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Overview

■ Motivation
◆ Speech AM-FM Model

y(k) =
∑

i αi(k)cos[φi(k)]

◆ Speech Nonstationarity
◆ Varying and Noisy Environments

■ Our approach
◆ State-Space Model for Instantaneous Amplitude and

Instantaneous Frequency and Extended Kalman Filtering
(EKF)

◆ Local Regularization of EKF estimates using a standard
Demodulation Algorithm

◆ Allow time varying power and bandwidth of speech
resonances in a Particle Filtering framework
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Outline

■ Background
◆ The Energy Separation Algorithm and Gabor filtering
◆ The Statistical Model Based Demodulation Algorithm

(MBDA)
■ Regularization of the estimates of the Multiband

Demodulation Algorithm (MBDA) by applying the ESA
◆ Modified state-space model
◆ Experimental Results

■ Particle Filtering for time-varying parameters
◆ Particle Filtering
◆ Parameter Estimation
◆ Experimental Results

■ Conclusions
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Demodulation via Energy Separation

Monocomponent AM-FM signal

x(t) = α(t) cos(ϕ(t))

ω(t) ,
dϕ(t)

dt

Teager-Kaiser Energy Operator

Ψ[x(t)] , [ẋ(t)]2 − x(t)ẍ(t)

Energy Separation Algorithm (ESA)

ω(t) ≈

√

Ψ[ẋ(t)]

Ψ[x(t)]
, |α(t)| ≈

Ψ[x(t)]
√

Ψ[ẋ(t)]
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Demodulation via Energy Separation

For multicomponent signals

x(t) =
∑

αi(t) cos(ϕi(t))

ωi(t) ,
dϕi(t)

dt

fc

ESA

/ee/

α
i
(t)

ω
i
(t)
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Statistical Model Based Demodulation Algorithm (MBDA)

The state-space equations for each component:

αi(k + 1) = βαi
αi(k) + qαi

wαi
(k)

νi(k + 1) = βνi
νi(k) + qνi

wνi
(k)

fi(k + 1) = fi(k) + qfi
wfi

(k)

Instantaneous Phase

ϕi(k) = ϕi(0) + 2π Ts

k−1
∑

m=0

[fi(m) + νi(m)]

Observation

y(k) =
K

∑

i=1

αi(k) cos(ϕi(k)) + ru(k)
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● Title

● Overview

● References

● Outline

● Demodulation via Energy

Separation

● Statistical Model Based

Demodulation Algorithm

Gabor filterbank, ESA and the

MBDA

● Local Regularization of EKF

estimates
● Experimental Results,

Synthetic

● Experimental Results, Speech

Particle Filtering for Varying

Parameters

Conclusions

CVSP Group, http://cvsp.cs.ntua.gr Interspeech 2005 Lisbon, Portugal - slide #7

Local Regularization of EKF estimates
■ MBDA is sensitive to initialization, spectral variations, outliers

Additional observation equations:

yαi
(k) = |αi(k)| + rαi

uαi
(k)

yνi
(k) = νi(k) + fi(k) + rνi

uνi
(k)

k

fc

y(k)

yα
i

(k)

yν
i

(k)

y(k)

ESA

State−Space
Model

EKF

f^
i
(k|k−1)
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Experimental Results, Synthetic
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■ 3-component synthetic signal, sum of AM-FM cosines

http://cvsp.cs.ntua.gr/


● Title

● Overview

● References

● Outline

● Demodulation via Energy

Separation

● Statistical Model Based

Demodulation Algorithm

Gabor filterbank, ESA and the

MBDA

● Local Regularization of EKF

estimates
● Experimental Results,

Synthetic

● Experimental Results, Speech

Particle Filtering for Varying

Parameters

Conclusions

CVSP Group, http://cvsp.cs.ntua.gr Interspeech 2005 Lisbon, Portugal - slide #9

Experimental Results, Speech
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■ 4 speech resonances assumed in the model
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Experimental Results, Speech

0 0.005 0.01 0.015 0.02 0.025 0.03
−200

−150

−100

−50

0

50

100

150

Instantaneous Amplitude Estimate based on MBDA

time(sec)
0 0.005 0.01 0.015 0.02 0.025 0.03

2120

2140

2160

2180

2200

2220

2240

2260

2280

2300

2320

Instantaneous Frequency Estimate based on MBDA

time(sec)

■ IF2: Instantaneous Frequency of the second speech
resonance

http://cvsp.cs.ntua.gr/


● Title

● Overview

● References

● Outline

● Demodulation via Energy

Separation

● Statistical Model Based

Demodulation Algorithm

Gabor filterbank, ESA and the

MBDA

Particle Filtering for Varying

Parameters

● Time Varying Model

Parameters
● Particle Filtering

● Extended Kalman and

Particle Filtering
● Experimental Results,

Synthetic

● Experimental Results, Speech

Conclusions

CVSP Group, http://cvsp.cs.ntua.gr Interspeech 2005 Lisbon, Portugal - slide #10

Time Varying Model Parameters

■ Spectral analysis of the MBDA state-space model
◆ qαi

⇆ Power of the Speech Resonance
◆ qνi

⇆ Bandwidth of the Speech Resonance
■ Nonstationarity of speech ⇒ qαi

and qνi
are expected to vary

■ Time varying λαi
= log q2

αi
and λνi

= log q2

νi

p(λαi
(0)) = N(2 log q0

αi
, δ2

λ0
αi

)

p(λαi
(k)|λαi

(k − 1)) = N(λαi
(k − 1), δ2

λαi

)

p(λνi
(0)) = N(2 log q0

νi
, δ2

λ0
νi

)

p(λνi
(k)|λνi

(k − 1)) = N(λνi
(k − 1), δ2

λνi

)s
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Particle Filtering

■ Estimation and tracking become possible even
when the assumed model is highly nonlinear or non-Gaussian
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Extended Kalman and Particle Filtering

Conditional on the parameter vector q the state space
equations are as in MBDA

x = (αi, νi, fi|i = 1 . . .K)

q = (qαi
, qνi

|i = 1 . . .K)

p(xk,q0:k|y1:k) = p(xk|q0:k, y1:k)p(q0:k|y1:k)

Parameter
State Space

Model

Particle Filter

MBDA
State Space

Model

Extended Kalman
Filter

q^
0:t

x^
0:t

weights

X

π(q
t
|q

t−1
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)

p(x
0:t
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0:t

,y
1:t

)
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Experimental Results, Synthetic

■ Synthetic signal randomly generated using the modified
model
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Experimental Results, Synthetic
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Experimental Results, Speech

■ Instantaneous Frequency, proposed approach (word “yell")
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Experimental Results, Speech

■ Instantaneous Frequency, proposed approach vs MBDA
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Contributions and Conclusions

■ Tracking and local regularization of Instantaneous Amplitude
and Frequency of Speech Components
◆ Improved robustness against possibly wrong initial

configuration or rapid variations of the estimated
magnitudes

■ Tracking Spectrally Varying Speech Components using
particle filtering techniques
◆ Allow time varying model parameters
◆ Robust against wide spectral variations

■ Future Work
◆ Possible applications in Speech Recognition, Speech

Enhancement, Speech Synthesis
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