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Cost Functiong Part 1

Signatbased error criteriag Part 1.

¢ Anerror signale(n) specifies often the difference betweendasired signad(») and itsestimationd(n)

e(n) = d(n) — d(n). Desiredsignal(e.g.signalto be
(n) () (n) — measured without noise
Output of the estimator d(n)
C This results often in aost function N Errorsianal
with the followingproperties dn) 4 ¢(n) T—’ J

C Necessary

f(ea(n)) = fler(n)) for lea(n)| = |er(n)].

¢ Desired:
fle(n)) = f(—e(n)).
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Cost Functionsg Part 2

Signatbased error criteriag Part 2:

2.5
¢ Often used (instantaneouspst functions

¢ fle(n) = le(n)
¢ fle(n) = le(n)

c
S 15
C More generically one can use o
>
fa’ S
fle(m) = lem)][". g
@)
For o > 1 large errors will be amplified and
small ones attenuated. Fca < 1 it is vice vers 0.5

c For derivations often thenean squared errors used

Error signal
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Cost Functiong Part 3

Signatbased error criteriag Part 3:

¢ In machine learning soalledbatchesor mini-batchesare computed and corresponding gradients are averaged. This leads
to the following cost functions:

N-1
1
- € n—z
N

=0

f(e(n), ...,e(n—N+1)) =

C Here often a compromise between average performance and memory consumption has to be found.
¢ Furthermore, after updating one batch the following ones can be computed with the updated parameters.

¢ Often the input data is randomized in temporal order, but attention is required if more than one data frame is contributing
to the output.
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Cost Functiong Part 4

Signatbased error criteriag Part 4.

(Optional)input noise - (Optional)output noise
C Basic setup with access to excitation signals l oUnknownsystent e
(not always given) &
d(t) +b(t) = y(t)
DAconverter ADconverter
A
\ d(n) +b(n) = y(n)
= >

a5 A amrihl\ e(n)
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Cost Functiong Part 5

Signatbased error criteriag Part 5:

¢ Basic setup with access to excitation signals aunknownsystent
(not always given)

>

¢ Completely digital and noiskeee version

\ A d(n)

f“
> >

a5 A amrihl-\\ e(n)
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Cost Functiong Part 6

Signatbased error criteriag Part 6:

¢ Basic setup with access to excitation signals

oUnknownsystent
(not always given)

>

¢ Completely digital and noiskeee version

C Linear systems of order one (for the unknown system
and for the twin)

d(n) = ihix(n—i) ‘\

Y

. L. e
dn) = Y hijz(n—i)
1=0

a5 A amrihl-\\ e(n)
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Cost Functiong Part 6

Signatbased error criteriag Part 6:

¢ Basic setup with access to excitation signals

oUnknownsystent
(not always given)

»

¢ Completely digital and noiskeee version

C Linear systems of order one (for the unknown system
and for the twin)

d(n) = ihix(n—i) \

d(n)
. L. > g
dn) = Y hijz(n—i) B
i=0 a5 A Hmiriijl-\\ e(n)
¢ For the average error power we get

E{c*(n)} = [h—h]" R..[h-h]
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Cost Functiong Part 7

Signatbased error criteriag Part 6: White notse Colored noise

1)
o
1]
o

C Error surface for

Jou
o
Jou
o

1 0
¢ Ruw = 01]

o
o

Power of the error signal
8

Power of the error signal
[N
(=]

[ 1 08
¢ Rex =1 g 1]

Contour lines of the error surface

N

(; Unlque mlnlmum (no |Oca| mlnlma)_ : T~ A YO .............. ............ ........... ]

C Properties

¢ Error surface depends on the correlation properties h 11 AP ............... .............. AN .
of the input signal. ' e | |
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Cost Functiong Part 8

Densitybased error criteriag Part 1.

¢ When processes and their properties should be identified or estimated, cost functions based on error signal are not
always appropriate. Instead densities can be approximateldisipgramsand densitybased cost functions such as
the KullbackLeiblerdivergencecan be used:

DKL({p7 {ai} ) Zp? logm{p?}
o) - i {2}

C Herep; and;  are the discrete probabilities of the procep(n)s  g(ninf,(z) . f,(x) and e probabdith density
functions of the processep(n)  &q(n)

C Besides the logarithm to the basis 10 sometimes alsotiaral logarithm (to the basis e) is used.

C Next these above mentioned distances will be explained fiynale discrete example
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Cost Functiong Part 9

Densitybased error criteriag Part 2:

KL({pi}’ {Qi}) = zi:pi logm{%}

¢ An example measuremenN, samples) of a binary sc(n) € {0, 1} IS given:

{b(n)} = {0,1,0,1,1,0,0,1,1,0}.

¢ We assume to have now two binary sources

1

_ 1
¢ p(n) Wlthpo:§ and py =1 —pg = 3’
1

i 3
¢ aln) with go = 7 and ¢ =1 —¢qo = 7,
and we want to compute the (normalized logarithmic) ratio of the probabilities that the sequence above is generated
by the individual sources:

n 1 b(n) | p(n) created the sequence})
an = —1lo '
log N 810 ({b n | n created the sequeﬂce})

P({b(n) | p(n) created the sequence})
n)|

— P({b(m) | g

n) created the Sequence})

1 .
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Cost Functiong Part 10

Densitybased error criteriag Part 3:
Pi
D i iy ) = il —
¢ The example measuremerN(  samples) again: KL({p b g }) ;p S {Qi }
{b(n)} = {0,1,0,1,1,0,0,1,1, 0}.

¢ The probability that sourcp(n)  has created the sequence:

P({b(n)} | p(n) created the sequence) = pop1 pop1p1PoPoP1P1 PO
_ No Ny
= Py P -
¢ In a similar manner we can compute the probability tlg(n) has created the observation:
P({b(n)} | q(n) created the sequence) = qoq1qoq1 41 9o 9o ¢1 41 o
_ No Ny
= 4y 47 -
C This leads to the probability ratio
P({b(n) |p(n) created the sequence}) po° pit
R = = "Ny, N
P({b(n) ‘ g(n) created the sequence}) % ° q

1 .
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Cost Functiong Part 11

Densitybased error criteriag Part 4

Pi
, : D i iy ) = il —
C Again the result of the last slide: KL({p } {q }) ;p o510 {Qi }
P({b(n) | p(n) created the sequence}) po° pyt
R — "No Ni°
P({b(n) ‘ q(n) created the sequence}) 70 ° q
¢ Now we can compute the normalized logarithmic ratio
R 1 P({b(n) | p(n) created the sequence})
5] = 10
tog N 510 P({b(n) | g(n) created the sequence})

X AYaSNIuAy3a GKS NBadzZ & FNRY 020S X

R
- N g10 qNoqu

0 1

X AAYLIX ATeAy3d GKS f23FNANGKY X

1
[ o) - 5 -}
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Cost Functiong Part 12

Densitybased error criteriag Part 5:

Dy ({pi}: {a}) = z@.:pi 10810 {lqi}

¢ Again the result of the last slide:

1
Rog = lloglo (P67} 10810 P}~ logig {ad)" } ~ Togyo {al" }}

X AAYLIX ATeAy3d (KS LIR6SNE gAGKAY (GKS f23FNAGKYA X
N,
0]

N, N, N,
= N ogo{po} + ~ log o{p1} — ~ logio{qo} — ~ logio1q1}

X O2YO0AYAYy3d (GKS GSN¥Ya gAGK GKS &aFYS ¢SAIKGAYT X

= %log {@}+ﬂlog {?ﬂ}
N 10 40 N 10 ¢ :

¢ If we assume that the sourcp(n) has created the sequb(n}e , than we can approximate (especialVfdhé&arge )
following terms:

No
C
N Po,
¢ Mg
NNpla

1 .
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Cost Functiong Part 13

Densitybased error criteriag Part 6:

Dy ({pi}: {a}) = z@.:pi 10810 {lqi}

¢ Again the result of the last slide:

No PO} p1
Rl = —10 { —|——10g il
og N £10 q0 10 q
X AYaSNIAYy3 (GKS | dadzYLIiA2ykl LILINREAYIFGA2Y FNRY (K
Po P1
~ pOlOglO{ }+p110g10{ }
q0 q1
X gNAGAY3I GKS (G2 GSNXa Fa | adzy X

1
Pi

= Zpilogw {_} .
i=0 di
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Cost Functiong Part 13

Densitybased error criteriag Part 6:

Pi
- : D ( i f i): i lo —
¢ Again the result of the last slide: k. ({pi}s {a:} ;p glo{@i}
No Po
R = —1lo Lo
log N 10{%}Jr glo{ }

X AYaSNIAYy3 (GKS | dadzYLIiA2ykl LILINREAYIFGA2Y FNRY (K

Po P1
~ pOlOglO{ }+p110g10{ }

q0 a1

X gNAGAY3I GKS (G2 GSNXa Fa | adzy X

1
Pi

= Zpilogw {_} .
i=0 di

¢ Comparing this result with the definition of th&ullbackLeiblerdivergence shows (hopefully) the meaning the cost function:

DKL({pi}, {qi}) _ ;p@- 1og10{%}, DKL(fp( /fp 1og10{ Eg} da

1 .
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Cost Functiong Part 14

Densitybased error criteriag Part 7:

C One last iteny, cross entropy as a cost function and its relation with khalbacklLeiblerdivergence.

¢ First of all the definition ofross entropy loss

Usually cross entropy is defined with the
DcEr ({pi}, {q@}) = — Zpi logio{qi} minus. However, here we will use it as a
i loss function and therefore the minus was
GFr RRSR¢®
Do (f(@), £y(@)) = = [ fy(@) logso {fy(a)} do
xZr

¢ In order to understand the application of cross entropy as a cost function, we need to introduce some classificatiorestructur
(e.g. based on neural networks) that we will discuss later in more detail:

x(n) |:{> — g(n)
e

Input data vector Classifier
(e.g. neural network)

— Estimated label (class)

1 .
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Cost Functiong Part 14

Densitybased error criteriag Part 7:

¢ Again the basic structure:

e

Input data vector Classifier

Estimated label (class
Z ( )

| (e.g. neural network)
¢ Example

O for lizard
1 for hippo
2 for cat
3 for dog

1 .
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Cost Functiong Part 15

Densitybased error criteriag Part 8:

C Instead of a hard classification often soft classifications are used

/ Estimated label vector

Input data vector Classifier 6az2/250 SYO2RSRda 2NJ LINPOolFoOoAfAGASAD
(e.g. neural network)

¢ Example

"0

1
0) =
y(0) 0 0 for lizard

| 0] 1 for hippo

L 2 for cat
1 3 for dog
0

- 0 -

1 .
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Cost Functiong Part 16

Densitybased error criteriag Part 9:

C Instead of a hard classification often soft classifications are used

x(n) |::> ’:;> g(n)
Estimated label vector

Input data vector/ Classifier 6az2/250 SYO2RSRda 2NJ LINPOolFoOoAfAGASAD

(e.g. neural network)
CCNRY GKIFNRe 02 daaztuoé

The entries of the label vectors (as well as the ones oft

m oo the estimated leabels) respresent probabilities.

0
1
0) = _
y(0) 0 0 for lizard 0.5
| 0] 1 for hippo 2(2) _ |05
) 2 for cat 8
1 3 for dog i i
0
- 0 -

1 .
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Cost Functiong Part 17

Densitybased error criteriag Part 10:

¢ Again our structure

on) ——) 6  |[——) i)
/ Estimated label vector

Input data vector Classifier with 6az2/250 SYO2RSRda 2NJ LINPOolFoOoAfAGASAD

parametersé
(e.g. neural network)

¢ We have the conditional output distribution (during training) and we would like to learn the parameters for generatinfpa simi
conditional output distribution for the classification approach:

p(yi(n) | z(n)),

p(g}z(n) ‘ x(n), 9).
¢ Therefore, we can minimize the Kullbaokibler divergence

Dy, ({p(y?(n) |a:(n))}, {p(@@(n) | x(n), 9)}) = ;p(ya(n) ‘ a:(n)) log { p(yi(n) |:U(n))g) } .

1 .
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Cost Functiong Part 18

Densitybased error criteriag Part 11

¢ We start with theKullbackLeiblerdivergence

D ({p(yi(n) | m(n))}, {p(g}i(n) | z(n), 9)}) = Zp(yi(n) | x(n)) log, {pp(%/i(n?

and look for the optimal parameters of the classifier

0,,t = argmin {Zp(y@(n) | .’B(n)) log {ppA(y@-(n) ‘ :n(n)) }}

X 02y @S KtioddyAd) KIAK/S 6 KS €23 G2 I RAFTFSNBYyO

S 2F f23a
= argmin {Zp(yi(n) |2(n)) logyo {p(y:(n) [2(m) } = D_p(ys(n) |2(n)) logio {p(3:(n) | x(n), 9)}}
i i
X dzaAy3d GKIFIG GKS FANRG GSNXY R2Sa y20 RSLISYR 2y {f
= arg mm{ Zp (yi(n )) logyo {p(3i(n) | @(n), 9)}}
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Cost Functiong Part 19

Densitybased error criteriag Part 12:

¢ Starting with the definition of our optimization

Oopt = arggnin{DKL({P(yi(n)’m(n))}v {P(ﬁi(nﬂﬂf(”)»g)} }

X AYASNIOAYy3a GKS NBadzZ G 2F GKS t1ad

= argmin{ijp(y1 ) | 2(n)) logio {p(9i(n) |:c )}}

0 : :
X AYVASNIAYy3I GKS RSTAYAGAZY 2F (GKS ONR i alheprevious,
derivations were
= argmin< D ply;(n) |x(n)) ¢, Sply:(n) |x(n), 0 )} _basedonthe
g@ { CEL({ (i )| ( ))} { (5:(m) ’ (") )} explanations of Adrian

Liusiefrom Cambridge

University. Thanks for
This means that optimizing the cross entropy loss is the same as optimizingdtibackLeiblerdivergence. the nice videos!

Cross Entropy (loss) is an often used cost function for netwi@ged classifiers.

1 .
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Generationof Speech Signals

part

Pharynx
__ cavity

£\

Vocal cords __\—I
/-

Nasal
cavity

| M L

outh
cavity

)

Lung
volume

IJ

Source Muscle
part force

))))

Christian-Albrechts-Universitit zu Kiel

Sourcefilter principle:

¢ An airflow, coming from the lungs, excites the vocal cords for voiced
excitation or causes a noiskke signal (opened vocal cords).

¢ The mouth, nasal, and pharynx cavity are behaving like controllable
resonators and only a few frequencies (caliednant frequencie$
are not attenuated.

1 .
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SourceFilter Modelfor Speech Generation

O-voiced (n)

Fundamental
frequency

Vocal tract
filter

s\ n

Impulse generator
Junvoiced (n)

Source part
of the model Noise generator

»(X——> —

S

Spectrum of the excitation signal ( /a/)

/
/7

Output spectrum ( /a/ )

T IN TI AAR . anaAa ARAR Anl 10} = Qutput spectrum
Of, or = = Spectral envelope
.10 ] 4 _10_ T
@ -zommmmmwwwwvwwvwwwwvm-zm
© 30) 1230 HIY
-40 : Fhlald
50+t _50.....i. Ceeelt | . L
Spectrum of the excitation signal ( /s/) Output spectrum ( /s/)
10y - RN o o ] 107 ' = Qutput spectrum ||
e A e W ey or . = = Spectral envelope|]
A0b e 10 _—_
- 20+ L o . o N . {en-20k e -l .
T .30¢+ . . : . ._0_30_. Y o
A0F- - e 40t .
-50} S0F
60} 60}

0 500 1000 1500 2000 2500 3000 3500 4000
Frequency in Hz

Frequency in Hz

0 500 1000 1500 2000 2500 3000 3500 4000

Filter part
of the model
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Properties of Speech Signals

Some basics:

¢ Speech signals can be modeled for short periods (about 10 ms to 30 msalastationary;
This means that the statistical properties up to second order are invariant versus temporal shifts.

C Speech contains a lot phiuses In these pauses the statistical properties of the background noise can be estimated.

¢ Speech haperiodic signal componentdundamental frequency about 70 Hz [deep male voices up to 400 Hz [voices of children
andnoiselike componentde.g. fricatives).

C Speech signals hagé&ong correlationat small lagson the one hand andround the pitch periodand multitudes of it)
on the other hand.

¢ In various application thehort-term spectral envelopas used for determining what is said (speech recognition)
and who said it (speaker recognition/verification).

1 .
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Wiener Filter¢ Part 1
Filter design by means of minimizing the squared error (accordinG#ul}
Independent

development

1941: AKolmogoroff Interpolation und Extrapolation von 1942: N. WienerThe Extrapolation, Interpolation, and Smoothing of

stationarenzufalligenFolgen Stationary Time Seri@gth Engineering Applications
lzv Akad NaukSSSR Ser. Mat. 5, pp; B4, 1941 J. Wiley, New York, USA, 1949 (originally published in
(in Russian) 1942 as MIT Radiation Laboratory Report)

Assumptions / design criteria:

¢ Design of a filter that separates a desired signal optimally from additive noise
¢ Both signals are described as stationary random processes
¢ Knowledge about the statistical properties up to second order is necessary

1 .
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Literature about the Wiener Filter

Basics of the Wiener filter:

¢ E.Hansler/ G. SchmidtAcoustic Echo and Noise ContoChapter 5
(Wiener Filter) Wiley, 2004

¢ E.Hansler StatistischeSignale Grundlagenund Anwendungenc Chapter 8
(OptimalfilternachWiener undkKolmogorof}, Springer, 2001 (in German)

¢ M. S.HayesStatistical Digital Signal Processing and ModeliggChapter 7
(Wiener Filtering) Wiley, 1996

¢ S.Haykin Adaptive Filter Theory Chapter 2 (Wiener FiltersPrentice
Hall, 2002

1 .
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WienerFilter¢ Teil 2

Application example:

y(n) . Wiener s(n) .
filter
Model:
Speech (desired signals(n)
y(n) s(n)
; h | =

Noise (undesired signalb(n)

The Wiener solution if often applied
AY | -al0d SROIFlI AKAZ2YED

1 .
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Wiener Filterc Part 3

Timedomain structure:

b(n)

y(n) N

-+ > h » S(n—M)

s(n) I > M =) >@—>e(n—M}

FIR structure: Optimization criterion:
N-—1
§(n—M) = Z hiy(n — 1) E{e*(n—M)} i min
i=0 opt

This is only one of a variety of optimizatiop/

criteria (topic for a talk)!

1 .
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Wiener Filterg Part 4

Assumptions:
C The desired signs(n)  and the distortb(n) are uncorrelated and have zero mean, i.e. they are orthogonal:

ps = pp = 0, ssp(l) = pspp = 0.

Computing the optimal filter coefficients:

E{e*(n—M)} — min

hi:hi,opt
a E{e*(n—M)} = 0
dh?’ hi:hi,opt
d
2E<e(n—M)—e(n— M) = 0
dh@ hi=h; opt

1 .
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Wiener Filterc Part 5

Computing the optimum filter coefficients (continued):

QE{e(n—.M) d =0

en - M)}

hi:hi,opt

Inserting the error signal: e(n — M) = s(n — M) — Z hiy(n — 1)

2E{ (S(H—M) ]\ghjy(nj)) y(n—i)}

N—

Ssy hj opt Syy -73) = 0
i—0

hi=h; ,opt

p_l

.

Exploiting orthogonality of the input components:ss, (I) = s55(1) + s55(1) = s55(1)
H/—/
=0
N-1

=0 \G;Najzé F2NJA F n X b

1 .
-’M Digital Signal Processing and System Theory | Pattern Recognition and Machine Learning | Cost Functions-ahdrBielMois&Suppression Slide35



Cost Functions and Singteannel Noise Suppression

Christian-Albrechts-Universitit zu Kiel

Wiener Filterc Part 6

Computing the optimum filter coefficients (continued):

Syy(0) Syy(1) oo syy(N = 1) ] ho.opt [ sss(—M)
Syy(1) Syy(0) coo Syy(N —2) h1 opt B Sss(—M + 1)
| Syy(N — 1) syy(N—2) ... syy(0) | LA —10pt | | 8ss(N — M —1) |
Problems:

¢ The autocorrelation of the undisturbed signal is not directly measurable.
Solutiorn sss(1) = sy, (1) — sp(l) and estimation of the autocorrelation of the noise during speech pauses.
¢ The inversion of the autocorrelation matrix might lead to stability problems (because the matrix is onggative definite)
Solutionn  Solution in the frequency domain (see next slides).

¢ The solution of the equation system is computationally complex (especially for large filter orders) and has to be computed
quite often (every 1 to 20 ms).

Solutiont  Solution in the frequency domain (see next slides).

1 .
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Solution/Approximation in the Frequency DomagiRart 1

Solution in the time domain:
N—-1
Sss(i — M) — hjopt syy(i —j) = 0
=0

Delayless solution:

Sss(i) — hjopt Syy(i —j) = 0

WSY20AyYy3 GKS aCLwd NBAUNROUAZ2YVY

Sss(i) — Z hjopt Syy(t —j) = 0

Jj=—00

1 .
-’M Digital Signal Processing and System Theory | Pattern Recognition and Machine Learning | Cost Functions-ahdrBielMois&Suppression Slide37



Cost Functions and Singteannel Noise Suppression

Christian-Albrechts-Universitit zu Kiel

Solution/Approximation in the Frequency DomagiRart 2

Solution in the time domain:

Sss(i) — Z hjopt Syy(t —j) = 0

Jj=—00

Solution in the frequency domain:

Sss(2) — HOPt(ejQ) Syy(€2) = 0
; Sss(€2)
H, el
Y
Inserting orthogonality of the input components: Sg4(€2) = Sy, (£2) — Spp ()
- Sy (2)
HO BJQ = 1 —
e S (@)

1 :
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Solution/Approximation in the Frequency DomagiRart 3

Solution in the frequency domain:

Sbb(Q)
 5,(Q)

Hope () = 1

Approximation using shorterm estimators:

ﬁopt(ejg,n) = max {0, 1— M}
Syy(82, 1)

Typical setups:

C Realization using fiterbank system (attenuation in theubbanddomain).

¢ The analysis windows of the analyfigrbankare usually about 15 ms to 100 ms long.
The synthesis windows are often of the same length, but sometimes also shorter.

C¢KS FTNIYS AKATFOG Aada 2FGSy aSid G2 m X Hn Y& O6RSLISYRAYy3 2y
¢ The basic characteristic is often extended (adaptive overestimation, adaptive maximum attenuation, etc..
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Frequencydomain structure:

Analysis P Synthesis
filterbank S(e? ' n) filterbank
y(n) Y(em“,n) \ s(n)
—> R—)y
Input PSD a
estimationA
Syy(an) N ,
ﬁ > Hopi (674 )
§bb(QM,n)
Filter characteristic

Noise PSD
estimation

PSD = power spectral density

1
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Solution/Approximation in the Frequency DomagiRart 5

Estimation of the (shordterm) power spectral density of the input signal:

—~

Syy(Qy,n) = |Y(ejg“vn)|2

Estimation of the (shoAterm) power spectral density of the background noise:

7N

Schemes based on
speech activity/pause
destection (VAD)

Tracking of temporal
minima

1 .
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Solution/Approximation in the Frequency DomagiRart 6

Scheme with speech activity/pause detection

~ I5; gbb(ﬂu, n—1)+(1-7) §yy(Qu,n), during speech pauses,
Sbb(ﬂu,n) =

§bb(ﬂu,n —1), else.

Temporal minima tracking:
Syy(Qu,n) = BSyy(Qu,n—1)+(1-5) §yy(Qm n)

Constant slighty larger than 1

| | ~ e
Blas Correc{i ( maX{Smin: Sbb(Q.M’n o 1)}Ainc’

) it Sy () > Sy — 1),
S — K < yy (2, 1) > Sen (2 )

max { Siin, §bb(Qm n—1)} Agec,

L else. f

Constant slighty smaller than 1

1 .
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Solution/Approximation in the Frequency DomagiRart 7

Shortterm powers at 3 kHz
-10 I I I ! ! !

: : : | | | — Microphone amplitude at 3 kHz
20 o U1 T T R S R — Shortterm power
’ | — Estimated noise power

: : L “\ ““““ H ““““ m “““““

-60 ‘|I _____ | _ __________ 5 ____________________________________________________ .

dB

=

0 i i | i | O i
Time inseconds

Tlmefrequency analy5|s of the noise mput signal
8000 . e

] e

T T i B e
7000+ i "ﬁgfizﬁ

6000
5000
4000 =
3000 -
2000
1000 |-+

Frequency in Hz

Time inseconds
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Extensions for the Wiener Characterigti©Overestimation of the Noise (Part 1)

Problem:

¢ In most estimation algorithms the estimated power spectral density of noise input signal williaeefluctuations
than the corresponding estimated power spectral density of the noise. This leadsctledmusical noise
(explanation in the next slides).

First solution:

¢ By introducing a scalled fixedoverestimation
§bb(qu n) — Kover §l)b(qu n)

0KS dzyRSAANBR d2LISYAYyIé RdAZNAYy3I &aLISSOK LI dzaSa 27
However, this leads to lawer signal quality during speech activity

1
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Extensions for the Wiener Characterigti©Overestimation of the Noise (Part 2)

Second solution:

¢ By replacing the fixedverestimationwith anadaptive one (strong overestimation during speech pauses,
no overestimation during speech activity), the drawbacks of the fixed overestimation can be avoided.

¢ An adaptive overestimation can be computed in a simple manneising the filter coefficients of the previous frame

~ 1 ~
Q > — Q :
Seb(2y, 1) (e n—1) Seb(2y, 1)

¢ In addition the filter coefficients should Benited prior to their usage (otherwise the overestimation might be to strong):

-~ 1 -~ .
H(e" n) = max{K ,Hopt(e-m“,n)}.

1 .
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Extensions for the Wiener Characteristi©verestimation of the Noise (Part 3)

awS 1 dzNBE A gEI@rda 2 A Sy SNJ

Analysis ~ 0 Synthesis
filterbank S(e”*,n) filterbank
iQ, .
y(n) Y{e™,n) 5(n)
—> X—)
Input PSD i
estimationA
Syy(Qpsn) —~ Q
:> > Hopt(ej u’n)
Filter
Noise PSD char.
estimation >
ﬂ L1

Hop (€7 0 — 1)

PSD = power spectral density

1 .
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Extensions for the Wiener Characterigti©Overestimation of the Noise (Part 4)

Shortterm powers at 3 kHz

0 T ‘ T
| l ‘ —— Microphone amplitude at 3 kHz ) ]
| — Shortterm power \QJ : Microphone signal
: : | : : {| — Estimated noise power
A ‘ N | 7 —— T S Ty R R I Fixed overestimated noise power i IEE. ; ; ;
; : | — Adaptively overestimated noise power (+1 dB) "*;l + Output without overestimation
m : : ‘IF. }L T ’ j . . . .
SR I N Ul SN A & : Output with fixed over estimation
. | ‘ ‘ ‘ QJI : Output with adaptive over estimation
PYRULE CURTIE LIS 5. | R O i
\ | | \ |
1.5 2 2.5 3 3.5 4 4.5 5 55 6 6.5
Time inseconds
Attenuation coefficient at 3 kHz
o o R ‘ ____________________ l‘ _________________ —— Without overestimation |
i | —— Using 12 dB overestimation (+1 dk)
| i | | i i — Adaptiveoverestimation (+2 dB)
o] IR ,\,-_.\..E ,,,,,,,,,,,,,,,,,, y ,,,,,,,,,,,,,,,,,, j :n,,,,Wﬂ ,,,,,,,,,,,,,,,,,,, Wi : ]
I h
PR 0 1 O 1 00 o Ll
© ] ]

1 1 B A A 0

sol{{HH-HR. BUI 11 A A

1.5 2 2.5 3 35 4 45 5 55 6 6.5
Zeit in Sekunden
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Extensions for the Wiener CharacteristiMaximum Attenuation (Part 1)

Problem:

¢ If we would try to get rid of the noise completely, we would also loose the (acousticination about the environment
in which the person is speaking. As a result it turned out thatiae reduction is better than a complete removal

cLy | RRA {0 k@nglEateditad@sign &tgNBuality noise suppression that removes all noise.

Solution¢ Limiting the maximum filter attenuation:

Introducing a

aRSaANBRa y|2Aa
spectral density)

g an

o LJz at?enuatlon limit

(0p])

1 .
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Extensions for the Wiener CharacteristiMaximum Attenuation (Part 2)

{LISOATFTAOIUGAZ2Y 2F || aoRSAANBR y2AaasSay
¢ We can try tospecifyor design one (or moregjesired background noistypes.
CLT 6S aAaLISOATEe Y2NB (KFy 2yS (el)lS 2F y2AaS o0Sd3d bNIGAY VY
one car into another) we have tassifyfirst the original noise type.
C The filter coefficients can benited according to:

H. (¢ ; Spp (€2,
HOPt(ejQMan) = max {Hmin(ejﬂ'wgn), 1 - "M)(—m}

C In the simplest case we chose theaximum attenuationas follows:

Hmin(ejﬂujn) = min\< 1, Sbb’c‘iGS(Q‘ug :
Y (€7, )|
(Huin(@®m) [Y (@ )] = \/Supaes() )

1 .
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Extensions for the Wiener CharacteristiMaximum Attenuation (Part 3)

{ LISOA FAOLI [37\2)/ 2T | aRSaANBR )/27\5136( éézyﬂ)\)/dZSIVQOY
¢ Problem: If we would use the procedures of the last slide, we would genhstant magnitude output spectrum

(during speech pauses). Only the phase would vary from frame to frame. This sounds very unpleasant.

¢ Solution: If we add (or multiply)@ndom componento the attenuation limit,
e.g. as

. (2
Hmin(ejgﬁan) = min{ 1, Sbb’c.l%( M)Q +Hrand(n) )
v (e, )

we can avoid this effect.

¢ The advantage of this type of limiting the attenuation factors is to lawdrol over the remaining background noise
If we use such an adoh in speech recognition systems (as part of agmaessing unit), the recognition engine can
reduce the amount of parameters that are used for modelling the remaining noise (only one noise type remains).

1 .
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Extensions for the Wiener CharacteristiMaximum Attenuation (Part 4)

Controlling the attenuation limit:
¢ If we wantto keep the original noise typéreduced by some decibels), we can use a fixed attenuation limit:

Hyin(e’,n) = Hygin.

¢ In addition to that we casslowly modify the attenuation limit(over time).
This means a lower amount of (maximum) attenuation during periods containing speech activity and a larger attenuation
maximum (more attenuation) during speech pauses.

1 .
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Extensions for the Wiener CharacteristiMaximum Attenuation (Part 5)

Shortterm powers | zeitieistungen

—— Microphone amplitude at 3 kHz "%I : Microphone signal
—— Shortterm power I
— Estimated noise power

le : Output without attenuation limit

% ‘%' : Output with attenuation limit
Time inseconds
Attenuation factors
15 | I I I
10 § § | : — Without overestimation
T ------------- — With adaptive overestimation (+1 dB)
B S — With adaptive overestimation and limit (+2 dB) 1
O =SS B ﬁm ................ ‘E:ﬁ Ezaﬁﬁ ................. .
m i i
S Ottt T 41dr J """ B I N N [ """ r """"""""" R NN
-10 A HE A Y- 1 1 A I IS R N AR 1 1 _j ------------- HEE - .
15 #Hi-H-H S I | 111 | — N I8 NN O N Y NN 2R 1801 — 1 NI -
=20 HI-1H - N - N | e I NN NN -
- |
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Zeit in Sekunden
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Extensions for the Wiener CharacteristiMaximum Attenuation (Part 6)

Examples for a noise transformation:

a/ 201 0FAf LI NI&a NBEO2NRAY

a/ 201 0FAf LI NGea NBO2NRA
. e

i

B

Frequency in kHz
Frequency in kHz

Output using automotive noise as desired noise Output using automotive noise as desired noise

8 TE A e K ) e 8 NS ST T T T

I v i T |

~ 4 : 4 x gl { i

S %’ : ; £ i

%) B >

< - C 4 G 4

Q ¢ () ) Wl ¥ 2

=) x > ; i3 ; ) .

g l“ g 0 e I

i i 'i L 2 L °p Sk ¥ o
e ik i o O den e R P o )|
F i ‘t.é.t“_glﬁ § K@_.Z‘p, i % 0 L ¥ b g = i o] Wt %
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Extensions of Basis Noise Suppression ScherrResucing Reverberation (Part 1)

Dereverberation

¢ When recording speech signal (with some distance between the microphone and the mouth of the speaker)
in medium or large rooms th&ignals sound reverberanfThis leads toeduced speech qualitgn the one hand and to
larger word error rates of speech dialog systemos the other hand.

C¢ However, reverberation can also contribute in a positive sense to speech quality.
Early reflectiongduration up to 30 to 50 ms) lead to a better sounding of speech signals.
Late reflectiondead to the opposite effect and degrade usually the perceived quality.

¢ With the same approach that was used for noise suppression also reverberation can be reduced.
We canmodify the power spectral density of the distortion and filter characteriséiccording to

§bb(§2‘u,n) — §bb(QM,n)+§,.T.(Q£L,n)

~ ] Kb over Sov (1, Krrover Srr (1
Hopt(eJQ,u’n) = max {Hmin, 1 — bb,ove bb( l,\n) + ,ove ( / n) }

Syy(Qm n)
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Extensions of Basis Noise Suppression ScherResucing Reverberation (Part 2)

9a0GAYIGAY3I G(GKS LI26SNI aLISOGNIt RSyaAardge 2F GKS GNBJSNI
¢ We assume that the reverb powdecays exponentially

In addition, we assumefaed ratio of the direct sound and the reverberant componeraisd that the direct sound is
large in amplitude compared to the reverberant components. This leads to the following estimation rule:

§7-T-(Qu,,n) = ’Y(ejﬂ“,‘n, — D)|2 R(ejﬂu) AD(ejQu) + S\T.T_(an _ 1) A(ejQ#*)

with:

D : protection time in frames (reverberation with a delay lower tHaframes is perceived as welbunding,
reverberation with a larger delay as disturbing)

A(e’*) : attenuation parameter (reverb attenuation per frame)

R(e’*) - directto-reverb ratio
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Extensions of Basis Noise Suppression ScherResucing Reverberation (Part 3)

Combined reduction of noise and reverberation:

Analysis R Synthesis
filterbank . S n) filterbank
y(n) V(e n) N 5(n)
10N N ) N AN
PN
Syy (Qu: n)
:{> Hopt (BJQ”= n)
Estimation of ——+—>
the input PSD St (R, 1)
Estimation of — T >
the noise PSD S, (Q,m) <>
)
Estimation of —>

Filter
the reverb PSD [ char

PSD = power spectral density

ﬁopt(ejg“, n — 1)
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Extensions of Basis Noise Suppression ScherResducing Reverberation (Part 4)

Timecfrequency analysis of the input signal

Frequency in Hz

Frequency in Hz

Time inseconds
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Partial Signal ReconstructigrPart 1

Conventional approach:

C Sufficient quality at mediurand high SNRs
Problems:

¢ Low quality at low SNRs (high noise)

¢ Some spectral components will be attenuated
Extension:

¢ Transition tomodektbased approaches

¢ Extraction of relevanteaturesout of the noisy input signal

¢ Reconstructiorof the components with low SNR by using
pre-trained models and extracted features
(for appropriate model selection/adaption)

X J ] y REBT 1l | LR
1800 Mlcrophone [ Signal after noise

1600 S|gnal suppression |

vy " SR bl I ik
T e i rf! ______________ PN X
c 1400 ' Maskedspeech| TS LD SRR D! g
= 120014 | compoents | # - it Rl E gl
: : = : : A R )
§ 1000 FRET R i Rt L A - p g A ﬂ'(,_
o BT RO R SN,
) [ R VPR O g RS N 0, T o M ey RATh, Y .80
£ 800 A
600_ ................ 'h_
400} ;

Christian-Albrechts-Universitit zu Kiel

Tlmefrequency analyS|s

.I "L 4 Ln ; 3
i “J)iﬁ’;“”ﬁ;ﬁw 'x".f

1 2 3
Time inseconds
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Partial Signal ReconstructigriPart 2

Feature Signal Adaptive
extraction reconstruction mixing
Analysis j> :\> > Synthesis
filterbank filterbank

the input PSD

Estimation of/_ﬁ
—
>

Estimation of ||
the noise PSD

S
L

Estimation of )
— Filter

the reverb PSD
ﬂ char.

PSD = power spectral density
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Partial Signal ReconstructigrPart 3

Timefrequency analysis

Noisy speech signal, measured in a

Modelbas. car driving with160 km/h

2000| Microphone ;. [l Recursive A
approach <

Wiener filter !,
47 AR ¢ s o

15007

Analysis after EFR coding (GSM)
Model-bas.

|
approach !
S R B R

T

2000| Recursive
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' o 4
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Source: Mohamed Krini, SVOX Deutschland, Time in seconds

(Dissertationat TU Darmstadt)
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Further Extensions

Analysis Synthesis
filterbank filterbank
T S

»
'

Wiener filter
(characteristic)
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Further Extensions

Analysis Synthesis
filterbank filterbank

|

— T >

)

Wiener filter

Analysis (characteristic) Synthesis

filterbank filterbank
T »( X —>
N :(?—» 5
T P

L— ||

Neural network
(filter characteristic)

Y
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Further Extensions

Analysis Synthesis Analysis Synthesis
filterbank filterbank filterbank filterbank
I > ————>

|
|

] T -

»
>

Neural network
(signal reconstruction)

)

Wiener filter

Analysis (characteristic) Synthesis

filterbank filterbank

T :();)—»
N :(?—» 5
T P

L— ||

Neural network
(filter characteristic)

Y
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Further Extensions

Analysis Synthesis Analysis Synthesis
filterbank filterbank filterbank filterbank
I > ————>

|
|

] T -

»
>

Neural network
(signal reconstruction)

)

Wiener filter

Analysis (characteristic) Synthesis

filterbank filterbank

T e A

| T :(?|—> 5 > >
* :@_ﬁ >

L —T Neural network

(endto-end approach)

Neural network
(filter characteristic)

Y
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Further Extensions

Analysis Synthesis Analysis Synthesis
filterbank filterbank filterbank filterbank

T »( X > »
— e — —

T»(x) > >
—T Neural network

(signal reconstruction)

Potential topics for your talks (current research)

Wiener filter

Analysis (characteristic) Synthesis

filterbank filterbank

| Qo

] & I ’
* :&\\f >

L —T Neural network

(endto-end approach)

Y
\/

Neural network
(filter characteristic)

Y
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Contents
C
C
C
C
C
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C
C
C

¢ Enhancement of EEG signals
¢ Empirical mode decomposition
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Enhancement of EEG SignaBackground

EEG (and MEG) signal enhancement:

¢ Channelspecific enhancement (without taking source [or network] localization into account)
C Mainly for the removal of artifacts

Artifacts can be;

¢ Patient related (physiologic): eye movements, eye blinking, muscle artifacts, heart beating
¢ Technical: electrode popping, power supply

Example:

Example for a muscle artifac ; ; z
| | | | |
44 46 48 50 52
Time in seconds
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Signal Enhancement with Reame EMD

Basic structure:

io(n)
: » I
i(n) _
z(n) y () > d(n) N
o 9 M(n)—
= d(n) + a(n) + t(n) e o B %; ) 60(r)
iM(n)—l(nl q — AR
Empirical mode Weighting of the Synthesis of
decomposition extracted components the weighted
components

Steps and objectives:

¢ Split the signal into (overlapping) blocks.
¢ Find signabkpecific components (they sum up to the input signal) and find appropriate weights.
¢ The phase relations of the desired components should not be changed.
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Empirical Mode Decompositianintroduction

Objective and details of an empirical mode decomposition:
C Separate an arbitrary input signahto different components callethtrinsic mode functiongIMFs).

C An IMF satisfies the followirtgvo conditions
C Thenumber of extremaand thenumber of zero crossingnust either beequal or differ at most by one.

C At any point, themean valueof the envelopes defined by the local maxima and the envelopes defined by the
local minimais zero

C Thefirst IMFwill contain the signal components with tieghest frequency The next IMF will contain lower frequencies.
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Empirical Mode DecompositianAn Example (Part 1)

Amplitude
;

Amplitude
o
é |

Amplitude

[—Siope]|

Amplitude

|—Sum of all three components‘

1 00 200 300
Samples
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Empirical Mode DecompositianThe Principle

Overview of the sifting process:

buffer - IMF
buffer - mean Determine Set of IMFs
IME and and trend
signal- IMF (residual)
no
> ir(n)
—> > >
z(n) yes
_ _ Stopping Residual

Copy Input Find lower and Subtract criterion fulfills trend
datain upper envelopes, mean fulfilled? conditions?

buffer compute mean

Stopping criteria for sifting process:
M® ¢KS LaC 2F GKS OdzNNByd AGSNIGA2Y R2Saywid RAFTFSN YdzOK FN
> (i m(n) = igm1(n))
= <T.

Ziiym—l(n)
H® ¢KS YIEAYdzY ydzYo SNJ 2 F-inelréadbhsii A 2y &8 A& NBFOKSR O0F2NJ aNBI f
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Empirical Mode DecompositianAn Example (Part 2)

-
O
7))
(7))
(D)
| -
Q.
o
>
0p)
(D)
R
@)
Z
[3
-
C
®
i)
®
=
0p]
O
-
gy}
7))
-
O
o
&)
C
>
LL
]
7))
o
@)

—upper envelope

® minima
—lower envelope

---=|nput data
e maxima
——mean curve

500

400

300
Samples

200

100

IMF Candidate

---=-input data

-

llllllllll

lllll“
llllllllll

llllllll

llllllll

-
lllllllll
-

llllllll

-
-
-
-

llllllll

-
llllll
-

300 400 500
Samples

200

100

Slide72

Digital Signal Processing and System Theory | Pattern Recognition and Machine Learning | Cost Functions-ahdrBiabMois&Suppression

.
©



Cost Functions and Singteannel Noise Suppression

Christian-Albrechts-Universitit zu Kiel

Empirical Mode DecompositianAn Example (Part 3)
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