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Abstract

Home ewironments are one of the subjects of study by Ambient Intelligent Systems for
various purposes, including developments of elderly assistance systems and energy
consumption optimization. Sensing the environmemta different sensors,is the first
and crucal component of every Ahient Intelligent SystemIn this thesis we design and
develop theSoundbased Device Recognitidiamework toinvestigatethe application

of environmental soundsisagefor touchfree audio-based device recognition in a home
environment. For this purposgwe study the characteristics of the soundispersed by
devicesin a home environmentWeuse the acquired knowledge implement different
Sound Processirtgchniquesfor the extraction of a flexible setf features whichcan be
determined both manually and automaticallyzor the classification of gathered device
acoustic fingerprintswe use multiple optimized straightforward techniquesf
Supervised Learnings well asintegrated established onesFurthermore, weuse a
feedback fom the use for creating an incremental learning systeAfter establishing a
recognition basis fothe recognition of fixed lengthsound buffers on demand, we
implement a live recognitiormode for reattime environment monitoring,providing
runtime setup adjustments Theseinclude changing the selected features, switching
between Machine Learninglgorithms and recognition time interval choigcevithout
interruption for modifications of thetrained data.We then extend our work with the
recognition of untained simultaneously working known devices,utilizing Semi
supervised Learningzinally, we create an automatic test utility to evaluate different
aspects of the developed framework, including recognition rate performance for the
different combinations ofeatures andviachine Learninglgorithms,as well as tstudy

the reliabilityof the automatic mixing of trained dat®ur evaluation shows satisfactory
results in all tested aspects. Therefore we consider the development ddaumdbased
Device Recogtibn Framework as completand providing a solid base for further
research.
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Chapter 1

Introduction

In our modern way of life ware surrounded byn increasinghumber of devices, which
we use to perform large variety of activitieSome of those activities are not always
straightforward and we often needome assisance to perform them.To make this
happen one has to give some intelligence tbe devices to make themable to
understandour intentionsand fit into our needs. In other wordsmaking those devices
sensitive and responsivi our presence instead of regting onus to learn how to
operate them Making the devices more sensitive to human actions is one of the goals in
Activity RecognitionThisis the first step ofdesigning a so calleAmbient Intelligent
System, which at first anticipates human actions ti their purpose in a given
environment and then actsn an intelligent manner bypredicting and assisting future
actions This should hold especially in the case, where humans are experiencing
difficultiesin performing those actiondyut there are manyfurther applicationssuch as
optimizingelectricalenergyconsumption

In thisthesiswe study the sensingomponentof an Ambient Intelligent System For this
purpose we introduce our Soundbased Device RecognitioRramework ¢ a fully
developed systenfior devicerecognition based omanalyzingenvironmental sounds. Our
environment consists of a normal hom#és devices which are to be recognized, are
commonlyused for performinglaily taskslike electrical toothbrushor shaver Most of
thosedevicescreae or dispersesounds while beingusedto perform different activities
We study the mostfrequently used devicesand the nature of e sounds, which
accompany their usag&Vethen use this knowledge transform those sounds tthe
selected different acaustic representations in order to extract their most telling
characteristics for the purpose of soudseddevicefingerprinting. For the gathering

of acoustic fingerprintsve build adatabase, which ikter used asa knowledgebasdor
further classificdon tasks. The latter are performed hyying out different Machine
Learning algorithms and evaluating their performance in terms of complexity,
recognition accuracyand adaptation capability. We then expand our work by adding
further system capabilitieslike live recognition using buffers of variable length or
automatic mixing of different sounds for recognitionwftrainedcombination ofknown
devices Finally we create a module for automatic testingnd use it to evaluate
different aspects of the imlpmented recognition techniques ehome setup.



1.1. Motivation of Sound-based Recognition Research
Ambient Intelligence has become teending field in computer science as a natural
consequence of high instrumented environments, where each device t&gget to
embedding a microchip witincreasingcomputational power. However, not all devices
possess some sort of intelligenagr need they Furthermore, the so called intelligent
devices areoften not meant to be intelligent in a way besides accomplishingrthei
function in a constant manner, regardlessitsfenvironmental effects and regardless of
potential improvement possibilitiedgzrom this standpointAmbient Intelligence is about
providing an intelligenhinteraction between different environmental partsy integrate
them in a whole intelligent system, which acts as one and adapts to further
environmental changes and increases its knowle@gkeber, Rabaey, & Aarts, 2005)
(Cook, Augusto, & Jakkula, 2009)

The first component o$uch systenis the environment sensing component, which has
as a function to recognize all types of activitiesnging from long to short term and
from large scale to small scale activitiggdeo cameras are a popular choice for a sensor
when it comes taecognizing user activitigg apia, Intille, & Larson, 20Q4ecause they
can provide a detailed knowledge about the ongoing activities in a home environment
On the other hand, camerabave some fallaciesuch asbeing obtrisive for its
inhabitants regarding their presencéBrey, 2005) and usually suffer from bad
recognition in sukboptimal light conditions In addition, cameras are expensive and
require computationally intensive algorithms foroagnition(Ke, et al., 2013)

Another touchfree technique of recognitiorregarding the human perceptiois based
on analyzing the audible sounds in a given environment. Howevest of the soune
based recognizers ardemited in recognizing human speectogether with some of its
characteristics like speaker recognition and his emotional staterder to obtain
detailed information about their subject of interedbn the other handhere are very
few studieswhich aim to examinein abstract waythe daly human activitiesn a home
environment according toheir acoustic characteristidStager et al.,2004) (Temko, et
al., 2006)Istrate, et al., 2008Wang, et al., 2008) (Lozano, et al., 20QK¥rbasi, et al.,
Dec 2011) (Sehili, et al., 201Pegite their generalized way of analyzing sounds, they
are all developed in a healthcare perspectiaed often make the implication that
certain sound implies certain activity, which is not necessarily ffinsslightly differs
from our perspective obuilding up a set of audibly distinguishable entities, most of
which being devices in active statejithout attempting to interpret their further
meaning.Furthermore in aSound Processingtandpoint, all of the mentioned studies
use very similar techniques, hich represent a small range of the available sound
transformation techniques for recognitiogiMiller, Ellis, Klapuri, & Richard, 201 this
context, this study aims to integrate and evaluatealso further recognition method,
based onrefining and tuning of existing Sound Processintechniquesand various
Machine Learninglgorithms for the task of device recognition



1.2. Scenarios of Ambient Intelligent Systems
Among the manypplicationsof Soundbased Device Recognitiam Ambient Intelligent
Systems we selecttwo of those scenarigswhichwe consider as primaryse casesor
designing ouframework The first scenario is ian area calledAmbient Assistel Living,
which aims to assist humans, while they perform differeni\aiés in their homes. The
second scenario is in the area BEnergy which aims to optimize the energysageof
household based on energy consumption models.

1.2.1.  Ambient Assisted Living
John, 75, lives alone and suffers from hearing disability. He isaatinight time and
performs normal daily living tasks like cleaningasshing his teethHe often forgetdo
turn off the devices he usglikevacuum cleaner ohis electricatoothbrush. Healready
hasan Ambient AssistedLiving system in his home, bit cannot recognize the state of
the devices with the conventional sensors like camevelsat John would like to have in
his assistance system is a microphone to listen and tell him what is happening according
to the produced sounds.

1.2.2. E-Energy
Acme powelplants want to optimize the energy allocation for its users. For this purpose
they have designed a syste for energy consumption models based on device
recognition via energy monitoring socketsAlthough the systemworks fine in the
general case, there areome deviations, which could not be accurately recognized. So
they are boking for arunobtrusiveway to increase their precision.

1.3. Problem of Device Recognition Systems without

Usage of Environmental Sound Information
In both of the abovescenarioswe anicipate insufficiency of thenstalled recognition
systems. In the first scenario we anticipate an example, where an abdised
recognition system is inevitable in order to substitute intelligently human hearing
awarenessln this case aorrect recogniton of devices might eventually mean better
house assistance systems and reduced risk when forgetting dangerous devices turned
on. Recognition échniquesbasedon video are not suitable to recognize forgotten
devices in active state, because in most cagek, S& R2y QiU KI @S Y2GA2y (
For the second scenario there are already availai@eognition methods, likethe
installation of energy monitoring sockets for each device pluggedising a power
analyzer (Belley, et al., 2013)However, besideshe expensive need of attaching
multiple energy monitoring socketsr a power analyzemot all of the electrical devices
are costantly connected to the power, because thegly on batteries for their
convenient usage like the electrical toothbru§$o wecan see that in both cases there is
a lack of sensor inpub build up the desired knowledge about the environment, which
can be covered by the integration ofSmundbased Recognitionoomponent.



1.4. Sound-based Device Recognition Approach
In both scenarios weobserve a demand of a low cost addition to existing recognition
systemsand we identif the problem asalack of sounebased sensing information of the
environment Regarding those pointshis study aims to use existing microphones in the
infrastructure in order to recognize different devicesor if integrated to an existing
system, torefine its recognition rate. Theoretically thought, one might not need a very
extensive sound feature extraction and complicateMlachine Learningalgorithm,
because the setf devices that are to be recognized is relatively sraatl the existing
hardware in every homeomputer or smartphonés good enoughThe goal is to find the
sufficient combination betweenset of features and Machine Learningalgorithmsto
obtain a robust personalized sourbaseddevicerecognizer

1.5. Challenges

The described approach provides an overview of a big system with many facets, which
originate from different areas.To gather and intelligently combine their knowledgea

single systems a challage in software engineering perspectivBo the firstdesign
requirement, which such system should satisfy, is to be extensible for addition of new
capabilities, as well as flexible for linking newly integrateadules The secondiesign
requirement on theframework coming from thescenarios,is to be exportablefor
eventual integratiorinto a bigger system.

In a technical perspective, it is a challenge not only to implement many techniques for
Sound Processirand Machine Learningbut also to implementhiiem efficiently in order

to provide a reatime recognition. It is also a hard task to lower the hardware
requirements to any single microphone, instead of demanding a-éigh recording
setup.

1.6. Research Questions
Besides the mentioned challenges building up the Soundbased Device Recognition
Frameworkwe extract some of the main research questiomdich are either partially
or not studied by related workswhich this thesis will try to answer.

1.6.1. Reducing complexity of recognition system with retaining
re cognition rate

Often reducing thesize of a recognition scope leads to better recognition rate and
reduces thecomplexity of the systemWe are thereforeinterested, whetherwithin a
personalizedand detailedview of a householdetup, one can reduce theomplexity of

its audio recognition system, while maintaining a good recognition rate. We will try to
solve this problem by implementing multiple sound pattern recognition techniques and
compare their recognition rate after testing them in a home environmen



1.6.2.  What are the relevant sound features for recognizing devices?
We will try to find out, which are the most important featwéo categorize different
devicesaccording to their sound. To find those features we will implement multiple
sound features and W make recognition accuracy test with all of them, as well as
combinations between themkinally we wiltest, whether the system can identify the
relevant features for recognition automatically, and will try to provide a straightforward
implementation d automatic feature selection.

1.6.3. Mixing training data for recognition of unanticipated complex
activities performed with the usage of known devices
In our everyday life we often perform complex activities, during which multiple devices
are used simultaneoug| like brushing teeth while showering. We are interested
whether we can automatize the process of sound mixing and extracting features for the
recognition task oknown parallelworking devices ¢ KA OK KI @Sy Qi 06SSy
system.

1.7. Thesis Outline

The rest of this thesis is structured as follows:

Chapter 2 starts with essential background in the fieldéwabient Intelligence,Sound
Processingand Machine LearningMost of the examples in that chapter are directly
from our later setup and implementatn.

Chapter 3 reviewselated workstarting from the general casef Signal Processingr
recognition, goes througBpeech andMusic Recognitionandto the case of generalized
Sound-basedActivity Recognitionbeing most related to our case 8bundbasedDevice
Recognition At the end there is a summary and comparison of the mentioned systems.

In Ghapter 4 we study the concept &oundbased Device Recognitiowe look into the
environment of our use cases and its requirements to our feature design. \&fe th
define the two major components ofa Soundbased Recognitiorsystem with their
desiredmain functionality.

In Chapter 5 follows the implementation of aSoundbased Device Recognition
Framework, which satisfies and extensisme of thecapabilities defied in the previous
chapter, as well as, providg further significant developer functionality faasks, not
mentioned in Chapter 4, with automedl testing ofits different aspects being the most
important.

After development details follows detailed evauation of the system andits core
functionalityin Chapter 6.



In Chapter 7 we make a conclusion of this work andcistribution, as well as pointing
out its possible development followings and mentioning some complex problems in the
Sound-basedActivity Recognition field, whicltanbe a subjectof bigger studies.



Chapter 2

Theoretical Background

In this chapter we introduce three important branche$ Artificial Intelligence ¢
Ambient Intelligence(Subchapter2.1), Sound Processinfpr Recognition(Subchapter
2.2) and Machine LearningSubchapter2.3). All of them are tightly interconnected,
although representing separate disciplings illustrated irFigure 2.).

Ambient
Intelligence

Machine
Learning

- Sound
\ Processing

Figure 2.1: lllustration of all three interleavingesearch areas,
which are of highest influence in thiesis

One should note that mosif the examples and illustrations which occur in this chapter
are directy exported from our later architecture introduced in Chapter 4 and
implementation, presented irChapter 5.A few other examples and terminology are
presented here as well, in order to help us understand the research fieddurfd-based
Activity Recognitian with its current state of art, summarized @hapter 3.

2.1. Ambient Intelligence
AmbientIntelligence as defined byfWeber, Rabaey, & Aarts, 2008 the vision of a
technology that will become invisibly embedded in our natural surroundings, present
whenever we need it, enabled by simple and effortless interactions, attuned to all our
senses, adaptive to users and contegnhsitve, and autonomous. Hence one can
abstractly describe the technology as perceiving and acting in a given envirommitient
following characteristics,

1 where technology is embedded, hidden in the background
1 that is sensitive, adaptive, and responsive to the presence of pemgl®bjects



1 that augments activities through smart nexplicitassistance
1 that preserves security, privacy and trustworthiness while utilizing information
when needed and appropriat@Veber, Rabaey, & Aarts, 2005)

Sensing Reasoning Acting

/ T> Data K"°m
DQCHIOI‘\!

‘ [ Environment J

Figure 2.2: A detailedview of Intelligent Systemresented ir{Aztiria, 1zaguirre, &
Augusto, 2010)

An overview ofan Ambientintelligentsystem can be seen in Figur@.2The first part, as
mentioned is the environment, which we alrealdsiefly characterizedThe second par

is the environment sensing via different techniques, discussed in Section 2.1.4 after
clarifying the environments properties and our recognition scope. Next comes, a
reasoning component, which consists of Activity Recognition, Learning, Knowledge, and
Decision Making, based on the observations madtere in this thesiswe will
investigate the recognition part which observesthe sound dispersingpart of the
environment as described in Section 2.1.More specifically, we will discuss the
Activities ofDaily Living performed withthe correspondinglevicesin Section 2.1.2 and

the typical zones, where those activities occur&ction 2.1.3.

There are different ways in, which we can look at the environment. One way is to look at
the environment in a Ambient Assisted Living context, as described in the first
introduction scenario (1.2.1.Ambient Assisted Living is a scientific area of research in
order to improve and assist elderly and people with special need in their daily life.
Example of assistancealization is by anticipating the daily movements of residents in a
home in order to predict their actions in order to assist or even automate thamother
aspect of home environment is its power consumptiblerewe have the possibility of
automating ad optimizing the duration of usage of electrical devices, which affects the
overall power consumption. So ithis framework we are interested in concrete
environmental aspectand desigimgtheir improvement.Finally in section 2.1.4., we will
make an overview of the most popular techniques for recognition of activities of daily
living.



2.1.1.  Activity vs. Device Recognition
Activity Recognition is a wide scientific area that aims to recognize all types of activities,
mostly performed by an indigtual or a groupof individuals. One should not forget
activities performed by different devicesuch aslaundry. However, while making an
implication from activity to the usage of some is ok, the other way round is not
necessarily true. For example, if we have an acthkgy cleaning witha vacuum cleaner,
we can assume that there is a vacuum cleaner device being used, while recognizing a
d2dzy R 2F I @I Odzdzy Of SIYySNJ R2SayQi AYLX @& @K
might imply the possibility o& forgotten runningvacuum cleanerTo make such an
implication from sounds of devices to the corresponding activity in a confident manner,
one hato study continuously the patterns of those activities in terms of their complete
occurrence and characteristics using compldachine Learninglgorithms, which we
mention in the outlook in Chapter. ®Vhereprobingreattime sound extracts for their
live recognition is not strong enough to build up generalized statements about the
entireness of their reason of occurrence, jugelitaking a small fragment of a picture is
not enough to build up the whole picturén relation to this,the scope of this thesis will
be to investigate thesubject ofdevice recognitionn ahome environmentwith a few
exceptions of nordevice recognions, which will be explained in Chapter 5

N

2.1.2.  Activities of Daily Living Performed with Devices in a Home
Environment

Activities of daily living are the most frequent tasks, which an individual performs during
his daily time, and are most studied in termsparsonal healthcaréLawton & Brody,
1968)(Katz, 1983)In this Section we call activities$ daily living in ahome environment,

the most frequent tasks, which an individual performs at his honstng different
devices Typicalexamples ardrushing teethor listening to musicwhile other activities

like speaking ar@ot necessarily performed with the usage of some deygae Figure
2.3). Some of thosectivities can bexecutedin a combinationgreating a new complex
activity. One can derive deeper knowledge of the activities like recognspagker
personality and mood, while he is speaking or guessing the model of a used toothbrush.



C Activity

Tooth
Brushing

Electrical Vacuum
ToothBrush Cleaner
| want to
Q AEG Q break free
State ‘ ) Power ‘ ’

Figure 2.3: lllustration of different sample types of activitiesdathe different levels o
details about those activities. The first typggeaking, provides informatiol
about the speaker, his mood and what he is saying. The secondTyqih;
brushing, provides information about the way one brushes teeth and the d
and its state he is using. Mudistening as third type reveals information abc
the listened song and its interpreter, as well as the time stamp. The fourth
a combination betweerMusic Listening anddeaning, is a complex exampl
which revealsnformation about those activities as wel

Music
Listening +
Cleaning

Music

Speaking Listening

Freddy

John Lennon Mercury

Speaker

Mood Imagine OralB

Sentence Time Live Version

ecoo

In the field of sounebased activity recognition, most studies for recognition of ADLs are
music listening recognitio®peech Recognitiofsee Sectior8.2) and (see Sectior8.3).
Development of generadoundbasedrecognizers started in the last several yeasg(
Section3.3).

2.1.3.  Activity Zones
Activity Zonesare parts of the environmenivhere some setof activities occurUnder
parts of the environment one can consider different rooms tike kitchen, where one
typically performs meal preparation and cleani@ne can obtain further assignment of
activity zones in the kitchen as well, like markihg oven areaas activity zonewhere
one usually performs cooking related actidsse Figure.4).
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Figure 2.4: Seltadaptable hreedimensional modeling of Activity Zones in
single room occupancy lffrey, Neurohr, & Brandherm, 2014)

For usactivity zoneglay an important rolein every level of their detail. For example, in

a multiple room environment with microphones in eyeroom the recognizer can
extract the spatial information, in which room is the sound source, and thus reduce the
set of possible results. A concrete example for this case is the assumption that the
inhabitant cannot take a shower in the kitchen, so theagnizer removes the shower
from the list of possible outcomes. From the detailed case of activity zone, we can use
the knowledge thaif one activity occurs in a specific place, its sounaratteristics are

very similar between its differenbccurrences. The later holds especially in the case,
where electrical devices withfixed set of usage programs are mounted stationary, like
atoilet.

2.1.4.  Techniques for Sensing a Home Environment

In the previous section we have seen an example of three dimensional mgdef
activity zones via environmental sensing, performed with Kihdtowever, there are
many other techniques foractivity recognition in &ome environment(Tapia, Intille, &
Larson, 2004)which could be categorizedby the chosen ensors forrecognition

including video cameras, audio microphoneand wearabledevices as well as their
combinations A mmparison between the different techniques witheir most general
pros and congs shown in Table 2.1.

! Aline of motion sensing input devicgsoviding threedimensional video output and data from multiple
audio channels. Online dittp://www.microsoft.com/en-us/kinectforwindows/



http://www.microsoft.com/en-us/kinectforwindows/

Sensor Pros Cons
. Probl ith lighti
Vid 1 Goodrecognitionrate % E)r(%t;ﬁ;liiw:gc:s:inlg ting
IURD 9 Details with multiple cameras or ® 9
 Low refresh rate
3d cameras .
N I Expensive
9 High refresh rate
Audio 1 Always available 1 Noisedecreases recognition
{ Lowecost
i I No need of focusing
Wearable | T Easy procesng and classificatior 1 Annoying
B A 9 Exact information i Expensive
Combination 1 Covering wea_tl_< spots 1 Comple>_<Mach|ne Le_arnlng
I Good recognition rate 1 Exhaustive processing

Table 2.1 Comparison between the different recognition techniques according to
sensortypes they use

2.2. Sound Processing for Recognition

In the terminology ofPattern Recognition,Sound Processinig a way to transform the
sound wave in order to emphasize different featuréddnder the term Sound
Transformation one understands a wide field dfifferent sound manipulation
techniques for different purposetSee Figure 2.55imple ones includdifferent filters
often realized also by the recording hardwdrefore digitalization of the sound signal
(Section2.2.1.) but usuallyperformed in a prepcessing step(Section2.2.2.) To
understand the mechanisms @ound Processingn this thesis,we explaincomplex
mathematical transformationg Section2.2.3 The latterwill help us characterizing the
sound the way we neeth order to extract recogtion relevant features$ection2.2.4).

Signal Acquisition

— Filtering
Stream in Time /

Intensity form

Bandpass filters
Noise reduction | windowing
Normalizing FFT

Extracting the
features out the
transformationgf
necessary

Converting
features in special
form or measure

Figure 2.5: Generaldataflow of Signal Processirfgr every recognition systerhlote that
every of the points can be surpassed except the signal. E.g. one might w
skipfiltering the signal or skip processing it, sinbere are enough features
which could be extracted out of thaw signal
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2.2.1.  Sound Signal Acquisition by Humans and Machines
Signals perceived by humans through their hearing system are called audio signals.
Those signals come from a sound source which \elsrat the audible frequency range
approximately between 20 Hz and 20 000 Hz. The resulting vibrations are causing
different pressure(amplitude) in a medium (usually air), which causes the human
eardrum to vibrate and send the information to the brain foterpretation (seeFigure

2.6).
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Figure 2.6: lllustration ofthe parallel between air pressure waves (level accordin
dots density) and amplitude plot (amplitude ofaXs and time on -4xis)
Signal of about 1.61z m&es 4 complete cycles (periods)

Smilar to that process, a microphone can act as a sound receiver and send the perceived
audio signals to a computer, which firstly converts the analog input into digital Sme.

we are firstly speaking of a sample rate, which refers to the number of sgoopiés per
second, and bits per sample, which refers to the number of bits, which we need to

encode each sound samp(geeFigure 2.7.

Figure 2.7: Digitized representatiorof the same wave form from Figure 2.
but with 100 times lower sample rate using 8 bitsalation



In this work the sound signals resulted by different activities aaeight by a computer

and processedas an uncompressed LPCM WAVE (Linear Pulse Code Modulation
Waveform Audio File Format) sound. It is the pure form of digital sound that the
computer captures.The most important settings in this format are theumber of
channels as well ashe sample rate and the bits per samgeigure 2.8hows detailed
format layout) By itsdesign and characteristitke WAVE formapermitsto be usedfor

digital storage ofiny kind of waves with random number of channels and precidi®m
Corporation & Microsoft Corporation, 199@licrosoft Corporation, 2007)

Header

Chunkld (4), ChunkSize (4), Format (4)

SubChunklld (4), SubChunkSize (4), AudioFormat (2), NumChannels (2), SampleRate (4),
ByteRate (4), BlockAlign (2), BitsPerSample (2)

\ SubChunk2Id (4), SubChunk2Size (4) )
Data Data
(Number of channels (Number of channels
* *
Sample Rate mmaw Sample Rate
* *
|_ Byte Rate) ) \ \ Byte Rate)

J

Figure 2.8: WAVE format overview. Each segmehtte both Header
and Data chunks is presented with its size in braces

A further important note on the recording hardware is that it always suppartsgh
sample rate of at least 44100 Hz, which is also the standard for CD quality. This means
not only cavering the human hearing frequency range, by any low cost system, but a
high refresh rate as well. So we have practically the possibility to exploit every recording
system for our recognition purposes, whigha huge advantageompared to standard
built-in cameras, which offer refresh rate between 24 and 30 Hz, and are far from
covering the visible range of humans, aside from being more expensive.

2.2.2. Sound Filtering
Often the audio recording and playback equipment has some deviations in its frequency
responsé. In order to fix those deviationse needto filter the signal witha ®t of Filters
to obtain the desired frequency response. We neédlters also when we want to
operate in a special range of frequencies, cutting all rest frequencies off. So summarized
a Filter is a function, which changesedhaudio signal characteristics. In the following

2 Response to different frequencies by the audio equipment

14
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subchapters we defindHigh- and Low-pass Filters for equalization of sourt noise
reductionand volume normalization.

- . ANALOG < z DIGITAL

ACOUSTIC

‘ o :
j:] e —_D/A [ —
; : : : = :
s : . | S :
. T | E :
(j'—+20d§_: | AD b I .
— . . | . . = .
v : : : 18 \ - S k| z
: e | = = ok | B B
ClF—p20d— A o4 5 K| = i - <
— MIC 2 : : : = (o) o e ] g 9 o
) : : : | = O M g P O 4O
> . . O w S I a g
ACOUSTIC (j “p A/D o || g S
SOURCE MIC 3 : : . = w 7 A «
: . : = /" 5K | 2
. - :) Z -
ip AD 3 :
MIC 4 : : - P
>]<—<m's$—; —_ o/
ACOUSTIC “SHIELDED: HD AUDIO - KERNEL MODE - USER MODE
ENVIRONMENT ' RANSDUCER epgies™  cobec PROCESSING - PROCESSING
Figure 2.9: lllustration of multiple Fiters applied often by various hardware componen

(listed as analog) and software components (listed as didiefhre some actua
application like VolPreceives the soundAlthough such setup might see
advanced, one should consider modern audio systems, which oftdudé
multiple audio inputs and outputs, whidpens the door tantelligent usage ol
their combined functionality for different purposes.

One should note thabften different hardwareapply Filtersas well as some operating
systems (see FigureQ, before actual applications, like our framework, receives the
signal Hardware Filters often include noise or echo cancelation using supplement
microphones to subtract the environment noise from the source, as well as automatic
equalization of the frequency sponse for a given setup. Digitailters often perform
similar tasks to theAnalog Filters often considering weaker hardware setup, where
various tasks like beam formingnight mean expensive hardwareften various
software appsamight turn on differentfeatures of those, which can change recognition
over time So one should recognize such changes arekteact features.

® Process of adjusting the balance between different frequencies of a sound signal

4 Technologyto delivervoice communications and multimedia sessionsr Internet Protocol networks

® Technique used in microphone arrays for directional signal reception, which takes into account the
position of the sound sources and amplifies them, while attenuasiiggnals from other directions. This
eventually leads to accurate feature extraction for the ctsa one tries to recognize the information of

the main sources ignoring the rest of the environment, which is not the case of this thesis, since we
consider scondary sources as important too.



High- and Low-Pass Filters

Filtersfor audioequalizationare widely used in all disciplines of audio recognition. Most
used areHigh- and Low-passHilters to cut off (orsilent) frequencies below (Lepass) or
respectively beyond Hgh-pass) given frequencysee Figure 2.10 This isa useful

technique, if the recognizer uses only part of the signal spectrum for its recognition. E.g.
if there is a speaker recognizer, which considers only the human speech pitch, which is

around 80300 Hz, one should consider cutting all irrelevant frequencies, to ease the
extraction and recognition proces&urther important usageof low-pass filtes is to
avoid aliasingwhendownsampling a signal

AHOMNLOL M AN M-AOD ATNOMOONL AT NNO
FhEE3%3YRRE | TINRSIIBENEES
Frequency Bins
Figure 2.10: lllustration offirst order Hiters: High-pass(left), which cuts the frequencie

beyond some frequency angw-pass(right), which cuts #quencies below
given frequency. The blue marked area with ampégigassedy the Fiter,
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Hiters, while aBand-stop filter is the inverse of the later
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represents important characteristic dhe particular Hiter, which we will later usect
smooth the signal deviations in its lower frequencies.

A combination of applying bothigh- and Low-passHilters is calledBand-passHilter. In
general there are more types of filters, which are applied for different purposes, but find
seldom applicationn sound pattern recognition field.

® Distortion of the signal, which makes it different from the original one after some operation like

downsampling. Example of this is when we need to lower the frequency from 20 kHz to 10 kHz we first
need to cut off alfrequencies beyond 5 kHz from the source signal, because they cannot be realized in the

target signal, and thus result in distortions after downsampling.

R 2

anA3d
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Noise Reduction

Techniques for reducing the noise from the audio signal are c&lmde Reduction
techniques. Such techniques are of particular intenesthe case where one has one
important source like a speaker & noisy environment. Reducing the noise from the
environment, without affecting the speaker's signal would eventually mean better signal
for recognition. So despiteof some casesloise Reduction can pay off with increasing
the recognition ratefor other casest might worsen t, because some importarsounds

YAIKG 68 ayz2rasS tA1S8éd C2NJ SEFYLXES Ay |

considered as noise in the context $peech Recognitigrwhich is not feasible in the
context of this thesisHoweve, someprocessing stepkke thoseof next sectiorare not

that precise due to their nature, so removing signal noisernequally distributed
manner is available in this framework. Furthechniquesfor better Noise Cancdlation
include the usage of nitiple microphones, which enables subtracting noise signals from
the important ones. However, in our setup we would like to use single microphone to
cover the most general casidio input, such techniques are not of particular interest in
this work.

Volume Normalization

When same source performs different sounds at different locations it results in different
overall amplitude in the recordings by a static microphone. This translates in difference
in all further processing steps. A way to overcome this [@wobis to normalize all sound
input buffers to some amplitude. However, doisg might affect further processing
steps in negative way too. Sinceaur setup weassumethat most of theactivitiesoccur

in specific places, thus having similar loudnessteelecharacteristics, wewill avoid
Volume Normalization.

2.2.3. Sound Spectrum Representation
Sound Sectrum is an important derivation of the sound, which provides detailed
information about the nature of the sound wave, in particular its frequency domain. It is
usually via Shottime Fourier Transform in combination witWindow Function both
described in this section. It transforms small signal frames from Tihee / Power
domain intoPower / Frequency domainMel Frequency Cepstrum Coefficients represent
another popular transformation obtaining vectors of features, which are derived from
the Sectrum and are often used in related works despitbe increag of the
computational complexity for their extraction

Short Fast Fourier Transformation

The Fourier trangorm is a way to represent a sampled signal via mixture of sinusoid
waves, called bingn Sound Processirtge Fourier transformation is used to convert the
raw sampled signal from its original Time / Intensity representation into the Frequency /
Intensity domain called®ectrum(see Figure.11).
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Intensity representatiofright).

As we already mentioned most signals we encounter in practicé, @sisounds in home
environment, are changing over time and have no periodic nature. However, if we take a
closer look at these signals by cutting them into frames consisting of several
milliseconds, we caseethat for thosetime intervals, they appear thave some pattern

or look as if they are periodic. This means that for those short excerpts of the signal we
can assume the audio signal bemgeriodic signal, which could be representedthg

sum of sin waves via Fourier transform, which for this dasealled shortime (see
Figure 2.12. The mathematicaldefinition for this transformation is shown irhe
definition below.

YY" QN0 wtv o T1Q QF

Where w is aVindow Functionsuch aghose discussed ithe next secton, w z is the
signal at timet of total time lengthd, which is to be transformedt is important to
mention that the discrete version of this formula is by replacing the integral thigh
sum over thediscrete values in a buffealsoin the abovedefinition by replacing signal
with buffer andt with buffer index This means that choosirgpth, the samplling rate
and the buffer sizeplays an important role for the precision and the outcome of the
Fourier transformation.
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Figure 2.12: Plots of wavefornfabove)with buffer length of 4096 values-@xis) recordec
with sampling rate of 44100 Hz (meanitigie durationof 10.76 ms), and it
shorttime Fourier transform (below) in frequencies between 80 and 500
(Xaxis)

Shorttime FourierTransformationis the most commoly used Fourier Transformation
and is obtained vidghe algorithm called Fast Fourier Transformati@@ooley & Tukey,
1965) which we discuss in the implementation part of this thesis (see Section 5.4.1.).
However,there are more similar transformations in this domaimogher recent and a
popular transformation are the Wavelets (most used in image processing), which are still
not used for this activity recognition based on sounds, tiad shown promising results

in the speech andMusic Recognitioriields (KronlandMartinet, Morlet, & Grossmann,
1987)(Tzanetakis, Essl, & Cook, 2001)



Window Function s

The Short-time Fourier Transformation described in last g&mn assumes that the input
signal iperiodic, but as wdaveda SSy = | NB I f, dé$Bt©uNaBsumptioyf Q
This leads to so called leakage, which causes eoum@tensities near some peakthe
spectrum(seeFigure 2.1} This is mostly du¢o the nature of buffering, which takes
fragments of soundst particular time intervalswithout sensing theircompleteness
(which exists only for periodic signals)
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Figure 2.13: Plots of first 32 bins of a spectrushsame periodic functiogonewith leakage

(left) and other withsmaller leakage (right) due to usage of Hamming windo

To overcome this problem one us@éndow Functios in order to smooth the buffer at
its ends By doing s@one forces the completion of all significant periods in a signal
this thesis weapply three of the most commory used Window Functios for sound
signals¢ Hamming Window (Def2), Hann Window (Def3) and Blackmanarris

Window (Def4).

Def2.  "'O%d& & Q¢ Qo Gt QEdvT ™ @RI 6——

Def3: "O0¢ & @QEiIQémD p AT 6—

Def4 6a 0O QA OE L ONI i QM RYRad ¢ Y A h&—

TpAPOS— mipphllo——:

Wherei is the current sample from a buffer of sided "Q"QQIi "Y' Q& Q

A sample plots with th&Vindow Functios can be seen dtigure 2.140gether with an
exampleof how a simple signdduffer of 512 samples windowed.
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Figure 2.14: Plots of Hamming, Hann and Blackmafarris Window Functioa with the
original signal. At left we can see constant signal with amplitude 1 and a
right se see signal thi period™ k, #oth sampled atlO ms

Mel Frequency Cepstrum Coefficients

Mel Frequency Ceptrum Coefficients (short MFCCs) represent also a popular sound
transformation mainly used in the speech and speaker recognition fi€lsr purpose

is to extract informatn from the whole spectrunby mapping it from its original
multidimensional domain into usually2, 24 or 48 dimensional domain.

They are obtained after taking a FFT of the signal as described in the pregiiion

Then follove mapping of the obtained mectrum powers into a Mel Scalausing
triangular functions. Then we take the log of each of the Mel frequencies powers and
take their Discrete Cosine Transfdtriihe resulted amplitudes in the newly transformed
spectrum (also called cepstrum) are the Mekquency Ceptrum Coefficients (st
three main stepsn FHgure?2.15).

! Mapping the recorded frequencies to Mel scale frequencies in parallel to the human hearing penceptio
of pitch convertingQ@OQi @ & Qwith the formulai ¢ v U Cp — . Similar logarithmic
representations of the frequencies are often used to simulate the human perception of tones in order to

simulate the humans art of recognition.
® Used to break sunds into different frequencie®r sum of cosine function$p approximate them
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Figure 2.15: Derivation stps of the Mel frequency cepstrurfyuk,
1999) Above we can see the waveform input of the sot
in the middle its spectrogratand down kelow we can se¢
the resulted Mel Frequency Cepstral Features

Similar derivations to the Mel Frequency Cepstral Coefficients are the Linear Frequency
Cepstral Coefficients and the Antimel Frequency Cepstral Cofficients, which differ
essentially by their lfier banks and thus produce different recognition results. With
those three one can obtain different precision at different frequencies. E.g. with same
number of filter banks one would have higher precision at the lower frequencies and
lower precision in lgh frequencies when using MFCCs, while the opposite is true for the
AFCCs. LFCCs would have same balanced precision over all frequencies. One can make
the LFCCs0 have same precision like MFCCs in lower frequencies by choosing more
filter banks to represnt the cepstrum, which is of course more computationally
exhaustive both for processing and later recognition.

There are lots of discussions, which cepstral coefficient features could be best used for
speech and speaker recognitiqhei & Lopeftsonzalo, 2009)which led research in

® Threedimensionalvisual representation of the spectrunf a sound and its evolution over time. In the
current example with displaying the amplitude of the different freqaees using the gray scale
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Soundbased Activity Recognitiaim go in two separate directionsone using the LFCCs
(Stager, 2006)he other using MFCC&emko, Malkin, Zger, Macho, & Nadeu, 2006)
while others intend usinga combination of both(Vuegen, Karsmakers, & Vanrumste,
2013) for their recognition.However one should note that due to the nature of the
features presented in this seot, they represent large vectors, which imply slower
classification, while some research propose selecting different sets of features for
different tasks to obtain better recognitiofzhuang, Zhou, Huang, & Hasegaleanson,
2008 (Karbasi, Ahadi, & Bahmanian, 2011)

2.2.4. Sound Features
As we have seen in the previous sections, $band curve is a complex function, which
one can transform in different ways in order to obtain the form he would like. In our
case we would like to coratrate on different aspects of the sourahd highlight them
for the usage as recognitideatures.In the following we describe features from the raw
sound signal representation (Time / Amplitude), spectral representation (Power /
Frequency) andhe temporal representationof the spectrum(Time / Frequency) (see
Figure 2.1% One should note that those representations are sorted in order of their
complexity and computational power starting from the less demanding.

oSound Power

Time / Amplitude  Jegs Crossing Rate

Power / Frequency

uPitch Frequency and Energy, FO
uSpectral Flatness and Roll Off

uPitch Span

Figure 2.16: lllustration of the different featuressorted in three
categories according to their derivation method

Features from Time/Amplitude Representation of the Sound

Features from the raw representation of the sound, whichinsTime / Amplitude
domain, are usually not much telling featureldowever they enjoy literally immediate
processing time, which makes them very handy. Those include soonwdr and zero
crossing rate,which are presented in followingubsectionswith examples of their
meaning and application.

Sound Power

One of the most obviousound features is the power. There are different metrics of
measuring the loudness of the sound at certain point of time or for a certain period of
time. We discriminate between power of a current sample, which is the digital value of
this sample, and avage power over period of time, by taking the average of the local
maximum and minimums of the sound function during this period.



Although the power might seena very uncertain feature, since there are a lot of
different tasks that have similar loudnesspeo might think of the EEnergy scenario
discussed in the introduction, where there might be a problem with deciding between
two electric consumption models, which have very similar paramdts¥e Figure 2.17)

In sucha problem a single loudness critemmaight be enough to recognize the correct
device.
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Figure 2.17: Plots of the energy consumptiar toaster (left) and kettle (right). One
can clearly see the similarity in the patterns of both devices, despit
actual difference in the exact power consumptiorax¥) and runtime
(Xaxis), both factors dependent of the heating elements of both de»
and the chosen operating function.

Zero Cros#ng Rate

The number of times the signal crosses the zero point for a certain period of time is
called Zero Cross Rat& & simple periodic function, the Zero Cross Rate is also the
signal frequency by the factor of tw&or example the function at Figure 2.9 has 9 zero
crossings for 3 seconds meaning zero dragste of 3 crosses per secorithe practical
meaning of zeracrossing rate is that if it is relatively high, it usually means a noisy
record.

Features from Amplitude/Frequency Transformation of the Sound

In this section we discuss the features from the spectrum of the sound, by studying its
concrete peaks and itsverall form and characteristics. One should note that adt
sounds have ta presentedeatures while in other cases they are ndistinguishable.

Pitch, First Formant and Pitch Energy

The pitch is also called Fundamental Frequency (shoraR@Yyepresents the lowest
frequency of a sound wave. It can be measured by looking at the first local maximum in
the spectrum. In Figure 2.9 we can see that since the lowest frequency of the sound
wave isof period® ~ X AdG0 A& Fftaz2z GKS FdzyRFIYSydl f
vacuum cleaner example in Figure 2.10 the pitch is at 576 Hz.

T
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The first formant (short F1) is the second peak after the pitch in the spectrum. In Figure
2.9 it is of period 7¢, while n the vacuum cleaner example the first formant is not very
clear, but using our definition it is at 2040 Hz.

CAdZNI KSNI AYF2NXYI GA2Y | o2dzi GKS LIAGOK OFy o©6S F
isthe sum of the energies of the spectrum bins near thieh. In Figure 2.9 there is no

SYSNHe ySIN 6KS LAGOK:ET a2 (KS LAGOKQA SySNH
vacuum cleaner example we can see that the bins around the pitch contain energy as

well.

Spectral Roll Off

The point where the spedtt function falls turns down is callegpectral Rll off, and
provides important information about the main energgoncentration over the
frequencies It is measured by looking @he frequency point where the spectrum
contains a significant part of itsergy, like 95% of itn the vacuum cleaner example it
is aroundthe last significant peak @613 Hz.

Spectral Flatness

The meaning of spectral flatness is that if it approaches 0, then the signal sarfsist
pure tones, while approaching 1 would meanuag distribution over all bands of the
spectrum, similar to noise. In Figure 2.9 we anticipate three pure tones, which means
spectral flathess of 0, while the vacuum cleaner exanfigen Figure 2.1thas spectral
flatness of 0.6696.

Temporal Features from t he Time/Frequency Sound Domain

In this sectionwe mention the single used temporal feature in this thegighe pitch
span over timeOne should note that most of the mentioned features in the last section
can be considered as temporal too, becatisey awe often averaged for a period of time

in cases where the recognition window is larger than the buffering window

Pitch Span over Time

The difference between the maximal and minimal value of the pitch over time is called
pitch span. It is a straightforwamieasure for the variation of the pitch, which is a good
feature to distinguish between monotone and melalike soundsOne can clearly study
this feature using spectrogram like the one showed in Figuts.

2.3. Machine Learning
In Ambient Intelligenceperspective Machine Learningan be usedo automatize the
processof extracting knowledge about given environmenfrom measured data with
the goal to understandbetter the underlying processeB this chapter we willintroduce
the notion of supervised learng methodology(Section2.3.1.)used in this thesis and
one of the most popular classification methods calMshrestNeighbor. We will discuss
then another popular familypf recognition techniques calleBayesclassifiers(Section



2.33.) and at the endwe will discuss the termof featureselection Section2.3.4.) and
normalization(Section2.3.5.) which both play an important role when working with
bigger sets of features of different typealthough in a slightly different way.

2.3.1. Supervised and Semi-Supervised Learning
Thetask of inferring aecognition resulfrom labelled training datas calledSupervised
Learningand consists of two stepdn the first step,the Training Phase, the classifier
gathers data and labels it with the help of supplenagtinput. Inour case thauserwill
labelhis performed activitiesand therespectivedevices to perform themin the second
step,the RecognitionPhase, the classifier triesithout external helpto find the correct
label which n our case isa devicerecognition attempt The two steps of supervised
learning are repeating over time, which means the user can still provide feedback in
order to improve the knowledge of the classifier.

Cases where the recognizer is able &mlditionally provide correct recognibn of
untrained dataare calledSemi-SupervisedLearning. In ousstudy such cases include the
Machine Learninglement training itself byautomatic unsupervisedmixing of records
for their combinedrecognition.

2.3.2. Nearest Neighbor Methods

In general, theres no established singachine Learninglgorithmor methodologyin
the field of activity recognitior{Aztiria, lzaguirre, & Augusto, 201@ne of the most
established family of methods for finding correct class of giverosé¢atures are the
Nearest Neighbor method©ne oftheir most straight forward implementations consists
of classifying an unknowobject bythe majority vote of its neighborfound usingsome
distance metricin feature spacdike Euclidean distan¢® One should consider that if
Q p, then the object is simply assigned to the clashat single nearest neighboBy
using this property, in order to improve classification runtimeSaction 5.5.4. we
reduce the Nearest Neighbor algorithm to one nearest neighbor search by avgthgin

trained data through the classes or by selecting a single reference value for recognition.

We then implement further optimization of reducing the dimension of feature sphge
prioritizingthe different features.

1% pistance’ Qifi  between each reference featuré and the sampled featuré measure by the

Pythagorean formulasing following equatioif2 i fi Bi i
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Figure 2.18: 15 nearest neighbors and 1 neate neighbor algorithm
distributions by(Hastie, Tibshirani, & Friedman, 200Burple line
representghe optimalBayes decision boundary.

2.3.3. Bayes Classification
Bayes classifisrarea family of classifiers thadre based orapplying Bayes' theorerfor
conditional probabilities. A classifier, which applieBayes' theorem with strong
independencé® assumptionsjs callednaive Bayes classifierSucha classifier relies on
priori and posteriori knowledge about the data in orderassign class probabilities for
some test data. For example if one brushes his teeth every day, but cleans his room with
vacuum cleaner once a week, and does only those two activiiesafter three weeks
we would have 2Dbccurrences offooth Brushing aganst three occurrences oacuum
Qeaning. In Figure 2.19 we can see a plot of this knowledge in terms of two fe&tures
zero crossing rate and average loudness. w0 have a prior probability offooth
Brushing activity of7/8, while for Vacuum @aning itwould be 1/8.A simple way of
computing a posterior probability is if we draw a circle around the unknown occurrence
to computein straightforward wayA G & Q £\ By $duritifgthe iembers of each
classinside the circle We can see that in the chosamircle in the likelihood of the
unknown activity there are two occurrences whcuum (@aning and one offooth
Brushing meaning a posterior probability fdooth Brushing of 1/21, while foacuum
Jeaning it is 2/3. So by applying the Bayes rule we agsigbabilities for both classes
to the unknown sample:

01 & GGG EE GO0 GE Qe 20 =

0 0 pg
01 ¢ 6o G mc ey gn: L 2
pcp cr

" probability of some class to be the correct result based on given $eawifres
12 Assumption that any feature is independent from each combination of other features
¥ Function of how likelys the occurrence of some class, which is weaker than its probability



Thus by having the probability of the unknown sample to @®cuumcleaning twice
larger canpared toits probability to be tooth brushing, according to our rules we assign
it a label ofVacuumCleaning.

0.35 p---m-mmom- T G I I 1
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i i 4 | | | @ Unknown
0.15 +---------- R - mmmmmes Ammmmms 1 @ Tooth Brushing
| | | |  @Vacuum Cleaning
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Figure 2.19: Naive Bayes classifiexampleshowing twoclass problem (Vacuum Cleani
and Tooth Brushing) with two dimensional feature space (Zero GgoRsite on
X-axis, and Average Loudness on thaexi6). The classifier is attempting to gue
the appropriate labebf unknown event by knowing its features.

There are numeroupossibleimprovementsof i K A &  épygrbaGhdae improvement

is about how © look at the distribution of the trained data for the different classo
build up a so called distribution models, which will eventually be used to compute the
likelihood In our example we assume uniform distributt8nand thereforeadd the
different probabilities in the likelihood computation. Howevethe most popular
distribution model is the Gaussian mixture model, where fis&ture vectorsassociated
with each class are distributed according to a Gaussian distriddtibnthis thesis we
use a so alled Bayes PoirachineLinear Classifiel?, which approximates theoptimal
Bayes decisidd by the cener of mass of version spate(Herbrich, Graepel, &
Campbell, 2001)

' Distribution, where all types of classes agually likely to b observed

1o Family of distributions, which measutke probability that any realalued observation will falin the
interval of two real numbers. For multidimensional cases, like ours with multiple features, their complexity
increases rapidly

'® Linear Gissifier makes classification decision based linear combination ofitipeit feature vectors

" A case, where the rpbability model underlying theclassesis known perfectly The Bayes optimal
decision boundary is drawn with purple line in Figure 2.18.

8 Set of alhypotheses that have not been eliminated as a result of being in conflict with observed data
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2.3.4. Feature Selection
In the last few sections wexplainedhow to make good predictions, even for unseen
cases, with successful recognition being our main .gbaWwever we still have not
discussed one of the main factors for recognitignthe features. Namely, from a
Machine Learningerspective how to find outwhich are the relevant features in order
to make good predictions?

The answer of this question is hard and overall there is a lot of resesrdhis topic
with many different proposed solution&Guyon & Elisseeff, 2008)astie, Tibshirani, &
Friedman, 2009)some of whichtheoretically optimal, but unpractical to implement
(Koller & Sahami, 1996%0here we willfirst discuss the benefits of feature selectitor
certain problemsand then will briefly explain couple of ways to performiit our
framework while the exact implementation will follow later Bection 5.5.2

The first benefit, which comes in mind after discussingouple ofMachine Learning
classificationapproaches,is that selecting the relevant features for recognition and
removing the irrelevantmakes forfaster result search thus optimizing the runtime
performance

Further issues with largea set of features arise, when some of those features are
dependent variable¥’, which steesthe recognizer in wrong direction by introducing the
possibility of replicated erroneous information overwhelming the correct information.
Similar problems might occur when one tries to use same feature types from different
sound representationsfor examplecomputing average loudness from the waveform
representation and from the spectrum. So despite both variables not being lgxact
dependent, they still have very similar behavior.

Another problemoccuis when somefeatureis very similar for large number of different
classes, thus providing no meaningful information. In our case, many electrical devices
had a large subset of similar cepstral coefficients, which was one of the reasons for the
decision to leave their integratioimto the framework for its current version.

The various listed redundant or irrelevant features above give us first ideas of how to
select features automatically. One straightforward way is to measure the relative
distance between the feature vectors of eéhdifferent classes and remove those
FSI 0dzNB &z ¢ KA Quch tRr@u§hiahg Slassefnisthey il is to look dtow

G a G | thie ffeStdresare for the recorded samples of same class, e.g. their variation.

An exhaustive feature selectiofor a givensetup environment can be dorigy runninga
test with all feature combinationgo unveil what would be the best feature combination
for the particular test, and depending on how much the test approximates -tiéal
conditions, we can make statements on hgaod the computed feature subset is.

Y Variables are called dependent if one can find a functional mapping between them



2.3.5. Feature Normalization
Since there are many components in a big recognition system one needs to normalize
their inputs into a common metric at each abstraction level Begire 2.2D. The lowest
normalization level isdor the different features. Sometimes they have different metrics,
which need to be normalized in a common feature vectdn example of different
feature metrics is the zero cross rate and the pit€he rext normalization level ifor
the feature vectorproduced by the different sensor instances. Thisasded,because
different sensors might have different characteristics, like different micropbdmeving
different sensitivity orfrequency responseThe next normalization step is at sensor
level, whereone needsfurther synthesis of the gathered feature vectors, which are not
necessarily of the same metrics or dimension. This can occur when the extracted
features is specific for the given sensor, despite being of the same type. The last
normalization s¢p is at component level, where the different sensor types are being
normalized to merge in a sitegfeature vector.

All Normalized Vv

Component Video
l_lﬁ

Bl 2

3 3

Figure 2.20: Feature normalization at different levetsorder to extract a feature vector fror
all components and the features from their sensémsthe example at first we
have sound component with two microphones and their according fe¢
vectors consisting of different features like those mentioned in 2.2.4. The s
component is a video with one camera and its feature vector. The
compment is for theremainingsensors, like light sensors all together with 1
power of the light in a common vector, or heat sensors and a common vect
the measured temperaturesNote that at each level there shiou be a
normalization procedure.
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Chapter 3

Related Work

In the field ofSignal Processin@ubchapter3.1 and Figure 3.}, a lot of studieshave
been carried ouin its branch of 8und Pattern Recognition Their focus was maintyn
building systemsfor Spoeech or $eaker Recognition (mostly norcommaecial)
(Subchapter3.2) and Music Recognition(mostly commercial)(Subchapter3.3). In
general,one can separate thosevo types of related work from the general casef
Activity Recognition using soundwvhich havea similar setup to this thesi€Subchaper

3.4),

. W Activity
Music S
. @ Speech.— oone 0100
o Signal- 41960s- 1990s  ambient
1940s- 1970s uClassification assistance
1950s wCommands  services
oMilitary
applications
Figure 3.1: lllustration of the creation of related disciplines over time with the reaso

their establishmentSignal Processinfpr Recognitionbeing the general cas
and the root of both Speech aMbusic Recognitionout of which originate all o
the later usedsoundpattern recognitionmethodologies for the general case

Activity Recognition.

In the following subchapters we will get familiar with theentionedmain branches of
sound pattern recognitionWe introduce their purposetechnology and dgevements in
their corresponding subfields. We make thparallel to the case of study of this thesis

At the end of each subchapter we will generalize wihegir recognition capabilityneans
from the perspectiveof general Activity Recognition. Finally,we provide an overview
with a comparison of the introduced related works and we make a composition of their

capabilities.



3.1. Signal Processing

The area ofDigital Signal Processingvhich is the root ofSound Signal Processing
exploded around the Second Wdd War mainly with applications like radaiSignal

Processindor automatic detection oenemyor telecommunicationgncoding In terms

of activity recognition, using those earl§ignal Processingechniques we could
determine, whether there is activity oaaring or not (seeFigure 3.2for a threewise

illustration). The rebirth of Signal Processingame with the invention of digital
computers around the 508Nebeker, 1998)

Activity

e Yes @ No

Figure 3.2: Threewise illustrationof the automatic activity ditinctiveness
that could be dondy Signal Processirfgom the early years

Up to dateSignal Processirttas been avery wide scientific area covering whole areas
itself likelmageProcessingSound Processinyideo Processingand many more. What

we canlearn fromthis is that all subfields often have very similar processing algorithms
despite having different purpose$o developments ithose relatedsubfields could
often be translated to the whole area. Examples include the invention of wavelets and
their immediate translation into different areg®aubechies, 1992pr thedevelopment

of fast Fourier algorithn{Cooley & Tukey, 1969n general, all signal recognizers share
the same workflow consting of three main componentsSgnal Acquiring, Signal
ProcessingandSgnalRecognition(see Figure 3.3)

. ™~ s ™ -~ "~

Signal Signal Signal
Acquiring Processing Recognition
” N ” < ‘

0
X

\_ Y, \_ Y, \% x x

Figure 3.3: The three main steps in signal recognitiosignal acquiring, Signal
Processingand signal recognitigrcommon in all signal recognition systs
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3.2. Speech Recognition
Despite speaking being a special kind of activity, its recognition development started a
lot earlier than the general case dActivity Recognition or other Saund Pattern
Recognition fields likéusic RecognitionFirst studies foBpeech Recognitiostarted six
decades ago with recognizing strings of digits with pauses in bet@edd. Davis, 1952)
The rext milestone was set five decades ago recognizing small set of vgolEM
system 16 wordgDersch, 1962)Note the similarity between size of the word set and
the approximate activities of daily living, which typically occur in home. Another
similarity represents the pauses between commands. Typically activitiesalae
separated by pauses, since one cannot immediately switch betweeashing his teeth

andcleaning his house
Acoustic
models

Feature

- extraction — Decoder — = She had your ...
Language
models
Figure 3.4: lllustration of the main components &peech Recognitio

system(Yuk, 1999)

Later on there are numerical improvementacluding numerous acoustic feature
representations, whichry to emulate the human perception of speech aak coming
closerin recognition accuracyo humars (Lippmann, 1997)Scharenborg & Cooke,
2008) One of the most studd and accomplished recognition techniques are the
MFCCswhich are performing for both spee¢ioung, Kershaw, Odell, Ollason, Valtchev,
& Woodland, 2000and speaker recognition taskBeld, 2011)Beigi, 2011)In the face

of Soeech andSpeaker Recognition we anticipate first accomplishments in direction
activity recognition (see Figure 3.5). Tlslso of particular importance since ost of

the current research ofctivity recognition based on sounds has its origins from the
Seed and Jpeaker Recognition fields and use MFCCs as main feature vector, part
which means a lack ofesting other techniqueswhich might eventually be performing
even better. For the recogrion however, most of the moderigeech andSeaker
Recognition works apply advanced models like the Hidden Markov Mddelks, 1999)
(Feld, 2011)which are still beyond the research state of olasely related works.
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,L 1 ,;'J Activity

J Speech
el
]
A Speaker
G/1!
] 1 1 ) )
| She \ ) had \ Jyour ... 'I ) What?
7 7 7 7
Figure 3.5: lllustration of the Activity distinctiveness that could be done u:
a combination ofspeechand speaker recognizsrlike(Yuk, 1999)
(Feld, 2011)
3.3. Music Recognition

The beginning oMusic Signal Processingould be set around thearly 20s with the
invention of a musical instrument calle@heremiri® (Glinsky, 2000)Later with the
mentioned Signal Processingiprovements around the 40s and 50s composers such as
Karlheinz Stockhauserreated music usingignal generators or ring modulators. Then
with the boom of general purpose digital computers in 70s and 80s came a new era of
synthetizing and modifying soundsiuller, Ellis, Klapuri, & Richard, 2011)

Despite the big progresin sound synthesighe field of sound information retrieval
startedin the mid-70s(Moorer, 1975) while the first International Symposium on Music
Information Retrieval was held in 2080Firstbig applications include autmatic sound
description like The CUIDAD®roject(Contentbased Unified Interfaces and Descriptors
for Audio/music Databases available Onli®)inet, Herrera, & Pachet, 2002) It
produced the first entirely automatic chain for extracting and exploitimgsical
metadata for browsing musigsing large set of sound featur¢Beeters, 2004)

To date depending on the taskhere are numerous oéstablishedechniques foMusic
Recognitiorbesides Mel Frequency Cepstral Coeffitsemost notable of which ar¢éhe
Chromabased audio featuré$ (Fujishima, 1999)The mostnotable Music Recognition
systems are ShazafWang A. LC., 2003Jcommercial) and EchoprigEllis, Whitnan, &
Porter, 2011 non-commercial)

® Theremin is the first electronic musical instrument and is plaggdthe musician without physical

O2y il Ol ¢KS OFLIOAGIYOS 27F LXFeSNRa KIFIyRa ySIN
transformed to sound.

 Online athttp://www.ismir.net/

2 nitially proposed for Chordecognition, are audio features, which closely correlate to the aspect of
harmony
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Here we will have a closer look 8hazampecause it realizes our idea of recognizer,
which incorporates a clierft server architectureThe client issues a recognition using a
mobile application, which connects to server fora result Furthermore it provides
different personalization and discovery features fdready taggd music ora similar
musicsearch based on thgseeFigure 3.6or an overview of Shazams interfac8)milar

to that in our setup we will alseely on the user to tag his activities first in a training
phase and provide random feedback about the recognition.

Tagging Tag (1/14) %‘

Get your Tags emailed
wasem G0 T0 Settings and Signup!

Just Dropped In (For The Good Times)

®

Kenny Rogers

ROGERS
iz
L

Lyrics

Tour info

No Match ? (%]
Get your Tags emailed TONIGHT & W Yomonta
on

GoTo Settings and Signup! 7 e
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USAChart
YouTube Videos
J‘Smeo Love

{Edward Maya.. Jigulir
Want to upgrade? 2

Twitter
Facebook
Tonight

Send Postcard Enrique igle. ..at

Map ]Ccminq Home

IO NEEDY]

Ringtones & more - A
Ducomar

Figure 3.6:  Collage of screenshéteof Shazam illustrating different state
of the phone applicationBesides the offered recognitic
service one casee a high level of personalization

Shazanworks by taking 10 second recordings and analyzing their spedoumtensity
peaks. Then thospeaks are grouped inlaash fora result lookupWe shouldnote that
sucha straightforward search method can priole a successful searobf over 11 million
records with a constant time lookup Other qualities of the method include noise

robustness and room acoustics independence, both very important in our case. This

leads to considerations about using similar metbdo those proposed by the authors
and attempting to modify them for our setup.

= http://vlatte.net/2011/01/shazamapp-review/
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Bottom line is that hough the describedsystems areoften commercially based and
may seem distant relatives to our subject, they are also in the subje&twifd Pattern
Recognition and they are dealing with databases, which contain millionsoafys
Furthermore, sme of the systems also aim to recognizeioadnd television shows as
well, which increases their complexity. terms ofActivity Recognition there is already

high degree of activity details, which can be obtained using the presented recognizers,
despite the small set of recognizable activities (Begire 3.7.

% Activity

Radio /
Television

ol

Figure 3.7: lllustration of the Activity distinctiveness that could be done usingusic
Recognition servie like Shazam combined with instrument and ch
recognition system. Note that one could make an additional tree leve
clustering the music in terms of different genres or for similar cluste
television and radio shows, which might be importantdifferent context. Alsc
we are distinguishing the activities of music listening, radio listening
television watching, although theyight all come from same source (or devici

An interesting fact is thathiere are no similar algorithms used fSsund-basedActivity

Recognition Thisis quite unexplainable since one can think of eectricaldevice as a
musi@l instrument with a specific timbre, whictproduces specificsound when being
operated bya human inparallelto the musical sounds, which ameore dynamic

3.4. Activity Recognition
First works of general activity recognition based on sounds started (W#ing, Wang,
Huang, & Hsu, 2008) ¢ K2 (i Ndiné& éhviré@ndzéntalsound recognition based on
MPEG/ featureg | ¢@&ger, Lukowicz, & Troster, 2004nd their work of
dmplementation and Evaluation of a Lé®ower SouneéBased User Activity Recognition
Systend > ¢ #sksQtitee sound features and searches for result using nearest
neighbor algorithm. Later refined iStéggers PhD thesid_owPower SounéBased User
Activity Recognitiofi(Stager, 2006 turning intoa complete solution including hardware
installation of a microphonevith three accelerometergon hand) andsoftware written
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recognizr. What we can learn from this work is that evasmall set of straightorward
features and search algorithms can obtain good recognition results for a small set of
activities. Also it is important to mention th#tis collaboration of authors are therdy
ones concerred with the tradeoff between power and accurachkater described in
details after empirical improvements in(Stager, Lukowicz, & Troster, 2007An
optimized usage of the resourcésan important consideration in a bigger setumd
could ke done automaticallps well(Lombriser, Amft, Zappi, Benini, & Troster, 2011)

The rext important development inthe field 89 Yo SRRSR L YLX SYSy Gl GA2yY
{AdGdzZ- A2y LRSYUGATAOI ((seae, VadkedPdSemgnat 2008y R ! y I f

which is a complete solution for an elderly care system that produces alarm if something
goes wrong. It includean early distinguishmentof the sound between speechand

other acoustic everstbefore makinga recognitionattempt. If the recognition results in a
situation where the user might be in danger it forwards an alarm with the signal to an
operator and sends message to close relatives of the (s&&r Figure 3.8As we can see

this shows a complete emple of Soundbased Recognitionsystem for home

environmentsin practice

Alarm

Sound Event Detection and
Extraction Module (M1)

Sound/Speech
Classification Module (M2)

Speech

1

: I Speech Recognition (M3.2) ]

Help ! It's a nice day.

Sound Recognition (M3.1)

Door slap Door lock Glass Breaking Fall

Figure 3.8: lllustration of the systerdeveloped bylstrate, Vacher, & Serignat, 2008)

Most recent developmentsinclude { 2 dzy R 9 Y GANRY YSy ( (Syhilif @ aA &
et al.,, 2012) whichis a work that installs a microphone to an existing recognition
environment consisting of three room&.g. with installed different types of sensars

each roomalready)(seeFigure 3.9 It is agood example of setup, since we naturally
perform different activities in different rooms, thusavingless activity types in each

A



room. Also interesting is the high number of installed microphones and their
combination with other sensors.

Bathroom
Ilh .ﬂf‘ |

Kitchen

B Switch = Contact sensor © Passive Infrared Detector @® Microphone

Figure 3.9:  Setup enviroment consisting of three rooms and multig
sensors of different typgSehili, et al., 2012)

Iy 20§ KSNJ | LILNE I OK  gAudNdl Klassificatiprii Re2hyfiGugsdin Hoine &
Environments for Elderly/Dependant Peapld.ozano, Herndez, Picén, Camarena, &
Navas, 201Q)which besides the conventional used techniques in the fields, studies
multi-resolution analysis to include temporal information from the sound détiso a
coupleof other studies use tempadl informationg (Wang, Lee, Wang, & Lin, 20@8)d
(Karbasi, Ahadi, & Bahmanian, 202Mho similar to this thesis identifies the problem of
most Activity Recognition systems deriving theBound Pattern Recognition techniques

from the Speech Recognitidield.
L\ Activity

I ] | ]
- Door y Door
w Speech Slap % Lock
1 | | )
. Danger é Normal

Figure 3.10: lllustration of the Activity distinctiveness that could be done using a gel
activity recognizelike the one developed l§istrate, Vacher, & Serignat, 200

Glass ‘ |
Breaking ‘ “z Fall

3.5. Device Recognition
Usually uwder device recognition one understands recognizing different devices
according to their interface. E.@ recognizer scans the environment using different
communication protocols like \ARi or Bluetooth and relies on the devices to support
those protocolsHowever, not all devices had to support such communication protocols.
Another recent research trend is to recognize electrical devicea sa&ies of methods
like using energy monitoring socketpower analyzer(Hart, 1989)(Belley, Gaboury,
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Bouchard, & Bouzouane, 2013nd electromagnetic interferenc€Gupta, Reynolds, &

Patel, 2010)The problem is that all of those devices should not only be electrical, but
shouldbe connected to the power supply. First of all not all of the devices are electrical,

nor should they be. Examples include toilet flush or a tooth brush. Some toothbrushes

are electrical but they relyod G § SNA S&a F2NJ GKSANI Fdphoid SZy >
for the mentioned technologiesn their acting time. A natural way of recognizing
devices, according to the human sense would be by analyzing their sounds. This includes
the case where someone is using them to perform some actiygiesvell as thease,

where they perform some periodic miscellaneous tasks without being operated directly

by humans

It is also interesting that in the mentioned related works the authors apply the
interference that a noise by some device would mean a human producaignibise,
while operating with that device. As already mentiortegte as well agn Section 2.1.].
this is not necessarily truelhereis no system knowrno us which defines a set of
devices and aims to recognize their activities by monitoring the sowvidsh they
produce.

3.6. Overview of Related Work

In this Subchapter we first summarize the different types of related works in terms of
their functionality in Section 3.6.1. Then, in Section 3.6.2., we make a comparison of the
activity recognition systems arttleir capabilities presented in Subchapter 3.4. Finally, in
Section 3.6.3., we make first thoughts to what kind of sounebased information a
system, consisting of the related works, should be able to extract.

3.6.1. Comparison of Related Works in Terms of Fun ctionality
In this section we will make an overview of the related works, whiclhavepresented.
We groupthem according to their appearance in thGhapter and show their main
attributes in Table 3.1 in the context @f device recognition system, whiclve will
design in the next Chapter.

The first relevant column is theumber of entities over which the recognition system
operates (Column 2) For the Speech Recognitiosase it is usually the size of the
vocabulary, while for theMusic Recognitiortase itis the number of songs, which the
system can recognizdt is an important factor, becausethe less entitiesone aims to
recognize, the less sophisticated methods one needs to implement, which results in
higher processing speedhile retaining recognitio accuracy

For the feature choice (Column 3)ost of thecloselyrelated works use primary Mel
and LineafFrequency Cepstral Coefficients, which as stated is the primary feature source
in Speech andeakerRecognition too.Other often usedfeaturesin combination with

2}



the previousinclude zero crossng rate, spectral roll offor frequency centroié. For
Music Recognitiorihe melody plays an important role, thus systems, like Shazam,
peak intensities and theiduration is the base feature, while otheystems use bigger
feature vectors for detailed recognition. bur work however, a slightly different set of
features was chosen, which was found to play an important rol@forecognition use
case, explained in detail the next coupleof Chapters.

Some of thedescrbed Music Recognitioservicesnjoy user inpu{Column 4)similar to
ours, while othe systems use static databaseghere the user plays no active role in
improving the recognizer via feedback.

Another characteristic of a recognitionstgm is its adaptation capabilitfColumn 5),

which we consider as an important property of a system, which aims to make better
recognitions over timeUnder the adaptation it is meant the adaptation scale of the
recognition ratherii K 'y (G KS dz&eS diIbigintetfakSoestyp& sonalization
UsuallySpeech Recognitiosystems have high rate of adaptability for the purpose of

tuning the recognizer t@ specific person and his pronunciation in order to obtain

better recognition rate. Services li@hazanR2y Q4 Yy SSR Iy | RFLIGF GA2
they consider music songs in exact time and melody.

The last property of the recognition systems is whether they rel\Waichine Learning
algorithms for finding a result. For example some of the e&peechRecognition
systems described in Section 3.2, use straight forward matchitigeatlosest solution,
while all modernSpeech Recognitiosystems use sophisticateMachine Learning
techniques.In an interesting contrast, Shazam uses straightforward hasle taokups
over 11000000 record$or a result

Method  Entities Count FeaturesCount  User Input  Adaptability

Speech Up to 100000 ~24 Depending High Yes
Music ~10000000 ~3 Essential Not needed Depends
Activity ~10 ~8 None None Yes

Table 3.1: A tablecomparing the related worlkisom subchapters 3.2 to 3.4

* A measure defining middle point of a spectrum according to its amplitudes in different frequencies
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3.6.2. Detailed Comparison of Activity Recognition Systems
In this section we will make summarizedcomparison of the presented activity
recognition systemgsee Table 3.2p the contextof the intendel capabilitieswhich our
framework should possess as mentioned in the introduction

AR Soundbased Easy Optimization Feature
System Only Installation Friendly Selection

Mixing Adaptability

Sometimes in Studied
Stager combination features No
et al. with automatic
accelerometers selection

Istrate
et al.

Multiple
sensors in the  Big setup
full setup

Table 3.2: A table comparing the related work®m subchapters 3.2 to 3.4

Sehili
et al.

As we can see on the comison table, the most competing work has been done by

{NISNI SIS el kit @S &l IRRATSFRE NBY iR i RESOX e 2NB5 02 3y )
a2aisSYr G6KAOK ¢S O2yaAiARSNI a AYLRZNIFyG G22
Ayaiurttlria2ySGRIEIK I INBESIB S @5 GESENI RAFFSNBEY OS
AYGSYRSR TN} VYSMEBONYIWAG NXKF 18 SIKBWNIBE ASa 2y 68
Fy dzyO2 YoR22NIi2l Fo faSSy aAy 3 AYyF2NNIF (A BKS BBEOYSRGA:
Y2340 O2YLISKHAyaSB8ENR2KS o6& LauaNrasS Si FHfod ¢K
{2dzy R t NBS@OXyaAjyEa F2N GKSANI NBO23ayAlGAz2y S 0 dz
Ydzf GALIX S SYy@ANRYyYSyGa YR GNIAYSR (KS NBOz3y
AYUiSYR®2VRE RBSf & 2LI1aAGS® 2SS FTANRG AYyGSyR |
aSO02y R (afi NUz& ¢ A Pifea iRtérdsting capabilities, which are out of the

scope of this thesis, but are implementedhy them includesound event detectiof?

and an attemp to recognize rare shoitime events like glass breakinbhe third related

work collective also made an excellent job in placing a multiple microphones and

exploiting theirinstallation but we consider their setup too overwhelming for our

purposes.

% pcoustic Event Detection means to label temporal regions, such that each represents a single event of a
aLISOAUO FOlAQAGE



3.6.3. Overview of Recognition Capabilities of Related Works
After summarizing the related workse canmake first thoughts,as towhat kind of
capabilities a generalizefctivity Recognition systenshould possessonsisting of the
presented sound pattern recogmin works Those includeMusic, Soeechand Speaker
Recognition and Activities ofDaily Living Recognition (see Figure 3L

ﬂ
|

I
A Activity
HJWL/“
1
.y L 1
' Music . ; &7 2, Tooth
@Listening Speaking ” Brushing
I ]
) . Electrical_,. g Conventional
o |Imagine @John Device Way

John . 1)
Lennon élmagme éall nd OralB

Figure 3.11: lllustration of the Activity distinctiveness that could be done u:
a personalize@daptableactivity recognizer

<
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Chapter 4

Concept of Sound-based
Device Recognition

In this chapter we merge and extend thgathered knowledge from ChapteP and 3to
introduce the concept oSoundbased Device Recognitiomo summarizéoriefly, in a
typical home, individuals performariousActivities d Daily Living often with the usage
of specific devicesSomeof thosedevicesproduce distinguishable sounds, which could
be captured by existing microphones in the home (e.g. personal computer microphone
or smartphonemicrophone).Usually the performed civities are bound to a certain
place in spaceThis means that from our sound perspective this woddund very
similar every time. So our feature extractionodule should provide us with smartly
chosen features that makie possiblefor usto distingush the differentrunning devices
in a home and send those to a classifier for a further processidgsaning a recognition
result(see Figure 4.1)

Environment Machine Learning

Figure 4.1: The whole process from user activity todevicerecognition attempt by the
Soundbased Device Regnition Framework. A separation done withitinree
components; EnvironmentSound Processingnd Machine Learning

In this chapter wefirst create an abstract architecture of a system f@oundbased
Device RecognitionThen we will study its concept sarting from the environment,
where different activitiesoccurandtheir acoustics signals are capturethen wewill go
through the Sound Processingomponent and its purposeof extracting audio
characteristicsThe net step is toget familiar with theMachine Learningomponent,
which is responsible for providing recognition resultafter it is supplied with
appropriate feature information. After creating the structure of our desired Sound



basal Device Recognition system, wgefine its intended possibiliies for integration
from a software perspective.

4.1. Architecture
After introducing the recognition process, in this subchapter wmroduce the
architecture of aSoundbased Recognitiosystem at both abstract and concrete levels.
Then we define the developemt process model, which will be used to implement the
architecture

4.1.1.  Abstract Architecture
From a high level architecturgoint of view (see Figure 4.2)a Soundbased Device
Recognition system deals with the sounds after they have been digitalizzaud
streamed in some way to the recognition systeWaysof digitalizing and streaming
include the system doing this with its hardware and microphone input, or within mobile
application, which records and streams the information to the system. Then such a
systemconsults its own database for appropriate classification of the input data, while
eventually using specialized services for detailed recogtnition information for concrete
cases beyond its knowledgebase.

uMusic Recognition

uSpeech
Recognition
..

Cloud
External

§30%, ==

Sound Data )
(o]
O )

Figure 4.2: lllustration of the Client Serve (or Agent/ Recognition Systenaychitecture
The server in the middle receives sound data either from external devic
smartphone, or from its sensors. For the recognition tskvn DB lookup i
not sufficientthe server might use further knowleglffom external resources

Y oothbrushing
uShowering
uShaving

4.1.2. Concrete Architecture

In abstract perspective the work of the illustrated device recognition system is to
analyze and classify audio inp&oaside fromthe environment, which we introduce in
Subchapter4.2, there are another two important components, the synthesis of which
establish thebasis of aSoundbased Device Recognitiosystem One is the Sound
Processingcomponent which we designin Subchapter4.3, which employs various
mathematical transformations on the sound, aldgaintroduced in Subchapter 2.Zhe
other is the Machine Learningomponent described irSubchapter.4, which employs
different classifying techniques for the device recognition taskse Figure 4.3 for
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illustration of the introduced components of a Bw-base Recognition Systeraimilar

to the models in Chapter ,3with respect to their main functionality, as introduced in
Chapter 2.0ne should note that all components are tightly dependable of each other.
E.g. the better the chosen features are, thedesophisticated th&achine Learningpas

to be in order to classify the soundbhe samegoesfor the connection betweerSound
Processingand Hardware Setup, the mowrdjusted a setup ig the clearer theSound
Processingcan be. Howeveras we will seeni the next subchapter, we make loose
requirements about its setup.

B

iVIicrophoné
Service %

Buffering
Filtering

Transforming
Features

Processing

Machine
Learning

Figure 4.3: lllustration of the compnents of the recognition system fro
software perspectivavith some of their typical functions

4.1.3. Spiral Development Process Model
The most suitable developmergrocessto implement the described architecture of
Soundbased Recognitiorsystem anong the different development process models
introducedin (Pressman, 2009% the Spoiral DevelopmentProcessModel proposed by
(Boehm, 1988jJsee Figure 4.4)t describes a standarBvolutionary ProcessModel and
provides the potential for rapid development of increasingly more complete versions of
the software. The processterates through standard steps otyclic process ¢
Communication, Plaring and Designing, Implementation and Testing, and Deployment
described in(Pressman, 2009)n addition,eachfinishediteration sits on the top of the
last iteration and describeamore complete and valuable system.



Planning
estimation

scheduling
risk analysis

==

Modeling
analysis
design

/
Deployment .
) Construction
delivery / code
feedback

test
Figure 4.4: lllustration of the Spiral Prose Mode(Boehm, 1988py (Pressman2009)

For example we have first anticipated the needacfoundbased Recognitiosystem

and its most basic functionalitfhrough Subchapters 1.2. and 1Then we estimated
their developnent costs and time to develop. Then we made a model consisting of a
hardware and softwareesignin 1.4, whichwere the basis of our first implementation.
After making first functional tests we built a firststallation, which covers the process
from acivity to its device recognition attemptOn that basisve defined whatthe main
fallacies of the system arand decided in which directiothe development should
continue and so onThis all led to the current version of tf&undbased Recognition
Framewak implementedin Chapter 5, evaluated in Chapter 6 and to the outlook in
Chapter 7.

4.2. Environment and Installation Requirements
In this subchapter we characterize the environment of the recognition system (Section
4.2.1.) and then we describe the recordiagtup from both Hardware (Section 4.2.2.)
and Software $ectiornd.2.3.) perspectives.

4.2.1. Environment Characteristics
As a target environment of our framework we choose areragesingle occupancy
(household with single inhabitantpAs such it is supposed tawe a lot of useful sound
properties like environmental noisaisualy generate sounds within broad frequency
range (PasschieWermeer & Passchier, 20003peaking of the noises comirfgom
outside our setup environment.
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4.2.2. Recording Setup
We choose &inglegeneric sound recording device, e.g. we make no assumption about
its capability.There are a few possible setups regarding its placem@ne is to choose
wearable microphone, and other is to choose static microphdmerder to supply the
Sound Processingnit with consistent input one should consider restarting the system
when changing th@lacementsetup. Otherwise, itnight require complex preprocessing
steps like those mentioned in Section 2.2Alfurther note is thafor activities,where a
wearablesetupis notsuitable like showering, we assume static placement.

Figure 4.5: lllustration oflaptop that can act as gossiblesound recognizer in .
kitchen (Frey, Stahl, Rofer, Kri®yuckner, & Alexandsson, 2010)

4.2.3. Installation from a Software Perspective
From a software perspectivia a static setup, the main processing unit should monitor
the sound environment and be able to guess what is happening (similaigtoe 4.5.
While a wearable sound sear would require theclient to wear it while performing
different daily living taskand stream the data to the serven abstractionthe different
sounds produced by different activitiese captured by the microphori@r recognition
as shown irHgure4.6.
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Figure 4.6: lllustration of different sounds produced by corresponding activ

are capturel by the microphone and sent to the recognizer

4.3. Sound Unit

One of the main goals of thBound Processingnit is to provide daily activity specific
Sound-based Recogrition. E.g. to study the existing sound pattenmecognition
techniques, together with their application in the current setup, and eventually develop
their variations to optimizeuntime and recognition rate. As a result one should be able
to obtain realtime recognition with a good tradeoff between recognition rate and
resources usedFor this purpose we first discuss tls&ound Processinggchniques in
Section 4.3.1. and then we introduce features chaoasiderations in Section 4.3.2.

4.3.1. Sound Processing
Initially when developing theSound Processingnit, one should askoneself the
guestion, how humans are distinguishing different devices or activities by their séund.
similar research start point has been done 8peech Recognitiofield, with the
derivation of the Mel Frequency Cepstral Coefficients, which are according to the human
hearing system. Another similar research start has been dorleeifusic Recognition
field, when the human ability to distinguish a melody, was automated to fingerprint
different songs.

4.3.2. Features Choice

As already mentioned in the previous chapter, the main techniques afdivity
recognition derive from the&Speech Recognitioand Music Recognitiofields. However,
there are avast number ofother sound characteristics used tategorize the sound
despite their inability toprovide important informationeither for Soeechor for Music
Recognition Other features are not obtainable frony sound extracts thus often
ignored for sound recognition tasks. Nevertheless, they playmportant role in the
context of testing the quality of a music instrumeraad categorizing song®eeters,
2004) (Mdaller, Ellis, Klapuri, & Richard, 201Hs well as for environmental sounds
recognition (Chu, Narayanan, & Kuo, 2008% mentioned in Subchapter 2.2
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4.4, Machine Learning Element
Knowing that thereare adifferent number of features to be evaluated one should
consider appropriate classifygrtechniques taombine the gathered informationWhen
designing a new system it is important to build up ¥Machine Learninglgorithms from
the scratch, instead of running the best overall classifier according to the current
research. This enaldeevaluation ofthe benefts (such asbetter recognition rate) and
drawbacksguch asslower runtime) on each step of classifiers refinement.

4.4.1. Implementation Considerations
So with an incremental development, we can obtain timportant knowledge, whether
we can apply less demandjriMachine Learninglgorithms for recognition in terms of
having less training datand user feedbackOne should think of the practical application
of the framework, which should not count on the user to take a shower ten times in a
row or clean higoom ten times straight as welsto train the recognizerln the same
manner an uobtrusived @ 31 SYX GKAOK 62y Qi RSYlFIYyR GKS
is also a priority in the developmentarious algorithmghat satisfythis demandare
described irSubtapter2.3.

As we learned in Subchapter 2.8ome features are better for categorizing certain
sounds than other. So it is aimteresting capability is to decide, which of the

dza S

AYLX SYSYGSR FSIGdzNBEaA FNBE (GKS Y2al.ThisiStfAy3e

demands the implementation and test aflgorithm, which prioritizes the different
features, and according to those prioritiealculatesa result.Furthermore, it could be
the case that in different environments, different features are importantrégognize
activities, so a system should be able to assign priorities automatically.

Further consideration regarding the features rises when choosing their common metric.
One know that by translating the features to some metric in the nearest neighbor
algaithm, onecoulda A Ydzf 6 S (GKS LINA2NARGASaAE 2F GKS
change the fact that the algorithm would run with all features togeth&s mentioned in

the previous paragraph, smart algorithm might look at the top priority feature@hd if

those return a confident recognition result, it might not even bother to test the rest of
the features. Furthermore, onecould be able to automate the process of issuing
priorities of the different features in the training phase, by looking at trBgtributions

in space

4.4.2.  Adaptivity
Aside from the classification algorithm one should thinkaof incremental learning
system, which is an important property that thdéachine Learningnit should possess.
An astract illustration of a learning system, dplaying its incremental learning
approach, which aims to make better recognitions over time, can be seBigure 4.7
In particular, the system should be able to add new activities and to accept user
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feedback for its recognitions. In a personalized pefuom the client or user perspective
one should also be able to start from scratch and help the system builAciigity
Database vialupervisedLearning. Over time this will steadily increase the systems
knowledgebase for accurate recognitions

Performance standard

r— W'

Critic |~ Sensors
feedback
]
=)
changes =.
Learning [ ™| Performance 3
element  |eg—— element )
knowledge =
learning g
goals =
Problem
generator v
Q g ent Actuators —

Figure 4.7: lllustration of a learning agerfRussell & Norvig, 2010)

When speaking of greater knowledgebase and intelligent incremental learning system,

importing established sophisticatedlassifiers becomes inevitabl&xamples of such
libraries includelnfer.NET (Minka, Winn, Guiver, & Knowles, 201ZEKA (Mark Hall,
2009),and Accord.NET (Souza, April 2q%2¢ Figure 4.8).

. , ,
# WEKA @ fl\ccordﬁNET
: . lmglru:f':mw Framework

infer.net
Figure 4.8: Logos of the most accomplishédiachine Learnindibraries - WEKA

(Mark Hall, 2009 Infer.NET(Minka, Winn, Guiver, & Knowles, 201
and Accord.NE(Bouza, April 2012)

A further Machine Learningaspectis creating a personalized recognition model for
larger multidimensionaltraining data. Afterwards, a comparison with thmplemented
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optimized classifiers willprovide significant information about the tradeoff between
speed andecognition accuracy

Another fundamental reason for making a comparison between differefachine
Learningalgorithmsis that it can serve a& justification of the chosen features and their
implementation. The lder meansthat if the recognition rates of both recognizers are
almost the samethen the feature setsare categorizingthe activities in cledy
distinguishable classes, which speaks for their right choice.

4.5. Integration
During the implementation of Soundbased Recognitioframework one shouldhot
only think of it as a standalone system, but should preptréntegration into a bigger
system.In this Thesis wprototype anintegration as &lass LibrargSection 4.5.1.) or as
arunning ®rvice Sectiord.5.2.)into the AJAPT ProjedfFrey, 2013fsee Figure 4.9)

Smart Services

Interactor Agents Sensor Agents Effector Agents Service Agents

URC HTTP mart Energy Meter N Wart Energy Meter Activity Recognition

= BN
|

Contact Senso L ating o pased
[ cortactsereq ||

Energy Trading

Agent Communication Lal \QL2gE ACL) <DogOnt++>

Figure 4.9: lllustration of Multi-AgentbasedSmart Srvice Platform used in AdAP{Frey,
2013) where Soundbased Recognitiomwith its components provide acoust
audio-based knowledge about a given environment

45.1. AsaClass Library
Integrating the wholeSoundbased RecognitiofFramework as a component into a
bigger system, or providing its skes as selleployable units, isa direct way to
integrate it directly intoa bigger system. Therefor¢éhe framework itselfandits classes
discussed in Subchapters 4.3. and 4shouldbe exportable as libraries to ease their
importing. Integration asa component provides many benefits like réiahe debugging



and optimized runtime. However, it might increase the complexity of the system and its
deployment.

4.5.2. As aRunning Service
Developing a connection protocol to offer a running service pre/&deonenient way
for external systems to access the knowledge of the Sdhasd Activity Recognition
Framework. For example a running recognition system might require supplement
acoustic information, for cases, where it has doubts in recognizing some event.
Futhermore, wing the framework as a service hiie advantage okasy integration
Eg. only through some interface, without bothering what is on the other side.
Depending on the development intentions, the latter can be considered a flaw in cases,
where me might wantto have detailed view of the ongoing computations

4.6. Privacy Issues

Since Ambient Intelligence is tightly embedded in everyday life, it brings fears to both
dzZASNAR YR RS@St2LISNB Fo2dzi &l FdzidzZNBE Ay 4K
are recorded by tireless electronic devices, from the kitchen and living room of our
K2YSa G2 2dzNJ ¢SS @vgber, Rabakyl & AarksyMaiy20D6PdreN R €

G!' YOASYG LydSttA3aSyOSs (i KepdiwA &nd molShgstieSa A 3y
LR GSYydArt G2 € AYAG FNEBER2005) Soyen desighiggya?2 Y& |
system, which monitors the sounds in a private life environment, one should always
O2yaARSNI YSSiA y@ancéiKsad 2ifgrSnyid to laca€)ibtrusive

privacy policies in cases where he ns#te system for some reason like health care

In our currentdesigncase, theSoundbased Device Recognitithameworkshoulderase

all records after extracting theesired features. An option for storing the records could
be acceptable onlygluring the development period fottesting purposeslike changing
the sound setup and rextracting the sound characteristics-urthermore, in a
deploymentphase,it makes sense tprovide the usemwith the choice to hide again
activitiesfrom the recognizer.

Another issuearises with centralized server architectdfeand the eventual user
reluctance to accept being monitored externally, despite promises of data ffusther
problems are the breakable security systems, which are aftertarget of third parties,
which have great interest of acquiring personal informatfon reasons including legal
enforcements (like the possibility to recognize listening of unauthorized musgssand
forcing a paymenfor them). So a standalone home system capable of perfagrall
designed tasks should be a magwiority of development

i parts of the system are ositle of users reach, like a cloud recognition service for multiple households
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Chapter 5

Sound-based Device
Recognition Framework

In this chapter we discuss in detail the implementation ofSaund-based Device
RecognitionFramework.We first describeits environment with its characteristics
Subchapter 5.1. Then we introduce the framework solution with its concrete
architecture Subchapters.2.) and the develope@raphicalUser Interface Sulthapter
5.2.), which will help us put implementation fragments in the overall development
picture throughout the implementation details of th8ound ProcessinfSubchapter
5.4.) and theMachine LearningSubchapteb.5.)componentsFinallyin Subchapter %.,

we carry outa demonstration, how we cover the process from activity its device
recognition.

5.1. Environment and Hardware Setup
Since the main goal of this study is poovide device recognition irthe home, the
architecture, implementation and the tesare centralized on this infrastructurEorthe
setup we have @aome environmentonsisting of a single roofsee Figure 5)1For the
sound monitoringa single microphondas used We assume theras only one activity
running at time, with a single usehat performs it. However as mentioned in the
introduction, during certain activities, thersmay be multiple devices running ahe
same time, like showering and shaving. We call such activities, which consist of
simultaneous occurring activities, complaxgtivities, and we will try to recognize the
used devicesluring them.



Hygiene Devices:

Toilet
Toothbrush
Cooking Devices: HOf) orus
airtrimmer
Absorber !
Hairdryer
Coffee
i Shaver
Fridge
Shower
v Epilator
Microwave p
Mixer

Silent Activities:

Reading
Other Houshold Devices: Sleeping
Vacuum Cleaner
Heater
Audio Player
Figure 5.1: lllustration of a typical one room home environnféntith its typical

devices andcorresponding locationgOne should note that we ar
interested in those devices, which prodgoends.

The placement of the microphonean be static or wearabjewith the first being less
obtrusive and the second providing cleaner indatterms of acoustics both placements
provide similarrespectivefeatures, as the source is related to the congruor the
actuator. However switching beeen static and wearable setup, as well ather
changes irthe placement of the microphonim runtime might affect the recognition as
well. The reason is thatifferent placement and angles give different frequgnc
responses, whiclare crucial for recognition. One can compare the displacement of the
microphone in audio recognition setup to installing a distortion lens in front of a camera
and trust its input data for test afteas learning phase before distortiont is good after
every new setup to erasthe oldtrainingdata for accurate recognition.

2" hitp://etalk.squ.edu/contribute/housing/OnCampusHousingOption.htm
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5.2. Framework Solution in VS2012

Our framework is written using C# under Visual Studio 2012. It allows easy transition
between phone and desktop applicationswhich is anmportant feature and provides

the possibilityof transition to a smagthone application orcreating a client/server
architecture aside fromthe conventional PC implementatiorA drawback in the
development under VS the lack of libraries and examplés the specific task of sound
transformation compared to other languages and platforms like Matlab, but the solid
.NET framework, which is very useful in other tasks, together with the good debugger
that Visual Studio offers are making up for the loss.

Before becoming familiar with all components of the system we will study their
organization in the main framework project. At first we look at the abstract class
diagramin Figure 5.2 showing the primary components of the framework, which are
necessary to@mplete the process from activity evicerecognition.On the top of the
framework there is a graphical user interface to control all other elements and to
provide an environment to connect different modules and test them Selechapteb.3

for details) The two main classes atbe Sound Class (Subchapterd) andMachine
Learningdass Subchapteb.5). For a detailed class organization see Appendix A.

GUI Soundbased Device Recognitio

Abstract Classes

3 Microphone Feature

Figure 5.2:  Abstract class diagram of the primary part®dundbased Device Recognitic
Framework On top s& the GUI, which connects both Sound afachine
Learningclasses and gives operating power to the user. Both main cli
have abstract subclasses for their main capabilites and cone
implementations of those abstract classes

5.3. Framework Graphic User | nterface
Writing a GUI to accompany some software development process is nowadays a natural
consequence and brings dozens of benefits. It provides fast access to all functions and
combinations of them, and keeps all together in one window. It is alsogahiportance
in visualiing some of the sound derivations ¢w keep live tracking of the features while
testing. Afterwards, it is the best way to share the work and its results with the public.
For this reason a GUI was developed in parallel to the g@éts and served as a pointer
to the current development progres#& snapshot of the GUI in live recognition mode
can be seen ifrigure 5.3
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| Add | Recognize| Live | Setup | File | Online | Mix | Filter I Test I Features | About |

Live Recognition Start

Interval 1000 ms

Activity Type: Toothbrushing

Trained Count: 1

Based On: Loudness Average: 368.782717444792
Zero Cross Rate: 7723.60771712861

Pitch Average: 1892.32991536458

Pitch Variation: 538330078125

Spectral Flatness: 0.656453706121838

Spectral Roll Off: 4715.02380371094

First Formant: 2682.82775878906

Pitch Energy: 0.317094287636048

Figure 5.3:  Snapshot of the GUI in Live Recognition Mode. On the upper part one ¢
the sound panel for sound relatedeyptions and settings. On the lower pe
the recognizer panel with its related operations and settings. Most impol
settings like features set arddachine Learninglgorithm are always availabli
to enable runtime changes. The rest of the operations eareapsulated ir
different taks in the recognition tab control

The GUI is divided in two panels, one for the sound related functguth agecording
or visualizing, and second for the recognizer related functions, like its setup and output.
The GUI pad are also meant to be accessed consequentially. E.g. firstly setting up the
sound and testing, whether it work§hen choosg the feature set for recognition
together with theMachine Learninglgorithm Finallystarting recognition with further

advaned properties available.

In order to provide in runtimeenabling/ disabling of features, also switching between
different Machine Learninglgorithms, both Features andachine Learningpanels are
outside the Recognition panel tab control, where everythatseis encapsulated foits

concrete usage.
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5.4. Sound Class

The Sound Class encapsulates all classes and methods responsible Sound
Transformation (Section 5.4.1.) In particular Soectrum Derivation and Feature
Extraction (Section5.4.3.) Further impetant capabilitiesare Sound Preprocessing for
Noise Cancellationand Equaliation (Section5.4.2.) Wave Fle Mixing for dealing with
multiple activities at same timéection5.4.4.) and Wave Recording andHle Parsing for
enabling a flexible inputLes important functions of the sound unit in terms of
recognition, but important for testing, include sound playback and visualizaBorce

the native sound related libraries provided by Microsoft are not very consistent in time
in terms of their interface and usagewe usean additional library for basic audio
features, like recording and stream handling, cal&tudid®.

In this subchapterwe describeall steps fromPreprocessing througho Fltering and
finally extracting featuress illustrated irFigue 5.4 At the endwe introduce the mixing
of sounds for recognition of multiple udalevices in complex activities.

Buffering
FFT

Cancelation

Figure 5.4: lllustration of the main stepsf the Sound Processingit pipeline

5.4.1. Sound Transformation
Here we will get details iSound Tansformaton andin particular the performedhort
time Fouriertransform but first we need to describe the buffering and its setup

Buffering Setup

Besides setting up the hardware there is a need to setup the software and its recording
parameters When one chooseflexible recording settings, one still has to convert those
unified metrics for the later transformation, which always results in data loss. So instead
of bothering with conversion, we fix the recording parameters to unified supported
constants, which gafy our needs. Furthermoreur choice will help us tanalyze the
recorded data and the produced features for consistency and effectiveness

2 NAudio 1.7 Available dtitp:/naudio.codeplex.com/



http://naudio.codeplex.com/

The sampling frequency of the recorded soundas tothe most common used4100
Hz(also used in Compact D&kt has been chosen becauaayhardwaresupports this

rate. Not all of the microphones support stereo recorditigugh, which might produce
some deviations during the hardware setup as well, so the number of channels is
reduced to one (mono recordingjor the sound transformations it is useful to have high
precision variables, so the bit depth is set38 bit signedinteger per sample which
doubles the standard bit depth value of 16 and is uniformly supported as @edrall

the user setup is reduckto choosing the sound input and options for standard time
recording, recording storage confirmaticend visualization modes (s&g&gure 5.5.

A further feature of the sound unit and its visualization is triggered by clicking the
graphic, which makea snapshot of all bart data points and saves them to the database

in snapshot section as XI?8¥nd RAW formats. The later can be used for in depth
analyzing and visualization using different tools, like Microsoft Excel or Matlab. For
example, all image exgptes in this thesis are importdad thisway.

Sound

Mlcrophone (Reiilelc H Deﬁnl “

Save Audio flecord Y30 R O L O O Y Ui
[¥] Standard Time 10s .l | i | |l | || | hm
Spectrum 0.4
Play . -1 199 399 539 799
9 Intensity

Figure 5.5: lllustrationof standard time recording of 10 secongsng microphone input an
displaying the intensity in the graphic -§Xis amplitude, »>axis time in
deciseconds)

To obtainbetter FFT precision weetthe FFT buffeto 4096 samples-or record frames
6SQ@BS OKz2aSy I g@hioNIs bt debsBiwide thERSbufferSiFeHaweer
to standardize data foleststhere is a standard record length checkbox for 10 seconds.

Short-Time Fourier Transfor m Implementation

For the ShoHTime Fourier Transform we use a C# translation of the C++ implementation
by S.M. Bernsefernsee, September 21, 1998ith the exact implementatioradapted

for C# by Mark Heath in NAudi&ince tle algorithm provides inginaryvaluedoutput

we map it to realnumbersusingEuclideardistanceto obtainthe absolute values of the
complex numbersWe use overlapped buffering to overcorttee loss of sound data at
the edges of the window&ee Figure 5)6

# Excel Microsoft Office Open XML Format Spreadshiet
®Wwith .txt file extension, starting with information header, followed by values separated by a tabulator
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AN

Figure 5.6: lllustration of window overlapping to overcome buffer leaks after window
Line above is the source buffenhile the redline represents the thre
overlapping buffers sent for FFT.

For aWindow Functiorwe useprimary Hamming Windowwith two suppementchoices

¢ BlackmannHarris and HaniVindowsshown in Section 2.3. One can also skipsage

of Window FunctionAfter the transformation, the resulted spectrum is displayed in the
sound related part (seBigure 5.7.

Sound

Microphone (Realtek High Defini

8
Save Audio Record 6 |
Record
Standard Time 10 4 [ 1

|| ¥ _-II i Ul
| I S0

2 |'IJ- ] 1 ([ ol l ,;.f‘_.- Wl

0 I v LS [V T L . ”

@ Spectrum 75.3662109375 2075.3662109375 4075.3662109375
Play i 1075.3662108375 3075.3662108375
Intensity

Window Function Mone @ Hamming Hann BlackmannHarris

Figure 5.7:  Screenshot of spectrum vidization using Hamming window of frequenci
between 80 and 5000 Hz-éxis) with their relative energies-éxis)

After makingthe Fourier transfornation we extract thefrequency range between(BHz
and 5000 Hzfor further recognition. This frequency rga contains the most
distinguishable features in the spectrum, accordingptw manual study and automated
evaluationof different signalsFurtherreasoningor this choicds the unsteady behavior
of the frequency response, which different microphor@evide (see Figure 5.8For
further disturbances in frequency response of our chosen range wéemgnt various
Hiters at spectrum levelas explained in the next section.
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Figure 5.8:  Frequency response plot fbuild in microphones dfifferent
iPhone seriés displays large deations in lower and highe
frequencies.

5.4.2. Sound Filtering
Sound Hltering is important step to overcome some issues with microphone or

environment noise, whicloften occur in practiceWe will first describe the importance
and implementationof a High-PassHlter to overcome irregular deviations in frequency
response &r some microphones and then wetroduce straight forward Noise
Cancelation to eliminatéow leveland evenly distributed environment noise

| Add | Recognize | Live | Setup | File | Online | Mix | Filter

Silence Level Autt:t 100.0

["] Moise Cancelation 04 (] Auto

High Pass Filter 0.02 100 Show |
Window Function ) None @ Hamming () Hann () BlackmannHarris

After touching any of those textboxes, consider reextracting all features

‘ Extract All Features Again ‘

‘ Save All ‘

Figure 5.9: Filter tab screenshotwith options for, Noise Cancelation, Highss Filter
setting with visualization option, and/indow Functiorchoice. Note, that aftel
making changes to some on those options there is usually a need to extr
features again from their source sound and save them

% By Faber AcousticalLC athttp://blog.faberacoustical.com/2010/ios/iphone/iphoné-audio-and-
frequencyresponselimitations/
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High-Pass Filter
Most microphones are very prone to deviationslawer frequenciegsee Figure 30
above) which made usmplementa High-passHlter to overcome those problems

0.4
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0.1
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Figure 5.10: Plots of the spectrurbetween 80 Hz and 5000 ldf the microphone uskfor
later for tests with and withouHigh-passHilter

In this work we implemena discrete version of ao calledrrst Order High-passHiter
usingthe following formula:

p
OB GIVR U a JOE Q2dE Q' QYR QQE o

YR QO 0DHAQGEYR QD (‘)"O‘sc')'ﬁ'g &

Theeffect of applying the filter witHO'(X& &3 i "@ "8& & dR100 and Coefficient of 0.02
can be seen in Figurelf.

Noise Cancelation

As mentioned in Section 4.2.Jour recognition is inndoor environment with single
inhabitant, so we assumethat the single inhabitant and his actions are the main source
of sound signalsThe other sources are the devices performing periodic tasks, like air
conditioner while normalizing the room temperaturén this development phase we
assume, that there are no sound signals outside our h@neronment, whichare
louder than those occurring inside.

After changingthe High-passHilter, Noise Cancelation, or theNindow Functionone
should reconsider extraitg all features which use thespectrum domain from the
recorded test data agairMost affected features are Average Loudness, Pitch Energy,
Spectral Flatness and Spectral Roll Béf Zero Cross Rate it makes no change, while for



the rest of the featues one might perceive small deviation in the feature values, which
still could makea big difference, especially for the silent activities.

5.4.3. Features Extraction
After transforming and filtering the sound it is time to extract features. First we will
study dfferent sound spectrums and then we will justify the decision of which features
are worth implementingThen we wilkexplainthe chosen featurefrom in the context of
device recognitionwith their implementation.

Acoustic Characteristics of Activities and Devices

In order to make a decision which features we should selectinsestudied the nature

of the sounds produced by devices using speech and music analysis sq&ereigure
5.11) (see AppendiD. and E.for further spectrogramsof device sounds The first
notable difference from the mentioned domains was that our signals were most-oise
like, similar to the environmental sounds studied (@hu, Narayanan, & Kuo, 2009p

we had to consider a specific feature chqidéferent from the one used by speech and
Music Recognitiofields.
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Figure 5.11: Plotof 10 second recording of speech (first quarter), music (second qus
epilator (third quarter) and hair trimmer (last quarter). Above we see
waveform of the recording anbielow its spectogram between 80 Hz ant
5000Hz.

A further remark we made is thator activities performed with electrical devices it is
typical that most of the defining part of the sound comes from its electrical motor,
which is the actual sound sowcAlso interesting was that other activities performed
with non-electricaldevice, like showering, had spectrograms similar lookingleotrical
ones
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Overall, we made the conclusion that most of the devices produce monotonic sounds,
which are noisdike. Their further characteristics are not steady and are very
implementation dependable. For example, calculating the pitch of a speaker is not a
hard task compared to calculating pitch of a hair trimmer, as evident in the spectrogram
in Figure 5.11So afte changing the feature derivation method, one shoulderdract

the updated feature from the training data avoid classifieconfusion

Implemented Features

After getting familiar with the nature of sounds produced by devjeges introduce the
implemented features in theSoundbased Device Recognitidframework(see Figure
5.12) also previouslgxplainedin Section 2.2.4

Features Auto
Loudness Average 677.28412658253
| Zero Cross Rate 4110.6187733551
| Pitch Awverage 1058.7656656901
| Pitch Variation 4290.4907226562
| Spectral Flatness 0.5203287631799
| Spectral Roll Off 4042.6595052083
| First Formant 1867.4570719401
| Pitch Energy 0.3136776356756

Figure 5.12: Features panel screenshalisplaying the enablec
features for recognition together with their currel
value in the according locaécognition metrics (se:
the list of features below for details over the metric

We present the features this time in order of their addition to the Framework over the
implementation process, which was influenced by our perception of sound and the
conclwsion from the last subsectionFor example, he first perceivable feature of a
sound is its loudness, so we chose to start with it. Then, in a mathematical perspective,
zero crossings are one of the most important characteristics of a function, togetter wi
its maximums and minimumsuBsequently we implemented a set of 8 features, for the
task of audiebased device fingerprinting.

Loudness

We computeit by calculating theaveragecumulative energy of the spectrurmver the
recognition interval Note thatthis is a relative measure and is very dependent of any
Hlters andespecially MiseCancelation algorithms.

Zero Crosing Rate

Zero Crossing Rate is the only feature derived from the @mplitude domain (e.qg.
without processing the raw signal), after déing to compute loudness after the
filtering. To count zero crossingse deck wheher we havea zero crossing after each



received sampleln order to compute the &o CGossingRate for a given time interval
and number of zero crossings we use followiognula:

onBlesOISIO 0OE0E€EO

Where @ Qi € 01 € i & & é&he smmamber ofzero rrosses over time period. For
example if we have zero cross codat) 6 v T TOTQi0Ed £ i for'hed  p T, for
our zao cross rate webtain® 6 'Y v Tl ¢ ifi Qd £ EuiGhermore, br a simple
periodic signal, this will mean a frequend® ¢ v Q@ which is the fundamental
frequency’O as well (recall that two zero crosses build one period of theasjgso for
the frequency™Oof a simple signal we hav® @0 ¥¢ ‘Oafor a @ 0 "Wheasured in
zero crosses per secopdVe use this loose relation later, when defining common metric
for the different featuremetrics

Furthermore, in order to obtairbigger floating point precision and at same time to
minimize floating point error,lte exact computation ofo 6 ¥ different than straight
translation of itsformula

Pitch Detection
To detect thePFitch we scan the spectrum for the highest value thelts functionality
was tested via frequency testEhe measure of th&itch is in Hertz.

Again, since we are dealing with variable size buffers, which are discrete representation
of the frequency band, we need to make couple of calculations to computarobie
frequency value in Hertz using following formula:

o~ gt s s D000 Q8 08 QQW
O YOun U0 T 5¢ 6t o

Where 0 ® w6 "Q¢ "Gtz nadex where the maximum value occurred in the buffer,
which has size 6D O & Qi 0 Fogetherd & w6 Q& DO WX i€ doaild up the
relative position in frequency betweemand"Y® & ) a ‘Q Nafedtiat the value at the

0 O wo Q¢ "Gight'®evdifferent according to the chosaNindow Functionand the
exact FFT computationFurthermore, due to the discret representation of the
spectrum, the computation of thePitch is exact with possible error of 6 Q¢ "Y'Qa Q
YOdna TOwa®RQi 0 6¢ 0

Pitch Span

Sraight pitch produces monotone sound. Varying pitalith steady average value
sounds ke whirring. This is also the onlfeature, which ishighly dependent of the
recognition buffer length, since the smaller the recognition buffer length, the smaller the
chance to observe bigger pit@dpan One can think of this feature also as a temporal
feature. The future inclusion of further temporal features is also of high interest as
stated later in the conclusion (7.2)he measure of the pitckpanis in Hertz.
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Figure 5.13: Plot of spectrum of a hair trimmer illustrating that determination of fteh
and the Frst Formant are hard task. For the current snapshot Bieh would
be calculated as 1975 Hz, while the First Formant, would be 223®ridz
should note that over time those peaks switch, making the pitch vary bet
the mentioned two values, which tise way we compute the Pitch Spdred
points represent the beginning and the end of the interval for computing
Pitch Energy.

For some devices, likevacuum cleaner (see Figure 2.12), Blelil OK A a aid Sl R&
vary over time, while for some bér devices, likea toothbrush, the pitch varies over
time. In some case®itch Spanefersto the distance between thditch and the Hrst
Formant over time, due to ambiguity @utomatic distinction between locahaximums

(see Figure 5.13)

Pitch Energy

This is he amount of energws part of the whole energwwhichsurroundsthe pitchin a
10% rectangular window (e.g. the 10% of the signal around the pitch as middle. point)
Figure 5.13 Pitch Energy refers to computing the energy between two locks pefh
from the pitch and two peaks right from it, which is between 1729 Hz and 2224s Hz
marked with red points

First Formant

We compute the First Formary finding the irst local maximan the spectrum after
the pitch. We start the search after giping some indexes from the spectrum array in
order notto misinterpret parts near the Pitch as First Formariie metric of the Frst
Formant is in HertzAs we can see in FigwB.11and 5.13 for some devices lika hair
trimmer, this feature idard o obtain and provides ofteambiguousesults

Iy R



SpectralFlatness
Thisis animportant measure, which is very useful to distinguish meaningful sound from
noise. The formulao computeSpectral Flatness is:

b . YRooIAEQ Qo
nAGONDAQ®
-

YR Q®MO1 GOa

Where () is the size of the spectrum buffé¥n ‘Q ¢ 6 T& @ Bathe bin valueat the
given'Q¢ '‘Qfidsition

Again due to possible floating point precision problemesurrng in computation of the
product the exact computation of theSpectral Hatness is done via intermediate
calculations of the product chunks by ustheg following mathematical formula

OO VON®

Where w and wrepresent two positive real numbers We should also note that since
some of the spectrum indexes might be zero values, we exclude from the overall
calculation, because their presencgght lead todivision by zeran the intermediate
computations.

Spectral Roll Off

As mentioned irBetion 2.2.4.,Spectral Roll Of6 mportant measure about the energy
distribution overthe spectrum.For its computation, & determine the point where we
have 95% of spectrumnstal energy We measure thepectral Roll Off in Hertz.

5.4.4. Sound Mixing
Mixing sounds for their recognition is a novel approach in the fieldSotind-based
Activity Recognition. It has been discussed in the fieldvbisic Recognitiorior mixing
different instruments in order to attempt their combined recognitigwieczorkowska,
Y2t Ol @ Za 1 | . Howeverltie Iechriquel yséd here is slightly different and
avoids volume normalization (see Section2.2.2.) which is important for musical
instruments, since they can play at different intensity, buastlyirrelevant for devices,
whichoften have steady loudnes§Ve are aware that defining which activities can occur
AAYdz GFyS2dzate A& | KFENR GlFaile ¢KFGiQa gKe
mixing possibilities, mostly faiesearchpurposes Each mix consts of at most three
records(see Figure 5.14).
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| Add | Recognize | Live | Setup | File | Online | Mix | Filter | Test | Features | About |

First File Second File Third File {opticnal)

[Absurher 1. Test Mix
Activity Type: Kettle
Trained Count: 1
Based On: Loudness Average: 299.26153332487
[ Zero Cross Rate: 1106.07660387525 st Ml
Pitch Average: 222 828403365946
Pitch Variation: 247.6318359375 Ii—
Spectral Flatness: 0.365048355761862
[ Spectral Roll Off: 3193.75638872664 <t Mix
First Formant: 497.52767687646
Pitch Energy: 0.51111687257583

Figure 5.14: Sour-ld-Miﬁng Tab which enablenixing of two otthree of
the available activities.

To create a mix of recordings we iterate through their values and add tBétan when
mixing signals there occurs agtem called Audio Clipping (see Figuresh.1t happens
when the sum of the mixed values excedts range. A way to avoid clipping is by
lowering the amplitude of the whole mix, but by doing this, one oldanroneous
information in some features likeoudnessWe overcomehe problem of clippingn our
audio setup by adjusting the recording levelstire installation step.Furthermore,
mixing sounds with lower overall amplitudes might introduce lower precision, due to
rounding error of the chosen bitept. However, our choice of 32 bit depth provides
plenty of resolution even at lower recording levels.

mmm Discrete Mix
mw Clipped Mix

— Mix

-2

0 100 200 300 400 500 600

Figure 5.15: Plot ofsingle period othe function from Figure 2.6 added with itself (bl
line). The discretization of its mix is out of the interva/1], so # values
out of the interval will be lost (Red Part) and we will obtain only
rounded discretization (Green)



A further benefit of sound mixing for recognition can be seen if we compawatlit
video-basedrecognition where one needs complex modiety in order to simulate or
recreate how someone wouldlook like when performing simultaneously multiple
activities in order to recognize them

5.5. Machine Learning Class
Unlike the pipe processnature of the Sund Class which constantly transforms the
incomng sound signalthe Machine LearningClassevolves with timein terms of its
knowledge and capabilitiseeFigure 5.1% In thissubchapter we introduce theéctivity
Qass, which encapsulates information for the different types of activiaed the
devies used to perform them (Section 5.5.1Then wediscuss automatigrioritizing
and selecting featuresSgction5.5.2.), as well as their metrics and normalization
(Section5.5.3.). Finally after introducing the different activities and their feature,sets
we study the implementedMachine Learningalgorithms for classificationSection
5.5.4.), together with the importedlachine Learnintechniques $ection5.5.5.).

Feedback

Figure 5.16: lllustration of the evolving nature of tHdachine Learninc
unit, which increases its kwledge with the occurring
training and tests, and the feedback by the user

5.5.1.  Activity Class
In this section we define our activity classhich comprehends different types of
activities which are of interest in this thesis, due tioe various device typessedto
perform them. Afterwards we explain the way we store the gathered information.
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Activity and Device Types

In our Framework the Activity Type encapsulates all types of activities, which produce
sounds for time intervalbigger than our smallest regaition window of 0.1 sSince we

are interested in recognizing the devices used in activities we introduce a Device Type
for devices used to perform the according actigge Appendix B for mapping between
those two type) One shouldalsonote that, notall of the activitiesare performed by
humans. For example, a heating element starts heating alone, when the temperature
falls beyond given thresholdVe define the state of device as active, if they disperse
sounds. According to the heater example, ibrsstandby or inactive while measuring

the temperature and active while heating.

To enable deeper knowledge about thieed deviceshere isa checkbox to determine
whether the activity is performedwith electricaldevice. On this bas one can make
statenments in recognition whether the recorded activity is performed with electrical
device. For example if we have five activities like brushtegth with an electrical
toothbrush, cleaningusing avacuum cleaner,coffee makingusing a moka pot
showering andspeaking, we can separate those activities into three categogies
performed with an electrical device (first two), performed with nealectrical device
(second two¥? and the last one performed without any device at all (§égure 5.1}, So
after issuingrecognition the recognizer assigns different probabilities for the occurrence
of each activity, and by those probabilities, one can make statensntewhich of the
currently defined three activity categories this was.sample formula to determinthis
could be by looking, whether all electrical devices score probability over some
threshold, like 0.5, while all other aetiies score probability below this thresho{dee
sample mathematical definition below)

DA QOO QOO BHT O 00 ™™

\J“Llllulwllijnlﬂ[\; Activity

. non- X
electrical . .
devi electrical ; no device
evice :
device A"

-l L} | ]
i o7 YQ 0.6 T_p\ 0.10 &} 0.15
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Figure 5.17: Example of possible activity division into three categariesingelectricat, non
electrical, and nedevice. At the lowest level we see the concrete activities
their current occurrence probability. One can clearly makectiveelusion from
those probabilities, that the occurring activity is most likely performed
electrical device, because both listed electrical devices obtain much t
probability according to the classifier, while makinglistinctionbetween non
electrical device and no device at all is ineligible sbath classes obtain simile
probability.

¥ ndeed, one usually heats theaka pot with a hotplate, and the water for the shower with a boiler



Activity Database

TheSoundbased Device Recognitiditamework builds up its Activity Database with the
user assistance via Supervised Learning, as explaingedction 2.3.1. So we rely on the
user tosupplythe recognizewith sufficientinformation about his actities. We should
note regardingthe difference between activity and its devices, discussedaation
2.1.1, that the user still labelsin Activity Type andDeviceType combination. This is so,
because fromdza SpeiQ@ective the actual activity is known, while fr@oeundbased
Recognitionperspective we cannot apply an inference from device to activity with
confidence.

Features Auto Recognition
#| Loudness Average 1151.3144129987 Add | Recognize | Live | Setup | File | Online | Mix | Filter | Test | Feat
| Zero Cross Rate 5404, 7653087043
7| Pitch Average 1978.1636555989 Mew Activity Activity
7] Pitch Variation 269.1650390625 Bxisting Activty [Toothbrushing <) Add Record
| Spectral Flatness 0.6131424427821
7] Spectral Roll OFf 4580.6905110677 Activity Zone M
7| Ei ) ~ —
First Formant 2430.2612304587 | Device Cral-B | Electrical Hidden
| Pitch Energy 0.29678841965934

Figure 5.18: Snapshot of the process t#beling anactivity after making a record an
computing its features. Theser first chooses the activity type from tF
provided list of activities ohe defines it himself. Then he enters furthe
information, whether there ia device used to perform ithactivity and enters
information about the device.

In the FFameworks user interface after recording some activity, there gsven the
possibility tolabel it with its information detailsuch asused device to perform ifsee
Figure 5.18. To simplify he addition process the user can choose between listed
activities

After gatheringdifferent activity sounds and extraag their features, it makesense to
have themorganizedin some way(see Figure 5.19)n Speech Recognitiothere are
collections of spoken texts and their transcriptionusually called Speech Corpus.
Similaty we gather labeledrecordingstogether with extracted features,n a corpus
calledActivity Databasdt stores all activities with their corresponding fields and stats in
asingk file, which is synchronized after changéke file format is either raw text file or
Excel Worksheetin order to meet the Privacy criteria from Subchapter 4.6 one might
consider encrypting those when it comes to eventual deployment.
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Recognition
| Add I Recognize | Liue| Setup | File | Online | Mix | Filter | Test | Features | About |

Activity Type: HairDirying -
Trained Count: 1

Based On: Loudness Average: 1804.81322252411

Zero Cross Rate: 5662.86000762212

Pitch Average: 1719.78851033148

Fitch Variation: 1343.8251953125

Spectral Flatness: 0.656731750484816
Spectral Roll Off: 4643.87674777307 Erase
First Formant 2175.80042884784

Pitch Energy: 0.214196072799365 Export Type
Activity Type: Hairtrimming £ BE
Trained Count: 1 _
Based On: Loudness Average: 315.800057502668 View DB

T e - NM_x_. AACC 14 WAANCY A4TC

Figure 5.19: Snapshot of thesetup tab, where one can browse current activit
and Add/Edit/Erase the selected (only single selection poss
Further setup capabilities include choosing the database storage
between raw text file or Microsoft Excel file, as welttespossiblity
to open the storage with the corresponding default software

In our frameworks GUI we provide database access with basic functions. Such include
erasing activities, which are not performed anymore the way they were traiéddle

other advanced opet#ns, such asditing the activities by altering their feature valyes

or adding activities with providing exact feature valuesmain only for functionality
purposes andare thus not enabled in run modeOne can also choose to view the
database ira convenient way accoritig to the selected export type, which is very handy

for applyinganalytical operations on it.

5.5.2.  Automatic Feature Selection and Priority Determination
We implementAutomatic Feature Selection andFeature Pority Determination ina
similarway. However they bothhave different usage scopgFeature Priorities are used
only by the Most Confidemlgorithm, discussed in Section 5.5.4.

In our implementation we iterate througthe featurescheck whether theyemain static
for different activites,thus making them unimportant for categorizing a concrete set of
activities (see Algorithm 1)



FeatureSelection (  SpanThresholdCoefficient STC |, DistanceThreshold DT )
Enable all features

For each Feature F

Find the largest distance LD of F between all activities
Calculate and store |LD Z DT in FC
if (FC< STQ

Disable F

if all features are disabled
Set the feature F with largest corresponding FC
if there are multiple such features

Choose the one with less computation steps

end
Algorithm1: Pseudo code diutomaticFeature Selection

Another way to implement feature selection is to look for featyresichvary a lot
between different records ofsame activity, thus providing erroneous information.
However, for this case one needs bigger training data for @athkity type, which is the
reason why we stick to the first variation of feature seieat

5.5.3. Feature Metrics and Normalization
For manually implementetachine Learninglgorithms it is important to define mutual
metrics for all the features in order to measure them. Another concern is that by
converting features to common metrics, oraso assogtes different importance or
weight with the choice of the conversion coefficieror our choice of metrics we use
the knowledge that all our sound features share the same source. The latter provides
information about the connection between the featurehich can be obtained by
studying their derivation method and their role @gefining the soundln the GUI one can
define his own set of metrics different to the displayed default ke shown inFigure
5.20,
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Add | Recognize | Live | Setup | File | Online | Mix | Filter | Test | Features

Average Loudness 1.0

Appl
Zero Cross Rate 0.5 PEY

Pitch Average 1.0

Spectral Flatness  10000.0
Spectral Roll Off 1.0
Default Metrics
First Formant 1.0
Pitch Energy 10000.0 Default Pricrity ‘

Figure 5.20: Screenshotof the metrics tabwith the metrics
default valuesand the priorities default values

'
o
'
8 ¥ Pitch Variation 10
'
o
'
o

One should nat that priority is used only for the Most Confident Algorithm described in
next section. It is about the priority of the feature alone, since ave aware of the
possibility thatcombiration of features with lower priorities might perform better than
combination of same size consisting of features with higher priorities.

5.5.4. Implemented Classifying Algorithms
After introducing our activity database and the different features with their commo
metric, n this sectionwe describe thetwo implemented classifying algorithm$&oth
with intension of high efficiency recognition.

Nearest neighbor

As we first descriletin Section2.3.2 we implementthe Nearest Neighbor algorithm
with single referencesearch. E.g., either having only one reference in the training set for
some class, or averaging multiple references to obtain siefégencevalue.We do this

in order to enable rapid search for result, knowing that the number of classes is
relatively snall and relying on the feature choite be suitable

With a single reference set a possible behavior for false recognition might be to replace
the activity stats with the new one, or to replace only those selected for the recognition,
which appeared fals One can use the feedback as training data too emwmipute an
average value for the reference values, or cleanup the largest deviations from an
average value.

OneDimensional

In the one dimensionatase ofNearestNeighbor we look for theactivity with feature
statisticshavingsmallest distance fronthe measuredreferencefeature (see Algorithm
2).



Nearest Neighbor 1D (Feature F)

Create a sorted list L of activities according to their distance in statistics
from reference F.

return L /I first element of L is the nearest neighbor

Algorithm2: Pseudo codef onedimensional arestNeighbor, which returns a sorte«
list of activities according to their stance in given featurefrom a
measuredeference

In the runtime computation weexclude the runtime for returning a full sorted list
neighbors according to their distandeecause it is done only for debugging reasons. So
the total runtime for the onedimensional Nearest Neighbor (5 € for & number of
activities. The latter could be optimized t0 & ¢ "Q&with utilizing binary search and
keeping the statistics sorted.

Multi-Dimensional

In the multidimensional Nearest Neighbor weirr single dimensional search for all
featuresaccording tocommon metrics (see Algorithm 8ee Appendix C for a sample
implementation).

Nearest Neighbor MD ( Statistics S
Convert all features in S to unified metrics and sum them in 3R
Create an empty sorted list SL of activities according to distance from S
for each activity A
Convert all features from A into unified metrics and sum them in &R
Compute the distance D between & Rand the features from 3R
Add D and A into SL
return SL /I first element of SL is the nearest neighbor

Algorithm3: Pseudo code of multidimensiorédarestNeighbor algorithm

The untime of multi-dimensional Nearest Neighbar € & for &€ number of activities
anda number of enabled features.

Most Confident

As we will later see in the evaluation, some features are more trustworthy than others.
In order to exploit this property, we developed further optimization of the Nearest
Neighbor algorithm, which breaks it and returra intermediate result according to
applied confidence criteria. We call this type of algorithm Most Confitierwe
considereda couple of possible implementatiorsf such algorithmThe first oneis to
return intermediate result of NNMD after lieg confident enough. The second oiseto

* Not to be confused with some name conventions, which use the word confidence for probability
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return the NN1Daccording to only ongprioritized confident feature We chose the
second variation, since the first one requires knowledge not only about the different
features abne, but also about their combination. With deeper knowledge about the
feature and their behavior in combinations with other features, one might implement a
combination of the both mentioned variations.

In detailed view (see Algorithm 4), the implementesd¥ Confident algorithmuns a
sequence of onalimensionalNearest Nighbor algorithm After each runit computes
relative confidencecheck whether theintermediateresult is trustworthy.ln case none
of the intermediate results met the criteria, it retus simply the multdimensional case
of the Nearest Neighbor algorithm built up with the intermediate computations.

MostConfident ( Statistics S, ConfidenceThreshold T)
Sort the list of features from S according to their priority in LF
while  (LF is not empty)

Take first feature F from LF

Run Nearest Neighbor 10X F) and store recocnition result in RR

/I measure the relation of distances between F
/I and its two Nearest Neighbors (or first two elements of RR)

Run CalculateConfidence (F, RR) and store confidence in C
if (C>T1)
return first element of RR /I e.g. current result
/I none of the features passed the confidence test
return multi -dimensional Nearest Neighbor computed using all stored RR

Algorithm4: Pseudo code dflost Confidentalgorithm which iterates through thi
different feature types aarding to their priorities and returns a rest
if being confident enough. If not the case it eventually returns
multidimensional version of Nearest Neighbor.

This algorithm makes it possible tomputefastresultsin runtime of 0 ¢ for bestcase
scenario of positive confidence cheakhere¢ is the number of activitiesFor taking
average values the runtime will he € &, where m is themaximumcount of stats for
some activity(taking the average of those would ke & , thus the total runtime of
0 &€ & . Worst case will be as the Mullimensional Nearest Neighbor, which
isU & & dwhere | is the number of selected features.

One should note that there are further optimizations possible with intelligent choice of
the data structures. Such includpre-computation of the average statistics during
trainingto get rid of thed factor. With keeping the data sorted, one can reduce the



factorto a ¢ "(With even a bigger redundancy, consisting of sorting the traidatg for
every set of features, one can get ridadfactor too. Overall, we provide gossibility of
worst casetotal result search time ob & ¢ "Qand best casavith direct search hiof
0p.

5.5.5. Imported External Libraries
In both of the implementedalgorithms we exploited the setup to boost the runtime of
result search. However, there are numerous interestMgchine Learningasks like
building an incremental learning system, which smartly uses large sets of training data.
The latter can be used tbuild up distribution models, out of which one can make
precise predictions about some unknown input and its probability to be some of the
known classes (recabigure 5.1). For such advanced purposes we impérter.NET
(Minka, Winn, Guiver, & Knowles, 20123 state of the artMachine Learnindibrary.
Further reason to include external librarytts test the efficierty of the implemented
algorithms

Infer.NET

The Infer.NET libranynplements theBayes Point Machinalgorithm (Herbrich, Graepel,
& Campbell, 200%introduced Section 4.4.in a standard QupervisedLearning setting
and is trained via Expectation Propagat{dinka T. P., 2001)

Infer.NET works by compiling model definition into the source code needed to
compute a set of inference queries on the mo¢@ete Figure 5.21}herefore providing
numerous integration advantages over other establishedbriries such as those
mentioned in Section 4.4.2. WEKA or Aard.NET, ricluding runtime optimization,
detaileddebugginggcode transparency, model exporting.

- Infer.NET Inference Engine
‘ Inference Inference

algorithm settings

et | JL JL

'f?b,,
Model Inference Cit Compiled Algorithm Marginal
gl compiler source code compiler algorithm execution distributions

{ yeiet s /o -
L

=V ~_ Observed

values

Figure 5.21: Diagram summarizing the inference process of Infer (N&1ka, Winn,
Guiver, & Knowles, 2012)

In our multi-class setting fodevice classification, evergleviceclass has an associated
weight vector with standard Gaussian vector priors. THevice classwith a
correspondingeature vector igefined by the argnax of its score under each clagée
score is defined as the inner gauct between the features of the data point and the
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weight vector plus some added noisgEhe factor graph corresponding to Bayes Point
machine is shown iRigure 5.22.

Vector Gaussian

Features Weights
Inner Product
Noise
Gaussian

Figure 5.22: lllustration of the multiclass classification with Bayes Point Machil
(Minka, Winn, Guiver, & Knowles, 2012)

Furthermore Infer.NET is a perfect choite satisfy the Adaptivity criteriglescribedin
Section 4.4.2To build an incremental learning system we connect fimedback from
the useranduseit to obtain posterior distribution of learned data.

We should note that the integration of several classifiers has the potential of interesting
opportunities for their usage. Besides combining features for recognition one might also
consider combining thdMachire Learningalgorithms as well. According {®rovost &
Fawcett, 2001)a wise choice of classifiebgatsthe recognition rate of any of them
separately.



5.6. Process from Activity to its Device Recognition
After getting familia with the Soundbased Device Recognitidiramework and its inner
mechanisms, in this subchapter we provide a revision of the process from activity to its
device recognition introduced in Chapte(ske Figure 5.23)

Figure 5.23: Reuvision of the process from occuogriactivity to its device recognitio
based processing and classification of captured acoustic signals

For this purpose the user first has to train the recogni&ection 5.6.1.) and then we
can use it for static recognition (Section 5.6.2), as welloasrdattime recognition
(Section 5.6.3.)At the end of this subchapter in Section 5.6.4., we explain also the
interface for integration, which satisfies the concept from Subchapter 4.5.

5.6.1.  Training
In the training phase the user labels his recorded adtiwifSee Figure 5.24This is a
form of manual event detection, meaning that the user identifies his activity timing
alone and provides the information to the recognizer.

Sound

Microphone (Realtek High Defini “

Dol PV Tt #T e

4
[#] Save Audio Recard 3 |
[#] standard Time 105 5 \ ||
[[] Test Record 1
1
“

UL i |
0 i '1'|'1r"h‘n""w~ Mo Mg lL‘ o e
©@ Spectrum  75.3662108375 2075.3662109375
1075.3662109375 3075.3662109375

4075.3662109375

Figure 5.24:

*) Intensity
Recognizer
Features D Auto Recognition
[¥] Average Loudness 185.21356270270 | Add | Recognize | Live | Setup | File | Online | Mix | Filter | Test | Feat
Zero Cross Rate 3702.5481250695
Pitch Average 343.07222455461 New Activity Activity
. - Add Record
Pitch Variation 220.71533203125 Existing Activity T -
Spectral Flatness 0.59759310308095
Spectral Roll Off 4432,5193030811 [C] Hidden
First F t 1163.5476370838
&) First Forman Device Shower [ Electrical
Pitch Energy 0.3059502312354

In training phase the usenakes records and labels them

If the added record afrady exist in the database, the recognizer uses it
traininginformationfor the selected class.

as further
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5.6.2. Recognition
In the recognition phase the user asks the recognizer to nakeiess about some
recording as shown in Figure 5.25. After attempting gggbon, the user can provide
feedback to the recognizer and correct him if he decides to do so.

Recaognition

Add | Recognize | Live | Setup | File | Online | Mix | Filter | Test | Feats

Good Recognition
Bad Recognition

M

Activity Type: Showering

Based On: Loudness Average: 385.085986337738
Zero Cross Rate: 3958.06184597092

Pitch Average: 340.808219553154

Pitch Variation: 172.265625

Spectral Flatness: 0.588000183439295

Spectral Roll Off: 4408.470538843456

First Formant 1140.60571973569

Fitch Energy: 0.292060332071872

Figure 5.25: Snapshot of a recognition attempt. We can see on the label righ
recognition result, and upon what features it is based. The user is
a chance to pvide a feedback whether the recognition was goéc
the recognition was bad, the user may also correct the recognizer.

5.6.3. Real-Time Recognition
Realtime recognition isanimportant characteristic of every pattern recognition system
(see Figure 5.25 Hee we havea flexible system for reaime recognition, which
enables changing the feature set for recognition with tachine Learninglgorithm
while running. The recognition intervals are between 0.1 s and 10 s. Note, that the
training data is usuallyecorded with 10 s intervals as mentioned. Furthermore, for time
intervals below one second pitch span feature is automatically disabled, because of the
impossibility to gather sufficient and reliable temporal information of this type in such
small periodof time.

Features [ Auto Recognition
Loudness Average 350.01245279810 | Add | Recognize | Live | Setup | File | Online | Mix | Filter | Test | Feature]
Zero Cross Rate 6921.2161591211
Pitch Average 1974.90234375 ?Ct_'"’itz I:)’PﬂtTlDDthb’“Shi“g
- e Live Recognition Start e
Pitch Variation 107666015625 ? Based On: Loudness Average: 370.836663480875
Spectral Flatness 0.6904035524507 Zero Cross Rate: 7928.94868068485
Spectral Roll Off 4635.791015623 e T it
Firet Formant 2447 3637695312 Pitch Variation: 242.24853515625
Spectral Flatness: 0.659186755772413
Pitch Energy 0.2243247332420 Spectral Roll Off: 4788.21964442173
Machine Learning First Formant: 2402.15061777161
® Neirest Neighbor ] Average Pitch Energy: 0.258406808530651
Most Confident
Infer [E] Normalized
Figure 5.26: Live Recognition mode enabling feature awdchine Leaning algorithm

selection,during areakttime recognition with time intervals between 0.5
and 10 s.



Viewed in depth, the reaime recognition is a nostop interaction between the two
main components of the software systeqiSound Unit and Machine Learnindnit. The
first one constantly buffering the incoming input from the environment and extracting
different features, while the second one periodically pulls the current state of the
features and issues recognition (segure 5.2Y.

; Machine Learning

@‘und Processing l\Al/lachine Learning ? |Sound Processing /1

Buffers Buffers

Recognition Result
according to current stat
of features

Recognition Result
according to current stat
of features

Figure 5.27: Live recognition dataflow diagram showing the interaction between
Sound Processinit, which is constantly buffering the recorded sound
extracts features, while thMachine Learningomponent stes recognition
after some point of time

5.6.4. Integration Inte rface
Here we describe our integration interface, whidatisies the described one in
Subchapter 4.5We first provide the integration possibilities @masslibrary, then asa
RunningService.

Class Library
In order to integrate the project to class library, one has to change its output type to a
class library as shown in Figure 5.28.

Machinelearning.cs SoundMA.cs SpectrumFFT.cs FeatureExtractor.cs MainWindow.xz
Application™
i N

Build
Build Events Assermnbly name: Default namespace:
Debug SoundRecognizer SoundRecognizer
Resources Target framework: COutput type:
Services ’.NET Framework 4.5 VI [Windows Application VI
: Windows Application

Settings - PP

J ST L TiEEE Console Application
Reference Paths I(Not set) vl Class Libra
Signing

. Resources
Security

Specify how application resources will be managed:

Publish
Code Analysis @ Icon and manifest

A manifest determines specific settings for an application. To embed a custom manifest, first add it to
your project and then select it from the list below.

Icon:

icon.ico - E H'\,

Figure 5.28: Changing the output type of the project to class library for integration
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After compiling to class library onearc access the whole framework as a complete
solution, as well as botbf its namespace$or Sound Processingnd Machine Learning
separately(see Figure 5.29

SoundRecognize

Figure 5.29: lllustration of best exporting opportunitiesf the Frameworkand its
namespaceg Sound Namgpace forSound related operations and M
Namespace foMachine Learningelated operations

Service

Since the describe@oundbased Device Recognitidframework encapsulates all the
logic forSound Processirgnd Machine Learningwe rely onthe client providing sound
recordings via TCP/I@connectiort’. So the first step is to establish connection, after
which the GUI acting aa server starts to listen for commands. There are two
commands, which the user has to choos®ne for training and one for regmition.
They are defined as follows:

C Train <Activity , WAVH-ile >

¢ OK /I Confirmation

C Recognize <WAVH-ile >

¢ Activity /I Recognition  Result

One should note that according to the definition of those commauiisaining a real
time recognition requires connection of at least 176400 bytes per second for the wave
data plus tle additional bytes for the commandand the WAVHle headers (recall
Figure 2.8) One canloosen upsuchconnectionrequirements if he considers a mixed
integration. For exampleby integrating the Sound Class inégodevicein order to send
only the featues to the Framework for recognition.

3 Group of communications protocols used for the Internet and similar networks
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Chapter 6

Evaluation

In the evaluation of theSoundbased Device Recognitidliamework we evaluate all
important aspects of thelevelopedsystem such as its recognition accuracy, automatic
mixing and automatic feature selgon. We concentrate on the functionality of the
framework at its current development stage, and show that our system proddedid
base for further developmentsn Subchapter 6.1., we define our test environment and
its setup, as well as our test gars and software test module. Then, in Subchapter 6.2.,
we present our experimental results.

6.1. Test Setup

In our tests, we cover a large variety of devices that produce different noise in a home
environment. In Section 6.1.1 we introduce these devices andpeeify our hardware
setup. In Section 6.2we present our software module for automatic testing.

6.1.1. Test Environment Setup and Corpus
We perform our test in a home environmeme select a 25 class problem consisting of
20 devices, three complex activitiesith two devices, speaking and silence. In
comparison, most of the related works, with similar test environment to ours from
Subchapter 3.4., are usually dealing with classea site between 10 and 15 entities.
Similatly to other works we perform 6 reords per device and use one record for
reference, while the other 5 are for tests.

Zonewise our environment can be separated intbree activity zonesg zone for
personal hygiene, zone for preparing meals and zone for relaxing and sociéieég
Figure6.1). Zones can be separated either in separate romngocations in one big
room. Furthermore, #most all tested activities are performed atheir corresponding
place excluding vacuum cleaning (moving around the room), hedge cutting é&tlso
different locations) Devices, which had strongly bounded locations were Fridge, Coffee
Maker (Moka Pot), Kettle, Shaker (Blender), Washing Machine, Toilet, Absorber,
Microwave, Heater and Music Centre.



Electrical Toothbrush Absorber Heater

Epilator Coffee Music Centre
Hair Trimmer Fridge Vacuum Cleaner
Hairdryer Kettle (Hedgecutter)
Shaver Microwave (Chain Cleaner)
Shower Mixer
Toilet Shaker
Washing Machine

Figure 6.1: Visualization of our simulated environment withréh activity zones
and their corresponding devicddedgecutter is in bkets because it
occurred outside, despite being captured indo&isilar to that the
Chain Cleaning occurred in tberridor.

Besides the conventional devices used in a home, nesl tto make the recognition
problem harder by adding a Hedgecutting activity, which occurred outside of our test
environment, but still was captured indoofd/e also included a Chain Cleaning activity,
in order to increase the number of neglectrical deices and the variety of the devices.

Mixed1l isa complex activity of simultaneous Showering and Toothbrushing with usage
of respective Shower and electrical Toothbrush. Mixed2 is cleaning while blending at
same time, with Vacuum Cleaner and Blender. Mixisd&ctually performed by a person
cutting hedges from outside with a Hedgecutter and by a person trimming hair with
Hairtrimmer.

The only activity without device was the speaking activity, which should be correctly
identified for future developments of # framework, where it might includ&peech
Recognition components. In parallel, the music listening activity can be used to
recognize thesongslistenedto with an external library besides providing information
about the usage of a HiFi systeRurthermoe we addeda silence entity despite being
neither device nor activity itselfjue to the fat that with an average microphone, like

the one we used, the recordings of Fridge and Shaving were almost the same as those of
silence in terms of their volume lelgeand spectrum shapé&urthermore in integration

of the system intoa biggerrecognition systenrecognizingsilence asa separate entity
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might present some vital informatignwhich mightbe crucial for differentiating some
entities, like mentioned in Seon 2.2.4

For our recordings we usgsingle microphoneWe make 10 second mono records at
44100 Hzrate and useFFTBuffer sizeof 4096 samples It is also important, that the
sounds are actually recorded from activity that really occurs. E.g. no playbeardings
were indexed. In out tests,we made all recordw/ith manual event detectiomsing our

framework.

6.1.2. Software Test Module

In our software module for automatic testing we provide different opportunities to test
various aspects of the system (Seéguife 6.2), including:

l

Test all combinations of features for a given test corpus via computing their power
set. This provides important information about the best feature combination, as well
as the worst. Furthermore, it can be used to identify the bestfgrming derivation
method.

Test different permutations for given number feature set size in order to find out the
best performing. Indeed, this is a subset of the feature power set of all featoues,
sometimes with larger test corpus it takes a lottiofie to compute the power set of

all features.

Test different provided algorithms for finding the best algorithm.

Provide automatideedback, as if the user would. This is an option, which makes bin
sense with less training data, where the single referesogtal

1 Provide spatial information to the recognizer, as if there are multipleropitones
installed, or tracking.
1 After tests the test module cleans all information from thAetivity Database, but

there is an option not to do so. Such an option is ami@nt to see how reatime
recognition performs.

If none of the options is selected, the test module runs the tests with the selected
features and algorithm, as if the user ran them.

It is also worth noting, that before each test, besides setting upMaehine Learning
parameter, one can chandgsound Processirggttings as well.

We perform our experiments in two stepBirst we identify the feature set witlthe
highest recognition accuracysecondwe run detailed tests witithe set in order to
study in cetails its obtained results.
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Features [ Auto Recognition
Loudness Average | Add I Recognize | Live | Setup I File | Online | Mix | Filter | Test | Features | About |
Zero Cross Rate
Pitch Average
Pitch Variation [C] Use as Training BO - 84 SpectralFlatness, FirstFormant
Clspntinomaion |23 10 Lt e e e
| Spectral Roll Off ) :
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Figure 6.2: Test for pwer set ofall featuresto identify the best combination. |
the first column of the list we see the feature combination in a dec
notation, while its selected bits represent the enabled featurethdr
second column we see the number of correct recognitions. Ir
current snapshot we see Total Tests Size of 150 and Training ¢
25, meaning 125 performed tests. So 122 hits means recogr
accuracy of 97.6%.

As mentioned,n our current testswe first test power set of all features to determine
the best performing set (see Figwé.2 and 6.3. f some features havehe same
recognition accuracy thewe choose the minimized set of features for best resuit
case of aconflict for the number d selected featuresye choose those with minimal
costs simildy to (BolonCanedo, Portdiaz, Sanchdglarofio, & AlonseBetanzos,
2014)

81 117 LoudnessAverage, SpectralFlatness, FirstFormant

a2 108 ZeroCrossRate, SpectralFlatness, FirstFormant

33 116 LoudnessAverage, ZeroCrossRate, SpectralFlatness, FirstFormant

34 101 PitchAverage, SpectralFlatness, FirstFormant

85 122 LoudnessAverage, PitchAverage, SpectralFlatness, FirstFormant

36 114 ZeroCrossRate, PitchAverage, SpectralFlatness, FirstFormant

a7 117 LoudnessAverage, ZeroCrossRate, PitchAverage, SpectralFlatness, FirstFormant
a3 34 PitchVariation, SpectralFlatness, FirstFormant

39 93 LoudnessAverage, PitchVariation, SpectralFlatness, FirstFormant

90 36 ZeroCrossRate, PitchVariation, SpectralFlatness, FirstFormant

Figure 6.3: Detailed view of the tests after being performed for further statist
operations
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After identifying the best performing feature set, we run specific tests with it in order to
obtain detailed information about each recognition attempt (see Figure 6.4).

Recegnizer
Features [ Auto Recognition
Loudness Average | Add I Recognize | Live | Setup | File | Online | Mix | Filterl Test | Features I About |
[C] Zero Cross Rate . . : . -
) Training Size 25 Total Tests Size 130 Limit Activities to 25
Pitch Average
[C] Pitch Variation i True : Cleanin
O] use as Training T ot g
Spectral Flatness [C] spatial Information TE: E;il:t?ng
= Spectral Roll Off [C] Feature Permutations | True : Fridge
First Formant [7] Feature Power Set True : HairDrying
[C] Pitch Energy [C] All Algorithms True : Hairtrimming
Machine L ) B . True : Heating
achine Learning Automatical Feedback |p ). | Hedgecutting - Heating
@ Neirest Meighbor ] Average [*] Random Order True : Kettle
Most Confident Start Tests | True : Micrawave
Inf N lized True : Mixedl
e ormalize ] Detail 1 [True : Mixed2
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Figure 6.4: Test environment snapshot while performing concrete test

Again, we can see details about the recognitioanrautomatically generated sheet
shown in Figure 6.5.

30 Activity Recognition Result

Selected Features Selected Algorithm Loudness Average Pitch Average Spectral Flatness  First Formant

81 Fridge Fridge LA, PA,SFFF NearestNeighbor 147.6246769 148.0156159 0.644670525 493.0499781
82 HairDrying HairDrying LA, PA,SF,FF NearestNeighbor 1765.21369 1836.25899 0.657896913 2153.924047
83 Hairtrimming Hairtrimming LA, PA,SF,FF NearestNeighbor 293.1108619 2166.977346 0.488631417 2400.403849
84 Heating Heating LA, PASF,FF NearestNeighbor 152.1409813 88.59806239 0.59469732 576.4402015
85 I Hedgecutting Heating LA, PA,SF,FF NearestNeighbor 278.4109399 740.4805691 0.583879505 1500.330959
36 Kettle Kettle LA, PA SFFF NearestNeighbor 294.2268045 199.5846187 0.372152853 460.649551

87 Microwave Microwave LA, PA,SF,FF NearestNeighbor 503.2989383 150.2293097 0.441082584 446.7133424
88 Mixedl Mixedl LA, PA SFFF NearestNeighbor 515.1103787 1495.471079 0.701780022 3162.763291
89 Mixed2 Mixed2 LA, PA,SF,FF NearestNeighbor 3239.432844 1531.825784 0.577678735 2034.283961

Figure 6.5: Excel Exporof the detailed test results for a chosen feature combinat
We can see in the first column the actual activity compatedthe
recognition result in the second column. In the next two columns we
the selected features and the usedachine Learningalgorithm for
recognition, followed by the values for each selected feature.

All tests and their results are stored in tliatabase. This includes all intermediate
computation steps as well as the used Sound Processingnd Machine Learning
parameters One can use the results on his own for performing further evaluations with
Excel or Matlab. Such evaluations and visualizatiare those with follow in the next
sub chapters with concrete test®ther evaluations, which are not of particular interest
in this chapter sperformanceevaluation, but represent interesting input for solving the
introduced use cases iBubchapterl.2, are evaluations of the users schedule, for
creating his activity profile, based on different activities which he perfornasdifferent
time. One can also import the computed features from the intermediate steps in his
own program and tryout differenMachine Learnin@lgorithms, or use the features as
additionalinformation for his existing recognition softwarg.g. skipping to include the
Soundbased Device RecognitiGramework as library)



6.2. Test Results

In this subchapter & perform our testsavhich were introduced in Section 6.1.3., with
hardware setupand environment explained in Section 6.1.2.

6.2.1. Identifying the Best Feature Set for the Tests
As mentioned in Section 6.1.1., our Test Corpus consists of 25 Class problem, out of
which 20 Classes reprededevices, 3 Classes are mixes of two devices, anattier
two Classes arepeaker andSlence. We run the implemented muldimensional
Nearest Neighbor algorithm with single training for the task of recognizing 125 activities
consisting of 5 occurrensefrom each of the 25 classeale test the power set of all
features. This meanswith our implemented8 features wetest 255 combinations
excluding the empty seflhe results of best and worst performing feature combinations
together with the average rexgnition results are shown in Table 6.1.

TRl Best Sef] Result Worst Set| Result AUEIRLE
Count Result

LA, (ZCR, P; 52% FF 30.4% 44.6%

LA, SRC 81.6% SRO, Fl 49.6%  67.49%

LA, SF, F 93.6% PV, FF, PE (PV,SRO 62.4%  76.69%

LA,PA,SF,F

) ) ) 0 0 0

(LASFRO.FF 976% PV,SRO,FF,F 64% 79.97%
ZCR,PV,SF,SRQ

k) ) i) O

LA,PA,SF,SRO, 97.6% PA PV SRO FF, 08:8%  80.68%
LA,ZCR,PA,SF,SRC ZCR,PAPV,SF,SRO,F

LA,ZCR,SF,SRO,FF 94.4% (ZCR,PA,PV,SRO,FF 72% 80.06%
LA,PA,SF,SRO,FF (ZCR,PA,PV,SF,SRO
PA,PV,SF,SRO,FF

0 ) i) k) ) O 0

- LA,ZCR,PA,SF,SRO,F 93.6% (ZCR.PAPV.SRO.FF 744% 79%

| 8 | All Features 77.6% All Features 77.6% 77.6%

] . [859%% | _  _ _1624% | 73.26%

Table 6.1: Best, Worst and Average results for all different feature combinations
different set sizesThe results ibracketswere up to 1 recognition close tc
the provided result

With asingle feature for recognition we obtained best results for Loudness Average (LA),
directly followed by Zero Crossing Rate (ZCR) and Pitch Average (BAyefiehalsathe

first three implemented features. It is interesting, that the combination of those three
was nowhere nearto matching the performance of the winners in the next two
categories

Forfeature couple we anticipate alsaninteresting result havin@ectrd Roll Off (SRO)
in the best combination as well as in the worst combinati8milar to that the First
Formant(FF)is constantly in all best results and worst results togettietearevidence

that the combination of features is crucial for recognitiomther than having single
strong features supporting our claims from Section 5.5.4.
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We can see also thabudnessAverage (LAperformswell and could not be found in any

of the worst results. This supports our pseudy of sounds in the theoretical backgnd
Chapter 2, where we claindethat electrical devices have a nice property of being bound
to some loudness level. Also, doing most of the activities at their specific places also
played an important role. For examplaleciding to regroup all devicesand their
locations, will have ,emendous effect on the LA feature.

For best recognition set we identified two combinations, which beat the 97% rate and
one not far behind ¢ <LA,PA,SF,FF(97.6%), <LA,PA,SF,SROFK97.6%), and
<LA,SF,SRO#06.8%)We icentify the reasorfor these exceptional good resulbeing

the Sound Processingetup for the environment, as well as most of the devices being
tested throughout the development, thus enablirnthe precise extraction of their
characteristics.

Our average rsults between 4 and 7 feature sizes was about 88béchis also a same
feature count, where the best results peakatle tested ar automatic feature selection
algorithmand itchosea set of 6 features to obtaifil.2%recognition accuracylhus we
concluck thatthe feature countrange between 4 and 7 featurésthe bestperforming

In Figure 86 we can see a visualization of the results from Table 6.1. We can see that

both best and average cases increase their accuracy for feature count up to 4 and 5, and

from that point on we seea declining. Thus we obsenthat the increasing number of

featuresR2 Say Qi ySOSaal NAf & YnBrtioied nSectios N2.ANBS O2 Ay A
However if one wants to be on the safe side, one should implement more features,

because as we see the worst case recognition rate increases with each new feature

addition.
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Figure 66: A plot of best (blue) vawverage(green)vs.worst (red) results in terms ¢
the different recognition rates {gxis) according to the different featul
set size (daxis). The violet point represents the automatic featt
selection, which selected 6 features and obtained 91.2% recogt
accuracy.



This evaluation can serve alsoatest for correct identification of important features
e.g. hiresholdfor those features and feature selection methputification

6.2.2.  Running Detailed Tests
In this section we provide a confusion table for the best feature sets identified in the last
section as well as detailed testthe of the performance with our automatiselected
feature setby supplying the recognizer with special information about the activitigs.
shouldalsonote that the devicesnd their locationsre according to Section 6.1.1.

Testing the Best Feature Set
In Table 6.2we provide aconfusion matix of the device predictions of the two best
performing setsidentified in the previous section, comparedth the actual device
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Table 62: Confusiommatrix for best resultglisplaying theactual class of somaevice
and its prediction byhte classifie(the two best resulthavesame matrix)
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We can see surprisingly good results for the automatically mixed data for recognition.
Also it wassurprisingthat the Hedgecutter wagnisrecognized three times, while its
combination with theHairtrimmerwas all corredy identified The only misrecognized
indoor device was the Shaker. However, it got confused with its combination with the
Vacuum Cleaner, thus nbeing arentirely erraneous recognition.

Testing the Feature Set with Automatic Feature Selection

Our automatic feature selection algorithm chosa 6 feature set consisting of
<LA,ZCR,PA,SF,SRO,R#®ch obtainedrecognition accuracy 091.2% Most of the
wrong recognitions we of devices, whictdo not belong to the same Activity Zone
according to Section 6.1.1., like the erroneous recognition of Hedgecutter as Absorber.
So we conducted an experiment by supplying the recognizer with information about the
location of the device Theexperimentthen achieved arecognition result of 97.6% (see

Table 6.3).

Predi 1(1 1 1 2
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24 ToothB

25 Wastler
Table 63: Confusion matrix fothe automatic featureselectionand its prediction
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6.2.3.  Test of Mixing
In order to test the mixing component we record two activities and their combination,
and thenwe mix automatically the recorded activities and compare them according to
the obtained featuregsee Figre 6.7)

. /- Loudness-\

Tooth L .

Brush + = Y_ Fiteh 7
ZCR

Figure 67: lllustration of the mixing process two device recordand its featurewise
comparison with the real mix

We use the tests from the previous section to compare 6 records of Toothbrushing,
Showering, together with their automatend real mixes, to illustrate in FigureBéheir
similarity in terms of the first implemented and most robust single featuréer
spectrogram comparison of the tests see Appendix E.
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Figure 63: Threedimensional plot with realRed and automatic Green) mix of
Showering (Blue) andloothbrushing (Orange) according to their of
experiment distribution over Loudness, Zero Crossing Rate and Pitch.
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We obtained similar results when mixing other devices, except whikéng Shaker and
VacuumQeaner, whichshared almost same featurd®tween the automatic mixing and
real mixing,except the average pitch. E.g. in the mixed version the pitch of the shaker
was perceived to be stronger, so it dominatadd produced similar values throughout
the tests. Wile in the real mies of both deviceswe measured average pitatanging
between 586 Hand 915 Hz with one occurrence 531 Hz Such deviations can be
explained by the occurrence of acoustic resonance aeadouslyaffect pitchbased
recognition.

6.2.4. Comparison betw een NNMD and Infer.NET
We alsomadea comparison between the Infer.NET classifier and our implementation of
the multi-dimensional Nearest Neighbéwr our test corpusWe selected the full feature
set to check, whether Infer.NET can handle better multipkgures Our results showed
that for testing with single training, both recognizers achietlbd same recognition
accuracy. The drawback of Infer.NET was that it ran about 10 times slower, which is
understandable, considering the much larger number of patations t has to perform.
However, with the increasing number of training data Infer.NET steadily increases its
recognition rate, while our optimized implementation had virtually the same recognition
rate (either a bit higher or a bit lowerpo we antiipate a tradeoff, between runtime
and recognition rate, where one might choose the best option for his setup.
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Chapter 7

Conclusion & Outlook

In this Thesis we designed and developed t8eundbased Device Recognition
Framework for classifying sounds occuring home environment. In the development
process, wdirst studied the nature of the sounds produced by different devices. Then
we incrementally determind a set of features, which distinguishes them frame
another.We extracted these featuresy applyng variousSound Processingchniques.
For the final phase of classification, wptimizedthe Nearest Neighbor algorithrand
imported the Bayes Point Machinéfter implementing all steps of éfull process from
activity to recognition with multiple saltion choices at each phaseje performed a
detailed evaluation of the systelwy testing itsmultiple facets Our tests showed robust
recognition resultsand helped us to identify a sufficient set of features avidchine
Learningalgorithms to build a robst personalized recognizeThus, we consider this
stage of development of the Sou#mhsed Device Framework as complete. Furthermore,
it provides a solid base for further developments.

7.1. Contributions
Despite its early development stage, there are many dbations in the field ofSound
based Device Recognitigmmovided in this workThe study of specific characteristics of
the sounds produced by devicakne has not been investigated any related waok. In
contrast we first performed a manual study ofém andthen madea full testing of all
combinations to identify the best performing sdWlost of those characteristicsvere
overseenby the majority of related work$or the case of general activity recognition
since they are not applicable foBpeech Reagnition, which is th& conventional
research staihg point. However, according to our evaluation, combinationsoaof
chosen features are definitely important for classification of activities in a home
environment.We also adopted differeniMachine Leaming techniques and optimized
couple of them for ourpurpose. We also introduced thenly systemin the field,
designed to learn over timasing a feedback from the usand toadapt its recognition
settingssuch asautomatically choosing itfeature set A further contributionfrom a
software engineering standpoint is the flexible development of the Framework, which
incrementally increases its capabilities carrying out a spiral development process.



7.2. Review of Research Questions
Here we review the reseahncguestions from Subchapter 1,6vhich represent a further
contributions of our work.

7.2.1. Could we reduce the complexity of a recognition system, while
maintaining the recognition rate?
We havenot only shown that we can significantly reduce the complexits oécognition
setup in a personalized setup, but also implemented different ways to do this in both
Sound Processirand Machine Learnin@lasses.

7.2.2. Which are the relevant sound features for the task of device
recognition, and can we choose th eseautomatica Ily?

We investigatedthe feature selectiorirom many different perspectivedVe first studied
the feature selection manually with sound analyzing software thietd we incrementally
built the desiredset of features in ouiSound ProcessinGlass Then inour Machine
LearningClasswe implementedautomatic feature selectionBoth, the chosen feature
set for implementation, as well as their automatic selection for recognition, performed
well in our evaluation.

7.2.3. Could we automatically mix activities for their un trained
recognition?
We obtained very good results in mixing automatically activif@stheir untrained
recognition. Furthermorgwe made a detailed comparison between automatically mixed
records of some activities and their real simultaneous occurrence

7.3. Outlook

There are several possible improvements that could be done irsoundbased Device
RecognitionFramework in the near futureThe firstand most important is to develop
automatic acoustic event detection. This will enable creatingsmart continuous
monitoring of the environmentwithout the drawback of fixed size frames, where one
might buffer only partial acoustic information. This opens the dtwmodelling the
environment usinddynamic Bayesian Networks, whickate statesto each other over
adjacent time stepsAmong the most popular choices are the Hidden Markov Models,
which represent a simplified version of a Dynamic Bayesian Network. They observe the
state of the environment as the only information souritepredict the next occurring
state. The state transition probabilities are then computed via observations. In our case
this will allow us to recognizectivities asprocesgs instead of making partial
momentarily recognitions.For exampleby monitoring the sounds produced by some
device over time we could create a model to predict, what kind of activity was
performed with the device.
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Another way toconfidently recognize activities is to go one step furthethia direction

of automatic event detectionThen, we couldvisely extractmeaningful audio intervals
by applyingenvelop&® modeling(Jensen, 1999After extracting the features from the
extracted sound intervals, oneould seek for similarities with trained data using the
Dynamic Time Warping algoritfifMdiller, Ellis, Klapuri, & Richard, 20189r example,
both described techniquesould provide a neaningful differentiation betweernthe
activity of cleaning witha vacuum cleaner and leaving the vacuum cleaner running
uncontrolled, beyond the recogman of the vacuum cleaner device itself.

For cases where one has multiple available sound inputs, angd adopt Sound
Processingechniquesto exploit their presencén terms of combining their information
for obtaining in depth knowledge about the emsrment. It wouldalso be interesting,
whether onecould exploit unconventional audio inputas well Such an unconventional
audio inputcould be the musical instrument called Theremin, which produces different
sounds according to th@resenceof humans andhas successfully been tested for
gesture recognitiofEndres & Dimitrov, 2010)

7.4, Open Problems
Here we select three majocomplex problemghat are still not investigatedby any
research collective.d€h of thoseproblemsrepresenst an interesting challeng in the
domain ofSound-basedActivity Recognition:

Environment with multiple inhabitants; it would be interesting to investigate an
environment, where multiplgpersonsare actingand produdng different sounds. It is
indeed a challenge to recognize thesnd their actions One possiblesolution of the
problem is after recording all sounds to mix them automatically and extract the features
from the mixin the conventional wayas successfully incorporated in this thesis for
multiple device recognitionA @mplicated scenario here might be the casehen
dealing witharchitectureof centralized serveand multiple clientshaving thousands of
records, where mixing all those records might not be practical, so one Hasable to
make good automatic decisisnwhich activities could occaoncurrently and at what
place There is a similar challenge the $eaker andSpeech Recognitiofield to
discriminate, which person is talking, besides the ac&@ech RecognitiorHowever,
there is often a good concerd KI & 023K &ALJSI {SNB dzadz &
which is not feasible in activity context.

% The evoluion over time of the amplitude of a sound

% Algorithm for measuring similarity between two temporal sequences which may vary in time or.speed
Finds numerous applications in Music Recognition in measuring similarity between music pieces, which
are playedwith different tempo.



Rare activitiesq activities, whichseldom happen like repairing a house or house
accidents. A recognizer could not cover all thasgvities in a learninghmse.However,
an appropriate reaction should preseng¢specially incase of anaccident, one can
considerhigh level abstractionin which a central servgrirocesses large database of
rare activities listed with their features to run a lookup when tpersonalized
recognizer fails to providarecognition answer.

Transition toUnsupervised.earning- when receiving features, which are deviating from

all current references, many times the same way, the system should be able to note,
that there might be ne activity happeningWe could eventuallytryout completely
unsupervised activity recognition usingti@ty models and common sense similar to
(Wyatt, Philipose, & Choudhury, 20QB8)arszalek, Laptev, & Schmid, 2009)

98



99

Bibliography

Azfiria, A., Izaguirre, A., & Augusto, J. C. (2Q1€grning patterns in ambient intelligence
environments: a survertificial Intelligence Review, @4, 3551.

Beigi, H. (2011Fundamentals of Speaker Recognitidew York, USA: Springer.

Belley, C., Gmury, S., Bouchard, B., & Bouzouane, A. (2013). Activity Recognition in
Smart Homes Based on Electrical Devices ldentificalooceedings of the 6th
International Conference on PErvasive Technologies Related to Assistive
Environmentgpp. 7:1-7:8). Ishnd of Rhodes, Greece: ACM.

Bernsee, S. M. (September 21, 199K S 5C¢ dat t ASREY al adSNAyYyS3
in One DayDSP Dimension. Germany: DSP Dimension.

Boehm, B. W. (1988, May). A spiral model of software development and enhancement.
Computer 21(5), 6172.

BolonCanedo, V., PortDiaz, |., Sancheédarofio, N., & Alons@etanzos, A. (2014, July).
A framework for cosbased feature selectiorRattern Recognition, 47), 2481
2489.

Brey, P. (2005). Freedom and Privacy in Ambient Intelligditiees and Information
Technology, (B), 157166.

Chu, S., Narayanan, S., & KueCC(2009, Aug). Environmental Sound Recognition With
Time;Frequency Audio FeaturedEEE Transactions on Audio, Speech, and
Language Processing, (67, 1142 1158.

Cook, D. .J Augusto, J. C., & Jakkula, V. R. (2009, August). Ambient Intelligence:
Technologies, Applications, and OpportunitiBervasive and Mobile Computing,
5(4), 277298.

Cooley, J. W., & Tukey, J. W. (1965). An algorithm for the machine calculation ofxcomple
fourier seriesMathematics of Computation, 190), 297301.

Daubechies, I. (1992)Ten Lectures on Wavele{®th ed., Vol. 61). Philadelphia,
Pennsylvania, USA: Society for Industrial and Applied Mathematics.

Dersch, W. C. (1962)IBM Shoebox.Advanced Systems Development Division
Laboratory, Advanced Technology Group. San Jose, Calif: IBM.

Ellis, D. P., Whitman, B., & Porter, A. (October224 2011). Echoprint.12th
International Society for Music Information Retrieval Conferecami: ISMIR.



EndresC., & Dimitrov, S. (November-12, 2010). Using a Theremin for MigBesture
Recognition in an Automotive EnvironmerAdjunct proceedings of the 2nd
International Conference on Automotive User Interfaces and Interactive Vehicular
ApplicationsPittsburdn, PA, USA: AutomotiveUl.

Feld, M. (2011)A speaker classification framework for riotrusive user modeling:
speecHbased personalization of-4rar servicesComputer Science Institute, DFKI.
Saarbriicken: Saarland University.

Frey, J. (July 189, 2013).AdAPT- A dynamic Approach for Activity Prediction and
Tracking for Ambient IntelligenceProceedings of the 9th International
Conference on Intelligent Environme(pp. 254- 257). Athens, Greece: IEEE.

Frey, J., Neurohr, C., & Brandherm, B. (JulyZD14). EVA Self Adaptable Evesitased
Recognition Framework for Thrég&imensional Activity ZoneBroceedings of the
10th International Conference on Intelligent Environme8tsanghai, China.

Frey, J., Stahl, C., Réfer, T., KBegckner, B., & Alexaerdsson, J. (2010)The DFKI
Competence Center for Ambient Assisted LiviAgnbient Intelligence: First
International Joint Conferenc810-314.

Fujishima, T. (1999). Realtime Chord Recognition of Musical Sound: a System Using
Common Lisp MusicProceedingsof the International Computer Music
ConferenceBeijing, China: International Computer Music Association.

Glinsky, A. (2000 heremin: Ether Music and Espiona@aicago: University of lllinois
Press.

Gupta, S., Reynolds, M. S., & Patel, S. N. (20&8}riEense: singipoint sensing using
EMI for electrical event detection and classification in the hoRmeceedings of
the 12th ACM international conference on Ubiquitous compufjopy 139148).
New York, NY, USA: ACM.

Guyon, I., & Elisseeff, A. (20@3,1). An introduction to variable and feature selection.
The Journal of Machine Learning Researcth1871182.

Hart, G. (1989, June). Residential energy monitoring and computerized surveillance via
utility power flows.Technology and Society Magazing&)812- 16.

Hastie, T., Tibshirani, R., & Friedman, J. (2009.elements of statistical learniignd
ed.). Springer.

Herbrich, R., Graepel, T., & Campbell, C. (2001, 9 1). Bayes point mathadsurnal
of Machine Learning Research,245279.

100



IBM Corporation, & Microsoft Corporation. (1991, August). Multimedia Programming
Interface and Data Specifications 1.0-6

Istrate, D., Vacher, M., & SerignatFJ.(2008). Embedded Implementation of Distress
Situation. Identification Through Sound Arg$y The Journal on Information
Technology in Healthcare(3, 204211.

Jensen, K. (December-19, 1999). Envelope model of isolated musical sounds.
Proceedings of the 2nd COS® @/orkshop on Digital Audio Effectsondheim,
Norway: NTNU.

K. H. Davis,.B. (1952)Automatic Digit Recognition (AUDRBBéI Laboratories.

Karbasi, M., Ahadi, S., & Bahmanian, M.-163Dec 2011). Environmental sound
classification using spectral dynamic featur8th International Conference on
Information, Communicatiorsnd Signal Processiffgp. 1-5). Singapore: ICICS.

Katz, S. (1983, 12). Assessing-selintenance: activities of daily living, mobility, and
instrumental activities of daily livinglournal of the American Geriatrics Society,
31(12), 721727,

Ke, SR.a-J., Hwang, N., Yoo, JH., & Choi, KH. (2013, 6 5). A review on videased
human activity recognitionComputers, ), 88131.

Koller, D., & Sahami, M. (1996). Toward Optimal Feature Sele@tm.International
Conference on Machine Learnifmp. 284292). Bari, Italy: Stanford InfoLab.

KronlandMartinet, R., Morlet, J., & Grossmann, A. (1987, August). Analysis of sound
patterns through wavelet transforms.International Journal of Pattern
Recognition and Artificial Intelligencg02), 273302.

Lawton, M. P., & Brody, E. M. (1968). Assessment of Older Peopitdeiathining and
Instrumental Activities of Daily Livinghe Gerontologist,(8), 179186.

Lei, H., & LopeGonzalo, E. (2009). Mel, Linear, and Antimel Frequency Cepstral
/| 2STUOASYGa AY . NRPIFIR tK2ySGiAO weah2ya F2N
Annual Conference of the International Speech Communication Assockaitih
2326.

Lippmann, R. P. (1997). $pé recognition by machines and humanSpeech
communication, 2@1), %:15.

Lombriser, C., Amft, O., Zappi, P., Benini, L., & Troster, G. (2011). Benefits of dynamically
reconfigurable activity recognition in distributed sensing environmeAtgivity
Recogition in Pervasive Intelligent Environments285290.

101



Lozano, H., Hernaez, I., Picon, A., Camarena, J., & Navas, E. (2010). Audio Classification
Technigues in Home Environments for Elderly/Dependant Pedpdenputers
Helping People with Special Ne@@is9), 326323.

Mark Hall, E. F. (2009, 6). The WEKA Data Mining Software: An UaGateSIGKDD
Explorations Newsletter, Volume (1}, pp. 1618.

Marszalek, M., Laptev, I., & Schmid, C.-Z80June 2009). Actions in contexEEE
Conference onComputer \disiand Pattern Recognition (CVRE). 29292936).
Miami, FL, USA: IEEE.

Microsoft Corporation. (2007, Decembekjultiple Channel Audio Data and WAVE Files.
Microsoft Corporation.

Minka, T. P. (2001). Expectation Propagation for Approximate Bayesiarenicder
Proceedings of the 17th Conference in Uncertainty in Artificial Intellig&hfe.
'01, pp. 362369. San Francisco, CA, USA: Morgan Kaufmann Publishers Inc.

Minka, T., Winn, J., Guiver, J., & Knowles, D. (20df2y.NET 2.5Microsoft Research
Cambidge.

Moorer, J. A. (19750Dn the Segmentation and Analysis of Continuous Musical Sound by
Digital Computer. Stanford University, Department of Computer Science.
Stanford, CA: Stanford University.

Mdller, M., Ellis, D. P., Klapuri, A., & Richard, G. (20ddruary 4)Signal processing for
music analysisSlEEE Journal on Selected Topics in Signal Procegsindl(&88
1110.

Nebeker, F. (1998Fifty Years of Signal Processing: The IEEE Signal Processing Society
and its Technologies 194®98. IEEE, Histy Center. New Brunswick, NJ: The
IEEE Signal Processing Society.

PasschieVermeer, W., & Passchier, W. F. (2000pise Exposure and Public Health.
Environmental health perspectives, 108 123131.

Peeters, G. (2004A large set of audio features f@ound description (similarity and
classification) in the CUIDADO projdeistitut de Recherche et Coordination
Acoustique/Musique, Analysis/Synthesis Team. Paris, France: IRCAM.

Pressman, R. S. (January 20, 2088jtware Engineering A Practitioner's Aggch (7th
ed.). McGrawHill Science/Engineering/Math.

Provost, F., & Fawcett, T. (2001, March). Robust Classification for Imprecise
EnvironmentsMachine Learning, 43), 203231.

102



Russell, S., & Norvig, P. (201yificial Intelligence: A Modern Apprda¢3 ed.). Upper
Saddle Riverl3, New Jersey: Prentice Hall.

Scharenborg, O., & Cooke, M. P. (June64 2008). Comparing human and machine
recognition performance on a VCV corp¥g8orkshop on Speech Analysis and
Processing for Knowledge Discovéglborg Denmark: ISCA.

Sehili, M. A., Lecouteux, B., Vacher, M., Portet, F., Istrate, D., Dorizzi, B(26t3).
Sound Environment Analysis in Smart Honfembient Intelligence: Third
International Joint Conferenc208223.

Souza, C. R. (April 201Zhe Acord.NET Frameworkederal University of Sao Carlos,
Department of Computing.

Stager, M. (2006)LowPower SoundBased User Activity RecognitioBwiss Federal
Institute of Technology Zurich, Information Technology and Electrical
Engineering. Zurich: ETadrich.

Stager, M., Lukowicz, P., & Troster, G. (2004). Implementation and Evaluation of a Low
Power SounéBased User Activity Recognition Systéroceedings of the Eighth
International Symposium on Wearable Computgrs. 138-141). Washington,

DC, USAEEE Computer Society.

Stager, M., Lukowicz, P., & Troster, G. (2007, June). Power and accuraegffsade
soundbased context recognition system®erCom- Pervasive and Mobile
Computing, 83), 300327.

Tapia, E. M., Intille, S. S., & Larson, K. (200dijvity recognition in the home using
simple and ubiquitous sensors. In A. Ferscha, & F. Matteznture Notes in
Computer Sciend®&/ol. 3001, pp. 15875).Berlin Heidelberg, Germany: Springer.

Temko, A., Malkin, R., Zieger, C., Mach., & Nadeu, C. (2006\coustic Event
Detection and Classification in Sm&bom Environments: Evaluation of CHIL
Project System<ough 511.

Tzanetakis, G., Essl, G., & Cook, P. (2001). Audio Analysis using the Discrete Wavelet
Transform.Proc. WSERt. Conf. Acoustics and Music: Theory and Applications.
Skiathos, Greece: AMTA.

Vinet, H., Herrera, P., & Pachet, F. (:B#th October 2002). The CUIDADO Project
(Contentbased Unified Interfaces and Descriptors for Audio/music Databases
available Onlia). 3rd International Conference on Music Information Retrieval.
Paris: ISMIR.

Vuegen, L. a., Karsmakers, P., & Vanrumste, B. (2013). Automatic Monitoring of Activities
of Daily Living based on Ré& Acoustic Sensor Data: a preliminary study.

103



Fourth wakshop on speech and language processing for assistive technologies
(SLPAT)(pp. 113118). Grenoble, France: Association for Computational
Linguistics.

Wang, A. LC. (2003). An Industri&trength Audio Search Algorithmith Symposium
Conference on Muslaformation Retrieval7-13.

Wang, JC., Lee, HP., Wang, &., & Lin, GB. (2008, January 4). Robust Environmental
Sound Recognition for Home AutomatiolEEE Transactions on Automation
Science and Engineeringl}) 25- 31.

Wang, JF., Wang, L.,Huang, FH., & Hsu, GS. (2003, Dec 30flHome environmental
sound recognition based on MPHEGeatures.IEEE 46th Midwest Symposium on
Circuits and Systems, @32- 685.

Weber, W., Rabaey, J., & Aarts, E. H. (March, 280a)ient IntelligenceSpringe.

2 ASOI 2Nl 2¢6al1lz ! ox VY2t Ol eahiad df Clasdfigrg forghe wi T X
Recognition of Musical Instrument Dominating in the Sdfiteh Mix. New
Challenges in Applied Intelligence Technologi€s34), 213222.

Wyatt, D., Philipose, M.& Choudhury, T. (May 9, 2005). Unsupervised activity
recognition using automatically mined common senBeoceedings of the 20th
national conference on Artificial intelligende pp. 2227. AAAI Press.

Young, S., Kershaw, D., Odell, J., Ollason, Dch¥ajtV., & Woodland, P. (2000he
HTK Book (for HTK Version 35L¢d.). Microsoft Corporation.

Yuk, D. (1999Robust Speech Recognition Using Neural Networks and Hidden Markov
Models. The State University of New Jersey, Graduate Seddewl Brunswick.
New Brunswick: Rutgers.

Zhuang, X., Zhou, X., Huang, T. S., & Haseg@lweson, M. (2008). Feature analysis and
selection for acoustic event detectionlEEE International Conference on
Acoustics, Speech and Signal Processing, 2008 (IGRRSP}20). La Vegas,
USA: IEEE.

104



Appendix

A. Class Organization

In Figure A.1 we seefall class diagram containingost importantclasses in the project
and their corresponding placen(parallelto Subchapteb.2).

g SoundRecognizer.exe

(o]

{} soundRecognizer

{}) Microsoft Office Interop.Excel

{1} SoundRecognizer Properties {) SoundRecognizer.Network

{} soundRecognizer.Sound {} soundRrecognizer.ML

% WaveFileMixer

& SoundState

{3 MachineLeaming % Classifierinfer

CB MicrophoneNA @ WaveFieParser

cLP) SpectrumEeventArgs

% Featurexiractor

& RecordingState

@ SpectrumeFT

(@ AudioPlayerNA

4 TimWaveStream

"@ StatsEventArgs

% ActivityZones

& MLConfidence

Q’;‘ MaxSampleEventArgs

Figure A.1 Full dass Diagram of the Soundbasd Device Recognitio
Solution in Visual Studio 2012
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B. Activity Type and Device Type

When the user annotates some Activity Type we infer Device Type as follows:

public enum ActivityType

{
Absorbing , /l -> Absorber
BikeMaintenance , /" -> Chain Cleaner
Cleaning , /I ->Vacuum Cleaner
CoffeeMaking , /I -> Moka Pot
Epilating /I -> Epilator
FridgeCooling , /Il -> Fridge
HairDrying /I -> Hairdryer
Hairtrimming /I -> Hairtrimmer
Heating , Il -> Heater
Hedgecutting , /Il -> Hedgecutter
Microwaving , Il -> Microwave
Mixing , /I -> Mixer
MusicListening /I -> Music Centre
ShakerPreparation , // -> Shaker
Shaving, /I -> Shaver
Showering, /I -> Shower
Speaking , Il -> Speaker
ToiletFlush /I -> Toilet
Toothbrushing /I -> Electrical Toothbrush
Washing, /I ->Washing Machine
WaterBoiling /I -> Kettle
Test, /I -> Test Device
Mixed1, I/l -> <Devicel,Device2,(Device3)>
Mixed2, I/l -> <Devicel,Device2,(Device3)>
Mixed3, Il -> <Devicel,Device2,(Device3)>
Unknown In->{.}
}

Where Y& Q¢ ¢ig) fixed to unknown activities, like tBe which the user hasot
defined or decided to hide,”YQiisofor test purposes of unlisted activity types,
0 QoI Q@QomEXHER or three available mix choices.
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C. Multi -dimensional Nearest Neighbor

Here we compute theNearest Neighbor and return a sorted list with the nearest
neighbors according to Section 5.5.4. One shonfute that this is a simplified version,
where logic for averagkstatisticsand common metricss omitted.

public SortedDictionary <double , int > NearestNeighbourMD (Stats currentStats)

{
SortedDictionary  <double , int > distanceToFeature = new SortedDictionary  <double , int >();
for (int activitylndex =0; activitylndex < activities . Count; activityindex  ++)
double distance =0.0;
for (int featurelndex =0; featurelndex < MlFeatures Count; feature Index ++)
{
double reference = activities [ activityindex . stats . array [ featurelndex J);
double current=  currentStats. array [featurelndex] ;
if (!currentStats. ignore [ featurelndex 1])
{
distance += Math. Powrreference - current, 2.0);
}
}
distanceToFeature. Add(Math. Sqrt (distance ), activitylndex );
}
return distanceToFeature;
}
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D. Test Records Spectrograms
Here we showl0 secondspectrocrograms of all2 test records:

Figure DL Absorber
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Figure D2 Chain Cleaner

Figure D4 Moka Pot
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Figure 6 Epilator

Figure D6 Fridge

Figure D7 Hairdryer

Figure D8 Hairtrimmer
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