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Motivation

Ambisonics

AnonMoos, Wikipedia: Ambisonics


https://en.wikipedia.org/wiki/Ambisonics

Motivation

Blind Source Separation
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Adapted from N. Epain et. al., Blind Source Separation using Independent Componen Analysis in the Spherical
Harmonics Domain, 2010



Motivation
Idea

Multichannel spatial information contained in Ambisonics audio
might be exploited by Blind Source Separation algorithms.
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Ambisonics
Theory

Fourier Transform



 http://i.stack.imgur.com/Y5EAf.png.

Ambisonics
Theory

~

*®
%
&%

"
¥

Sarxos, Wikipedia: Spherical Harmonics


https: //commons.wikimedia.org/wiki/File:Harmoniki.png
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Ambisonics

Formats
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Channe Ambisonics

Adapted from GAudio , End-to-End VR Audio Solution for Fully Immersive/interactive Experience, 2016


https://www.slideshare.net/GaudioLab/gaudio-at-aes-conference-2016published-ver
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http://www.noisemakers.fr/ambi-head/

Ambisonics
Recording

From E. Bates et. al., Comparing Ambisonics Microphones - Part 2, 2017



Ambisonics

Why?

Number of microphones

Ambisonics microphones released to the market per year
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Ambisonics
Why?
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Channe Ambisonics

Adapted from GAudio , End-to-End VR Audio Solution for Fully Immersive/interactive Experience, 2016


https://www.slideshare.net/GaudioLab/gaudio-at-aes-conference-2016published-ver
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Sound Source Localization
Linear Arrays - TDoA

From A. Gannot et. al., A consolidated perspective on multi-microphone speech enhancement and source
separation, 2017



Sound Source Localization

Ambisonics Intensity Vector Analysis
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Adapted from O. Thiergart et. al., Localization of Sound Sources in Reverberant Environments Based on
Directional Audio Coding Parameters, 2009



Sound Source Localization
B-Format Intensity Vector Analysis
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From O. Thiergart et. al., Localization of Sound Sources in Reverberant Environments Based on Directional
Audio Coding Parameters, 2009



Sound Source Localization
B-Format Intensity Vector Analysis

Speaker 2
\A i
2.5
250
{[—Speaker1 Speaker 1
== § M, 2
m\ /\ )

M

Angle(Degrees)
g

200 400 600
Time Frames

(a)

From A. Riaz, Adaptive Blind Source Separation Based on Intensity Vector:Statistics, 2015



Sound Source Localization

Ambisonics-SSL review

Article Method Ambisonics Microphone Number of
‘ | Order Capsules

PulkkiO7 [19] v 1 - -
Thiergart09 [21] IV + GMM 1 horizontal Custom circular 4
Tervo09 [22] IV + vonMises MM 1 horizontal Custom circular 4
Pavlidi15 [23] IV + SSZ 1 Custom spherical | 32
Pulkkil3 [24] Sectorial IV HOA - -
Hel7 [25] IV + local DOA + ac- | 1 horizontal Custom circular 4

curacy + FOSDA
Dingl7 [26] IV + local DOA + ac- | 1 horizontal Custom circular | 4

curacy + KMeans
Jarret10 [27] PIV HOA Eigenmike 32
Evers14 [28] PIV + K-Means HOA Custom spherical | 32
Moorel5 [29] PIV + DPD HOA Custom spherical | 32
Nadiri14 [30] PWD + SCM + DPD | HOA Eigenmike 32
Bergel0 [31] Harpex 1 - -
Thiergart12 [32] Harpex 1 - -
Dimoulas07 [34] A-EBL 1 SoundField 4
Dimoulas09 [35] (DWT/SWT)-JTF- 1 SoundField 4

A-EBL




Outline for Section 2

Scientific Background
Sound Source Localization
Blind Source Separation
Multimodal Enhancement for BSS
Machine Learning for BSS
Summary



Blind Source Separation

Multichannel
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From S. Gannot et. al., A Consolidated Perspective on Multi-Microphone Speech Enhancement and Source
Separation, 2017



Blind Source Separation

Multichannel

Aousnbai4

From H. Sawada et. al., Multichannel Extensions of Non-negative Matrix Factorization with Complex-valued
Data, 2013



Blind Source Separation

Multichannel BSS review

Article Method Microphone | L | Target | Dataset | Evaluation
Array ‘ Sound ‘ Metrics
Epainl0 [40] ICA Custom 2 | Speech | custom PESQ
spherical
Baquel6 [41] ICA (ERBM) Custom 2 | Speech | custom SDR,
spherical DOA
Ozerov09 [42] NMF Linear array - Music SiISEC08 | SDR, ISR,
SIR, SAR
Duongl1 [44] Gaussian SCM + | Linear array - | Speech | custom SDR, ISR,
ML SIR, SAR
Arberet1l [46] | Gaussian SCM + | Linear array - | Music custom SDR
NMF
Sawadal3 [38] | Spatial CNMF Linear array - | Music SiSEC11 | SDR




Blind Source Separation

Ambisonics SSL-BSS
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From X. Chen et. al., Reverberant speech separation with probabilistic time-frequency masking for B-format

recordings, 2015



Blind Source Separation
Ambisonics SSL-BSS
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(c) Gunel (5.62 dB) (d) Proposed with reliability (6.53 dB)

From X. Chen et. al., Reverberant speech separation with probabilistic time-frequency masking for B-format
recordings, 2015



Blind Source Separation

Ambisonics SSL-BSS review

Article Method Ambisonics L Target | Dataset Evaluation
Microphone ‘ ‘ Sound ‘ ‘ Metrics

Gunel08 [49] IV + vonMises MM | SoundField 1h | Speech | Music for | SDR, SIR
+ Softmask Archimedes

Riaz15 [50] Gunel + Mic Correc- | SoundField 1h | Speech, | Music for | SDR, ISR,
tion + Adaptive Fil- Music Archimedes | SIR, SAR
ter + Location Esti-
mation

Shujaull [51] IV + VAD + DOA | AVS 1h | Speech TIMIT SDR, ISR,
Clustering + Binary PESQ-
Mask MOS

Chenlb [53] IV + MV + Softmask | SoundField 1h | Speech | TIMIT SDR, ISR,

PESQ-

MOS
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Multimodal Enhancement for BSS
Audiovisual SSL

o —
(a) green: audio, blue: visual (b) correct detection

(c) observations

(d) bad detection

From S. Gebru et. al., Audio-Visual Speaker Localization via Weighted Clustering, 2014




Multimodal Enhancement for BSS
Multimodal SSL/BSS review

Article Localization Separation Target Mic Camera
Method Method ‘ ‘
Khalidov1l [55] | Conjugate GMM | - Speech 2 omni 2
Gebrul4 [56] Weighted-Data - Speech Binaural 1
GMM head
Khanl3 [57] MCMC-PF GMM-EM Speech Binaural 2

head
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Machine Learning for BSS

Monophonic Musical BSS
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From P. Huang et. al., Singing-Voice Separation from Monaural Recordings using Deep Recurrent Neural
Networks, 2014



Machine Learning for BSS

Monophonic Musical DNN for BSS review

Article DNN Architec- | Target Dataset Evaluation
ture Metrics
Huangl4 [58] DNN, DRNN, | Singing Voice MIR-1k SDR, SIR, SAR
sRNN
Uhlich15 [59] ReLU DNNU Predefined  In- | TRIOS SDR, SIR, SAR
strument
Uhlich17 [60] Feed-Forward, Vocal, Bass, | DSD100 SDR,R
Bi-LSTM Drum, other
Sebastian16 [61] MOD-GD DRNN | Singing  Voice, | MIR-1k SDR, SIR, SAR
Vocal-Violin
ChandnalT [62] DNN, 2 convolu- | Vocal, Bass, | DSD100, SDR, SIR, SAR,
tional layers Drum, other MSD100 ISR




Machine Learning for BSS

Multichannel BSS
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From A. Nugraha et. al., Multichannel music separation with deep neural networks; 2016



Machine Learning for BSS

Multichannel DNN for BSS review

Article Method Microphone | #Mics | Target | Dataset Evaluation
| ‘ Array ‘ Sound ‘ Metrics

Nugrahal6 DNN-PSD + | Custom lin- | 2 Vocals | DSD100 SDR, SIR,
[63] SCM ear ISR, SAR
Nugrahal6(2) | DNN-PSD + | Custom lin- | 6 Speech | CHIME-3 SDR, SIR,
[64] SCM ear ISR, SAR
Wisdom16 DMCGMM Custom cir- | 8 Speech | WSJCAMO | SDR

[65] cular REVERB

Erruzl7 [66] ILD-CNN - 2 Music DSD100 SDR, SIR,

ISR, SAR




Machine Learning for BSS

Sound Source Localization

From X. Xiao et. al., A learning-based approach to direction of arrival estimation in noisy and reverberant
environments, 2015



Machine Learning for BSS

Multichannel DNN for SSL review

Article Method Microphone | #Mics | Target | Dataset Evaluation
Array Sound Metrics
Xiaolb [67] MLP GCC- | Custom cir- | 8 Speech | WSJCAMO | DOA
PHAT cular RMSE,
MAE
Chakrabartyl7 | phase spec- | Custom lin- | 4 Speech | Synthesized | SDR
[68] trogram ear Noise

CNN




Machine Learning for BSS

Multichannel SSL-BSS

State posteriors

’ Acoustic model DNN ‘
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From X. Xiao et. al., Deep Beamforming Networks for Multi-Channel Speech Recognition, 2016



Machine Learning for BSS

Multichannel DNN for SSL-BSS review

Article Method Microphone | #Mics | Target | Dataset Evaluation
Array Sound Metrics
Arakil5 [69] ITD, ILD | Binaural 2 Speech | PASCAL SSNR, CD
DAE CHiME
Jiang14 [70] ITD, ILD, | Binaural 2 Speech | Custom HIT, FA,
GFCC DNN speech, HIT-FA,
ROOM- SNR
SIM
Xiaol6 [71] FF GCC- | Custom cir- | 8 Speech | WSJCAMO,| WER
PHAT, cular REVERB

LSTM AM
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Goals & Contributions

Conclusions

» BSS-SSL: stablished, but mostly horizontal FOA and speech

1A. Gannot et. al., A consolidated perspective on multi-microphone speech enhancement and source separation,
2017



Goals & Contributions

Conclusions

» BSS-SSL: stablished, but mostly horizontal FOA and speech

» DNN: promising results for SSL/BSS, but mostly mic arrays
and speech

1A. Gannot et. al., A consolidated perspective on multi-microphone speech enhancement and source separation,
2017



Goals & Contributions

Conclusions

» BSS-SSL: stablished, but mostly horizontal FOA and speech
» DNN: promising results for SSL/BSS, but mostly mic arrays
and speech

» Multimodal: "the area of audio-visual speech processing
remains largely understudied despite its great promise”!

1A. Gannot et. al., A consolidated perspective on multi-microphone speech enhancement and source separation,
2017



Goals & Contributions

Conclusions

BSS Guidelines?:

1. Consider number of sources and microphones

2A. Gannot et. al., A consolidated perspective on multi-microphone speech enhancement and source separation,
2017



Goals & Contributions

Conclusions

BSS Guidelines?:
1. Consider number of sources and microphones

2. Exploit microphone array geometry

2A. Gannot et. al., A consolidated perspective on multi-microphone speech enhancement and source separation,
2017



Goals & Contributions

Conclusions

BSS Guidelines?:
1. Consider number of sources and microphones
2. Exploit microphone array geometry

3. Exploit prior/additional information

2A. Gannot et. al., A consolidated perspective on multi-microphone speech enhancement and source separation,
2017



Goals & Contributions
Goal

Research Goal:

> Investigation, adaptation and improvement of existing
algorithms of Blind Source Separation for application to
Ambisonics, specially focusing on musical applications.
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Collateral Contributions:
1. Investigate SSL for HOA based on DNNs
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Contributions

Collateral Contributions:
1. Investigate SSL for HOA based on DNNs
2. Apply Contribution | to BSS, focusing on music
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Contributions

Collateral Contributions:
1. Investigate SSL for HOA based on DNNs
2. Apply Contribution | to BSS, focusing on music
3. Investigate raw multichannel BSS for HOA based on DNNs



Goals & Contributions

Contributions

Collateral Contributions:
1. Investigate SSL for HOA based on DNNs
2. Apply Contribution | to BSS, focusing on music
3. Investigate raw multichannel BSS for HOA based on DNNs
4

. New approach to multimodal BSS from immersive audiovisual
content
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Methodology

Dataset

W‘freesound
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People Help

Autematic by relevance search

Show advanced search options

19 sounds

Agotnes_Terminal_B_forma.. lossius
Ambisonics (surround) field recording done at  December 23rd,
2011

Rgotnes bus terminal at the Sotra Island west
of Bergen, Norway. Busses arriving and
B-format bus suburbia ambisenics traffic Sotra

il JOJ
Norway Aagotnes »

#1 more result in the same pack "Sotra soundscapes”

drewhalasz
February Sth,
2017

amb; ext; yard; summer m...
Ambisonic b-format recording recorded with
the Coresound Tetramic in Pittsburgh, PA,
*NOTE: you will need to decode this b-format
ambisonic ...

21 downloads
0 comments

b-format background-traffic birds amblence
background cicadas exterior atmosphere summer

Register LogIn .3 Upload Sounds

licenses

« Attribution (8)
« Creative Commons 0 (11)

tags
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ambisoniC amsisonics smes
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background sscsrouncstic bscoand baicany
beach Dirds e e car car-bys caroy ccadas ciy
exterior field-recording format norway 0C€2N
sotra Water waves



Methodology

Dataset

Music:
» MSD100/DSD100
» MIR-1k
Speech:
» TIMIT
» WSJCAMO
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Dataset

Ambisonics Impulse Response:
» SMIR Generator
» OpenAirLib



Methodology

Dataset
® Home IRData AnechoicData Resources About Login
®Op '
Browse Auralization Data  Auralization Map
Tviséngur Sound Sculpture, Iceland (Model)
Information Analysis Impulse Responses Images Location Attribution
Photographs and Diagrams:




Methodology

Dataset Contributions

Collateral Contributions:

1.

Investigate SSL for HOA based on DNNs

2. Apply Contribution | to BSS, focusing on music
3.
4

. New approach to multimodal BSS from immersive audiovisual

Investigate raw multichannel BSS for HOA based on DNNs

content

New tool for procedural creation of reverberant sound scenes,
for training and evaluation purposes



Methodology

Scene Description: SpatDIF
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Methodology

Experimental Setups

Ambisonics Microphones Availability:
» SoundField SPS422B
> EigenMike
» Ambeo

» Zoom H2n



Methodology

Experimental Setups




Methodology

Experimental Setups

Dataset Explore Download Wol

(M Tube]

Vertical

Entities
Musicen 23657

[Musical keyboard (26930)| [Sheet music (4737)]

‘ Music festival (3078) ‘ ‘ Music of Eritrea (199) |

Kawai Musical Instruments (185)
Shrek The Musical (145)
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Schedule & Dissemination

Schedule

RESEARCH
Literature Review

Contribution : SSL

2017
FIMAMYJ

A/S/ONDJ|J

2018
M oAM I

Alslo/ND|J

2019
MAM I

Alslo N D|JF

Contribution II: BSS-SSL

Contribution il: DNN

Contribution IV: Multimodal

Contribution V - Dataset

Main Goal

Thesis Review and Writing
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Dissemination

DISSEMINATION

LVAICA
ICASSP

AES Convention
SMC

EUSIPCO

ICSA

DAFxX
INTERSPEECH
MLSP

ISMIR

SISEC (LVANICA)
CHIME-n (NTERSPEECH) [ [ LrrT |
MIREX (SMIR)

Journal of the Acoustical Society of
America

EEE Transactions on Audio, Speech
and Language Processing

EEE Transactions on Multimedia
Journal of Electrical and Computer
Engineering

DA



Thank you

Questions?
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