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Synthese

ISTFT

s n

•
2 types of gain fun
tions G (k , ℓ) ∈ R>0

for generalized estimators

A. Chinaev, R. Haeb-Umba
h: A generalized log-spe
tral amplitude estimator 1 / 11



NT

1 Generalized single-
hannel spe
tral spee
h enhan
ement

•
Clean spee
h s(n) 
ontaminated by an additive noise d(n)

y(n) = s(n) + d(n)
stft

◦��• Y (k , ℓ) = S(k , ℓ) + D(k , ℓ)

•
Conventional single-
hannel spe
tral spee
h enhan
ement system

PSfrag repla
ements

Y (k , ℓ)

| · |

÷
e

j·∠Y (k,ℓ)

|Y (k , ℓ)|

Spe
tral gain

fun
tion

G (k , ℓ)
×
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Generalized model-based gain fun
tions
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A novel nonlinearity in a MAP-based estimator
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Merging two nonlinearities f (·) of MMSE spe
tral estimators

f (|Ŝ |) = E[ f (|S |) |Y ]
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(|S |) = |S |α e.g. with α = 0.5
from super Gaussian amplitude root

estimator [Breithaupt, 2008℄ used also in

[Sim, 1998℄ & [You, 2003℄

f

2

(|S |) = ln |S |
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eptually motivated log-spe
tral

amplitude (LSA) estimator

[Ephraim, 1985℄
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2 Logarithmi
 generalized spe
tral amplitude (LGSA) estimator

•
5 steps from PDFs p

X

(x) for X∈{S ,D,Y } to PDF p

Zα|Y (z |y)
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Sα|Y (s|y) under assumption Yα = Sα + Dα

Step 4: Zero-trun
ation for log-transformation ⇒ p̃

Sα|Y (s|y)

Step 5: Transformation to logarithmi
 GSA Zα = ln Sα

A. Chinaev, R. Haeb-Umba
h: A generalized log-spe
tral amplitude estimator 4 / 11



NT

2 Logarithmi
 generalized spe
tral amplitude (LGSA) estimator

•
5 steps from PDFs p

X

(x) for X∈{S ,D,Y } to PDF p

Zα|Y (z |y)

PSfrag repla
ements

Step 1

Step 2

Step 3

Step 4

Step 5

p

X

(x)


hange of

variables

X

p

Xα
(x) p

Zα|Y (z |Y )

STFT domain of generalized spe
tral amplitudes (GSAs) LGSA

•
Step 1: Transformation to GSAs Xα = |X |α ⇒ p

Xα
(x)

Step 2: Approximation by 
onsistent Gaussians ⇒ p̃

Xα
(x)

Step 3: Cal
ulation of p

Sα|Y (s|y) under assumption Yα = Sα + Dα

Step 4: Zero-trun
ation for log-transformation ⇒ p̃

Sα|Y (s|y)

Step 5: Transformation to logarithmi
 GSA Zα = ln Sα

A. Chinaev, R. Haeb-Umba
h: A generalized log-spe
tral amplitude estimator 4 / 11



NT

2 Logarithmi
 generalized spe
tral amplitude (LGSA) estimator

•
5 steps from PDFs p

X

(x) for X∈{S ,D,Y } to PDF p

Zα|Y (z |y)

PSfrag repla
ements

Step 1 Step 2

Step 3

Step 4

Step 5

p

X

(x)


hange of

variables

X

p

Xα
(x)

approximate

p

X

x

by Gauss

p̃

Xα
(x) p

Zα|Y (z |Y )

STFT domain of generalized spe
tral amplitudes (GSAs) LGSA

•
Step 1: Transformation to GSAs Xα = |X |α ⇒ p

Xα
(x)

•
Step 2: Approximation by 
onsistent Gaussians ⇒ p̃

Xα
(x)

Step 3: Cal
ulation of p

Sα|Y (s|y) under assumption Yα = Sα + Dα

Step 4: Zero-trun
ation for log-transformation ⇒ p̃

Sα|Y (s|y)

Step 5: Transformation to logarithmi
 GSA Zα = ln Sα

A. Chinaev, R. Haeb-Umba
h: A generalized log-spe
tral amplitude estimator 4 / 11



NT

2 Logarithmi
 generalized spe
tral amplitude (LGSA) estimator

•
5 steps from PDFs p

X

(x) for X∈{S ,D,Y } to PDF p

Zα|Y (z |y)

PSfrag repla
ements

Step 1 Step 2 Step 3

Step 4

Step 5

p

X

(x)


hange of

variables

X

p

Xα
(x)

approximate

p

X

x

by Gauss

p̃

Xα
(x)


al
ulate


onditional

PDF

p

Sα|Y (s|y) p

Zα|Y (z |Y )

STFT domain of generalized spe
tral amplitudes (GSAs) LGSA

•
Step 1: Transformation to GSAs Xα = |X |α ⇒ p

Xα
(x)

•
Step 2: Approximation by 
onsistent Gaussians ⇒ p̃

Xα
(x)

•
Step 3: Cal
ulation of p

Sα|Y (s|y) under assumption Yα = Sα + Dα

Step 4: Zero-trun
ation for log-transformation ⇒ p̃

Sα|Y (s|y)

Step 5: Transformation to logarithmi
 GSA Zα = ln Sα

A. Chinaev, R. Haeb-Umba
h: A generalized log-spe
tral amplitude estimator 4 / 11



NT

2 Logarithmi
 generalized spe
tral amplitude (LGSA) estimator

•
5 steps from PDFs p

X

(x) for X∈{S ,D,Y } to PDF p

Zα|Y (z |y)

PSfrag repla
ements

Step 1 Step 2 Step 3 Step 4

Step 5

p

X

(x)


hange of

variables

X

p

Xα
(x)

approximate

p

X

x

by Gauss

p̃

Xα
(x)


al
ulate


onditional

PDF

p

Sα|Y (s|y)

apply

zero-

trun
ation

p̃

Sα|Y (s|y) p

Zα|Y (z |Y )

STFT domain of generalized spe
tral amplitudes (GSAs) LGSA

•
Step 1: Transformation to GSAs Xα = |X |α ⇒ p

Xα
(x)

•
Step 2: Approximation by 
onsistent Gaussians ⇒ p̃

Xα
(x)

•
Step 3: Cal
ulation of p

Sα|Y (s|y) under assumption Yα = Sα + Dα

•
Step 4: Zero-trun
ation for log-transformation ⇒ p̃

Sα|Y (s|y)

Step 5: Transformation to logarithmi
 GSA Zα = ln Sα

A. Chinaev, R. Haeb-Umba
h: A generalized log-spe
tral amplitude estimator 4 / 11



NT

2 Logarithmi
 generalized spe
tral amplitude (LGSA) estimator

•
5 steps from PDFs p

X

(x) for X∈{S ,D,Y } to PDF p

Zα|Y (z |y)

PSfrag repla
ements

Step 1 Step 2 Step 3 Step 4 Step 5

p

X

(x)


hange of

variables

X

p

Xα
(x)

approximate

p

X

x

by Gauss

p̃

Xα
(x)


al
ulate


onditional

PDF

p

Sα|Y (s|y)

apply

zero-

trun
ation

p̃

Sα|Y (s|y)

ln S

p

Zα|Y (z |Y )

STFT domain of generalized spe
tral amplitudes (GSAs) LGSA

•
Step 1: Transformation to GSAs Xα = |X |α ⇒ p

Xα
(x)

•
Step 2: Approximation by 
onsistent Gaussians ⇒ p̃

Xα
(x)

•
Step 3: Cal
ulation of p

Sα|Y (s|y) under assumption Yα = Sα + Dα

•
Step 4: Zero-trun
ation for log-transformation ⇒ p̃

Sα|Y (s|y)

•
Step 5: Transformation to logarithmi
 GSA Zα = ln Sα

A. Chinaev, R. Haeb-Umba
h: A generalized log-spe
tral amplitude estimator 4 / 11



NT

Statisti
al modelling of generalized spe
tral amplitudes

•
Step 1: Transformation to GSAs Xα = |X |α for X ∈{S ,D,Y }

p

X

(x) = N
C

(x ; 0, λ
X

) ⇒ p

Xα
(x) = Weib(x ; λ

X

, α)

with power spe
tral densities λ
X

(k , ℓ) = E[|X (k , ℓ)|2].

A. Chinaev, R. Haeb-Umba
h: A generalized log-spe
tral amplitude estimator 5 / 11



NT

Statisti
al modelling of generalized spe
tral amplitudes

•
Step 1: Transformation to GSAs Xα = |X |α for X ∈{S ,D,Y }

p

X

(x) = N
C

(x ; 0, λ
X

) ⇒ p

Xα
(x) = Weib(x ; λ

X

, α)

with power spe
tral densities λ
X

(k , ℓ) = E[|X (k , ℓ)|2].

•
Step 2: Approximation by 
onsistent Gaussians ⇒ p̃

Xα
(x)

Weib(x ; λ
X

, α) ≈ N
(

x ;µ
X

, σ2
X

)

with µ
X

and σ2
X

= g(α) · µ2
X

using statisti
al moment mat
hing.

A. Chinaev, R. Haeb-Umba
h: A generalized log-spe
tral amplitude estimator 5 / 11



NT

Statisti
al modelling of generalized spe
tral amplitudes

•
Step 1: Transformation to GSAs Xα = |X |α for X ∈{S ,D,Y }

p

X

(x) = N
C

(x ; 0, λ
X

) ⇒ p

Xα
(x) = Weib(x ; λ

X

, α)

with power spe
tral densities λ
X

(k , ℓ) = E[|X (k , ℓ)|2].

•
Step 2: Approximation by 
onsistent Gaussians ⇒ p̃

Xα
(x)

Weib(x ; λ
X

, α) ≈ N
(

x ;µ
X

, σ2
X

)

with µ
X

and σ2
X

= g(α) · µ2
X

using statisti
al moment mat
hing.

•
Step 3: Cal
ulation of p

Sα|Y (s|y) under assumption Yα = Sα + Dα

p

Sα|Y (s|y) = N (s;µ
S|Y , σ

2

S|Y )

with MMSE-GSS estimator Ŝ

GSS

α = µ
S|Y = G

GSS

α · Yα [Sim, 1998℄.

A. Chinaev, R. Haeb-Umba
h: A generalized log-spe
tral amplitude estimator 5 / 11



NT

Zero-trun
ation and logarithmi
 transformation

•
Step 4: Zero-trun
ation of p

Sα|Y (s|y)
for log-transformation

p

Sα|Y (s|y) ≈ p̃

Sα|Y (s|y)

to get a 
onditional PDF only for

positive GSA values Sα > 0.
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MAP-based LGSA estimator

•
Computationally e�
ient MAP-based LGSA estimator
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De
ouple 
ompression fa
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3 Parameter optimization of GSS and LGSA gain fun
tions

•
A loosely 
oupled version of the MMSE-based generalized spe
tral

subtra
tion (GSS) estimator Ŝ

GSS

α = G

GSS

β ·Yα [Sim, 1998℄
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4 Experimental results on CHiME-3 database
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 generalized spe
tral amplitude (LGSA) estimator

◮
New per
eptually motivated nonlinearity f (|S |) = ln |S |α

◮
Computationally e�
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•
Optimization of proposed estimators for spe
i�
 global input SNR

•
Better tradeo� spee
h quality/noise suppression for LGSA estimator

Thank you very mu
h for your attention!
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Sound examples

Example 227


lean noisy MMSE-LSA MMSE-GSS MAP-LGSA

MOS-LQO 1.208 1.377 1.318 1.372
SNR/dB 2.29 9.84 12.16 12.18

Example 649


lean noisy MMSE-LSA MMSE-GSS MAP-LGSA

MOS-LQO 1.346 1.454 1.417 1.468
SNR/dB 9.40 12.62 13.42 13.64

Example 1280


lean noisy MMSE-LSA MMSE-GSS MAP-LGSA

MOS-LQO 1.219 1.611 1.605 1.664
SNR/dB 4.40 11.70 13.89 13.83
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Subfamilies of Generalized Gamma distribution

•
Generalized Gamma distribution with three parameters

GenGam(x ; α, τ, λ) =
2

α · λ · Γ(τ)
· x

2τ

α
−1 · exp

(

−
x

2/α

λ1/τ

)

•
Subfamilies of GenGam(x): Gamma, Chi and Weibull distributions

Probability Degree Degree S
ale

distribution of freedom 1 of freedom 2 parameter

Generalized Gamma τ α λ

Gamma τ 2 λ

Chi τ 1 λ

Weibull 1 α λ
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