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Multi-sensory speech enhancement

* Audio-visual speech processing (G. Potamianos et al,2004)

* Air and throat microphones (M. Graciarena et al,2003)

® Ear plug (O. M. Strand et al, 2003)

* Stethoscope device (P. Heracleous et al, 2003)

* Aliph’s Jawbone headsets

® Electromagnetic motion sensor (GEMS) (G. C. Burnett,1999)
* Physiological microphone (P-Mic) (M. V. Scanlon,1998)

* Electroglottograph (EGG) (M. Rothenberg,1992)

® Bone-Conducted Microphone (T.Yanagisawa et al, 1975)
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Bone-conducted microphone
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Conducting path (. kondo et a1,2006)
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Model
Y, =X, +V,+U, — AC
¢  BCmic 7 B.=HX,+GV,+W, —>BC
; X, — Clean
A[C)lzic \ . . H,,G, — Transfer function
Air Propagation ! Vt — Noise
U, — AC sensor Noise
W, — BC sensor Noise

........................... » : Vocal tract
- - > : Bone conduction

Conducting path of AC and BC microphones o

Bone conducted:

Less noise & low frequency

Air conducted:

More noise & complete frequency
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Signal and spectrogram (A. subramanya et al,2008)
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Waveforms and spectrograms of the signals captured by the ABC microphone. The first row

shows the signal captured by the air microphone and the second row shows the signal

captured by the bone microphone.
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Research objectives

> BC microphone as a dominant sensor:
e Geometric harmonics method

. Laplacian pyramid method
» Compare the proposed methods with an existing method




Review of existing methods

« BC microphone as a supplernentary SENSor

- BC microphone as a dominant sensor




Review of cising metbods— [
Methods

BCmasa supplementary sensor BC m as a dominant sensor

BC m for voice activity detection Equalization: IDFT; DFT; LMS

BC m for pitch detection Analysis and synthesize: LP; LSF (Neural Network)
BC m for low frequency enhancement ~ Probabilistic: ML; MMSE (DBN)




Review of cising metbods— |
Voice activity detection m.zhuetai,2007)

Speech detection using bone sensors: The top figure illustrates the speech signal captured

by the bone sensor when two people are talking at the same time. The middle figure shows the signal

captured by the regular microphone and bottom figure presents the detection result.




P|tCh deteCtK)n (M. S. Rahman et al, 2010)
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Left: Pitch tracking of air-conducted speech in noiseless condition. Center: Speech

spectrogram. Right: Pitch tracking of bone-conducted speech in noiseless condition. The

experiments have been conducted on four speeches.
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Pitch detection (Cont.)
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Pitch contours estimated from speech when corrupted by noise. a) pitch contours estimated

from air-conducted speech, b) pitch contours estimated from bone-conducted speech.




BC m for low frequency enhancement (u.s. Rahman,2011)

Noisy bone
conducted —— | ow pass filter
bl P Enhanced
—>» speech
Noisy air Sy t ks
conducted ———> High pass filter
speech

Block diagram when BC Speech is used for low frequency enhancement.




Revicw of cxisting methods
Equalization

® IDFT (T Shimamura et al,2005)

™ = IDFT||x;|/|x}°

]

® DFT (K. Kondo,2006)

™ = E{|x|/|x7*

}

® Least Mean Square (LMY) filter (T. Shimamura,2006)

n (n) o (n—1)+2ye(n—1)b(n—1)
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Analysis and synthesize

® Linear prediction (LP) filter (T.T.vu,2006)

I_}m-; ) Z[e;{c (n)]zioa;{c (I-)Z_f
Z[eEC (n)]z;aBC (i)z_f

® Line spectral frequency (LSF) filter (T.T.vu,2008)

AC-LSF

BC-LP BC-LSF | AC-LP
coefficients coefficients coefficients coefficients
— | Conversion Prediction Conversion JLP synthesis| Restored speech
BCspecch | Z7TAISIOM (LP -> LSF) (LSF-SRN) (LSF ->LP) finverse. | (AC speech)
=———p\ /LP analysis - —
[Eqs. (6)-09)] [Eqs. (11)12)] [Eqs. (6)-(9)] z-transform
Eq. (2 Mk M [Eq(1
Fe @) BC-LP residue AC-LP residue [Eq. (1]
Frame-basis processing [Eq. (3)] Frame-basis processing

(over-lap and sum)




™ Review of cxising methods [
Probabilistic

® Maximum likelihood estimation (MLE) (Z.Liu et al, 2004)

L {Y(l,k)—x(l,k)/&fv2 }

S+ [B(LK) - H (LK) X (1,K)]/ 253

n=l
® MMSE estimator (A. Subramanya et al, 2005)

s [P(TM =ty (1,k),B(1,k

e, (T =t[¥ (1.k).B(1.K))

= |FE{X (LK)Y (LK), B(1,k),T() =t}

® Dynamic Bayesian Network (DBN) (A. Subramanya et al,2008)
(X, [V, B) =2 P(X,.S, =s,M, =mY,,B,)

:Z p(xt|Yt’Bt’St =s,M, =m)p(M, :m|Yt’Bt’St =3) p(S, :S|Yt’Bt)




Probabilistic approach

Model

Network description

Transfer function & leakage factor
MMSE estimator

Result




Model

® Air conducted(AC):
® Bone conducted(BC):
* Background noise:

® AC Sensor noise:

® BC Sensor noise:

° Optimal linear mapping:

o Leakage of noise:

Y, = X, +V, +U,
B, =H. X, +GV, +W,
Vi~ N(0,0‘f)

U, ~ N(Q, Gf)
W, ~ N(0,52)

H
G

t

t

Probabilistic approach \




Probabilic approsch I
Assumption

e Feature: Magnitude—normalized complex spectra
~ X
X

— t

X

® Training: Speech model(k-means)

(% X, ) =[[ (X2 K)ot (R X))ot (R X))] | 250G 2T

! ]

d()Zif,)ij):Iog‘)zif‘—log‘)zjf‘, 1<f<N

® Method: dynamic Bayesian network (DBN)
p(Yt’ Bt’ th )Zt,Vt,St, Mt’Ut’Wt)

= p(Yt |Xt’Vt’Ut) p(Bt |Xt’Vt’Wt) p(xt ‘Xt) p()zt |Mt’st)
xp(M,[,S,) p(S,)p(V,) P(U,) pW,)
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Network description

® Dynamic Bayesian network

Speech/non-speech

Mixture index

Normalized speech

Match the clean speech
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Transfer function & leakage factor

* Transfer function (non-speech)

Zte N, Bt*Yt

S @B -0y (D 03B -0 4o
t 252y BY,

* Leakage factor (speech)

H G ZteNs (0-5 |B't|2 _O-vzv |Yt|2) +\/(ZteNs (O-VZ |B It|2 —O'\f, |Yt|2))2 +4O_vzo-v2v
T 207, (B,

> B,




4 Probabilic approsch I
MMSE estimator & result

® Estimator

)Zt = E()Zt|Yt’ B,) = p(S, :O|Yt’ Bt)E()Zt |th B,,S,=0,M,=0)
+p(S, =0[Y,,B)>_ p(M, =mlY,,B,, S, =DE(X,]|Y,, B, S, =L M, =m)
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Geometric extension approach
e Model

* Nystrom extension method

* Geometric harmonics

Laplacian pyramid estimation

Result
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Model

® Train: ( Mapping from concatenation of noisy AC and BC

speech to clean speech.)

Y .pb12 256
YBt:|: '[:| f:R™“ >R >)(t
B

® Test: ( Extension of the mapping from concatenation of noisy
AC and BC speech to clean speech.)

* 7

B

t

*
B Yt f-R512_,R256 X*
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Nystrom extension method (C.T.H. Baker, 1977)

® (Goal: extend relevant “information” about a large dataset in a

high dimensional space.

® Method: find a low-rank approximation to a symmetric,

positive semi-definite kernel.

® In essence: only use partial information about the kernel to
solve a simpler eigenvalue problem, and then to extend the

solution using complete knowledge of the kernel.
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Nystrom extension method (C.T.H. Baker, 1977)

1)
-
S

° Eigen function approximation

b . . Input for a
/ G(x ,y)(;)(!-j)dg)’ — )\(:L.)(x) learning task:
* Heterogeneous Task related
dataset function
n
b—a , .- .,
D Gl y)lag) = Mo |
T i—1
. R New
® Nystrom extension representaton
Ab—a—
O(a,) = Y Gy, xj)0(x;) \
’ 1

j:

" ~ Learn f from @, S ((DS)
Fo BT ) o ()
Scheme of learning functions
(N. Rabin, 2012) /




Geometric extension approach \

Geometric harmonics (GH) (R.R. coifman, 2006)

® Definition

1
v = f KGE VW () di().

J
X

* Example

. . 2 2
» Gaussian extension B Ix—l

) ) —log(llx — yIl) ifn=2,
» Harmonic extension k(X»y)={ 1 ifn>3.

llx—yll"=2

» Wavelet extension  k(,y)= Y 27 0(2/x —m)®(2/y —m)
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Geometric harmonics (GH) (R.R. coifman, 2006)

® Eigenvector approximation
— s — j||2
)\gkr.z,g $¢ Z e — e 3)., r; el

x;el’

® Extension
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Comments of GH

® Need to tune the parameters &, .

e Extension of the function is not the original function but the

projection of the function.

® The extension range has relation to the Complexity of the

function.
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Laplacian pyramid (LP) (Burt and Adelson,1983)
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Laplacian pyramid (LP) (. rabin, 2012)
* Algorithm:
d Kernel: W, = exp(—‘xi - X, ‘2 [og) Ky =0 (%)W, (X, X;)
So(%) =D Ky (%, %) T (%)
dy(%) = f (%) =S, (%) dy(x)=TF(x)=D 5(%)
W, =exp(—|xi —xj|2/%) K, = a7 (%)w, (X, X
s (%) =2 K (%, %)d, (%)
O Estimation:  f(x) =Y 5(x)

U [teration:

j

Approximation with Residual

Stop after multiple

Start with a
current kernel and . . .
coarse kernel prev1ous—current 1terations

residual




Comments of LP

® Kernel method
fA(Xk) = Zn:ko (Xi’xk) f (Xi)

® Improve(lterate)

O Diftusion £ (x)=f,(x)+(K, = 1) f, (%)
dResidual £ (¢) = fix) + Ko (Fx)-fi(x)
aLp () = HOO)+K (T 60 - (%)

® Statistic analysis
Model : y(x,) = f(x,)+n,

E[SI (Xk)] = E|:Zin=1k| (Xi’xk)( fO)+n, _Z:Si(xi)ﬂ =5,(%)

-

Bias =E[ f(x) |- T () =E[ X s(x)]- T ()= si(x)- T (x)=¢, ~

|\/|SE=E[f”(xk)—f(xk)}2

=E

=E

=E

1 m 1 T 1
= ||'M: EM:

PN

'M:’I

N

o X)(FO)+) . Dk (xi,xk)(f(xmni—f'lsi(xi)j—f'l si<xk)—es]

ko (6 XM, .t 2y 06, %00, _es:|

L

1=1

kS N+t YK O, XN +e§}
i=1
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Geometric extension approach \
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Result (GH)
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Spectrogram of clean, BC, noisy AC and reconstructed speech: Left: Gaussian noise, Right: interfering

speaker
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Result (LP)
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speaker
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Comparison of Log Spectral Distortion

LSD GH LP OM-LSA PA

SNR =0 1.5726  1.1003  2.0901 1.9613
SNR = 10 1.5564 1.1028 1.4979  2.1592
SNR =20 1.5755 1.1021 [.1085  2.2531
Interfering speech  1.5660 1.1768 1.3604  2.2672
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Conclusion

® Probabilistic approach scheme improves the quality of

reconstructed speech.
® Geometric harmonics can not describe the map very well.

* Laplacian pyramid method enable further noise reduction,

but at the cost of distortion for the reconstructed speech.
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Future research

® (Geometric harmonics in a multi-scale manner.

¢ Find the relation between iteration number and noise level

for Laplacian pyramids.

e Further processing needs to reduce distortions of

reconstructed speech in geometric methods.

THANM« YOU




