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Introduction

% Introduction to Analysis for sound data
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Sound data
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Sound data
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Sound data
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Feature Engineering
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Feature Engineering
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Feature Engineering

o Bl ATE 220 (Mel Spectrogram)
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Feature Engineering

o Bl ATE 220 (Mel Spectrogram)
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Feature Engineering

% MFCC (Mel-Frequency Cepstral Coefficient)
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Feature Engineering

% MFCC (Mel-Frequency Cepstral Coefficient)
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Feature Engineering
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[ Visualization ] [ Feature extraction ]
4 Display & Feature extraction
& Data visualization & Spectral features
librosa.display.specshow librosa.feature.chroma_stft
librosa.display.waveplot librosa.feature.chroma_cqt
Axis formatting librosa.feature.chroma_cens

Miscellaneous librosa.feature.melspectrogram
® librosa.feature.mfcc
Linear-frequency power spectrogram o
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Rhythm features

Time

Feature manipulation

Feature inversion

Librosa module document : https://librosa.org/doc/latest/index.html

KOREA ..:‘. Data Mining

UNIVERSITY Quality Analytics



ineering

Feature Eng

o =

16

1 (83173,)

37|

7

T
H
-
(@)
A

09 2C|Q m}Y

3 |
Data Mining
Quality Analytics

v rgstd e, E71d YLt ”
of

.%‘

KOREA

UNIVERSITY



ineering

Feature Eng

KO
jr

Kf
K-

o0

ofru

Mel Spectrogram

: (128,163)

Y
m

MFCC

A

: (83173,)

37|

17

Data Mining
Quallity Analytics

.%‘

KOREA
UNIVERSITY



ineering

Feature Eng

KO
jr

Kf
K-

o0

ofru

output

CNN 24

RGB 0|O|X| (3, 32, 32)

18

Data Mining
Quality Analytics

.ﬁ

KOREA
UNIVERSITY



Data Augmentation
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Data Augmentation
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Data Augmentation
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Data Augmentation
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Data Augmentation
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Deep Learning model
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Wavenet: A generative model for raw audio

A Oord, S Dieleman, H Zen, K Simonyan... - arXiv preprint arXiv ..., 2016 - arxiv.org

This paper introduces WaveNet, a deep neural network for generating raw audio waveforms.
The model is fully probabilistic and autoregressive, with the predictive distribution for each
audio sample conditioned on all previous ones; nonetheless we show that it can be ...

v 99 2462z 218 HEEXE TH 1272l HHE 9 52 code implementations
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WAVENET: A GENERATIVE MODEL FOR RAW AUDIO —
————
Airon van den Oord Sander Dieleman Heiga Zen' ——
‘
Karen Simonyan Oriol Vinyals Alex Graves e — — J

Nal Kalchbrenner Andrew Senior Koray Kavukcuoglu I ext S p e ec h

{avdnoord, sedielem, heigazen, simonyan, vinyals, gravesa, nalk, andrewsenior, korayk } @google.com
Google DeepMind, London, UK
 Google, London, UK
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Deep Learning model

+» Wavenet
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Wavenet
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Wavenet

%+ Dilated Causal Convolutions

« Dilated convolution2}t Causal convolution 7HE S 4¢!
=<

- Dilated convolutions — EE0f| zero padding= 75 &2
E{7} ot B0l 2 & Q&= HO|EHE EME £+ s EY
=

i
1o
®
(@)
D
©
=
<
(©)
—
@
o
i
mr
A
P

AN —

> receptive fieldZh &
> QUE [o|Ee EXNE TOYT| QML receptive fiel

[ receptive field size ]

° Ld *
slele 0-ario
-, ° ° °
1-dilated 2-dilated 4-dilated
convolution convolution convolution

KOREA ..:% Daquining 27

UNIVERSITY Quality Analytics



Wavenet

%+ Dilated Causal Convolutions
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Wavenet

»» Dilated Causal Convolutions
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Wavenet

%+ Dilated Causal Convolutions
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Wavenet

%+ Dilated Causal Convolutions
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Wavenet

Conditional wavenet
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Wavenet

“ Generated Audio by wavenet
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Wavenet

+»» WaveNet seminar in DMQA

= &3 FA : http://dmgm.korea.ac.kr/activity/seminar/242

WaveNet: A Generative Model for Raw Audio

02 | WaveNete| £ ZOIE

1. Autoregressive Model \

REFERENCES ' )
2. Dilated causal convolutions WaveNet

3. Output — categorical/softmax distribution - Input: audio = Output: audio

4. Gated activation units

INFORMATION B920184 10852 (3 25 141302~ © nejcieta NZoHR218%
5. Residual and skip connections )
E£: 2 ‘a’ g 6. Conditional WaveNet —> Input: audio & text information = Output: audio
(Text-to—-Speech)
TOPIC WaveNet: A Generative Model for Raw Audio

— o
3 Experiments WaveNet: A Generalive Model for Raw Audio
03 | 2. Text—to—Speech 03 | 2. Text—to—Speech
o AE N -
1. AR 2104: North American English & Mandarin Chinese 2. MOS test

2. Single speaker

3. Locally conditioned WaveNet Subjective 5-scale MOS in naturalness

Speech samples | North American English Mandarin Chinese
. oo LSTM-RNN parametric 3.67 = 0.098 3.79 +0.084
§ HMM-driven concatenative 3.86 = 0.137 3.47 £0.108
1. Statistical parametric: LSTM-RNN WaveNet (L+F) 421+ 0081 4.08 + 0.085
Concatenative: HMM~—driven Natural (8-bit p-law) 446 + 0.067 425 +0.082
Natural (16-bit linear PCM) 4.55+£0.075 421 £0.071

2
3. WaveNet (L): linguistic feature
4, WaveNet (L+F): linguistic feature + log F
- logarithmic fundamental frequency: linguistic feature2R2Ef ZtS L= RHO0| FIHXoz Ex * WaveNet0| Ct2 RS0 5 =2 HHE FA2H,
=

Al S4at vlmeiMe 2 F
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Deep Learning model

»» Feature & CNN Model for audio classification

« Feature — Mel spectrogram / MFCC & A28 AHS H%E
« CNN Model — Resnet 222 AtEE A HE
[CNN 22 8 9r|Q 22 M5 H|W ] [ Feature '8 S 3 &§F 45 Hln ]

[PDF] Crackle and wheeze detection in lung sound signals using_convolutional
neural networks
PS Faustino - 2019 - repositorio-aberto.up.pt

CNN architectures for large-scale audio classification
S Hershey, S Chaudhuri, DPW Ellis... - ... on acoustics, speech ..., 2017 - ieeexplore.ieee.org
Convolutional Neural Networks (CNNs) have proven very effective in image classification

and show promise for audio. We use various CNN architectures to classify the soundtracks
of a dataset of 70M training videos (5.24 million hours) with 30,871 video-level labels. We

examine fully connected Deep Neural Networks (DNNs), AlexNet [1]. VGG [2]. Inception [3],

and ResNet [4]. We investigate varying the size of both training set and label vocabulary,
finding that analogs of the CNNs used in image classification do well on our audio ...

Yr 99 9343 218 T SEXE A 8742l i 6 code implementations

Table 2: Comparison of performance of several DNN architectures
trained on 70M videos, each tagged with labels from a set of 3K. The

MOTIVATION: Respiratory disease is among the leading causes of death in the world. Most
of these deaths occur in poorer countries where pollution is more prominent and medical

care is less accessible. Prevention and early detection are essential steps in managing
respiratory disease. Auscultation is an essential part of clinical examination as it is an
inexpensive, noninvasive, safe, easy-to-perform, and one of the oldest diagnostic

techniques used by the physician to diagnose various pulmonary diseases. The drawbacks ...

¥r D9 DT EERE 9 no code implementation

Table 10 - Five-fold cross validation mean test metrics for each method. The best results for each of the metrics are highlighted

last row contains results for a model that was trained much longer in bold.
v S, 'y P ~11 1 . M - P 3 11
:l:::\me others, with a reduction in learning rate after 13 million nput | Num. ,\14-:::, wean | wean | wean | Mean ‘N,\g?;,;r -chf:caﬁe- wh:,:;g %2?.2
o features | param. accuracy AS HS . SE recall recall recall recall
Architectures Steps Time AUC d-prime mAP
Fully Connected 5M 35h 0.851 1.471 0.058 aﬁ‘?") 63428 | 37% 037 | 036 [ 041 [ 033 0.41 0.45 0.22 0.09
AlexNet M 82h 0.894 1.764 0.115
VGG SM 184h 0911 1909 0.161 PSD | 74756 | 40% 040 [ 039 | 037 [ 042 0.37 0.52 0.33 0.28
Inception V3 M 137h 0918 1.969 0.181
M 74,7 43% 043 | 042 | 036 | 0.51 0.36 0.62 0.37 0.34
ResNet-50 SM_ 119 0916 1952  0.182 s %
ResNet-50 I7TM  356h 0926 2.041 0.212 MFCC | 74,756 | 43% 042 | 042 | 042 [ 042 0.42 0.55 0.26 0.26
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DCASE Challenge
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DCASE2021 Challenge

IEEE AASP Challenge on Detection and Classification of Acoustic Scenes and Events

1 March - 1 July 2021

v" Acoustic Scene Classification

v" Unsupervised Anomalous Sound Detection for Machine condition Monitoring
v" Sound Event Localization and Detection with directional inference

v" Sound Event Detection and Separation in Domestic Environments

v" Few-shot Bio-acoustic Event Detection

v" Automated Audio Captioning

KOREA ..:.. Data Mining 36
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Conclusion
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