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> AV-ICA
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BSS using TF masking " QRREY
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Adverse effects SURREY

» Acoustic noise

» Reverberations

« W.Wang, D. Cosker, Y. Hicks, S. Sanei, and J. A. Chambers, "Video Assisted Speech Source
Separation," Proc. IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP 2005), vol. V, pp.425-428, Philadelphia, USA, March 18-23, 2005.

* Q. Liu, W. Wang, and P. Jackson, "Use of Bimodal Coherence to Resolve Permutation Problem
in Convolutive BSS," Signal Processing, vol. 92, vol. 8, pp. 1916-1927, 2012.

Q. Liu, W. Wang, P. Jackson, M. Barnard, J. Kittler, and J.A. Chambers, “Source separation of
convolutive and noisy mixtures using audio-visual dictionary learning and probabilistic time-
frequency masking", IEEE Transactions on Signal Processing, vol. 61, no. 22, pp. $520-5535,
2013.

+ B. Rivet, W. Wang, S.M. Naqvi, and J.A. Chambers, "Audio-Visual Speech Source
Separation", IEEE Signal Processing Magazine, vol. 31, no. 3, pp. 125-134, 2014.

* Q. Liu, A. Aubery, and W. Wang, "Interference Reduction in Reverberant Speech Separation
with Visual Voice Activity Detection", IEEE Transactions on Multimedia, 2014. (in press)
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(a) Magnitude spectrum of source 1 (b) Magnitude spectrum of source 2~ =~~~
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Why AV-BSS?----AV coherence  <¥ SURREY

Audio-visual (AV)
coherence

Perception
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Why AV-BSS? S

How can the visual
modality be used to assist
audio-domain BSS
algorithms in noisy and
reverberant conditions?

Objective

Potential applications
A llo world
@t
A B

Surveillance / AV speech recognition

~_ AV-BSS —
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Visual Information to Resolve the 3 % SURREY

Permutation Problem
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Feature Extraction 3 SURREY
* Visual feature extraction
— Internal lip Width and Height
— 2-Dimensional
v, (m) =[LW(m),LH(m)]"
* Audio feature extraction
— Mel-scale Frequency Cepstrum Coefficients
(MFCCs)
— Block processing (synchronize with each video
frame)
— L-dimensional

ar(m)=[a;,(m),...,ay (m)]T

 Audio-visual space----- Feature Selection

www.surrey.ac.uk



Robust AV Feature Selection % %TEI/EISSII(TE?(F
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AV Coherence Modelling
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Resolution of the permutation problem ¥ SURREY
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FD-BSS using ICA } SURREY

Sl(maa)l) = Sl(mﬂa)l)
sz(ma a)l) = S2 (m’ 0)2)

‘§l (ma a)z) = S2 (ma 0)2)

S‘z(m, (02): Sl (ma 0)2)

x,(n)




Resolution of the permutation problem UNIVERSITY OF

MNow we geat two source estimates Y1(f,t)
and Y2(f,t). Suppose the blue curves
represents frequency components coming
from source 1, while the red curves are
from source 2. We find that Y1(f,t)
contains components from both source 1




AVDL based BSS

( Off-line training stage

Training
AV sequences

-

- AVDL l
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Dictionary learning ' SURREY

Figures taken from ICASSP 2013 Tutorial 11, by Dai, Maihe and Wang. Likewise
for next four pages. Acknowledgement to Wei Dai for making these figures.
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A two-stage procedure

|

Sparse Coding

7 Fix D, find a sparse X.

l

Dictionary Update

Update D.

|

UNIVERSITY OF

SURREY

W. Dai, T. Xu, and W. Wang, "Simultaneous Codeword Optimisation (SimCO) for
Dictionary Update and Learning", IEEE Transactions on Signal Processing, vol. 60, no.

12, pp. 6340-6353, 2012.
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Sparse coding (approximation) ' SURREY

x?

min || X|, st. |[Y — DX|% <

Greedy algorithms:

o OMP v Pati, et al. 1993; J. Tropp 2004
] SUbSpaCE pursuit (SP) w. pai and 0. Milenkovic 2000 COSAMP b, Needell and J. Tropp 2009

@ |HT 1 Bumensath and M. Davies 2009
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Dictionary update: the formulation ' SURREY

@ Constraints:

» Fixed sparsity pattern

-
|
—
=
e
P
—
=
o e

» Unit norm codewords
D={D: |D.ll,=1, ¥j € [d]}.

@ Dictionary Update:

min _ ||Y — DX]||3.
DeD, Xein
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Dictionary update: K-SVD algorithm " SURREY
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Audio-visual dictionary learning: a % SURREY

generative model

X
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Q. Liu, W. Wang, P. Jackson, M. Barnard, J. Kittler, and J.A. Chambers, “Source separation of
convolutive and noisy mixtures using audio-visual dictionary learning and probabilistic time-
frequency masking", IEEE Transactions on Signal Processing, vol. 61, no. 22, pp. 5520-5535, 2013.
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Sparse assumption of AVDL
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Flow of the AVDL _ g‘ﬁ'iﬁ'{ﬁ%

AV sequence

The coding process relies on the
matching criterion, how well an atom
fits the signal in the MP algorithm

A scanning index is proposed to
reduce the computational complexity.

: AV dictionary
MP coding

The learning process uses two
different update methods, to
accommodate different bimodality

AV dictionary sparsity constraints.

e By mapping the AV 3

sequence to the learned
dictionary, a visual
mask can be achieved.

& L

www.surrey.ac.uk
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The overall algorithm %ﬂﬁ'{ﬁ?

Algorithm 1: Framework of the Proposed AVDL

Input: A training AV sequence ¥ = (¢“;4"), an initial D
with A atoms, and the number of non-zero coefficients
17\]?'

Output: An AV dictionary D = {¢@, }1_,

| Initialization: ¢ter = 1, MaxlIter

2 while iter < Maxlter do

3 %Coding stage

4 Given D, decompose % using (1) to obtain 2.
5 %Learning stage

6 Given €2 and the residual v, update D = {¢y }

fork =1,2,..., K to fit model (1).
7 wter = tler + 1

www.surrey.ac.uk
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The coding process %ﬂﬁi{ﬁf

~
2
e
—_
]
¢
=
T
G
<~
P
—
S
=
—
d
38
-
a8
—
Sy
<
—
d
=
=~
S
-
xS
p

s Yns Ty by min ] = argmax J* (0,17, ),

k,4.,%,1,m)]
B(kn, Yn, Tn,ln) =1
C(kn,my) =J(0%, , ) ).

— (1 — (1 a
'Uzn — ‘Uln — O(kn? lﬂ')q&k‘n'
www.surrey.ac.uk
26



The coding process (algorithm) gﬂﬁ'{ﬁf

Algorithm 2: The Coding State of the Proposed AVDL

Input: An AV sequence 9. the dictionary D = {¢, }le . the
threshold &, the number of non-zero coefficients N

Output: The coding parameter set {2 = {B, C} and residual v

1 Initialization:Set €} with zero tensors.

v = T;b: n = ]y"rc::pf: = Jmax = 0

2 Calculate §"" using (10) to (13).

3 while n < Nand J,,1 = 6Jaxdo

4 % Projection

s - {i{] : Lo}, n=1 .
ln1+{1  L:L 1}, otherwise

6 fork «— 1lto A do

7 foreach [ € £ do .

8 Calculate J% (9%, , @} ). where 17 is tied with [ via
set (2).

9 foreach (¢, %), g € {1: Y.}, & € {1: X.}do

10 if S°(j},#,1) = 1 then

11 Obtain .J* {'ﬁ;ﬂ-,, ¢;.) via (6)

and J‘“"{ﬂﬂﬂ-m, ¢, ) via (5).
12 % Selection
13 Obtain |y, T, Ly, by, my| via (7).
14 Update £} via (8).
15 Residual calculation via (9).
16 '}-opt = m:(ﬁy”zr,lf,mla 3 ¢kw}
17 if n = 1 then
18 JIIIELK = J* H[iﬁ'y'j_ wylyrmg e fi’ﬁ--_ jl
19 n=mn+1 www.surrey.ac.uk
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The learning stage 3 SURREY

Algorithm 3: The Learning Stage of the Proposed AVDL.

Input: The parameter set 2 = {B, C}, the residual v, the old
dictionary D = {¢, }1_,

Output: A new dictionary D

1 Initialization:k = 1

2 while £ < K do

3 Update ¢, C and v via K-SVD using (14) to (17).

4 Update ¢, via the K-means algorithm

- RN - T ]
5 , = Mean (bkﬂﬂvzﬁf); subject to by, .; #
{-]7 v(?j'} :ETZ)
6 k=Fk+1

— — L L {1 . [}

VY — U + Cem@r, V. ¢ — ivec(ug|d; ).

- T _ _ y
i & Apue vy, Uy, — Uy, — Chmn Py V0.
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AVDL evaluations

Synthetic data
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AVDL evaluations
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Additive noise added

(d) Monaci: /a/ (e) Monaci: /i/ (f) Monaci: /o/
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AVDL evaluations " UNIVERSITY OF
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Convolutive noise added
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AVDL evaluations

The approximation error metrics comparison of AVDL and Monaci's

method over 50 independent tests over the synthetic data
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" UNIVERSITY OF
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The proposed AVDL
outperforms the
baseline approach,
giving an average of

33% improvement for
the audio modality,
together with a 26%
improvement for the
visual modality.
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AVDL evaluations
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AV mask fusion for AVDL-BSS ~  UNIVERSITY OF
SURREY

Audio mask Visual mask
Statistically generated by evaluating the IPD Mapping the observation to the learned AV
and ILD of each TF point. dictionary via the coding stage in AVDL.

www.surrey.ac.uk
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Visual mask generation %ﬂﬁ'{ﬁf

(1, if p*(m,w) > ¢P*(m,w)
MY (m,w) = 4 &“(m,w)/ﬁ)a(m,w),
». otherwise.

Q. Liu, W. Wang, P. Jackson, M. Barnard, J. Kittler, and J.A. Chambers, “Source separation
of convolutive and noisy mixtures using audio-visual dictionary learning and probabilistic
time-frequency masking", IEEE Transactions on Signal Processing, vol. 61, no. 22, pp.
5520-5535, 2013.
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AVDL evaluations ~  UNIVERSITY OF

Frequency (kHz)

Frequency (kHz)
£

ha

SURREY

Sheerman-Chase et al.
LILIR Twotalk database
2011

o

o]

Lip tracking,
94% Ong et al. 2008

The first AV atom
represents the
utterance
“marine" /meri:n/

while the second
one denotes the
utterance

“‘port" /p2:t/.
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Frequency (kHz)

Frequency (kHz)

Right—Ear Signal

Visual Mask Audio Mask

e

Audio-Visual Mask Ideal Mask

UNIVERSITY OF

SURREY

Demonstration of
TF mask fusion in
AVDL-BSS

Why do we choose
the power law
combination, instead
of, e.g., a linear
combination?

Average Mask
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AVDL-BSS luati ----SDR ~ UNIVERSITY OF
evaluations _ SURREY

Noise-free 10 dB Gaussian noise
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AVDL-BSS evaluations----OPS-PEASS

Overall perceptual
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10 dB Gaussian noise
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Some examples
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Mixture Ideal Mandel AV-LIU AVDL-BSS Rivet AVMP-BSS
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SURREY

Summary

* AV provides alternative solutions to address permutation
ambiguities in BSS

« AVDL offers an alternative and effective method for
modelling the AV coherence within the audio-visual data.

 The mask derived from AVDL can be used to improve
the BSS performance for separating reverberant and
noisy speech mixtures

Future work

« To achieve dictionary adaptation and source separation
simultaneously

www.surrey.ac.uk
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