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Scenario

Estimated
Spatial Desired Signal
Q 0O > F.pat.'a >
iltering

Undesired sound components:

= Sensornoise

= Competing speakers

= Ambient sounds (e.g., generated by an air conditioner, fan, or babble)
= Reverberation (due to wall reflections, etc.)
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Applications

Hands-free Communication

Human-Machine Interfaces

Hearing Aids

Music Recording and Post-Production
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]
Outline

= Acoustic Signal Extraction

= Dereverberation
= Reverberation Cancellation
= Reverberation Suppression

= Conclusions and Future Challenges
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]
Outline

= Acoustic Signal Extraction
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Acoustic Signal Extraction

Goal

= Extract the desired signal while reducing undesired
signals from one or more microphone signals

Solutions
= Single-channelfilters
= Data-independentbeamformers

= Data-dependentbeamformers

Challenges

= Defining the desired signal
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Acoustic Signal Extraction

= We developed two approaches that use nearly instantaneous
information about the acoustic scene to overcome the challenges of
estimating the spatio-temporal statistics

= We refer to these as informed spatial filtering approaches
= The main difference lies in the way the spatial information is used
= The direct approach uses the spatial information to control the filters

= The indirect approach uses the spatial information to distinguish
between desired and undesired sounds
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Direct Informed Spatial Filtering
Parametric Sound Field Model

= The total sound field is formed as a superposition of the direct sound
field and diffuse sound field

| B microphone
+ H _ m: -
T X

direct sound diffuse sound total sound field

= In practice, the DOA of the direct sound can vary quickly, for instance,
when multiple talkers are active at the same time
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Direct Informed Spatial Filtering
Parametric Sound Field Model

= |n the TF domain the microphone signals can be expressed as:

I, relative TFs diffuse sound

y(n,k) =) [a(k,0,)Xi(n, k) +d(n, k)|+v(n, k)

=1 Fth plane wave stationary noise
(e.g.,fan, sensor-noise)

= The diffuse sound power varies quickly across time. The PSD matrix
of the diffuse sound component can be expressed as

coherence matrix:
time-invariant and known

B4(n, k) = E {d(n,k)d"(n,k)} =¢p(n, k) T(k)

diffuse sound power

= The statistics of the background noise vary slowly across time and
can be estimated from the microphone signals
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Direct Informed Spatial Filtering

Desired Signal

= Qur objective is to capture L plane waves with desired gains
while suppressing diffuse sound and noise (Thiergart et al., 2014)

= The desired signal is given by Z(n, k) = S:[G(k, el)]X, (n, k)

L

I=1 gesired spatial

response for the th

plane wave

Desired Spatial Responses

N 5

G2 """"" :
10} ;I"‘ e :

T
—15F i
_20j ----------- -

-90 -45 0 45 90
DOA
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Direct Informed Spatial Filtering
Estimation of the Desired Signal

The desired signal is estimated using a spatial filter

Z(n, k) = wl(n, k) y(n, k)

The informed LCMV filter is for example given by

Residual Noise plus Reverberation

wir.cmv (1, k) = arg min [WH ([ Pa(n, k) + Py (n, k)] w]

subject to w'(n,k)a(k,8;) = G(k,0;), le€{1,2,...,L}

The required narrowband DOAs of the plane waves can be
estimated using ESPRIT or root-MUSIC

An estimator for the DNR was proposed in (Thiergart et al., 2014)
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Direct Informed Spatial Filtering
Estimation of the Desired Signal

The desired signal is estimated using a spatial filter

Z(n, k) = wl(n, k) y(n, k)

The informed LCMV filter is for example given by

wircmy (n, k) = argmin w' [ L'k)+1] w

Diffuse-to-Noise Ratio

subject to w'(n,k)a(k,8;) = G(k,0;), le€{1,2,...,L}

The required narrowband DOAs of the plane waves can be
estimated using ESPRIT or root-MUSIC

An estimator for the DNR was proposed in (Thiergart et al., 2014)
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Direct Informed Spatial Filtering
Proposed System

"| Estimation
| DOA 01(n, k) ---,9L(nak) | Filter
| Estimation ’ | Weights
A
.| Desired y wiromv (1, k)
Response ~ ~
G(k,01) ... G(k,0yp)

= =
= =
> >
2 =
Q Q
= =)
Sy Sy
& &
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Direct Informed Spatial Filtering
Example with Face Tracking

—
~ Fraunhofer

ns

The demo can be found at
https://www.audiolabs-erlangen.de/resources/2015-MCSE
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Direct Informed Spatial Filtering
Conclusions and Current Work

= A flexible spatial filtering approach that can be used to realize
different audio applications independent of the microphone setup

= The approach offer a high robustness in quickly changing
acoustic scenarios

= The achievable spatial selectively depends on the DOA accuracy

= Current Work
= Developing even more robust parameter estimators
= Incorporating DOA uncertainties

= Applying this approach to binaural hearing aids
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Indirect Informed Spatial Filtering

= An alternative approach was developed that aims in particular at
acoustic signal extraction

In this case instantaneous information about the acoustic scene is used
to classify each TF instance as desired or undesired

Microphone Processed
Signals Signal
> Spatial Filtering
A
|
|
a N a Y a I N
Acoustic Tzrglat:)c;-al
Scene @ p---- »| Classification p---- > _p s
Analysis Stgtlstl_cs
Estimation
L _J L T ) L T _J
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Indirect Informed Spatial Filtering
Signal Model

= |In the TF domain the m-th microphone signal can be expressed as

Yi(n, k) = Xon(n, k) + B(n, k) + Vin(n, k)

Up, (n,k)

= |nput vector:
y(n, k) = [Yi(n, k), Ya(n, k), ..., Yar(n, k)"

= Desired PSD matrix:
®.(n, k) = BE{x(n, k)x" (n, k)}

= Undesired PSD matrix:
®,(n, k) = E{b(n, k)b" (n, k)} + E{v(n, k)v"(n, k)}
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Indirect Informed Spatial Filtering
Power Spectral Density Estimation

Using the estimated PSD matrices optimal filters can be computed
= Minimum variance distortionless response filter

= Multi-channel Wiener filter

Estimate the PSD matrix (for each frequency bin k)
D1y (n) = aa(n) xiy(n — 1) + (1 — aa(n)) y(n)y™ (n)

@, (n) = au(n) Pu(n — 1) + (1 — au(n) y(n)y"(n)

Each TF instance can be classified as

Desired signal present ..

Desired signalabsent  H, = H, UH,

The smoothing constants depend on the classification
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Indirect Informed Spatial Filtering
Minimum Bayes-risk Detector

= We propose to classify each TF instance using spatial features and a
minimum Bayes-risk decision rule

r —

{1 if P(Ha|©) o cost of a false alarm

P(Hu|Q) cost of a miss
0 otherwise .
Probabilities of the hypotheses

given the estimated features

= Bayes costs control the tradeoff between speech distortion and
interference reduction

= How to obtain the posterior probabilities of the hypotheses?
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Indirect Informed Spatial Filtering
DOA-based Minimum Bayes-risk Detector

= Let us assume a single microphone array and known target direction

= We propose to classify each TF instance using narrowband direction-
of-arrivals (DOA) and signal-to-diffuse ratio (SDR) estimates

= Mixture model for the estimated DOAs

F(0) = By F(O1H.) + By f(OHy) + B f(OH,)
?

= Posterior probability of the hypothesis uniformly distributed

Be f(OH)
()

p(%w@) =

Source: (Taseska and Habets, 2015)
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Indirect Informed Spatial Filtering
DOA-based Minimum Bayes-risk Detector

Von Mises distribution “Notched” distribution

k=3 | N : /4
k = 10

modes at the ,
target DOA > /

approximately
uniform region

pesiec =1
source K = 3
v N\ ) #=10
f(0|Hz) S0 H)

= Mode [ corresponds to the target DOA
= The concentration parameter K reflects the DOA estimator uncertainty
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Indirect Informed Spatial Filtering
DOA-based Minimum Bayes-risk Detector

0 Target DOA Bayes Costs
Estimate
> DOA I [ A ' Cau
4 A (U
2 d
A v f(O]Hs) v
Y _ SStinats a > Co%grenna:gﬁon i . Compute f(9|Hv)>
SDR Likelihoods
Parameter
Minimum Decision
Bayes-Risk ——p
Detector
L . Dsp Compute 5:1:7 Bba Bv
Estimate Mi
SPP — |xltL!re >
- Coefficients

= The mixture coefficients (i.e., prior probabilities) are computed using
the speech presence probability

© AudioLabs, 2016 Acoustic Signal Extraction and Dereverberation AUDIO
Emanuél Habets 22 LABS




Indirect Informed Spatial Filtering
Example Using DOA Model-based Detector

= Setup Source 3

= Sampling frequency 16 kHz

Source 2

= STFT frames 64 ms, 50% overlap : .

+ ource 1
= Circular array (3 DPAs, 1.5 cm radius) . Array 2 .
= Reverberation time 0.18 s Arfay 1

Sensor and diffuse noise

45m

Signal-to-interference ratio approx. 3 dB
= Acoustic Signal Extraction (Taseska and Habets, 2015)

= Minimum variance distortionless response (MVDR) beamformer
= PSD matrices are estimated using three different detectors
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Indirect Informed Spatial Filtering
Example Using DOA Model-based Detector

Source1 Source 2

[Reference microphone iy ——
[Ideal detector Source 2

- Array 2 Sour:: el
Signal model-based detector 4m s
(Jarrett et al., 2014) Array 1
DOA model-based detector 5 4.5m
(Taseska and Habets, 2015)

Some audio demos can be found at
https://www.audiolabs-erlangen.de/resources/2015-ICASSP-DOAdet
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Indirect Informed Spatial Filtering
Spotforming (Taseska and Habets, 2013)

Beamforming Spotforming
Interferers Interferers
’ Noise ’ Noise
Source of ‘ source Source of ‘ source
interest \ interest L
00 00 00
(@) (@) (@)

7

Y, (n. k) = / Hy () Se(n, k) dx + By (n, k) + Vin (m, )
rcS ~ ~~

v d Um (’I’L,k)
Xom(n,k)
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Indirect Informed Spatial Filtering
Position-based Minimum Bayes-risk Detector

= Using distributed arrays narrowband position estimates can be obtained

= These positions are used as a spatial feature for the classification

p(H|T) cost of a false alarm
N :
1 — p(H|T) cost of a miss
P(Ho|t) = p(Ha, Heplt) =[p(He[Hsp, T) p(Hsp)
desired
conditional spot probability <., speaker

speech presence probability <-...

undesired
speaker
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Indirect Informed Spatial Filtering
Position-based Minimum Bayes-risk Detector

= The conditional spot probability is given by

p(Hx|HSp7f') = s f(r|HSp7f) dr .- ’f‘
|
0.¢ '
f('f' Hspa ’I") f(’l" | HSP)
t 1

Uniform prior

Gaussian likelihood model
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Indirect Informed Spatial Filtering
Example Using Position Model-based Detector

= Reverberation time approx. 0.18 s

= Three circular arrays, three DPA 2 ° ele
microphones per array, 3 cm diameter E 5
_ e @ o5 Sl
= 16 kHz sampling rate, STFT frame 64 ms 2 /
with 50 % overlap Array 4
= Spotformer using an MVDR filter Sourc{
4 m

= Comparison using a oracle fixed spotformer where the PSD matrices
were optimal during the first 10 seconds

Some audio demos can be found at
https://www.audiolabs-erlangen.de/resources/2015-Spotformer
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Indirect Informed Spatial Filtering
Example Using Position Model-based Detector

Reference Microphone
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Indirect Informed Spatial Filtering
Example Using Position Model-based Detector

Oracle Fixed Spotformer
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Indirect Informed Spatial Filtering
Example Using Position Model-based Detector

Proposed Data-Dependent Spotformer
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Indirect Informed Spatial Filtering
Example Using Position Model-based Detector

= Scenario: moving sources

= Reverberation time: 0.3 s
A +

= Scene analysis: 9 mics

= Spatial filtering: 3 mics
+ +

= SIR Input 0dB
@ - SIROutput  12.1dB

= SNR Input 0dB

Reference microphone = SNR OUtpUt 6.8 dB
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Indirect Informed Spatial Filtering
Conclusions and Current Work

= The indirect ISF approach can be used to extract acoustic signals
arriving from a specific direction or location

* Provides low speech distortion and high interference reduction

= Current Work
= Developing even more robust detectors

= Performing distributed signal processing
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Outline

= Dereverberation®
= Reverberation Cancellation

= Reverberation Suppression

“In collaboration with Sharon Gannot, Boaz Schwartz, and Ofer Schwartz from
Bar-llan University, Israel
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]
Dereverberation Publications

Start of my PhD

End of my PhD
120

100

80

60

40

20

0
1935 1945 1955 1965 1975 1985 1995 2005 2015

——Without ASR -*~With ASR

Source: Scopus
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Dereverberation Approaches

= Three fundamentally different approaches

1. Model the acoustic system, estimate the model parameters by treading the
source signal as a nuisance, and then estimate the source signal

Source
Signal

Acoustic System

Microphone
Signals

>

Dereverberation

Enhanced
Signal

>
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Dereverberation Approaches

= Three fundamentally different approaches

1. : .
Reverberation Cancellation

Source Microphone Enhanced
Signal Signals Signal

»| Acoustic System »1 Dereverberation >
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Dereverberation Approaches

= Three fundamentally different approaches
1.

2. Model the reverberation as an additive process, and then estimate the
source signal

Reverberation

Source Microphone Y\ Enhanced
Signal Signal Signal

+ »| Dereverberation >
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Dereverberation Approaches

= Three fundamentally different approaches

1.
2. . ]
Reverberation Suppression
3.
Reverberation
Source Microphone Y\ Enhanced
Signal Signal Signal
+ »| Dereverberation >
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Dereverberation Approaches

= Three fundamentally different approaches
1.

3. Directly estimate the source signal from the microphone signals by
treading the acoustic system as unknown

Source Microphone Enhanced
Signal Signals Signal

> ; | Dereverberation >
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Dereverberation Approaches

= Three fundamentally different approaches
1.

Direct Estimation

Source Microphone Enhanced
Signal Signals Signal

> ; | Dereverberation >
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Reverberation Cancellation

Models
= Acoustic models
oo Source Microphone
* Finite Impulse Response Signal Signal
I >(—>( >
* |nfinite Impulse Response »
z h(0,n)
= Signal models -
A, A
= Moving average process h(lT A
1 7n Va4
= Autoregressive process ’
= The models can be describedin the ’?
time-domain or time-frequency domain WL, m)
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Reverberation Cancellation
Moving Average Process (Time-Domain)

= The desired signal is a delayed or filtered version of the source signal
= To obtain an estimate of the desired signal:
1. Blindly identify the model parameters of the acoustic system

2. Estimate the desired signal by applying a multichannel equalizer

( ) ( )

Source Migfophlone Enhanced
Signal Ignals , Signal
»| Acoustic System > Multlc.han.nel >
Equalization
\ J \ J
A
|
|
( )
Blind
— System
Identification
\ J
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Reverberation Cancellation
Moving Average Process (TF-Domain)

= In (B. Schwartz et al., 2015) the microphone signals were modeled
in the T+ domain as a moving average process

Yin(n, k) =) Hp(l,k) S(n — €, k)
£=0

= In the context of binaural hearing aids (B. Schwartz et al., 2015):

Zu(nk) =Y Wt k) He(¢,k) S(n — €,k) WL, k) = o)
=0

Zr(n.k) =Y W(Lk) Hr(£, k) S(n — £,k)
£=0
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Reverberation Cancellation
Moving Average Process (TF-Domain)

= In (B. Schwartz et al., 2015) the microphone signals were modeled
in the T+ domain as a moving average process

Yo (n, k) = Hpn(0,k) S(n, k) + Y Hin(€,k) S(n — £, k)

Xom (n,k) =1

= In the context of binaural hearing aids (B. Schwartz et al., 2015):

Zu(nk) =Y Wt k) He(¢,k) S(n — €,k) WL, k) = o)
=0

Zr(n.k) =Y W(Lk) Hr(£, k) S(n — £,k)
£=0
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Reverberation Cancellation

Moving Average Process (TF-Domain)

= In (B. Schwartz et al., 2015) the microphone signals were modeled

in the T+ domain as a moving average process

Yo (n, k) = Hpn(0,k) S(n, k) + Y Hin(€,k) S(n — £, k)

X (1,k) =1

= In the context of binaural hearing aids (B. Schwartz et al., 2015):

Zi(n,k) =Y Wl k) H(¢, k) XL(n — £, k)

£=0 Early Speech at the
Reference Microphone

Zr(n,k) =Y W k)Hg(¢, k) Xp(n— {,k)
£=0

Relative CTFs

H,, (6, k) = H (0, k) Hy (£, k)

Wl k) =e @k)E
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Reverberation Cancellation
Moving Average Process (TF-Domain)

= A recursive expectation- Fevet Peoaeh 77,
maximization scheme is used to
estimate online the acoustic y(t) E-Step {%ej¢, Prje}
i > Kalman Filter >
system, speech, and noise e
|
parameters |
|
|
= In the E-Step, a Kalman filter is — M-St &
Parameter Estimation

used to estimate the desired
speech signal (and the error
covariance matrix)

—— — — — — — —— —— — — — )

Source: (B. Schwartz et al., 2015)
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Reverberation Cancellation
Binaural Hearing Aids

175 145 280

2 ) XQ»>> Q@) |
’5 252 §

Q
95 C:
1 | <)) S
§ Angle 8
) o
N
260 g 340

D Loudspeaker O HATS
Source: (B. Schwartz et al., 2015)
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Reverberation Cancellation
Binaural Hearing Aids

N =0.1 B 0=0.35 1 a=0.7[Ja=oc

WSNR Improvement (dB)

[-10,-6] [-6,-4] [-4,-2.3] [-2.3,0.5] [0.5,4]
DRR range (dB)

Source: (B. Schwartz et al., 2015)
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Reverberation Cancellation
Binaural Hearing Aids

Input =0.35 = . . .
> - —— = ITD and ILD distribution for the
AR " | ; different reverberation levels
()E_ * Ji'j FY H = and window functions
7 . i
; = These plots relate to Position 3
=) 1 -4 ‘ @
=, ! RS e T . = 175 145 280
Q 0 A-,l\#n o e 'l;#- 1 '*’ ‘I 1 * g ' <
d g LD 2 33\ I
! . | . J e =
; | &
- § ) ©w 95 ;
of Wl Y ﬁ | i o [P 1 -
[ 2 I Angle O
< v
15 0 <15 15 0 -5 15 0  -L5 4
ITD [ms] |
Source: (B. Schwartz et al., 2015) 260 340
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Reverberation Suppression

= [tis assumed that Ri(n, k)
1. reve.r.beratlon IS an Di(n. ) i
additive process
2. the desired signal and
. Rz(n k
the reverberant signal
are uncorrelated ~' »é Xy, &)
3. the reverberant signal can be Hz(k)
modeled as R (n, k)

\/
Ao Bt
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Reverberation Suppression
Single-Channel Spectral Enhancement

= Single-channel spectral enhancement techniques commonly require
an estimate of the clean speech PSD and the interference PSD

= Statistical models for the acoustic channel can be used to derive
estimators for the reverberation PSD

Microphone Enhanced
Signal ] Signal
TF > Estimate :
Analysis Early Speech Signal Synthesis J >
[
|
—p Estimate — — — prior information (RT, DRR)

Reverberation PSD
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Reverberation Suppression
Single-Channel Spectral Enhancement

= Selected approaches to estimate the reverberation PSD:

= Lebartet al. (2001) used Moorer's model and a frequency
independent reverberation time (RT)

= Habets and Sommen (2003) used Polack’s model and a frequency
dependent RT

= Habets et al. (2007/2009) proposed a generalized statistical model
that depends on the direct-to-reverberation ratio (DRR) and RT

= Erkelens et al. (2010) proposed a correlation-based PSD estimator

= This let to new challenges such as blindly estimating the DRR and RT
which were also part of the recent ACE 2015 Challenge
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Reverberation Suppression
Data-Dependent Spatial Filtering

= Fully exploit the spatial diversity of the desired and undesired signals
= Estimate the propagation vector and reverberation PSD matrix

Microphone Enhanced

~
Signals Slgnal
TF Estimate
> Analyses Desired Signal Synthe3|s
P, (n. )|
Estimate
: Propagation Vector
' and
Rev. PSD Matrix
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Reverberation Suppression
Data-Dependent Spatial Filtering

= In (O. Schwartz et al., 2016) we used a multi-channel MMSE filter

= The relative early transfer functions, as well as the level and
spatial coherence matrix of the reverberation were iteratively
estimated using an Expectation-Maximization scheme

= Example (Distance = 2 m, RTg;,=0.61 s, Noiseless)
Female Male

= Input R\ N\ (7.
O/ BC) N (O
= Singe-channel Dereverberation (Habets, 2007) D) D)
NI NIV
= Four-channel Dereverberation (2016) [) ) ()

Some audio demos can be found at
http://www.eng.biu.ac.il/gannot/s peech-enhancement/wiener-em
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Outline

= Conclusions and Future Challenges
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Conclusions and Future Challenges

= Significant advances have been made in the areas of acoustic signal
extraction and dereverberation

= Using newly developed acoustic signal processing techniques we are
starting to see a true benefit of multi-microphone processing

= Future Challenges
= Lower signal-to-noise ratios and higher reverberation times
= |ncorporating perceptual models and knowledge

= Automatic adaptation of the desired spatial response
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