, indicating the
difficulties of applying threshold-based distance prediction to noisy real-world data.
(The performance of threshold-based distance prediction is investigated below.)

Figure 4.12 shows the MAEs of ObsSense for the different obstacle types. The dis-
tance errors for persons are relatively larger than those for the other obstacles because
the size of person is smaller than that of the other obstacles. Figures 4.13 and 4.14 show

the MAEs of ObsSense for different ground truth distances and relative velocities. As
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Figure 4.11: Comparison of (a) predicted relative velocity and (b) predicted distance

against the ground-truth when the participant walked towards a wall. (c) the reflections

by the wall recorded on the IR envelopes
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Figure 4.12: (a) Distar(lcg and (b) relative velocity prediction errors of ObsSense for
different obstacle types

can be seen, when the distance from the obstacle increased, the distance and relative
velocity prediction errors increased. This is because when the distance to the obstacle

increases, the amplitudes of the reflections from the obstacles become weak. Further-
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Figure 4.14: Distance and relative velocity prediction errors according to different ob-

stacle velocities

more, when the relative velocity increased, the distance and relative velocity prediction
errors increased. This result is natural because the intervals between the sweeps are
relatively large compared with the speed. At a distance of 3 m, the relative velocity
error was approximately 0.15 ms~'. When the relative velocity of the obstacle was 2
ms !, the collision time estimation produced an average error of 0.1 s. This accounted
for only 6.6% of the total collision time.

Moreover, Figure 4.10 shows the performance of DeepRange Doppler and Deep-
Range IR. While the neural networks of these methods were designed based on state-of-
the-art methods, the MAEs of these methods were much poorer than those of ObsSense,
indicating the effectiveness of our proposed probing signals and the design of our neural

network.

Contributions of £;,;() and Mobility Detector

Figure 4.10 shows the performance of w/o integration loss and w/o mobility detector.
The distance error of w/o integration loss is much larger than that of ObsSense. Specif-

ically, as shown in Figure 4.15, the distance estimation error in w/o integration loss for
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Figure 4.15: Comparison of (a) relative velocity and (b) distance prediction errors of

different methods according to obstacle mobility

mobile obstacles is significantly higher than that of ObsSense, indicating the effective-

ness of L;,;() by enhancing the distance prediction with the velocity information.

As suggested by the performance of w/o mobility detector, the contribution of the
mobility detector was significant. As shown in Figure 4.15, the mobility estimator im-
proves the accuracy of the distance and relative velocity estimations in both static and
mobile obstacles, indicating the effectiveness of knowledge regarding the mobility of
the obstacle. Because the classification performance of the mobility detector is high
(F-measure: 94%), ObsSense seems to adaptively predict the distance and velocity by
referring to the intermediate outputs of the mobility detector, which precisely describes

the mobility status of an obstacle.

Contributions of DF and IR Features

Figure 4.10 shows the performance of Only IR and Only Doppler, indicating the sig-
nificant contribution of IR features. Contrary to our expectations, the velocity error of
Only Doppler was larger than that of Only IR. This can be because L;,;() negatively
affects velocity prediction. Because it is impossible to predict the distance by using
only the DF features, erroneous distance prediction can cause a conflict regarding the

distance-velocity relationship.
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4.5.4 Discussion
Testing on Other Users

When we predict the relative velocity of a static obstacle, ObsSense relies on sound
reflections from moving body parts of the user. To test the generalizability of our method
across different users, we collected data on fifteen encounters from three additional
participants. We fed the extracted features into a trained ObsSense neural network.
Note that no data from the above participants were used to train ObsSense. The MAE
values of the distance and relative velocity predictions were 34.1 cm and 0.29 ms™!,
respectively. The MAEs of the distance and velocity predictions of the data of the
additional participants are somewhat poorer than that of the primary user. We believe
that the reason for this is the body sizes of the additional users were different from the
body size the primary user. However, ObsSense also achieved reasonable performance

in this setting.

Multiple Obstacle Encounters

To observe the behavior of our method in the case of a multiple obstacle encounter, we
used three billboards situated side-by-side to each other, the rightmost one being the
closest to the user and the left being the furthest. The experimental setting is shown

in Figure 4.16. The distance between the right and middle billboards was 160 cm, and
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the distance between the middle and left billboards was 160 cm towards the walking
direction of the user. We collected data from five encounters where a participant walked
towards the center of the billboards, i.e., the middle billboard, holding the smartphone,
and the LiDAR module was directed towards the right billboard to acquire the ground
truth of the closest obstacle. We tested the collected data using ObsSense. Although we
assumed that ObsSense outputs the distance to the closest billboard, i.e., the rightmost
billboard, ObsSense seems to output the distance to the middle billboard. Therefore, the
MAE of the distance estimation was 191.4 cm. As the distance to the middle billboard
was 160 cm greater than the distance to the ground truth, i.e., the distance to the right
billboard, the MAE of the distance estimation of the middle billboard was as 31.4 cm.
This could be because the smartphone was directed toward the middle billboard. Ob-
sSense seems to output the distance to an obstacle situated in front of the user because

sound reflections from such obstacles could be stronger than from other obstacles.

Performance Under Different Noise Levels

To test our method under different noise levels, we artificially injected noise from urban
areas under different (10, 6, 3, and 1 dB) signal-to-noise ratios (SNRs) [2] into five
sessions of test data. We used noise from the MAVD-traffic dataset [138] that contains
noise from different types of vehicles recorded in urban environments. The MAEs of
the distance predictions for different SNRs were 16.7 cm, 16.7 cm, 16.8 cm, and 16.8
cm, respectively. The MAEs of velocity predictions for all SNRs were stable at 0.12
ms~ . When we tested the above five sessions without adding any noise, the MAEs of
distance and velocity predictions were 16.6 cm and 0.12 ms™*, respectively. Similar to

prior studies using inaudible sounds [2, 42, 111], the effect of the noises was limited.

Amount of Training Data

Figure 4.17 shows the effect of the amount of training data on ObsSense. As the amount
of training data increased, the MAE of the distance and relative velocity predictions
decreased. With 50% of the training data, ObsSense surpasses the performance of all
other methods, achieving a distance error of 30 cm and a relative velocity error of 0.2

ms~ L.
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Figure 4.17: Distance and relative velocity prediction errors of ObsSense according to

different amounts of train data

Performance of Threshold-based Method

Here, we investigated a threshold-based distance estimation method using IR features.
The threshold-based method employs peaks (crests) that are greater than the threshold
created on the IR features to estimate the distance to the obstacle, as shown in Figure 4.7
(b). However, because of the semi-naturalistic data collection protocol that we followed,
multiple crests created by multiple small obstacles in front of the user are unavoidable.
Because it was not possible to distinguish the crest created by the targeted obstacle from
that of other obstacles, we calculated the MAE between the ground truth and the largest
crest created on the IR envelope. The MAE of the distance estimation of the threshold-
based method was 154.8 cm, which is much higher than that of ObsSense. This is
because, as Figure 4.11 (c¢) demonstrates, the data we have collected for this experiment

while the user was walking is very noisy.

Comparison with Other Studies

A prior work related to threshold-based methods [120] achieved distance estimation
error of 3 cm from a distance of 5 m. This error was smaller than that of ObsSense.
However, unlike experiments of distance prediction in [120], the ObsSense experiment
used noisy data collected while the user walked. As can be seen from the evaluation
of the threshold-based method, the average distance estimation error was significantly
larger.

Note that ObsSense requires training data with distance labels, which are not re-
quired in threshold-based methods. We collected the ground truth using the TFMini
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Plus LiDAR module, which uses a laser to measure distance. Hence, distance ground-
truth errors due to the location of the obstacle at which the laser is pointed are inevitable.
This is a limitation of our proposed method.

CycleGuard [41] employed a threshold-based method with an external speaker con-
nected to a smartphone to estimate the distance between a cyclist and an approaching
vehicle. This method achieves an average distance error of 10 cm. However, this study
does not clearly describe the method in which the ground truth is acquired. If ObsSense
is to be used to measure the distance between a user and a car, the obtained ground truth
of the distance could change from more than 10 cm according to the location where
the laser of the LiDAR hits the car, for example, the bumper or windscreen. However,
ObsSense, which is based on supervised learning, yields reasonable performance even
when we used noisy reflected signals such as Figure 4.11 (c) obtained by off-the-shelf

smartphone speakers.

4.6 Conclusion

We presented ObsSense, a method for estimating the distance and relative velocity of
oncoming obstacles using smartphone active sound sensing. We proposed a novel prob-
ing signal that facilitates the distance and relative velocity estimation of both static and
mobile obstacles. Additionally, we proposed a novel neural network architecture that
considers the mobility of obstacles to jointly predict the distance and relative velocity
of obstacles. As part of our future work, we plan to extend our method to audio-based

obstacle class prediction for precise risk-level assessment.
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Chapter 5

Conclusion and Future Work

5.1 Summary of the Thesis

Proposing sound-based sensing methodologies to capture surrounding contextual infor-
mation of a smart device user, without distributing sensors in the environment, was the
ultimate goal of this study (Section 1.3). Towards this end, we presented sound sensing
techniques that can be employed in both indoor and outdoor settings. Our proposed
methods do not use specialized sensors and can be deployed using off-the-shelf smart
devices. Compared to the distributed sensor method that capture context information
from the user’s surroundings, our methods use a minimum number of sensor nodes.
This makes our methods easy to implement and maintain.

To achieve our goal, we investigated different probing signals components that can
be employed to probe for different attributes of contextual information. We also pro-
posed novel probing signals that combine the characteristics of multiple individual sig-
nal components, that can be employed to capture multiple contextual information at-
tributes simultaneously. We also investigated the technical difficulties that arise when
implementing these sensing techniques on off-the-shelf smart devices and proposed so-
lutions to them.

Our sound sensing techniques can be employed to capture the following contextual

information contained in the user’s surroundings:

1. Movements of door objects as well as the movements of the user relative to a

121
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stationary probing device.

2. Environmental acoustic characteristics attributed to the open/close states of the

doors in the surrounding.

3. Acoustic characteristics of a location attributed to abundantly available materials

in the surrounding.

4. Distance between a probing device and an object and relative velocity of an object

with respect to the probing device.

The aforementioned contextual information is the foundation of numerous applica-
tions. Hence, this thesis was able to greatly expand the application areas of sound-based
context aware techniques.

Specifically, the contributions made in each chapter can be listed as follows:

* Recognizing events and states of the doors

Events/state changes related to door objects in an indoor environment change the
environmental attributes. Hence, when capturing the user’s surrounding context,
recognizing events of the door objects of the user’s environment is an important
task. In this study, we proposed a sound-based low-cost door event/state recogni-
tion method that employs a single disused smartphone to capture the event/states
of multiple doors in an environment. Our method does not require attaching sepa-
rate sensor nodes to each door object in the environment, reducing the number of
sensor nodes needed, hence, lowering the installation and maintenance costs. In
contrast to door event/state recognition methods that are based on contact sensors
attached to each door, our method also can recognize walking events related to
door objects, which is an important factor for the applications such as automation

of HVAC control and surveillance.

* Predicting indoor location class of the user

The indoor location class of the user has a deep relationship with the user’s ac-
tivities. Therefore, recognizing the user’s indoor location class is an important

task as it helps to understand the user’s daily life. In this study, we proposed a
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method that employs sensor data, such as audio data, from the user’s smartwatch
to estimate the indoor location class of the user. Furthermore, we proposed a
novel matrix manipulation method that extracts location-specific short sensor data
segments that are attributed to location-specific activities or acoustic characteris-
tics. Moreover, we proposed a method based on a domain adversarial approach
to extract environment-independent features from the extracted location-specific
sensor data and to automatically construct a location classifier. We also used a
novel data fusion method that employs both acoustic and acceleration data from

the user’s smartwatch to estimate the user’s indoor location.

* Estimating mobility, distance, and relative velocity of roadside obstacles

Roadside obstacles can pose a threat to any pedestrian who walks on the sidewalk.
This threat gets increased by several folds if the pedestrian is distracted. Specifi-
cally, pedestrians that walk on the sidewalk, distracted by their smartphones, can
bump into roadside obstacles and can cause accidents. Hence, we proposed a
method to employ the smartphone to perform active sound sensing and estimate
the distance and relative velocity of the oncoming obstacles. In comparison to the
existing methods, our method can estimate the distance and relative velocity of
both static and mobile obstacles. In this study, we proposed a novel probing sig-
nal architecture that facilitates distance and velocity estimation and a novel neural
network architecture that estimates and considers the mobility of the obstacle to

jointly estimate its distance and relative velocity.

5.2 Future work

The ultimate goal of this study is to build a platform for smart device users’ surrounding
context recognition. To this end, we discuss possible directions that our work can be

improved on.

* Capturing additional information regarding door events/states

In this thesis, we employed a disused smartphone to capture information regard-

ing the events/states related to door objects. While this is a cost-effective option
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as disused smartphones can be found in abundance at present, the number of in-
built microphones on the majority of smartphones varies from two to three. How-
ever, devices such as Amazon Echo and Google Home, which are common smart
speakers at present, contain more than two microphones that can be employed to
capture rich information regarding door events/states. As an example, a micro-
phone array can be employed to capture information regarding the direction of the
door, considering the difference in the reflected signal’s time of arrival (ToA) at
each microphone in the array. Similarly, information regarding the user’s walking
direction in the environment can also be captured using Doppler shifts captured
by each microphone. Implementing such systems using a smart speaker is an

important task in our future work.

Location class estimation methods for hospitals and factories

Even though this thesis presented a method to estimate the user’s indoor location
using the sensor data from the user’s smartwatch, we believe that our method
can be implemented in numerous different settings to assign semantic labels to
different locations. For example, hospital workers perform different activities in
different rooms in large hospital facilities. Specific sensor data segments, such
as acoustic information from different instruments (noises from the centrifuge in
the laboratory and sounds from heartbeat monitors at the intensive care unit), from
smart watches placed on nurses’ wrists can be used to estimate semantic locations
to these rooms. Furthermore, we believe that we can implement our method in
a factory setting to extract machine-specific noises from different machines, and
actions from the user’s wrist when operating them in a factory. This information
can then be employed to estimate a semantic label for different areas in large-scale
factories. These semantic labels can then be used to understand the bottlenecks

of the work floor and production system.

Audio-based obstacle class prediction

In this thesis, we presented a method to estimate three important attributes of
roadside obstacles, i.e., mobility, distance, and relative velocity. We believe that
we can employ sound sensing to also predict the class of the oncoming obstacles.

The frequency response of the impulse responses of the reflected sweep signals



5.2. FUTURE WORK 125

contains information regarding the class of the obstacle, attributed to the materi-
als that the obstacles are made of. The basic idea is that some materials absorb
sounds at certain frequencies well, while other materials reflect them. We believe
that we can employ such frequency characteristics to predict the class of the on-
coming obstacles. Our preliminary investigation [28] showed that this method can
be employed to recognize obstacle class of six static obstacle classes with high

accuracy.
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